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Abstract 

Mechanical impedance is central to human motor control, supporting postural stability, movement, and 
adaptation to uncertainty. In healthy motor behaviour it is usually treated as a brief corrective response, 
while persistence across motor contexts is mainly discussed in pathology. It therefore remains unclear 
whether impedance in unimpaired motor control is purely transient or can persist as an enduring control 
state between stabilisation and movement. There is also limited knowledge of the neural correlates, as 
most evidence is similarly derived in the context of clinical impairments such as Parkinson’s disease. 
This thesis addresses these gaps through a unified framework examining impedance across stability–
movement transitions, integrating behavioural, muscular, and beta-band neural dynamics. 

Using a robotic wrist manipulandum, impedance was elevated through stabilisation challenges altered 
in temporal predictability and perturbation amplitude. During stabilisation, impedance rapidly increased 
beyond passive mechanics and remained stable, indicating early formation of a stabilising control state. 
Changes in temporal predictability influenced impedance more than amplitude manipulations: 
uncertain scheduling of perturbations induced greater muscle co-contraction and importantly, this 
stabilisation-related impedance carried forward into voluntary movement, biasing movement dynamics 
and motor activity. 

Neural analyses revealed strong suppression of beta-band corticomuscular coherence during 
stabilisation, with beta dynamics tracking stabilising demands and inversely coupling with passive 
stiffness, linking corticospinal activity to mechanical compliance. Post movement beta rebound showed 
context-dependent updating, with suppression following uncertain stabilisation. Passive stiffness 
assessments showed that changes in temporal predictability produced small but reliable shifts in 
stiffness persisting beyond task completion, whereas amplitude manipulations did not. Extending this 
analysis to Parkinson’s disease demonstrated quantified passive stiffness correlated with clinician-
rated rigidity, supporting translational relevance. 

Together, these findings provide evidence that impedance regulation in healthy motor control is not 
purely transient but a context-sensitive motor state persisting across task boundaries, sensitive to 
changes in temporal predictability, but not mechanical load. 
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I. Introduction 

1.1. Background 

Human movement arises from the continuous interaction between the nervous system and the 
mechanical properties of the musculoskeletal system. A key feature for understanding this interaction 
is mechanical impedance, which describes how a joint responds to external forces through the 
combined effects of stiffness, damping, and inertia [1]. Impedance is not a fixed property of the limb; 
rather, it is dynamically regulated by the sensorimotor system to balance the competing demands of 
stability and mobility in unpredictable environments [2], [3], [4]. Through selective modulation of muscle 
activation - particularly the co-contraction of antagonist muscle pairs - the sensorimotor system adjusts 
joint impedance to resist disturbances while maintaining the flexibility needed for accurate voluntary 
movement [5], [6], [7]. 

Although passive muscle-tendon properties contribute to baseline impedance [8], [9], functional 
modulation is driven primarily by neural processes [10], [11]. Co-contraction elevates both the resistive 
and dissipative components of impedance, increasing robustness to perturbations and shaping the 
joint’s dynamic response to external loads [12], [13], [14]. This capacity for flexible impedance 
regulation is essential for a wide range of everyday behaviours, including maintaining posture on public 
transport, coping with the instability inherent in contact sports, and performing skilled tool use that 
requires rapid transitions between stability and movement. 

Research on impedance control has historically followed two major trajectories. In upper-limb motor 
control, impedance is typically examined as a task-dependent, rapidly modulated quantity, often 
assessed using visuospatial or force-field paradigms that reveal how endpoint impedance adapts 
during movement or learning [15], [16]. These studies show that humans proactively tune impedance 
through predictive (feedforward) mechanisms and refine it through sensory feedback based on 
changing uncertainty or task goals [3], [17], [18]. In contrast, lower-limb research often conceptualises 
impedance as a baseline or phasic property essential for balance control and gait stability, modulating 
primarily across postural conditions or gait cycles [19], [20], [21]. Together, these bodies of work 
underscore the importance of impedance regulation but also reflect differences in theoretical emphasis 
and experimental approach. 

A particularly important functional challenge is the stability–movement trade-off. Many natural 
behaviours require the maintenance of elevated impedance while simultaneously preserving readiness 
for rapid, precise movement. These contexts demand not only the up-regulation of impedance but also 
the ability to release or reconfigure it efficiently as task demands shift. Despite the clear relevance of 
such transitions, the underlying sensorimotor mechanisms and the temporal dynamics through which 
impedance is sustained or reversed remain incompletely understood. 

Insights into prolonged or maladaptive high-impedance states have come primarily from clinical 
populations, especially individuals with Parkinson’s disease (PD). PD rigidity reflects a persistent 
elevation of muscle tone and an impaired capacity for impedance modulation [22], [23], [24], associated 
with excessive beta-band (13-30 Hz) neural oscillations and altered interactions across cortical and 
subcortical circuits [25], [26], [27], [28]. While such findings provide clues about neural substrates of 
impedance regulation, they cannot fully explain how impedance is adaptively modulated in healthy 
individuals, particularly over short timescales and during transitions between stability- and movement-
oriented states. 

A clearer understanding of these short-term dynamics is necessary to characterise how the healthy 
sensorimotor system flexibly manages stability demands while enabling voluntary action. This context 
motivates the questions addressed in the present work. 



 2 

1.2. Motivation 

In the study of human sensorimotor control, the idea that impedance modulation may involve a 
persistent motor set remains conceptually important yet insufficiently explored. Mechanical and 
behavioural aspects of impedance control have been extensively documented, particularly in tasks 
involving posture, perturbation resistance, or skilled movement [14], [20], [29], [30]. However, the neural 
processes that support these impedance changes - especially their short-term persistence - remain 
poorly understood. While several studies suggest that optimal joint impedance can be learned to 
compensate for stability-demanding tasks [3], [17], [31], the field lacks a unified framework describing 
the underlying sensorimotor mechanisms, time course, or functional significance of this effect. Unlike 
the well-established neural models for short-term adaptation in kinematics or force-field learning [17], 
[32], [33], impedance carryover lacks clear neural markers, standardised terminology, and validated 
computational accounts. As a result, it remains unresolved whether short-term persistence of 
impedance may reflect residual neural drive, task-set inertia or an active control strategy for maintaining 
robustness. This gap limits our understanding of how the sensorimotor system shifts between stability-
oriented and movement-oriented control states. 

A paradigm that first challenges upper-limb postural stability and then requires voluntary movement 
offers a powerful way to probe this stability–movement transition. During postural stabilisation under 
unstable forces, the sensorimotor system typically increases co-contraction, reflex gains, and overall 
impedance to ensure stability [34], [35]. When the task then demands precise, fluid movement, the 
system must rapidly reduce this heightened impedance to allow efficient action. By sequencing a 
stability-demanding phase immediately before a movement phase, the design can reveal whether 
impedance persists as a form of short-term motor adaptation, how effectively the system down-
regulates impedance, and whether this transition incurs measurable behavioural costs such as slower 
reaction times or reduced movement accuracy. Critically, such a paradigm allows examination of neural 
correlates of impedance modulation, enabling us to ask whether known neural signatures such as 
sensorimotor beta-band activity track the rise, persistence, and release of impedance across changing 
task demands. This is a major gap in current research: mechanical impedance has been measured 
extensively, but the neural dynamics that govern its regulation remain largely uncharacterised. 

Bridging this gap is especially important in the context of Parkinson’s disease (PD), where impaired 
transitions between stability and movement [36], [37], elevated beta activity [25], [26], [38], and 
excessive rigidity [22], [39] are defining clinical features. Despite significant progress in understanding 
basal ganglia dysfunction [25], [40], [41] and motor execution deficits [42], [43], [44], the mechanisms 
underlying persistent or context-inappropriate impedance remain poorly explained. Investigating how 
the healthy sensorimotor system regulates, retains, and releases impedance - and identifying the 
neural signals associated with these transitions - may clarify why individuals with PD struggle to 
disengage from high-impedance states, contributing to rigidity, bradykinesia, and movement hesitation. 
Beyond clinical relevance, this work has broader implications for rehabilitation, where retraining flexible 
impedance modulation could improve functional mobility, and for prosthetic and exoskeletal device 
design, where accounting for impedance carryover may facilitate more natural transitions between 
stability and movement. More generally, a deeper understanding of short-term impedance dynamics 
may inform the development of adaptive robotic and therapeutic systems that mirror the flexibility of 
healthy human sensorimotor control. Recent advances in neural recording, wearable sensing, and 
quantitative motor assessment now make it possible to measure and model these subtle transitions 
with unprecedented resolution, providing a timely opportunity for the present research. 
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1.3. Aims and Objectives 

1.3.1. Introduction 

This thesis aims to characterise the sensorimotor mechanisms that regulate stability–movement 
transitions, with particular emphasis on the short-term persistence of impedance following externally 
imposed stability demands. Although the mechanical properties of impedance control have been 
extensively studied, the neural correlates, temporal dynamics and adaptive processes that support 
transitions between competing motor control states remain poorly understood. This thesis addresses 
these gaps by integrating behavioural, muscular, and neural measurements within a novel motor 
control paradigm that alternates between stability-oriented and movement-oriented task goals. 

 

1.3.2. Research Question 1: Persistence and Functional Role of Impedance 

To what extent does impedance modulation induced by externally imposed stability demands persist 
across transitions into voluntary movement, and does this persistence facilitate movement preparation 
or interfere with movement execution? 

It is hypothesised that impedance induced by externally imposed stability demands persists into 
subsequent voluntary movement, scaling with the level of complexity or challenge imposed. This 
persistence is predicted to manifest as elevated joint impedance and muscle co-contraction during 
stabilisation and to impair subsequent movement efficiency. This work is novel in directly testing 
impedance persistence across stability–movement transitions, rather than within isolated tasks, and 
aims to link motor and behavioural findings to clinically relevant phenomena, including rigidity and 
impaired movement initiation in Parkinson’s disease. 

 

1.3.3. Research Question 2: Neural Signatures of Impedance State Transitions 

Do sensorimotor beta-band dynamics reliably index the rise, persistence, and release of impedance 
during transitions between stability-oriented and movement-oriented control states? 

It is hypothesised that sensorimotor beta-band activity tracks impedance control state maintenance, 
with elevated beta accompanying stabilisation and sustained beta reflecting persistence of impedance 
during transitions to voluntary movement. Beta power is predicted to decrease as impedance is 
released and movement-oriented control is engaged. This approach presents a targeted evaluation of 
beta activity as a marker of control-state persistence across task transitions, offering insight into 
pathological beta synchronisation and impaired motor state switching in Parkinson’s disease. 

 

1.3.4. Research Question 3: Adaptation and Flexibility of Impedance Control 

How does repeated exposure to variable perturbation dynamics shape the adaptation of impedance 
control, sensorimotor beta activity, and movement performance across stability–movement transitions? 

Repeated exposure to variable perturbations is hypothesised to reduce impedance persistence and 
accelerate beta-band release during voluntary movement, reflecting refined control-state transitions 
accompanied by optimised muscle activation and improved movement performance. This work targets 
learning at stability–movement transitions, exploring the sensorimotor dynamics underlying these 
transitions and their refinement through practice. 
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1.3.5. Aim 1: Quantify short-term impedance control dynamics under externally imposed 
stability demands and under incentives to voluntary movement 

To determine whether impedance modulation related to resisting perturbations of different amplitudes 
and dynamics persist across stability–movement transitions. 

 

Objectives: 

A. Quantify impedance modulation when stabilising the wrist against perturbation schedules of 
differing amplitudes and temporal predictability through behavioural and motor responses. 

B. Assess the behavioural and motor activity during voluntary reaching movements following 
challenges to the postural stability of the wrist.  

C. Evaluate impedance control dynamics across stability–movement transitions and whether 
impedance persists, either as a preparatory mechanism or as a maladaptive residual response, 
during voluntary movement. 

 

1.3.6. Aim 2: Identify neural signatures underlying the rise, persistence, and release of 
impedance across stability–movement transitions 

To evaluate whether sensorimotor beta-band (13–30 Hz) activity serves as a reliable biomarker of 
impedance control dynamics as task incentives for motor performance change. 

 

Objectives: 

A. Quantify beta-band activity during challenges to postural stability of the wrist and subsequent 
voluntary movement.    

B. Test for short-term beta modulation, assessing whether beta-band dynamics mirror impedance-
related behavioural and motor activity during stability–movement transitions. 

 

1.3.7. Aim 3: Examine how impedance control evolves across repeated challenges to postural 
stability paired with incentives to voluntary movement. 

To investigate whether repeated exposure to variable perturbation dynamics leads to systematic 
adaptation in impedance control, sensorimotor neural activity, or movement performance. 

 

Objectives: 

A. Examine beta-band cortical activity, peripheral motor activity, and movement performance 
around stability–movement transitions for markers of motor adaptation or learning. 

B. Examine how changes in task difficulty, driven by variations in perturbation dynamics, shape the 
sensorimotor system’s ability to adapt across repeated task exposures. 

C. Identify behavioural, muscular, and neural predictors of successful or impaired transitions, 
providing insight into mechanisms that enable or limit sensorimotor flexibility.  
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1.3.8. Aim 4: Advance an integrative understanding of how interactions between muscular, 
neural and adaptive dynamics modulate impedance around stability–movement transitions. 

To study baseline and experimentally manipulated impedance control in healthy individuals, both as a 
fundamental feature of intact motor control and as a comparative model for clinical deficits such as 
those seen in Parkinson’s disease. 

 

Objectives: 

A. Develop a provisional conceptual framework describing how the sensorimotor system 
modulates, maintains, and releases impedance during transitions between stability- and 
movement-oriented control states. 

B. Contrast the neural, motor, and behavioural dynamics observed with current clinical 
understanding of how these features relate to impaired impedance control in Parkinson’s 
disease. 

 

1.3.9. Aim 5: Develop a high-performance robotic experimental architecture capable of 
precisely manipulating and quantifying neural, motor, and behavioural dynamics  

To support the detailed exploration of impedance control dynamics that underlie transitions between 
stability-oriented and movement-oriented motor states. 

 

Objectives: 

A. Develop a one degree-of-freedom (1-DOF) robotic manipulandum capable of delivering 
controlled, variable perturbations and precisely measuring wrist biomechanics. 

B. Implement a supporting software and hardware system for recording kinematic, motor, and 
neural activity while providing automated delivery of an appropriate motor control paradigm. 

C. Explore the diagnostic potential of the platform by applying it to the assessment of Parkinson’s 
disease symptom severity and evaluating its correlation with established clinician-rated clinical 
scores. 

 

1.3.10. Summary 

The research questions and aims outlined provide a systematic and comprehensive framework for 
probing how the sensorimotor system modulates impedance across conflicting stability-oriented and 
movement-oriented motor states, and how transitions between these states are shaped by the degree 
of challenge during stabilisation. Exploring these dynamics constitutes a novel investigation of a largely 
unexplored yet fundamental component of healthy motor control. The understanding gained through 
these aims offers a robust characterisation of how impedance-related processes can be altered in 
healthy individuals, while also establishing a strong baseline from which to investigate analogous 
dynamics in conditions marked by impaired impedance regulation, such as Parkinson’s disease. 
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1.4. Scope of the Research 

This thesis examines how the human motor system transitions from high-impedance postural control 
to flexible, goal-directed movement, with an emphasis on the short-term persistence of elevated 
impedance following stability demands. Specifically, the research investigates whether exposure to 
upper-limb postural instability induces a transient retention of elevated impedance during subsequent 
voluntary movement, how the dynamics of this instability impact movement execution, and how these 
processes manifest in associated sensorimotor activation. The work further aims to characterise 
individual differences in this impedance carryover, determine whether its amplitude depends on the 
intensity and nature of the preceding stability challenge, and evaluate the extent to which this 
phenomenon reflects adaptive caution versus suboptimal rigidity. 

To address these aims, a novel upper-limb motor control experiment was devised that paired controlled 
perturbation-based postural tasks with spontaneous incentives to voluntary movement requiring 
precision, speed, and energetic efficiency. Through this targeted approach, the thesis seeks to define 
the temporal dynamics and behavioural consequences of short-term impedance retention and to 
establish empirical foundations for understanding flexible impedance control in human motor control. 

In addition to the primary studies conducted with healthy participants, a limited investigation involving 
individuals with Parkinson's disease is included to explore how the technological infrastructure 
developed could be utilised for clinical diagnostics. While the thesis incorporates modelling of neural 
mechanisms and comparative analyses, it does not aim to capture all facets of sensorimotor adaptation, 
fatigue, or whole-body coordination. Its scope remains focused on the behavioural, sensorimotor and 
computational principles that govern short-term impedance control and its role in stability–movement 
transitions.  
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1.5. Thesis Contributions 

1.5.1. Establishing Impedance as a Persistent Sensorimotor Control State 
 
This thesis provides novel evidence that impedance is not confined to online stabilisation or reactive 
responses but constitutes a persistent sensorimotor control state that spans stabilisation, voluntary 
movement, and subsequent passive contexts. By demonstrating measurable carryover across the 
stability–movement transition and into passive limb mechanics, the work extends impedance research 
beyond within-task dynamics to temporally extended motor states. 

 

1.5.2. Demonstrating that Temporal Predictability Dominates Impedance Regulation 
 
A key original contribution is the demonstration that temporal predictability, rather than perturbation 
amplitude, governs the engagement, persistence, and release of impedance across both active and 
passive contexts. These finding challenge force-scaling and gain-scheduling accounts of impedance 
control and instead positions uncertainty and task structure as primary determinants of how 
impedance-related control states are organised. 

 

1.5.3. Introducing Passive Stiffness as a Marker of Sustained Sensorimotor State 
 
The thesis introduces passive robotic assessment as a novel methodological approach for isolating 
sustained impedance-related effects from active control. Passive stiffness was shown to reflect retained 
sensorimotor configuration rather than residual mechanics or tonic muscle activation, revealing state-
dependent mechanical effects that were not detectable from active behaviour alone. 

 

1.5.4. Dissociating Mechanical Impedance from Muscular Co-Contraction 
 
The work provides new mechanistic insight by showing that sustained changes in stiffness are not 
trivially explained by antagonist co-contraction. Co-contraction primarily reflected load-dependent 
activation, whereas impedance persistence was shaped by temporal structure. This dissociation refines 
current interpretations of impedance control and clarifies the distinct roles of muscular activation and 
mechanical state. 

 

1.5.5. Identifying Beta-Band Corticomuscular Coherence as a Neural Index of Impedance State 
 
A novel neural contribution of the thesis is the identification of a robust inverse relationship between 
beta-band corticomuscular coherence (β-CMC) and mechanical stiffness across task phases and 
contexts. This positions β-CMC as a neural marker of impedance-related control state rather than a 
proxy for force output or tonic muscle activation, extending the interpretation of beta dynamics beyond 
movement execution. 

 

1.5.6. Providing Preliminary Translational Evidence for Objective Rigidity Assessment 
 
Finally, the thesis offers proof-of-concept evidence that passive stiffness measures align with clinician-
rated rigidity in Parkinson’s disease, particularly in flexion. While exploratory, this represents a novel 
step toward objective, continuous quantification of rigidity, demonstrating the translational potential of 
impedance-based metrics derived from controlled robotic assessment. 
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1.6. Publications 

Steadman, Nathan, et al. "Muscle Co-Contraction of the Forearm Is Increased in Response to Temporal 
Uncertainty During a Dynamic Stabilization Task." 2025 47th Annual International Conference of the 
IEEE Engineering in Medicine and Biology Society (EMBC)-Proceedings. Vol. 2025. Institute of 
Electrical and Electronics Engineers (IEEE), 2025. 

 

1.7. Thesis Structure 

Chapter 2 – Literature Review provides a critical examination of relevant literature in the areas of 
motor control, Parkinson’s Disease and robotics research. This analysis serves to contextualise the 
significance of the research conducted. 

Chapter 3 – Robotic Development presents an overview of the robotic architecture developed for this 
thesis, detailing the software integrations necessary to replicate the investigative approach and 
highlighting the critical mechanical and software design decisions made during development. 

Chapter 4 – Sensorimotor Modulation of the Stability–Movement Transition in Healthy Motor 
Control presents the central findings of this thesis through an investigation of how the sensorimotor 
system manages stability–movement transitions in healthy motor control. Specifically, it explores 
adaptive impedance regulation, highlighting how motor context, perturbation dynamics and learning 
processes shape the persistence and modulation of upper-limb impedance between postural 
stabilisation and voluntary movement. 

Chapter 5 – Passive Wrist Stiffness in Healthy Motor Control Following Stability–Movement 
Transitions and at Baseline in Parkinson’s Disease describes the use of the robotic manipulandum 
to automatically assess wrist stiffness during passive movement. The aim was to develop an automated 
procedure that replicates clinical assessments of wrist rigidity in Parkinson’s disease (PD) and to 
benchmark this protocol against clinician-provided rigidity ratings. The protocol was also integrated into 
the main experimental paradigm to determine whether challenges to postural stability induce persistent 
stiffness changes resembling those observed in PD in healthy participants. 

Chapter 6 – Conclusion and Final Remarks evaluates the overall impact of the research presented 
in this thesis and situates the findings within the current scientific landscape. It synthesises the main 
results, outlines their theoretical and translational relevance, and discusses how the insights gained 
can be applied and extended through future research. 
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II. Literature Review 

2.1. Introduction 

Understanding how the sensorimotor system regulates transitions between stability and movement 
requires the integration of insights from biomechanics, neuroscience, motor control theory, and clinical 
research. Although each of these fields has developed sophisticated models to describe specific 
aspects of human movement, there remains limited cohesion in how mechanical impedance, neural 
activity, muscular activation, and behavioural performance are jointly conceptualised. This chapter 
reviews the interdisciplinary foundations necessary to interpret the experimental and theoretical 
contributions of this thesis. 

The chapter begins by outlining core principles of sensorimotor control, emphasising how neural and 
muscular processes interact with limb biomechanics to generate and regulate movement. Building on 
this foundation, mechanical impedance is introduced as a central framework for understanding how 
the nervous system balances stability and mobility, particularly in environments characterised by 
uncertainty. 

An overview of Parkinson’s disease (PD) is then provided, describing the cardinal motor symptoms and 
framing them in terms of impaired impedance control. A concise summary of PD neuropathology is 
included to contextualise how these symptoms arise from disruptions to the sensorimotor systems 
outlined previously. The impact of PD on motor adaptation and learning is also reviewed, highlighting 
how artificially induced impairments in impedance regulation may mirror these aspects of the clinically 
impaired state. 

Subsequently, the review examines the neural dynamics underlying key behavioural aspects of 
impedance control and motor learning, with a particular focus on beta-band (13–30 Hz) activity. This 
section synthesises evidence linking beta oscillations to sensorimotor integration, movement 
preparation, postural control and the regulation of muscle activation patterns, emphasising their role in 
maintaining and adapting motor states. Particular attention is given to how beta-band dynamics reflect 
the balance between stability and flexibility in motor behaviour, how they are modulated by task 
demands and uncertainty, and how disruptions to these dynamics are associated with impaired motor 
control and learning. 

The review also highlights the growing role of robotic systems in the quantification of motor control, 
examining how manipulanda and servomotor devices have been used to probe sensorimotor function 
and how such tools may support future diagnostic and assessment applications. A specific focus is 
given to prior academic deployments of the robotic manipulanda used in this thesis, with emphasis on 
how these systems have been used to characterise sensorimotor function in both healthy and clinical 
populations. 

The penultimate section provides an overview of the numerical models of impedance, 
electromyographic (EMG) co-contraction, and stiffness formulations employed in this thesis. Finally, 
the review identifies key gaps in the existing literature and defines the research scope of the thesis. 
Together, these sections establish the conceptual and methodological background for the research 
presented in this thesis. The literature reviewed here provides the basis for identifying critical gaps in 
current knowledge, motivating the experimental aims, and informing the interpretation of the results. 
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2.2. The Sensorimotor Control of Human Movement 

2.2.1. Introduction 

Human movement arises from the dynamic and continuous interaction of neural, muscular, and 
biomechanical processes operating across multiple levels of the nervous system. The sensorimotor 
system comprises interconnected cortical, subcortical, spinal, and peripheral mechanisms that 
collectively enable the planning, execution, and modulation of both voluntary and involuntary actions. 
Movement is therefore not the product of a single control centre, but of a distributed network in which 
perception and action are tightly coupled. 

Contemporary perspectives characterise the sensorimotor system not as a purely feedforward 
controller, but as a closed-loop control architecture that continuously integrates predictive internal 
models with multisensory feedback. Through this ongoing interplay between expectation and sensory 
evidence, the system adapts motor output in real time to compensate for internal noise, biomechanical 
constraints, and environmental uncertainty. Such integration is essential for maintaining postural 
stability, achieving task-specific goals, and flexibly adjusting behaviour in response to changing 
contexts. Understanding the principles governing sensorimotor control is thus central to explaining how 
humans produce robust, adaptive, and goal-directed movement. 

 

2.2.2. The Sensorimotor Motor Cortex and Basal Ganglia  

The sensorimotor cortex–basal ganglia (SCBG) network is a primary circuit supporting movement 
selection, initiation, and regulation [45]. The sensorimotor cortex comprises the primary motor cortex 
(M1), primary somatosensory cortex (S1), and premotor regions, which together integrate sensory 
information and generate motor commands  [46]. These cortical regions send dense projections to the 
striatum, the main input nucleus of the basal ganglia, forming the corticostriatal pathways that convey 
both motor intent and sensorimotor context [47]. Within the basal ganglia, these inputs are integrated 
and transformed through interactions among the striatum, globus pallidus interna and externa 
(GPi/GPe), subthalamic nucleus (STN), and substantia nigra pars reticula (SNr) and pars compacta 
(SNc), modulating activity that is ultimately relayed back to the cortex via the thalamus. 

The basal ganglia play a central role in the selection and facilitation of motor programs based on 
integrated sensorimotor information [45]. They contribute not only to action initiation and suppression 
but also to motor learning and habit formation, with evidence suggesting cooperative interactions 
between the dorsal striatum and medial temporal lobe systems during stimulus-response learning [48]. 
This positions the SCBG network as a critical hub for both flexible goal-directed control and automation 
of frequently executed actions. 

Communication within the SCBG is shaped by three principal pathways [49] (Figure 2.1), each with 
distinct functional consequences: 

• The direct pathway reduces inhibitory output from the GPi/SNr to the thalamus, thereby 
increasing thalamocortical excitation and facilitating movement. 

• The indirect pathway increases GPi/SNr inhibition of the thalamus, suppressing thalamocortical 
drive and inhibiting movement. This pathway contributes to movement termination and the 
maintenance of existing motor states. 

• The hyperdirect pathway provides a fast, monosynaptic cortical projection to the STN, which 
strongly activates the GPi/SNr and rapidly suppresses thalamocortical signalling. This pathway 
enables abrupt cancellation or interruption of motor commands. 
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Figure 2.1. Mapping of the pathways in the basal ganglia circuit [50]. Schematic illustrating the direct, indirect, and 
hyperdirect pathways linking cortex, striatum, globus pallidus, subthalamic nucleus (STN), thalamus, and basal 
ganglia output nuclei (GPi/SNr). Excitatory glutamatergic and inhibitory GABAergic connections are indicated, 
highlighting the parallel pathways through which the basal ganglia regulate motor output and action selection. 

Reprinted under CC BY 3.0, https://creativecommons.org/licenses/by/3.0/ 

 

Together, these pathways implement a dynamic balance of facilitation and inhibition that allows the 
SCBG network to select appropriate actions, prevent competing or unwanted movements, and adjust 
to changing task demands. 

The SCBG network is also highly relevant to impedance regulation. By shaping motor output and 
coordinating muscle activation patterns - including co-contraction of antagonist pairs - the basal ganglia 
contribute to the modulation of joint impedance during both stability maintenance and voluntary 
movement. Conditions that disrupt SCBG function, such as Parkinson’s disease, lead to characteristic 
impairments in movement initiation, excessive co-contraction, rigidity, and difficulty transitioning 
between motor states [22], [51], [52]. Understanding the functional organisation of this network is 
therefore essential for interpreting the neural contributions to impedance control in both healthy and 
pathological contexts. 

At the cortical level, sensorimotor areas (M1, premotor cortex, supplementary motor area) work in 
concert with basal ganglia and cerebellar circuits to generate, refine, and update motor commands [53]. 
These descending signals interface with spinal interneurons and reflex pathways, enabling rapid, 
context-sensitive adjustments of muscle activity. Through this multilayered architecture, the SCBG 
network ensures that motor actions are appropriately selected, smoothly executed, and modulated 
according to environmental and internal demands. 

 

2.2.3. Functional Role of Antagonist Muscles in Impedance Regulation 

The modulation of joint impedance cannot be understood solely by examining individual muscles in 
isolation. Most functional movements arise from the coordinated interaction of muscle pairs, particularly 
antagonist muscles that act in opposition around a joint [54], [55]. Through selective coactivation, these 
muscles regulate the joint’s mechanical behaviour - both its ability to generate movement and its 
resistance to external forces. In a simplified 1-degree-of-freedom (1-DOF) system, activation of one 
muscle with concurrent relaxation of its antagonist produces torque in the direction of the active muscle 
(Figure 2.2). Conversely, reversing the activation pattern produces movement in the opposite direction. 

https://creativecommons.org/licenses/by/3.0/
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When both muscles are simultaneously active, co-contraction increases joint impedance, making the 
joint more resistant to perturbations or unwanted motion. 

 

 

Figure 2.2. Anatomy of the human forearm, highlighting primary flexor and extensor muscles which act as 
antagonist muscles during wriest flexion/extension movement [56]. 

Reprinted under CC BY 4.0, https://creativecommons.org/licenses/by/4.0/ 

 

This co-contraction strategy plays a central role in stabilising and terminating voluntary movements 
[57], enabling the motor system to finely tune joint impedance according to task demands. Increased 
co-contraction enhances stability during postural tasks or when interacting with unstable environments 
[58], while reductions in co-contraction often accompany improved motor performance or skill 
acquisition [59]. Thus, antagonist muscle coordination provides a flexible mechanism for shaping both 
stability and mobility across a wide range of behaviours. 

The neural regulation of co-contraction relies on reciprocal inhibition, a spinal mechanism that 
coordinates activation of agonist and antagonist muscles [60]. When muscle spindles activate Ia 
afferents, they excite motor neurons of the agonist muscle while simultaneously engaging inhibitory 
interneurons that suppress activation of the antagonist muscle [57]. Complementary Ib pathways 
modulate muscle activation based on force feedback, inhibiting α-motor neurons during excessive 
tension and supporting fine-grained motor control. Together, these interconnected pathways ensure 
smooth and coordinated movement by preventing inappropriate coactivation when low impedance is 
desired and enabling well-controlled coactivation when high impedance is required [61]. 

Understanding the functional role of antagonist muscles is therefore essential for interpreting 
impedance regulation in human motor control. Antagonist co-contraction represents one of the primary 
means through which the sensorimotor system shapes joint mechanics in real time, integrating 
proprioceptive feedback, descending motor commands, and predictive control strategies. By adjusting 
the balance between agonist and antagonist activation, the system can transition seamlessly between 
movement-oriented and stability-oriented control states. 

 

2.2.4. Reflex Pathways and Fusimotor Contributions to Sensorimotor Control 

The myotatic reflex, or stretch reflex, is a fast-acting (20 - 50 ms) spinal reflex fundamental to 
impedance regulation [62]. Skeletal muscle contains extrafusal fibres, which generate force, and 
intrafusal fibres, which form the muscle spindles that detect changes in muscle length and the rate of 
that change [63]. Muscle spindles are innervated by primary (Ia) afferent neurons, which transmit 
information to the spinal cord via monosynaptic connections onto alpha motor neurons [64]. Secondary 
(Type II) afferents also arise from muscle spindles and convey information about sustained muscle 

https://creativecommons.org/licenses/by/4.0/
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length, contributing to tonic reflex activity and postural control. When a muscle is stretched, Ia afferents 
increase their firing, leading to reflexive activation of the same muscle [65]. This contraction increases 
muscle impedance and limits further stretch, functioning both as a protective mechanism and as a 
means of stabilising posture in the presence of external perturbations. 

Muscle spindles contain two principal types of intrafusal fibre: nuclear bag fibres and nuclear chain 
fibres [66]. Nuclear bag fibres are subdivided into dynamic (bag1) fibres, which are highly sensitive to 
the rate of muscle stretch and therefore support rapid corrective responses, and static (bag2) fibres, 
which more reliably encode muscle length, contributing to sustained postural control [67]. Nuclear chain 
fibres, thinner and arranged linearly, encode the absolute muscle length through tonic firing [67]. The 
differing sensitivities of these fibres illustrate the range of stretch-related information available to the 
sensorimotor system and explain how different movement dynamics modulate reflex strength. 

While the myotatic reflex provides a rapid, automatic means of regulating baseline impedance, the 
long-latency stretch reflex (LLSR) - sometimes referred to as the transcortical reflex - provides a more 
flexible, context-dependent response [68]. Occurring approximately 50 -100 ms after muscle stretch, 
the LLSR begins with the same Ia afferent activation but is routed via ascending pathways to the 
sensorimotor cortex. This allows contextual, task-relevant information to modulate the descending 
response, producing finely tuned adjustments in muscle activation and impedance [69]. Because it 
integrates sensory evidence with internal models of movement, the LLSR supports adaptive control, 
enabling rapid modifications to impedance when environmental dynamics or task demands change 
[70]. The LLSR has been associated with both motor adaptation and skill acquisition, and disruptions 
to its normal patterning are linked to impaired impedance regulation in clinical conditions such as 
Parkinson’s disease and dystonia [71]. 

Both the myotatic reflex and the LLSR depend on muscle spindle activity, and their effectiveness relies 
on the ability of the sensorimotor system to adjust spindle sensitivity according to context. This 
modulation is achieved by the fusimotor system (Figure 2.3), in which gamma motor neurons innervate 
intrafusal fibres to regulate their tension and thereby their sensitivity to stretch. By adjusting intrafusal 
fibre length, gamma activation ensures the spindle remains responsive across a wide range of muscle 
states, particularly during voluntary contraction. Gamma motor neuron activity reflects contributions 
from both peripheral proprioceptive feedback (from muscle spindles and Golgi tendon organs) and 
central descending signals originating in the brainstem and motor cortex [70]. 

 

 

Figure 2.3. Diagram of a muscle spindle illustrating key elements of the fusimotor system [72]. The schematic 
shows intrafusal fibres (nuclear bag and nuclear chain) within the spindle capsule, innervated by primary (Type Ia) 
and secondary (Type II) afferents, alongside alpha motor neurons supplying extrafusal muscle fibres and gamma 
motor neurons regulating spindle sensitivity. 

Reprinted under CC BY 4.0, https://creativecommons.org/licenses/by/4.0/ 

https://creativecommons.org/licenses/by/4.0/
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Importantly, alpha-gamma coactivation ensures that intrafusal fibres remain functionally engaged even 
when the muscle is shortening, preserving the fidelity of proprioceptive information [73]. Disturbances 
in alpha-gamma coactivation have been associated with pathological conditions such as spasticity, 
highlighting its importance for normal postural and movement control [74], [75]. 

The fusimotor system therefore plays a crucial role in impedance regulation by modulating the 
sensitivity of the muscle spindle - the primary sensor driving both the myotatic reflex and the LLSR. 
Through this mechanism, the fusimotor system adjusts the gain and responsiveness of reflex pathways, 
enabling impedance to be tailored to the immediate demands of posture, movement, and 
environmental uncertainty [76]. Together, these reflexive and fusimotor processes illustrate that 
impedance modulation is not merely a passive mechanical response, but a highly adaptive and context-
sensitive aspect of sensorimotor control. 

 

2.2.5. Mechanical Impedance in Healthy Motor Control 

Mechanical impedance refers to the dynamic relationship between force and motion at a joint, governed 
by the combined contributions of stiffness (resistance to displacement), damping (resistance to 
velocity), and inertia (resistance to acceleration) [1]. In the context of human motor control, impedance 
describes how the neuromuscular system regulates the limb’s mechanical behaviour to maintain 
stability, respond to perturbations, and enable precise voluntary movement. Impedance is not a fixed 
property of the limb; rather, it is actively modulated through changes in muscle activation - particularly 
co-contraction of antagonist muscles - and through adjustments in reflex pathways and predictive 
control. Understanding how healthy individuals regulate mechanical impedance is essential for 
interpreting both the stability–movement transitions and the adaptive processes examined in this thesis. 

The current understanding of impedance modulation in healthy motor control has historically 
emphasised its reactive aspects, particularly how the system responds to external disturbances [2], [4], 
[31], [34]. Nonetheless, the existing literature provides important insights into how limbs enter and 
maintain a high-impedance state and how humans regulate impedance proactively in anticipation of 
task demands. 

A central finding is that passive stiffness dominates wrist rotational dynamics, with inertial contributions 
typically an order of magnitude smaller; this disparity is further amplified when active stiffness resulting 
from muscle co-contraction is considered [77]. This has implications for experimental modelling. While 
more complex impedance models may capture additional features, the improvements in accuracy may 
be limited - especially in systems that lack direct velocity or acceleration measurements, where 
numerical differentiation can increase noise. 

Studies have consistently shown that impedance increases with task accuracy requirements [78], [79], 
driven primarily by alterations in antagonist muscle co-contraction [55]. When attempting to achieve 
stability or precision, individuals increase impedance to reduce sensitivity to both internal variability 
and external perturbations. This modulation follows rational principles: stiffness is increased selectively 
to minimise uncertainty in the presence of unpredictable or unstable environments [31], [80], and often 
scales in proportion to the level of uncertainty [81]. Conversely, predictable perturbations do not always 
elicit increased stiffness [82], [83], indicating that impedance regulation reflects a trade-off between 
robustness and energetic cost rather than an indiscriminate stiffening strategy. 

Impedance control is not solely reactive. Ball-catching and load-handling studies demonstrate 
anticipatory co-contraction, where individuals adjust impedance before contact based on the expected 
amplitude or variability of incoming forces [84], [85]. These findings reveal the role of feedforward 
processes and internal models in shaping impedance in advance of sensory feedback. 

Recent work has examined how wrist impedance varies as a function of the variability of external loads. 
In tasks involving unpredictable force perturbations, most participants showed a monotonic increase in 
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stiffness with increasing variability [86]. For those who did not, the authors suggested that differing 
priorities, such as energetic efficiency or movement accuracy, may underlie individual strategies, 
highlighting inherent trade-offs in motor control. 

Together, these findings illustrate that mechanical impedance in healthy motor control emerges from a 
multilayered interplay of passive biomechanics, reactive feedback, and predictive sensorimotor 
processes. The ability to modulate impedance flexibly is central to achieving stable yet adaptable 
movement and underpins the transitions between stability- and movement-oriented control states that 
are central to this thesis. 

 

2.2.6. Summary 

The neuroanatomy involved in impedance control highlights the multilayered dynamics underlying 
human motor function. While the basic mechanisms mediated by the myotatic reflex are relatively direct, 
incorporating the contributions of the LLSR and the fusimotor system reveals a far more complex 
interplay between spinal, subcortical, and cortical processes. These intricacies are further emphasised 
when considering the dynamics of the SCBG  network, which engages multiple interacting pathways 
that collectively facilitate, modulate, and terminate movement. 

The current literature on impedance control underscores the critical importance of stiffness and more 
broadly, impedance modulation to achieving effective joint movement, particularly through the 
coordinated activity of antagonist muscle pairs. Empirical studies consistently show that stiffness is 
most strongly elevated under conditions of uncertainty, with irregular perturbations or variable force 
requirements eliciting the most robust increases in impedance. Furthermore, the literature provides 
multiple approaches to quantifying stiffness, ranging from direct measurement of mechanical 
responses to sophisticated integrated models that incorporate neuromuscular and reflex contributions. 

Despite these advances, a substantial gap remains in understanding how the sensorimotor system 
orchestrates stability–movement transitions specifically and how neural and mechanical subsystems 
co-ordinate during this critical shift. This lack of clarity motivates the investigation undertaken in the 
present thesis. 
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2.3. Parkinson’s Disease 

2.3.1. Introduction 

Parkinson's disorder (PD) is a progressive neurodegenerative condition affecting over 8 million people 
worldwide, with a prevalence exceeding 1% in individuals over the age of 60 [87], [88]. It is a disorder 
of the sensorimotor cortex-basal ganglia (SCBG) network caused by the degeneration of the 
dopaminergic neurons in the substantia nigra pars compacta (SNc) [40]. PD can cause significant 
reductions in quality of life [89] and, although not directly terminal, increases the mortality rate of 
affected individuals when compared to unaffected peers [90]. The cardinal motor features include 
bradykinesia [91], rigidity [22], [39], [92], resting tremor [93], and postural instability, though individuals 
may manifest these symptoms to varying degrees. Bradykinesia - slowness and reduced amplitude of 
movement - is typically the most disabling symptom and is central to PD diagnosis [91]. Non-motor 
symptoms such as cognitive decline [94], mood disorders [95], [96], and autonomic dysfunction [97] 
also contribute significantly to disease burden but fall outside the primary scope of this thesis. 

A key attribute of PD is its heterogeneity. Individuals differ substantially in their symptom progression, 
medication response, and functional impairment. However, the degree of impairment often correlates 
with the complexity of the motor task - fine motor tasks, such as buttoning a shirt, are typically more 
affected than larger, less precise movements [98]. Despite this variability, a consistent theme across 
PD motor symptoms is difficulty regulating and transitioning between motor control states, especially 
those involving posture or movement initiation. Understanding the mechanisms underlying these 
deficits provides critical context for examining how the sensorimotor system, both healthy and impaired, 
manages transitions between stability and movement. 

 

2.3.2. Neuropathology and Impact on Reflex Pathways 

PD is caused by the degeneration of dopaminergic neurons in the basal ganglia leading to dysfunction 
of its circuits (i.e., cognitive, affective and motor) [40]. This cell degeneration is caused by the 
aggregation of misfolded α-synuclein protein into Lewy’s bodies (LBs) [99], [100] that progressively 
build up within the affected neuron, impairing its function before leading to cell death [101]. 

The motor symptoms associated with PD are primarily caused by dopaminergic depletion within the 
SNc [102]. This in turn reduces the availability of dopamine to the striatum, dysregulating both the direct 
and indirect motor pathways (Figure 2.1). The lack of dopamine availability causes underactivity in the 
direct pathway, increasing the difficulty of movement initiation while the indirect pathway becomes 
overactive, resulting in reduced motor output from the cortex.   

While the primary motor impairments are associated with the presence of LBs within the SNc, the 
progression of these build ups is not limited to this brain region. The progression of LBs can be classed 
based on Braak staging [103] (Figure 2.4). During stages 1 and 2, LBs are not present but instead 
preceded by Lewy neurites (LNs). This is a preclinical stage mainly effecting the PNS and brainstem. 
At stages 3 and 4, LBs begin to spread through the basal ganglia and midbrain [103] and PD-related 
motor symptoms begin. In the final stages of α-synuclein pathology, the mesocortex and neocortex 
develop LBs, resulting in the cognitive symptoms associated with PD. Despite this clear trajectory of 
neuropathology, the correlation between Braak staging and individual symptomatic presentation is 
relatively weak. 
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Figure 2.4. Visualisation of the spread of α-synuclein aggresomes by Braak Staging  [104] 

Reprinted under CC BY 4.0, https://creativecommons.org/licenses/by/2.0/. 

 

The motor impairments observed in PD extend beyond central nervous system dysfunction and may 
include alterations in the viscoelastic and neuromuscular properties of peripheral tissues [105]. For 
example, PD has been shown to reduce the efficacy of Ib interneurons, impairing the ability to down-
regulate muscle tone appropriately [106]. Similarly, Ia afferent activity is diminished in the upper limbs 
of individuals with PD, leading to reduced recurrent inhibition and compromised proprioceptive 
signalling [107]. These findings indicate that although basal ganglia dysfunction remains the primary 
pathology in PD, secondary alterations within the peripheral nervous system may also contribute to 
abnormal impedance control. 

Changes in reflex pathways also play a significant role in the motor deficits associated with PD. 
Abnormal gain in the long-latency stretch reflex (LLSR) [71], [108], impaired integration of 
proprioceptive feedback [109], [110], and potential alterations in fusimotor drive [111] have all been 
reported. Such disruptions interfere with the rapid, context-sensitive adjustments required for 
impedance regulation, resulting in irregular responses to perturbations. These abnormalities 
compromise the system’s ability to adapt reflexively to changes in environmental or task dynamics. 

Impaired reflex modulation may also hinder the transition between stability-oriented and movement-
oriented motor states. If reflex pathways remain tuned for heightened stability demands - for example, 
through increased spindle sensitivity or elevated LLSR gain - the neuromuscular system may remain 
locked in a high-impedance state even when flexibility is required for voluntary movement. This can 
exacerbate bradykinesia and postural instability by preventing timely reductions in impedance. 
Understanding how these reflex-level alterations contribute to impaired impedance regulation and 
difficulty transitioning between motor states therefore provides an important link between peripheral 
mechanisms and central neural control in PD. 

 

2.3.3. Rigidity, Bradykinesia, and Postural Instability in Parkinson's Disease 

Rigidity, defined as increased resistance to passive joint movement independent of movement speed, 
is a hallmark motor symptom of PD [22], [39]. Unlike spasticity, which is velocity-dependent and 
typically associated with upper motor neuron lesions [74], [112], PD rigidity presents as either uniform 
resistance throughout the full range of motion ("lead-pipe rigidity") or as intermittent, ratcheted 
resistance ("cogwheel rigidity") [92]. This heightened muscle tone is thought to arise from abnormal 
central neural drive rather than purely mechanical factors [27], [113]. Increased background activation 
in both agonist and antagonist muscles contributes to an overall elevation of joint impedance, raising 
resistance even during passive displacement. 

https://creativecommons.org/licenses/by/2.0/
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Mechanistic explanations for rigidity include increased tonic activation of alpha motor neurons, 
abnormal facilitation of polysynaptic spinal pathways, and impaired integration of sensory feedback 
within basal ganglia circuits [109], [110]. Altered reflex excitability, including enhanced LLSR, has also 
been implicated in some individuals [114]. Functionally, rigidity reduces the ability to modulate 
impedance according to task requirements, forcing the limb into a persistently high-impedance state 
that restricts fluidity, increases energetic cost, and introduces mechanical resistance during voluntary 
movement [39]. 

Bradykinesia, another core symptom of PD, is characterised by slowness of movement, reduced 
movement amplitude, and impaired initiation of voluntary actions [115]. While rigidity manifests as 
elevated muscle tone, bradykinesia reflects deficits in movement scaling and initiation, often linked to 
excessive beta synchrony within cortico-basal ganglia circuits and an impaired ability to suppress 
stability-oriented neural activity [27], [116]. These neural abnormalities can hinder the appropriate 
down-regulation of impedance at movement onset, leading to slowed and effortful motion. Bradykinesia 
therefore represents both a neural and biomechanical deficit, in which insufficient modulation of muscle 
activation and inadequate release from high-impedance states impair dynamic motor flexibility. 

Postural instability is a third major motor symptom of PD, marked by impaired balance and difficulty 
responding to destabilising forces [117]. It typically emerges in later disease stages and contributes 
significantly to falls. Disrupted sensory integration, delayed corrective reactions, and impaired scaling 
of postural responses all play a role [118]. From a mechanical standpoint, individuals with PD often 
struggle to modulate impedance rapidly in response to perturbations, either failing to increase 
impedance sufficiently to resist disturbances or maintaining excessively high impedance that restricts 
compensatory movement [119]. 

Together, rigidity, bradykinesia, and postural instability reflect impaired motor regulation in PD, 
highlighting how disrupted neural and reflex pathways compromise flexible impedance modulation. 
Tremor, although a cardinal PD symptom, does not reflect specific impairment of impedance control 
and therefore lies outside the scope of this thesis. These PD motor impairments are used as a 
contrasting clinical phenotype indexing impaired impedance control, illustrating behavioural deficits that 
healthy individuals may exhibit across stability–movement transitions. 

 

2.3.4. Clinical Assessment in Parkinson’s Disease 

The severity of PD is typically assessed using semiquantitative clinical rating scales, the most widely 
used being the Unified Parkinson’s Disease Rating Scale (UPDRS) [120], [121]. This scale aims to 
provide a comprehensive evaluation of disease impact, encompassing motor and non-motor symptoms, 
functional impairment in daily living, and overall quality of life. Non-motor symptoms are assessed 
primarily through patient-reported questionnaires, with items scored on a 0 to 4 scale based on severity. 
Motor symptoms are also rated on a 0 to 4 scale but rely on clinician-led examination of the patient 
performing specific motor tasks. 

Rigidity is evaluated clinically by passively mobilising the patient’s joints while instructing the patient to 
remain relaxed (Table 2.1). If no rigidity is detected under isolated passive movement, the clinician 
may introduce an activation manoeuvre (such as tapping the foot) to amplify subtle rigidity. The 
assessment focuses on the degree of resistance to passive motion, the presence or absence of 
cogwheeling, and whether full range of motion can be achieved. 
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Table 2.1. The UPDRS subitem detailing how to assess rigidity [120]. 

 UPDRS Subitem 3.3. Rigidity 

0 Normal No rigidity.  

1 Slight Rigidity only detected with activation maneuver. 

2 Mild Rigidity detected without the activation maneuver, but full range of motion is easily 
achieved.  

3 Moderate Rigidity detected without the activation maneuver; full range of motion is achieved 
with effort.  

4 Severe Rigidity detected without the activation maneuver and fill range of motion not 
achieved.  

 

In addition to rigidity, the UPDRS evaluates bradykinesia, which is assessed through repetitive and 
alternating movement tasks such as finger tapping [122] (Table 2.2), hand opening and closing, 
forearm pronation-supination, and foot tapping. Clinicians observe and score reductions in speed, 
amplitude, rhythmicity, and decrement over time. These assessments provide a semiquantitative 
measure of the slowness and scaling deficits that characterise bradykinesia. 

 

Table 2.2. The UPDRS subitem detailing how to assess bradykinesia through finger tapping [120]. 

 UPDRS Subitem 3.4. Finger Tapping 

0 Normal Normal speed and amplitude; no decrement. 

1 Slight Slight slowing and/or reduction in amplitude; minimal decrement. 

2 Mild Mild slowing; early fatigue or obvious decrement in amplitude. 

3 Moderate Moderate slowing; prominent and progressive decrement; movement may be 
interrupted. 

4 Severe Severe bradykinesia; barely able to perform the movement. 

 

Postural instability is assessed through tasks such as the pull test, where the clinician applies a sudden 
backwards pull to the patient’s shoulders and evaluates the patient’s ability to regain balance. Postural 
responses are scored according to step size, latency, and the need for external support. Additional gait 
and stability items assess freezing episodes, turning ability, and general steadiness during ambulation. 

Although the UPDRS remains the gold standard, clinical motor assessments are unavoidably limited 
by the subjectivity and precision of manual examination. Scoring relies on the clinician’s perception of 
resistance, speed, or steadiness, introducing considerable inter- and intra-rater [123], [124], [125]. The 
five-point scale has been criticised for its limited granularity, which can mask subtle progression or 
underrepresent early-stage motor deficits [126]. Variability in assessment technique, physical strength 
of the examiner, and patient fatigue can further confound results. 



 20 

While clinician-led examination remains the standard of care, these limitations highlight the clear need 
for objective, and replicable methods for quantifying PD motor symptoms. Developing reliable 
quantitative measures of rigidity, bradykinesia, and postural instability is essential not only for clinical 
diagnostics but also for tracking disease progression, evaluating treatment efficacy, and improving the 
sensitivity of research tools. This motivation underpins the technological and methodological 
contributions of the present thesis. 

 

2.3.5. Impaired Modulation of Impedance in Parkinson’s Disease 

Effective motor control relies on the flexible modulation of mechanical impedance to meet changing 
task demands. Healthy individuals increase impedance to stabilise posture or counteract unpredictable 
forces, and reduce it when transitioning into fluid, goal-directed movement [3], [4], [17], [34]. In PD, this 
flexibility is markedly disrupted. The three principal motor symptoms discussed previously - rigidity, 
bradykinesia, and postural instability - can all be interpreted, at least in part, as consequences of 
impaired impedance regulation. 

Rigidity reflects an abnormally elevated baseline impedance that persists even during passive 
movement [22], [127]. Increased co-contraction of agonist and antagonist muscles [127], [128], 
combined with altered reflex excitability [114], [129], results in a chronically stiff limb that fails to down-
regulate impedance when lower resistance is required. Consequently, movement initiation becomes 
mechanically and metabolically costly, and the limb remains locked in a high-impedance state 
regardless of behavioural context. This pathological persistence contrasts sharply with healthy control, 
where impedance is increased only when needed [17], [55]. 

Bradykinesia, although distinct from rigidity, also reflects impaired modulation of impedance. To initiate 
quick and efficient movement, the nervous system must transiently reduce impedance by decreasing 
co-contraction and appropriately scaling motor commands. Individuals with PD often struggle to release 
the stability-oriented motor state associated with elevated beta synchrony [27], [28], leading to 
insufficient reduction in impedance at movement onset. This results in slower, smaller, and less forceful 
movements. Even when reaction times are preserved, the movement itself is executed at reduced 
speed and amplitude, consistent with an inability to transition out of a high-impedance regime. 

Postural instability further illustrates failures in the dynamic regulation of impedance. In healthy 
individuals, sudden perturbations evoke rapid increases in impedance through reflexive and voluntary 
mechanisms. In PD, both the timing and amplitude of these adjustments are impaired. Some individuals 
fail to elevate impedance sufficiently to resist destabilising forces, resulting in exaggerated sway or loss 
of balance [118], [119]. Others exhibit excessive or poorly timed stiffness, limiting the flexibility required 
for effective corrective movements [36], [37]. These deficits reflect impaired integration of sensory 
feedback and delayed activation of context-appropriate motor responses. 

Taken together, these symptoms indicate that PD does not simply elevate impedance but disrupts the 
ability to modulate impedance appropriately over time. The neural systems that normally shift the motor 
state between stability-oriented and movement-oriented modes malfunction in PD. This results in an 
impaired ability to adjust impedance to match environmental uncertainty, task demands, or behavioural 
goals. While the present thesis does not aim to dissect the pathological mechanisms underlying PD, 
understanding these impairments provides valuable context. PD exemplifies what occurs when the 
transitional mechanics between stability and movement fail. The disorder highlights the importance of 
flexible, context-sensitive impedance regulation in healthy motor control - the very process investigated 
in the experimental work of this thesis. 

 

2.3.6. Motor Learning and Adaptation in Parkinson’s Disease 

Motor learning and adaptation in PD present a complex interplay of preserved abilities and specific 
impairments. Although PD primarily affects the basal ganglia, certain forms of sensorimotor adaptation 
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that depend more heavily on cerebellar circuits can remain relatively intact [48], [130], [131]. For 
example, PD patients are often able to adjust their movements in response to predictable perturbations 
or stable force fields, demonstrating that some aspects of internal model updating can still occur [32], 
[132]. However, these preserved capacities tend to break down when learning requires the integration 
of noisy or unpredictable sensory environments, or when the task demands rapid, trial-by-trial 
recalibration. 

Deficits in PD become more apparent in contexts that rely on the basal ganglia's contribution to 
reinforcement learning, error sensitivity, and movement scaling. Individuals with PD frequently show 
impaired updating of internal models [133], reduced retention of newly acquired motor skills  [134], and 
diminished ability to transfer learning across tasks [135]. Trial-by-trial error correction is slowed, and 
patients often compensate by relying more heavily on explicit cognitive strategies, which are less 
efficient and more susceptible to fatigue [133] . In tasks requiring rapid recalibration of motor output, 
PD patients sometimes show inflexible or stereotyped response patterns, reflecting a difficulty escaping 
from stability-oriented motor states [136]. 

These learning and adaptation deficits have direct implications for impedance regulation. Efficient 
modulation of impedance requires the sensorimotor system to integrate sensory feedback with internal 
predictions across repeated movements. Through learning, healthy individuals refine their co-
contraction patterns, adjust reflex gains, and optimise the timing of transitions between high- and low-
impedance states. However, in PD, slowed adaptation and reduced error sensitivity could hinder this 
refinement process, contributing to persistent high-impedance tendencies. If the system cannot 
efficiently learn when and how to reduce co-contraction or modify joint stiffness, the individual may 
remain inappropriately anchored in stability-oriented motor modes, exacerbating  rigidity-like behaviour 
and postural control difficulties. 

In addition, PD-related changes in beta oscillations may interfere with the neural mechanisms that 
support learning. Elevated or poorly modulated beta activity has been associated with reduced 
sensitivity to prediction error [137], impaired motor adaptation [138], and difficulty disengaging from 
previous motor states [139]. These oscillatory abnormalities may therefore interact with basal ganglia 
dysfunction to constrain adaptive processes at both the neural and behavioural levels. 

The present thesis examines motor adaptation in healthy individuals using repeated blocks of 
perturbation-based trials. This provides a normative benchmark for understanding how impedance 
modulation evolves across repeated exposure to instability, how the system learns to manage 
transitions between stability and movement, and how these adaptations manifest in beta activity, co-
contraction, and movement performance. Although PD is not the primary focus of this thesis, the 
findings from healthy participants offer a clear comparative framework for interpreting how adaptive 
processes may fail in individuals with PD and how technological approaches developed here could be 
applied in future diagnostic or rehabilitation contexts. 

 

2.3.7. Summary 

PD is a neurodegenerative disorder whose pathology and characteristic motor symptoms offer valuable 
insights into the neuromotor dynamics associated with high-impedance states. Dysfunction of the basal 
ganglia, combined with secondary alterations in peripheral and reflex pathways, highlights the 
importance of these systems for healthy impedance regulation. In addition, the clinical assessments 
used to evaluate rigidity, bradykinesia, and postural instability provide methodological guidance for the 
quantitative evaluation of motor function. However, because PD represents a pathological condition, it 
does not fully reflect the mechanisms of healthy motor control, and findings drawn from PD must be 
interpreted with caution. Evidence from the disorder can inform hypotheses about normal impedance 
regulation, but direct study of healthy individuals remains essential. 
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Individuals with PD typically experience difficulty transitioning from stable postures to voluntary 
movement, a core requirement of everyday motor behaviour. These deficits manifest as delayed 
movement initiation, hesitations, and freezing episodes, reflecting impairments in both motor planning 
and disengagement from stability-oriented control states. Effective movement requires a reduction in 
impedance and a controlled release of co-contraction, yet PD is characterised by persistently elevated 
impedance that hinders this shift. Postural instability further illustrates how impaired impedance 
regulation affects responsiveness to perturbations and the scaling of corrective actions. 

Deficits in stability–movement transitions may also involve cognitive components, as PD patients often 
show slowed task-set switching and increased reliance on attentional processes during motor 
preparation. Nonetheless, at a sensorimotor level, the inability to rapidly adjust impedance and neural 
state appears central. This view aligns with the thesis focus on understanding how healthy individuals 
manage such transitions and how neural dynamics, particularly within the beta-band, support or 
obstruct the required reconfiguration of motor control. 

Overall, PD disrupts the sensorimotor processes required for flexible and efficient movement transitions. 
Elevated rigidity, impaired modulation of co-contraction, altered reflex pathways, excessive beta-band 
activity, and deficits in motor learning collectively limit the ability to shift from stability-oriented to 
movement-oriented control states. This thesis examines the sensorimotor mechanisms underlying 
stability–movement transitions in healthy individuals, identifying neural and mechanical signatures of 
impedance regulation. Characterising how these dynamics are impaired in PD therefore provides a 
clinically relevant contrast for interpreting the transition dynamics elicited by the experimental paradigm. 
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2.4. Beta Oscillations in Motor Control 

2.4.1. Introduction 

Neural oscillations are patterns of electrical activity generated by the synchronous firing of neuronal 
ensembles. Examination of their spectral features combined with synchronisation to cognitive or motor 
function can provide insight into the neural dynamics associated with changing behaviour. Neural 
oscillations are contextualised by their neuroanatomical location as well as the frequency of their 
oscillatory behaviour [140]. 

Beta (13 - 30 Hz) oscillations have been associated with cognitive processes such as visual processing 
[141], attentional focus [142] and working memory [143], [144]. However, beta oscillatory features 
within the sensorimotor cortical-basal ganglia (SCBG) are more commonly linked to motor function, 
such as movement-related amplitude changes correlating with movement termination accuracy [145], 
or the frequency of cortical bursting events synchronising with the level of motor activity [10]. These 
oscillations occur throughout the SCBG [22] [146] and divergence in their dynamics from normative 
function is considered a putative biomarker of PD [147].  Understanding the role of beta oscillations in 
motor control is essential to understanding impedance control, as these oscillations are highly 
correlated with key functions such as motor execution and learning. 

 

2.4.2. During Posture and Stability Control 

Beta oscillations (13 - 30 Hz) within the sensorimotor system are associated with the maintenance of 
stable motor states [148], [149]. During periods of postural holding or low-movement demands, beta 
activity is typically elevated, reflecting a neural regime oriented towards preserving the status quo of 
the motor system [150]. This characteristic pattern has led to the proposal that beta oscillations index 
a state of motor stability, in which ongoing sensorimotor activity is reinforced and deviations from the 
current posture are minimised. 

Studies have demonstrated that beta power increases during isometric contraction [151], [152], 
sustained postural maintenance [10], [153], and steady force production [154]. In these contexts, the 
motor system prioritises robustness to perturbations and the suppression of unnecessary movement - 
behavioural demands that parallel the mechanical requirement for higher joint impedance. Elevated 
beta is therefore frequently interpreted as a neural signature of a control state reflecting stability rather 
than flexibility. 

The functional role of beta during postural control is further supported by perturbation studies [155]. 
When the limb is subjected to unpredictable mechanical disturbances, beta activity often remains high 
or shows only modest reductions, suggesting that it may contribute to stabilising the motor state or 
maintaining readiness to resist displacement. In contrast, conditions demanding rapid changes in motor 
output are typically associated with prominent beta suppression [156]. This inverse relationship 
underscores the idea that beta oscillations help to reinforce stability but inhibit movement initiation. 

Importantly, beta is not simply a correlate of muscle activation. Studies controlling for EMG, force level, 
or co-contraction show that beta power does not scale linearly with peripheral activation [151], [157]. 
Instead, beta appears more closely related to sensorimotor confidence, state estimation, or the 
maintenance of an internally predicted model of the limb [158]. Under this view, high beta reflects a 
neural system that is committed to its current state and less willing to update or reconfigure its control 
strategy. 

This interpretation aligns naturally with impedance regulation. When individuals maintain posture or 
prepare to counter unpredictable forces, the sensorimotor system often increases impedance through 
co-contraction and reflex tuning. Elevated beta may reflect the neural counterpart of this high-
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impedance state: a cortical-subcortical configuration that promotes stability and resists change. Such 
coupling between neural stability signals and mechanical impedance is especially relevant for tasks 
involving postural challenges, load anticipation, or unpredictable dynamics. 

In summary, beta oscillations during posture and stability control appear to signal a neural mode in 
which the motor system favours resistance to change, maintenance of ongoing activity, and robustness 
to perturbation. This makes beta a compelling candidate for indexing the neural dimension of high-
impedance states and provides essential context for understanding the  stability–movement transitions 
explored in this thesis. 

 

2.4.3. Movement Initiation and Termination 

Motor actions are accompanied by a characteristic pattern of beta oscillatory dynamics that unfolds 
across the preparation, execution, and termination of movement. Approximately 500 ms before 
movement onset, beta amplitude typically begins to decrease due to a desynchronisation of 
sensorimotor neuronal populations, producing the movement-related beta decrease (MRBD) [53]. This 
reduction continues throughout movement execution and is followed, shortly after movement 
completion (typically 300–1500 ms), by a pronounced increase in beta amplitude known as the post-
movement beta rebound (PMBR) [159], [160]. Together, these phases form a canonical signature of 
beta modulation during voluntary action (Figure 2.5). 

 

 
Figure 2.5. A visual representation of beta amplitude around a movement event [148]. The Blue line represents the 
magnitude of the beta activity. The blue shaded zone highlights the movement related beta decrease (MRBD) while 
the orange shaded highlights the post movement beta rebound (PMBR). 

Reprinted under CC BY 4.0, https://creativecommons.org/licenses/by/4.0/. 

 

The amplitude and timing of both the MRBD and PMBR are sensitive to the dynamics of the movement 
being performed. Slower voluntary movements are associated with reduced MRBD amplitude [145], 
[161], as well as a decreased PMBR [162]. These attenuated responses have been interpreted as 
reflecting a “slowed movement state” in healthy individuals [163]. More broadly, elevated beta 
oscillations have been linked to slower, less precise voluntary movement [164] and to reduced 
movement speed without affecting reaction time [165], reinforcing the notion that high beta may oppose 
rapid or flexible motor output. 

However, changes in beta are not driven solely by movement speed. PMBR amplitude has been shown 
to increase with force output, whereas the MRBD does not scale in the same manner [154]. More 
generally, beta-band modulation correlates with force generation during isometric contraction [152], 
[166], suggesting that beta dynamics reflect both motor output and the sensorimotor context in which 
movement is generated. The anticipatory nature of the MRBD is further supported by evidence that 

https://creativecommons.org/licenses/by/4.0/
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similar decreases in beta power occur during motor imagery - that is, visualisation or mental rehearsal 
of a movement without overt execution [167]. This indicates that beta suppression reflects not only 
physical movement but also the intent to move and the associated reconfiguration of sensorimotor 
networks. 

The complementary dynamics of MRBD and PMBR have been widely interpreted as evidence for an 
anti-kinetic role of beta oscillations. Under this framework, the reduction of beta synchrony through 
MRBD facilitates the initiation and execution of movement by releasing the motor system from a 
stabilising, status-quo-preserving state. Conversely, the subsequent PMBR is thought to reflect a return 
to a more stable sensorimotor configuration, re-establishing the motor set after movement termination. 
Earlier theories proposed that beta represented an “idling” rhythm of the motor system during rest [168], 
but contemporary perspectives suggest a more nuanced interpretation: elevated beta activity may 
signal preservation of the existing motor state or a resistance to change [150]. Consistent with this, 
beta amplitude has been shown to increase when individuals resist movement or maintain posture 
against external forces [120]. 

Despite this compelling theoretical framework, the hypothesis that beta-band activity specifically 
encodes a motor stability state and that transitions into or out of movement require systematic 
modulation of this state has not been directly tested in the literature. Understanding whether beta 
activity tracks changes in impedance, co-contraction, or motor set inertia remains a key open question.  

 

2.4.4. Sensory Feedback and Error Processing 

Beyond their role in movement preparation and execution, beta oscillations are deeply involved in 
processing sensory feedback and evaluating deviations between predicted and actual motor outcomes 
[38], [169]. A key feature of beta dynamics in this context is the PMBR, which is consistently observed 
following voluntary movement or externally imposed perturbations [155]. The PMBR has been 
interpreted as reflecting the integration of sensory feedback with internal models, signalling a return to 
a stable sensorimotor state after the transient disruption caused by movement or external forces [158]. 

During tasks involving mechanical perturbations, beta oscillations often display rapid, context-
dependent modulation [155], [170]. Sudden or unpredictable disturbances typically evoke transient 
reductions in beta power, reflecting an increased reliance on sensorimotor feedback to update internal 
state estimates and adjust corrective responses. This beta suppression is thought to facilitate rapid 
error processing by enabling flexible reconfiguration of motor output [171]. Following correction, the 
PMBR marks a reinstatement of synchronised activity across sensorimotor networks, potentially 
signalling that updated predictions have been consolidated. 

Several studies have argued that beta activity supports a form of predictive coding within the motor 
system [172], [173], [174]. Under this framework, the brain continuously generates predictions about 
expected sensory consequences of movement. When actual sensory input deviates from these 
predictions, beta power decreases, indicating a greater need for feedback-driven updating. Conversely, 
when sensory outcomes match expectations, beta activity tends to remain elevated or returns quickly 
to baseline via the PMBR, suggesting confidence in the internal model. This interpretation aligns with 
evidence that beta suppression is proportional to the amplitude of sensory prediction error during force-
field adaptation and proprioceptive distortion tasks. 

Beta oscillations also modulate the precision and gain of sensory feedback pathways. Elevated beta 
has been associated with reduced sensitivity to incoming sensory information, consistent with a motor 
state favouring stability and resistance to change [175]. In contrast, beta suppression enhances the 
influence of sensory feedback, enabling rapid adjustments to unanticipated disturbances. This dynamic 
modulation of sensory weighting mirrors the behavioural trade-off between stability and adaptability, 
and it parallels the mechanical modulation of impedance through changes in reflex gain and co-
contraction. 
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In tasks requiring postural control or resistance to unpredictable forces, beta oscillations have been 
shown to coordinate with long-latency stretch responses (LLSRs), suggesting a close coupling between 
cortical processing and reflexive motor adjustments [176], [177]. This relationship supports the notion 
that beta activity helps regulate how sensory information shapes motor corrections, particularly under 
conditions of uncertainty or instability. 

Taken together, these findings position beta oscillations as a central mechanism for integrating sensory 
feedback, signalling prediction error, and stabilising internal models of the limb and environment. This 
perspective is directly relevant to the present thesis, which examines how beta dynamics evolve during 
perturbation-driven postural challenges and subsequent voluntary movement. Understanding beta’s 
role in sensory feedback processing provides essential context for interpreting how the nervous system 
manages stability–movement transitions and how these processes may become impaired in 
neurological conditions such as Parkinson’s disease. 

 

2.4.5. Motor Learning and Adaptation 

Motor adaptation refers to the process by which the sensorimotor system updates its internal model of 
movement dynamics in response to discrepancies between expected and actual outcomes [139]. The 
aim of adaptation is to adjust rapidly to task demands or environmental uncertainty using sensorimotor 
feedback [178]. The internal, feedforward model generates predictions about the sensory 
consequences of motor actions, and when these predictions are violated, a sensory prediction error 
occurs [179]. This error drives updates to the internal model, influencing the execution of subsequent 
actions. 

Adaptation is commonly studied using forcefield or visuomotor perturbation paradigms. In these 
experiments, participants adjust their movements while a manipulation is applied, gradually 
compensating for the altered dynamics. When the perturbation is removed or altered, the adapted 
behaviour initially persists - typically revealed through after-effects - before the system recalibrates to 
the new conditions. These paradigms have been instrumental in demonstrating the role of beta 
oscillatory dynamics in adaptation. Specifically, the amplitude of the PMBR has been shown to be 
inversely proportional to uncertainty in the feedforward model [179], indicating that PMBR may index 
the degree of confidence in the updated internal model. Similarly, beta oscillations increase with the 
amount of corrective response required following postural perturbations [158], suggesting a role for 
beta in encoding corrective effort or prediction error. 

Motor learning, while related to adaptation, reflects a broader and more enduring process in which 
neural dynamics change alongside improvements in motor performance [180]. Learning can occur 
through error-based mechanisms, driven by the minimisation of performance errors without explicit 
reinforcement [138], or through reward-based mechanisms, in which successful outcomes serve as 
reinforcement signals guiding future behaviour [181]. The distinction between adaptation and learning 
is often one of timescale and purpose: adaptation involves rapid, short-term adjustments to 
environmental dynamics, whereas learning reflects longer-term acquisition or refinement of motor skills. 
These processes also rely on partially distinct neural substrates; adaptation relies heavily on the 
cerebellum, while longer-term motor learning involves sustained plasticity within cortical regions [182]. 

The role of PMBR in motor learning remains an active area of debate. PMBR amplitude has been 
observed to increase following motor errors [183], suggesting a potential involvement in error 
evaluation or the resetting of motor predictions. However, emerging evidence indicates that the 
relationship between PMBR and learning may be more complex. A recent study of novice billiards 
players identified two distinct learner subgroups differentiated by the direction of PMBR change as 
performance improved [184], implying that PMBR modulation may reflect divergent learning strategies 
or neural mechanisms. Additionally, PMBR amplitude has been associated with future performance 
upon returning to a previously practised task [185], raising the possibility that beta rebound strength 
may signal consolidation or readiness to re-engage with a learned skill. 
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Together, these findings indicate that beta oscillations, and PMBR in particular, play a significant but 
multifaceted role in motor adaptation, error processing, and long-term learning. Beta activity appears 
sensitive to uncertainty and the confidence of internal models - properties that are intimately connected 
to the regulation of motor impedance and the stability–movement transitions explored in this thesis. 
Understanding how beta reflects or influences learning processes provides an important foundation for 
interpreting the neural signatures observed in tasks that require repeated exposure to variable 
perturbations or changes in motor context. 

 

2.4.6. Pathological Alterations of Beta: Insights from Parkinson’s Disease 

Understanding the neural dynamics of motor impairment in Parkinson’s disease (PD) has highlighted 
beta oscillations as a compelling candidate biomarker of pathological motor control. Numerous studies 
report elevated beta activity within the SCBG that corresponds closely with the core motor symptoms 
of PD, including rigidity and bradykinesia [27], [147], [186]. These abnormalities extend to well-
established movement-related beta dynamics: both the MRBD and PMBR are consistently dampened 
in individuals with PD [187], [188], [189]. In addition, PD is associated with an increased occurrence 
and duration of high-amplitude beta bursts [25], [190], suggesting that pathological beta may manifest 
not only as sustained oscillatory power but also as aberrant transient events. 

Broadly, PD symptoms are linked to excessive beta synchrony across the SCBG [191], [192], 
reinforcing the view that heightened beta reflects a neural state biased towards stability and resistance 
to change. Conversely, reductions in beta power within the subthalamic nucleus (STN) correlate with 
reduced motor impairment [193], [194], indicating that modulation of beta activity is closely tied to the 
severity of motor dysfunction. Alterations in beta–gamma coupling have also been associated with PD 
symptom severity [187], suggesting that disruptions in cross-frequency communication may further 
compromise flexible motor control. 

Although PD is principally a disorder of dopaminergic deficiency, beta abnormalities are not exclusively 
modulated by dopamine. Administration of the GABAergic drug zolpidem has been shown to reduce 
the amplitude of the PMBR following movement [195], demonstrating that beta dynamics are also 
sensitive to changes in inhibitory neurotransmission. This underscores the broader neurochemical 
basis of oscillatory dysfunction in PD. 

Deep brain stimulation (DBS) provides further insight into the relationship between beta dynamics and 
motor impairment. DBS is a second-line treatment reserved for cases where pharmacological therapy 
becomes insufficient and symptoms are severe [196], [197]. Electrodes are implanted into specific 
nuclei within the basal ganglia, selected according to the patient’s dominant symptoms [198]. High-
frequency current delivered through these electrodes influences local and downstream basal ganglia 
circuits. Despite ongoing debate, three primary mechanistic theories have been proposed. The 
inhibition theory suggests that DBS reduces pathological firing or mimics the effects of lesioning within 
the target nucleus [40], [199]. The excitation theory argues that DBS elevates firing rates in a way that 
regularises aberrant activity [200]. The disruption theory proposes that DBS interferes with pathological 
synchronisation, partially uncoupling input and output signals [196]. Regardless of the precise 
mechanism, DBS reliably interrupts high-amplitude, long-duration beta bursts and alleviates motor 
impairment [201]. The therapeutic reduction in rigidity and related symptoms seen following DBS, 
together with its suppression of pathological beta activity, provides strong convergent evidence for the 
importance of beta dynamics in impedance and stiffness regulation. 

Studying beta oscillatory behaviour in PD therefore provides valuable insight into the potential role of 
beta in regulating impedance, as elevated beta frequently co-occurs with increased rigidity and 
impaired movement initiation. However, as with the symptom of rigidity itself, it is essential to interpret 
these findings within the context of disease pathology. Neural dynamics observed in PD may reflect 
compensatory mechanisms, maladaptive circuit changes, or downstream consequences of dopamine 
depletion, and therefore may not fully represent beta’s functional role in healthy motor control. For this 
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reason, caution is needed when extrapolating from pathological data to normative sensorimotor 
processes. Nevertheless, the convergent evidence from PD, together with the therapeutic effects of 
DBS, strongly supports the hypothesis that beta oscillations help regulate transitions between stability-
oriented and movement-oriented motor states. Disruptions to this regulatory system may lead to 
diminished adaptability and impaired modulation of impedance processes that lie at the heart of motor 
impairment in PD, 

 

2.4.7. Beta Oscillations in Other Disorders Affecting Impedance 

While PD is the predominant disorder when considering pathological impairment of impedance control, 
other conditions impair normal motor impedance modulation and can be explored to gain 
understanding of healthy stiffness control through comparison.  

Stiff-person syndrome (SPS) is a rare autoimmune disorder in which the immune system attacks 
proteins necessary to produce the neurotransmitter GABA [202]. The impairs the reciprocal inhibition 
of antagonist muscles, resulting in rigidity, particularly of the trunk and limbs. SPS presents a case 
where the primary source of stiffness dysregulation is from dysfunction of peripheral rather than central 
contributions.  

Huntington’s disease is a hereditary genetic disorder that affects the basal ganglia, primarily the 
striatum [203]. Mutated huntingtin proteins accumulate and cause neuronal degeneration. This results 
in dysregulation of the indirect pathway resulting in chorea – involuntary, jerky movements. However, 
as the disease progresses, the direct pathway can become affected causing rigidity [204].  

Dystonia is class of neurological disorder that has different specific types of dependent on the body 
part affected. However, each is defined by the common symptom of sustained involuntary muscle 
contraction.  Dystonia is associated with basal ganglia disfunction and hyperexcitability of the motor 
cortex [205], [206]. Dystonia acts as a contrast to PD where PD motor symptoms are associated with 
excessive beta synchrony, dystonia is associated with reduced inhibition and excessive movement.  

These conditions affecting impedance provide further evidence for the role of the SCBG circuit in 
regulating impedance, demonstrating how distinct impairments within this critical network can lead to 
related but mechanistically different forms of impedance dysregulation. SPS additionally highlights the 
importance of dysfunction within the peripheral nervous system, showing that peripheral mechanisms 
can also drive impairments in impedance control. Taken together, these pathologies illustrate that both 
central and peripheral abnormalities can disrupt the sensorimotor processes required for flexible 
impedance regulation. 

 

2.4.8. Other Frequency Ranges and Corticomuscular Coherence 

Although beta oscillations are the most widely studied frequency range in motor neuroscience, other 
oscillatory bands also contribute to sensorimotor processing and may influence aspects of impedance 
regulation and motor control. These include theta (4-8 Hz), alpha (9-12 Hz), and gamma (31-100 Hz) 
bands, each of which has been associated with distinct functional roles in movement preparation, 
execution, and adaptation. 

Theta oscillations in the motor cortex have been linked to motor planning and motor learning, 
particularly during processes involving error detection or performance monitoring [207]. Elevated theta 
activity commonly accompanies tasks in which individuals evaluate discrepancies between intended 
and actual movement outcomes, suggesting a role in updating internal models and guiding corrective 
responses. 
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Alpha oscillations are prominent in the sensorimotor cortex during movement preparation and are 
thought to modulate the flow of sensorimotor information [208], [209]. Increases or decreases in alpha 
power can reflect shifts in attentional engagement, sensory gating, or preparatory inhibition, all of which 
influence how the motor system transitions between postural stability and voluntary action. 

Gamma oscillations, in contrast, are associated with higher-level processing, including sensory 
integration, attention, and the co-ordination of complex movements. Gamma activity differs in 
synchronisation properties from beta oscillations [210]. In the sensorimotor system, gamma power 
reliably increases during movement execution, suggesting involvement in the fine modulation of muscle 
activity and rapid adjustments to motor demands [210], [211]. These properties make gamma 
oscillations a potential contributor to the high-frequency control mechanisms underlying rapid force 
modulation or corrective responses. 

The relationship between oscillatory activity and motor function can be further understood through 
corticomuscular coherence (CMC), a measure of synchrony between cortical rhythms and muscle 
activity. CMC reflects the degree of functional coupling between the sensorimotor cortex and the 
periphery, providing insight into how neural oscillations influence motor output [212]. CMC is generally 
thought to arise from the top-down projection of cortical oscillations to motor units, synchronising 
descending commands with muscle activation patterns [211], [213]. 

Beta-band corticomuscular coherence (β-CMC) is particularly well characterised. β-CMC is observed 
during steady isometric contractions [211] and is modulated during transitions between movement 
planning and execution [214]. It is most evident in tasks requiring consistent force output or sustained 
muscle tone [151], [214], aligning closely with contexts in which joint impedance must be stabilised. 
Experimental manipulation of cortical activity through 20 Hz transcranial alternating-current stimulation 
has been shown to increase β-CMC and slow voluntary movements, implying that excessive coherence 
may over-constrain or “over-regulate” motor output [215]. These findings support the idea that β-CMC 
contributes to stabilising the motor system but may limit flexibility in actions requiring rapid change. 

CMC is not restricted to the beta band. Gamma-band CMC is commonly observed during movements 
requiring rapid or precise adjustments, and appears to reflect fast, adaptive modulation of motor output 
[211]. This aligns with the role of gamma oscillations in supporting fine-grained sensorimotor integration 
and the rapid dynamics required for responsive motor control. 

Taken together, these oscillatory and coherence patterns reveal that the neural control of movement 
operates across multiple frequency bands, each contributing distinct functional capabilities. While beta 
oscillations dominate the stability-oriented aspects of motor control, theta, alpha, and gamma 
frequencies - as well as their coupling with muscle activity - support complementary processes related 
to planning, feedback integration, and rapid adjustment. Understanding these interactions provides a 
broader neurophysiological context for interpreting the oscillatory signatures observed during stability–
movement transitions and impedance regulation, forming an important foundation for the empirical 
work in this thesis. 

 

2.4.9. Summary 

Beta oscillations occupy a central role in the neural control of human movement, with consistent 
evidence linking elevated beta activity to motor stability and preservation of the current motor state 
while beta suppression is integral to movement initiation and flexibility. Across a range of behaviours, 
beta activity is increased during postural maintenance, sustained force production, and resistance to 
perturbation, and is reduced during movement preparation and execution. The complementary 
dynamics of the MRBD and PMBR reflect transitions between stability-oriented and movement-oriented 
control states. 
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These beta dynamics closely parallel the mechanical requirements of impedance regulation. High-
impedance states that support stability are characterised by increased co-contraction and heightened 
reflex gains, coinciding with elevated beta activity and reduced sensory responsiveness. In contrast, 
beta suppression prior to movement may facilitate the release of these stability mechanisms, allowing 
impedance to be lowered and movement to proceed. Following movement, PMBR may reflect the re-
establishment of a stable motor set through feedback integration and updating of internal models. In 
this way, beta oscillations are well positioned to coordinate the neural components of impedance control. 

Despite these converging observations, direct empirical links between beta oscillations and mechanical 
impedance remain limited. Few studies have measured beta activity alongside co-contraction or limb 
mechanics, and the transition from stability to movement has yet to be examined explicitly. 
Consequently, it remains unclear whether beta directly reflects impedance, readiness to switch control 
regimes, or broader aspects of sensorimotor set. This thesis addresses these gaps by examining beta 
dynamics during tasks that require transitions between maintaining posture in unstable contexts to 
performing voluntary movement. By integrating neural, muscular, and behavioural measures, this work 
investigates how beta evolves across changes in impedance and how its persistence or release 
influences flexible motor control. 
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2.5. Robotic and Servomotor Manipulanda as Tools for 
Probing Mechanical Impedance 

2.5.1. Introduction 

Robotic and servomotor manipulanda provide powerful experimental tools for investigating the 
mechanical impedance of the human sensorimotor system under controlled conditions. By applying 
precisely defined torques and measuring the resulting kinematic, neural, and muscular responses, 
these systems enable systematic examination of impedance control and its contributing components. 
This section briefly reviews the use of robotic manipulanda for probing joint impedance in both healthy 
individuals and Parkinson’s disease and summarises prior studies employing the same manipulandum 
designs as those used in this thesis. 

 

2.5.2. Early History 

Quantitative investigation of human joint impedance began in the 1980s and laid the foundations for 
later wrist-specific research. A seminal multi-joint study by Mussa-Ivaldi, Hogan, and Bizzi (1985) used 
a planar two-degree-of-freedom manipulandum to measure the endpoint stiffness of the human arm 
[216]. When the hand was displaced from an equilibrium posture, the arm generated predictable 
restoring forces that could be captured in a stiffness matrix. Graphically, these properties were 
represented as an ellipse centred on the hand. The size, shape, and orientation of this “stiffness ellipse” 
depended strongly on arm configuration, revealing that the arm’s resistance to perturbation is 
anisotropic and posture-dependent, yet highly consistent within an individual [217]. 

This discovery - that the nervous system regulates a directional stiffness or impedance “field” - was 
pivotal. It aligned naturally with Hogan’s impedance control framework (1985), which proposed that 
humans regulate mechanical impedance to ensure stability and task-appropriate behaviour [1]. 
Subsequent studies confirmed that endpoint stiffness is under voluntary control. Increasing co-
contraction enlarges the stiffness ellipse, improving disturbance rejection in all directions [80], while 
later work demonstrated that participants tune the ellipse orientation to counter specific directional 
instabilities or to match task demands [80], [218]. These multi-joint investigations established the 
principle that the CNS actively modulates limb impedance, foreshadowing the widespread adoption of 
single-joint paradigms. 

Single-joint impedance measurements followed a similar developmental trajectory. Early research 
focused on the ankle and elbow [19], [219], [220], and by the late 1980s attention had shifted to the 
wrist [58], [221], [222]. Gielen and Houk (1989) examined the “servo-like” properties of wrist control, 
modelling how stretch reflex pathways contribute to effective stiffness via long-loop feedback 
mechanisms [223]. Around the same time, Teräväinen et al. (1989) conducted one of the first objective 
assessments of wrist rigidity in Parkinson’s disease using a torque motor [224]. By passively oscillating 
the hand and quantifying resisting torque in Newton-metres per degree, they observed that 
Parkinsonian rigidity increased at higher movement velocities. This finding challenged the classical 
clinical view of rigidity as velocity-independent, indicating a significant reflex contribution. 

In healthy subjects, the interplay between reflexive and voluntary components of wrist impedance was 
further explored by De Serres and Milner (1991) [14] . Using a servomotor to impose small, rapid wrist 
displacements (3° and 10°) while participants maintained a steady posture against various loads, they 
showed that when confronting an unstable load, subjects markedly increased co-contraction of wrist 
flexors and extensors, thereby raising joint stiffness. Crucially, the phasic stretch reflex contributed little 
to this increased stiffness; the primary mechanism was elevated baseline muscle activation. This 
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demonstrated that, for moderate perturbations, impedance regulation is dominated by voluntary muscle 
tuning rather than reflex gain. 

By the early 1990s, two core principles had therefore been established: 

1. Humans can flexibly adjust joint impedance through muscle activation and co-contraction 
strategies. 

2. Robotic and servomotor devices provide a precise means of quantifying these adjustments and 
the underlying reflex behaviour. 

These principles set the stage for a proliferation of wrist-focused studies employing robotic 
manipulanda. Such devices now form essential tools for probing normal impedance regulation, 
exploring stability–movement transitions, and characterising pathological changes such as 
Parkinsonian rigidity. 

 

2.5.3. Healthy Motor Control 

Modern investigations of healthy wrist mechanics have made extensive use of single- and multi-
degree-of-freedom robotic manipulanda to characterise joint impedance under controlled conditions. 
Although many studies isolate the primary axis of wrist flexion-extension (1-DOF), more recent work 
has adopted 2-DOF and 3-DOF devices capable of probing radial-ulnar deviation and forearm 
pronation–supination. These multi-DOF platforms allow researchers to map the directional structure of 
wrist impedance in a manner analogous to endpoint stiffness ellipses in the arm. 

A consistent finding across these studies is that wrist impedance is highly anisotropic. Using wrist 
robots, Crisco et al. (2011) and Formica et al. (2012) demonstrated that stiffness is greatest along the 
anatomical axes of flexion-extension and radial-ulnar deviation, and lowest along the diagonal “dart 
thrower’s” motion path [8], [225]. This directional dependence suggests that even at a single joint, 
impedance emerges from a complex combination of passive tissue mechanics, joint geometry, and 
muscle-tendon coordination. Importantly, these anisotropic profiles are reproducible across participants, 
indicating a stable neuromechanical organisation of wrist impedance in healthy adults. 

Robotic manipulanda have also enabled careful separation of passive and active impedance 
components. Studies using backdrivable wrist robots have quantified passive viscoelastic properties 
by displacing the relaxed wrist through small amplitudes and fitting viscoelastic models to the resulting 
torques. Passive stiffness estimates in healthy individuals typically fall in the range of 0.06–0.07 
Nm/deg [8], with characteristic stiffness patterns that are consistent within subjects but vary modestly 
between them. 

In contrast, active impedance depends strongly on task demands. Perturbation-based paradigms show 
that participants substantially increase co-contraction when stabilising against destabilising or 
unpredictable loads [14]. De Serres and Milner’s foundational observations have been extended by 
more recent work demonstrating that co-contraction increases sharply when interacting with 
mechanically unstable environments [226], tool dynamics [227], or noisy force fields [228]. For example, 
studies using handheld tools coupled to torque-controlled motors show that individuals rapidly increase 
wrist stiffness in anticipation of contact with rigid surfaces, highlighting the role of feedforward 
impedance control. Similarly, during interaction with unpredictable force perturbations, participants 
elevate active stiffness to reduce movement variance and enhance robustness. 

Robotic studies consistently link impedance modulation to muscle activation patterns, particularly co-
contraction of antagonist muscle pairs [14], [59], [229]. EMG recordings demonstrate that antagonist 
recruitment functions as a primary actuator of stiffness at the wrist, with reflex contributions playing a 
secondary, context-dependent role. Notably, voluntary co-contraction appears limited: maximum 
achievable wrist stiffness is only about 40–50% of what would be expected if flexors and extensors 
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exerted their maximal intrinsic stiffness [230]. This suggests that neuromuscular constraints and central 
control strategies prevent excessively rigid postures in healthy motor behaviour. 

Overall, modern robotic studies have shown that wrist impedance in healthy individuals is highly 
tuneable, directionally structured, and regulated through a combination of reflex pathways, feedforward 
control, and flexible co-contraction strategies. These findings provide an essential baseline for 
interpreting the altered impedance regulation observed in neurological conditions such as Parkinson’s 
disease, and they motivate the experimental paradigm developed in this thesis for studying stability–
movement transitions. 

 

2.5.4. Parkinson’s Disease Research 

Robotic and servomotor-driven manipulanda have been central to the quantitative study of Parkinson’s 
disease (PD), particularly because rigidity is one of its defining motor symptoms and cannot be fully 
characterised through clinical examination alone. Early work in the 1980s and 1990s demonstrated the 
potential of motorised devices to move the wrist passively at controlled velocities and measure the 
resulting torques with far greater precision than manual assessment . A landmark contribution came 
from Teräväinen et al. (1989), who oscillated the wrist using a torque motor and introduced an objective 
rigidity score in physical units [224]. They found that PD patients produced significantly greater 
resistance torques than healthy controls, and that this rigidity increased with stretch velocity, implicating 
reflex hyper-excitability in its origin. Meara and Cody (1992) further probed the neuromuscular basis of 
rigidity [231]. They reported only a moderate relationship between background flexor EMG activity and 
clinical rigidity scores, suggesting that elevated tone alone could not fully explain rigidity. Their 1993 
study showed that levodopa reduced both rigidity and long-latency stretch reflexes, indicating that 
altered transcortical reflex pathways contribute meaningfully to the phenomenon [232]. Around the 
same period, Caligiuri (1994) developed a portable, handheld device capable of generating an 
objective rigidity metric that correlated with clinical ratings [233]. This work demonstrated the feasibility 
of obtaining quantitative stiffness measures in typical clinical settings and underscored the moment-to-
moment variability of rigidity, especially across medication cycles. 

From the mid-2000s, research using servo-controlled manipulanda, particularly by Xia, Rymer, and 
colleagues, provided major mechanistic insights into PD rigidity [108], [234], [235]. These studies 
revealed that rigidity arises not only from exaggerated stretch reflexes but also from a pathological 
“shortening reaction”, in which muscles abnormally activate when they shorten. Their work showed that 
these two mechanisms interact synergistically to elevate joint impedance. They also demonstrated that 
rigidity is direction-dependent: PD patients resisting imposed wrist movements exhibited greater torque 
during extension than flexion, a pattern absent in healthy controls. This asymmetry suggested that 
reflex hyper-resistance is more readily triggered in certain muscle groups, highlighting the nuanced 
and non-uniform nature of wrist rigidity. During the same period, robotic systems began to be used to 
quantify how behavioural and pharmacological interventions modulate rigidity. Powell et al. (2011) 
showed that contralateral voluntary movement markedly increased ipsilateral wrist rigidity, particularly 
in the OFF-medication state, and that dopaminergic therapy reduced both baseline rigidity and the 
exacerbating effect of activation [236]. Torque-controlled manipulanda have also been deployed to 
evaluate surgical interventions. Little et al. (2012)  measured rigidity during deep brain stimulation (DBS) 
of the subthalamic nucleus and found that subtherapeutic low-frequency DBS increased rigidity, 
whereas high-frequency stimulation reduced it [169]. Studies by Rätsep and Asser (2011) similarly 
showed that effective DBS decreased the viscoelastic stiffness of wrist musculature, paralleling clinical 
improvements [237]. These findings reinforced the view that robotic measurements can serve as 
sensitive biomarker readouts for therapeutic effects. 

Alongside rigidity, robotic manipulanda have also contributed to understanding bradykinesia, the 
cardinal PD symptom characterised by slowed movement, reduced movement amplitude, and impaired 
movement initiation. Whereas rigidity reflects elevated baseline impedance, bradykinesia reflects 
difficulty transitioning out of a stability-oriented, high-impedance control regime and into efficient 
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movement execution. Robotic reaching tasks, force-controlled paradigms, and repeated perturbation 
trials have consistently shown that individuals with PD exhibit delayed release of co-contraction, 
reduced scaling of muscle activation to task demands, and slower initiation of voluntary movement 
[238], [239]. These features manifest mechanically as prolonged reaction times, decreased peak 
velocities, longer movement durations, and impaired corrective responses, all of which can be captured 
with high temporal precision using servomotor systems. Importantly, several studies report that PD 
patients show excessive co-contraction even when movements are intended to be rapid or ballistic, 
suggesting a persistent reliance on high-impedance strategies that hinder fluid movement. These 
findings align with the broader perspective that PD impairs the neural mechanisms required for down-
regulating impedance, engaging dynamic control, and updating motor commands efficiently. 

Collectively, robotic manipulanda have provided a detailed biomechanical and neurophysiological 
characterisation of Parkinsonian motor impairment, extending beyond rigidity to capture the dynamics 
of bradykinesia and impaired movement initiation. These studies offer fine-grained insight into velocity 
dependence, directional asymmetries, reflex contributions, pathological coactivation patterns, and 
treatment-induced changes. Crucially, robotic tasks have revealed that PD patients struggle to down-
regulate impedance and shift into a movement-oriented state, contributing simultaneously to rigidity 
and bradykinesia. These technologies thus offer a powerful means of probing the sensorimotor deficits 
underlying PD and provide a foundation for objective biomarkers for diagnosis. In this context, the 
robotic system developed for the present thesis contributes to a growing body of work that seeks to 
quantify these impairments with high precision, establish normative benchmarks in healthy individuals, 
and lay the groundwork for future diagnostic tools targeting the transitional dynamics of impedance 
control. 

 

2.5.5. Hi5 and HRX-1 Haptic Robots 

One of the aims of this project was to develop a robotic framework on which to explore the transitional 
dynamics of stability- and movement-orientation activity (Aim 5). To this end, production of a portable 
version of the Hi5 device was conducted. This manipulandum was used to establish the foundation of 
the experimental architecture as well as preliminary testing and development of the experimental 
protocol and analyses. Later, all formal experimental data reported in this thesis were collected using 
the HRX-1, a newer platform derived from the same design lineage but optimised for neuromechanical 
research and rehabilitation applications. The established literature on both devices provides useful 
context to understand their technical capabilities and the types of sensorimotor phenomena they have 
previously been used to probe. 

The Hi5 robotic interface was introduced by Melendez-Calderon and colleagues in 2011 as a dual-wrist 
device for studying bimanual coordination and human–human interaction [240]. The original work 
established its core features, including high-bandwidth torque and position control. The Hi5 has 
primarily been utilised in studies examining human interaction under controlled coupling conditions, 
whether with human or robotic partners [241], [242], coordination of force output between dominant 
and non-dominant hands [243], and the rehabilitative assessment of tactile feedback [244]. In addition, 
the device has been used to investigate functional connectivity mapping in dystonia [245] and EMG 
co-activation under feedback manipulations in virtual reality [246]. Collectively, this literature 
demonstrates that the Hi5 is well suited for studying motor coordination, muscle co-contraction, and 
adaptation, making it an appropriate platform for impedance-based investigations. 

The HRX-1 is an updated single-degree-of-freedom wrist manipulandum designed for neuromechanics 
research and rehabilitation. It extends the Hi5 by incorporating multiple control modes, a more compact 
form factor, improved control performance, and compatibility with real-time control architectures such 
as Simulink. Owing to its recent development, the HRX-1 has a limited publication history. Nevertheless, 
it has been validated for measuring muscle activation [247] and has been applied to studies of EMG 
co-activation during partnered visuo-haptic tasks [248], assistive robotic intervention combined with 
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electrical stimulation post-stroke [249], and virtual reality-supported training in individuals with 
functional neurological disorder [250]. Together, these studies indicate that the HRX-1 retains the high-
fidelity torque control of the Hi5 while offering enhanced portability and usability. The device has been 
validated for measuring neuromechanical variables including EMG, torque responses, and 
coordination metrics, making it well suited for the high-resolution impedance characterisation 
undertaken in this thesis. 

In summary, research using the Hi5 established a methodological foundation for investigating neural 
dynamics, muscle co-contraction, and adaptation in wrist motor control, while the HRX-1 extends this 
capability to a more robust and portable platform. The work presented in this thesis builds directly on 
this progression by using the HRX-1 to deliver controlled perturbations and to quantify impedance 
regulation and its neural correlates during stability–movement transitions. 

 

2.5.6. Summary 

Quantitative studies since the 1980s have established that humans actively regulate joint impedance 
in a directional, task-dependent manner. Early multi-joint work introduced the concept of stiffness fields, 
which was later translated to single-joint paradigms using robotic and servomotor devices to 
characterise wrist impedance with high precision. These studies showed that impedance is primarily 
modulated through voluntary muscle activation and co-contraction, with reflex contributions playing a 
secondary, context-dependent role. 

In healthy individuals, wrist impedance is anisotropic and flexibly tuned to task demands, supporting 
stability in uncertain environments while remaining sufficiently low to permit efficient movement. In 
Parkinson’s disease, robotic measurements have revealed pathological elevation and impaired 
regulation of impedance, driven by abnormal reflexes and muscle activation patterns. These 
abnormalities contribute not only to rigidity but also to bradykinesia, reflecting difficulty transitioning 
from stability-oriented to movement-oriented control. 

The Hi5 and HRX-1 robotic manipulanda provide the technical foundation for investigating these 
mechanisms. Building on prior validation and applications, the present thesis uses the HRX-1 to 
quantify wrist impedance and, critically, the dynamics of transitions between postural stability and 
voluntary movement, offering a precise framework for studying both healthy motor control and 
Parkinsonian impairment. 
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2.6. Quantifying Mechanical Impedance in Healthy Individuals 
and Parkinson’s Disease 

2.6.1. Introduction 

Mechanical impedance is a fundamental descriptor of how the sensorimotor system responds to 
external forces and imposed motion. In healthy individuals, impedance and its key component, stiffness, 
emerge from the interaction of muscle activation, reflex pathways and passive tissue properties, 
enabling stable, adaptable and goal-directed movement. Quantitative models of impedance and 
stiffness therefore provide a principled framework for investigating motor control that extends beyond 
observational or purely kinematic measures. 

In Parkinson’s disease (PD), characteristic motor impairments such as rigidity and reduced movement 
adaptability are closely associated with abnormal regulation of impedance and stiffness. Modelling 
these properties offers objective means to characterise disease-related changes, compare healthy and 
pathological control strategies, and assess the effects of therapeutic interventions. This section 
highlights several relevant models for quantifying mechanical impedance and stiffness in both healthy 
individuals and in Parkinson’s disease. 

 

2.6.2. Second-Order Impedance Model 

Modelling mechanical impedance provides a principled way to interpret wrist behaviour under load and 
to separate the passive and active neuromechanical contributions to movement [3], [29], [34]. Although 
stiffness can be estimated with simple static ratios, a full description of wrist impedance requires 
capturing the dynamic relationship between torque and motion across time. This section expands the 
mathematical formulation of impedance. 

The simplest and most widely used representation treats the joint as a linear, second-order rotational 
system: 

 

 𝐹(𝑡) = 𝑀𝑥̈(𝑡) + 𝐵𝑥̇(𝑡) + 𝐾𝑥(𝑡)  (2.1) 

 
 

where 
• 𝐹(𝑡)is the applied torque (Nm), 
• 𝑥(𝑡)is the angular displacement (rad), 

• 𝑥̇(𝑡)and 𝑥̈(𝑡)are angular velocity and acceleration, respectively, 
• 𝑀is rotational inertia (kg m2), 
• 𝐵is damping (Nm s rad-1), 

• 𝐾is stiffness (Nm rad-1). 

This model treats the wrist as a rotational analogue of a mass-spring-damper system. It is usually 
linearised around a given posture to provide a local approximation of impedance. 

In the frequency domain, taking the Laplace transform gives: 

 

 𝐹(𝑠) = (𝑀𝑠2 + 𝐵𝑠 + 𝐾)𝑋(𝑠)  (2.2) 
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The mechanical impedance 𝑍(𝑠)is then defined as the ratio of torque to angular velocity: 

 

 𝑍(𝑠) =
𝐹(𝑠)

𝑋̇(𝑠)
= 𝑀𝑠 + 𝐵 +

𝐾

𝑠
 (2.3) 

 

This decomposition clarifies how inertia, damping and stiffness contribute to mechanical impedance 
across frequencies. At high frequencies, impedance is dominated by inertial effects; at intermediate 
frequencies, damping is the principal contributor; and at low frequencies, stiffness predominates. 
Healthy individuals typically increase stiffness and damping when stabilising against unpredictable 
perturbations. In contrast, individuals with Parkinson’s disease often exhibit elevated low-frequency 
impedance even during passive or voluntary movement, reflecting impaired modulation of active 
stiffness. 

 

2.6.3. Parameter Identification 

To estimate (M), (B), and (K), torque and high-precision kinematic data must be collected under 
controlled mechanical perturbations. Servomotor-driven manipulanda are commonly used to apply step, 
ramp-and-hold, broadband (chirp), PRBS, or stochastic torque inputs, thereby exciting the limb over a 
range of amplitudes and frequencies. Linear regression, least-squares fitting, or frequency-domain 
techniques such as coherence analysis can then be employed to identify impedance parameters. 

In the time domain, mechanical impedance is typically modelled as a linear second-order relationship 
between joint torque and kinematics: 

 

 

where 𝑥(𝑡) , 𝑥̇(𝑡) , and 𝑥̈(𝑡) denote joint position, velocity, and acceleration. This expression can be 
rewritten in regression form, 

 

 𝐹(𝑡) = 𝑋(𝑡)𝜃, 𝑋 = [𝑥¨(𝑡)  𝑥˙(𝑡)  𝑥(𝑡)], 𝜃 = [𝑀  𝐵  𝐾]𝑇 (2.5) 

 

so that the parameter vector is recovered using ordinary least squares: 

 

 𝜃 = (𝑋𝑇𝑋)−1𝑋𝑇𝐹  (2.6) 

 

Mean-centring of kinematic and torque signals is commonly applied to define a local equilibrium point 
and isolate small-signal impedance about that operating state. Once estimated, the resulting 
parameters describe how inertia, damping, and stiffness shape impedance across frequencies: inertia 
dominates at high frequencies, damping at intermediate frequencies, and stiffness at low frequencies. 
In healthy individuals, estimated stiffness and damping increase systematically with antagonist co-
contraction or environmental instability. In Parkinson’s disease, both (K) and (B) are frequently elevated 
while (M) remains largely unchanged, consistent with impaired modulation of active stiffness rather 
than altered limb inertia. 

 𝜏(𝑡) = 𝑀𝑥¨(𝑡) + 𝐵𝑥˙(𝑡) + 𝐾𝑥(𝑡) (2.4) 
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2.6.4. Nonlinear Impedance Models 

Although linear impedance models are widely used for identification and comparison, human joints 
exhibit clear nonlinear behaviour. Joint stiffness commonly increases with displacement, often referred 
to as quasi-stiffness, viscous effects may depend on movement velocity, and muscle activation 
introduces state-dependent modulation that cannot be fully represented by constant parameters. These 
nonlinearities become particularly evident at larger excursions or near the limits of the joint range of 
motion. 

A simple and commonly adopted nonlinear extension introduces position-dependent stiffness, 
expressed as: 

 

 𝐾(𝑥) = 𝐾0 + 𝐾1𝑥 + 𝐾2𝑥2  (2.6) 

 

so that: 

 

 𝐹(𝑡) = 𝑀𝑥̈(𝑡) + 𝐵𝑥̇(𝑡) + (𝐾0 + 𝐾1𝑥(𝑡) + 𝐾2𝑥2(𝑡))𝑥(𝑡)  (2.7) 

 

This formulation allows stiffness to increase progressively with displacement, capturing the well-
documented rise in resistance as the wrist approaches extreme postures. Such nonlinear models better 
reflect the physiological contributions of muscle length–tension properties and passive connective 
tissues. In Parkinson’s disease, rigidity often appears exaggerated across the entire movement range 
rather than being confined to small perturbations around a neutral posture. As a result, nonlinear 
impedance formulations can provide a more accurate description of pathological stiffness and its 
abnormal modulation than linear models alone. 

 

2.6.5. EMG-Driven Models 

Mechanical impedance can also be modelled by explicitly linking joint stiffness to muscle activation. In 
such approaches, stiffness is expressed as the sum of a passive component and activation-dependent 
terms derived from electromyographic activity of antagonist muscles: 

 

 𝐾(𝑡) = 𝐾passive + 𝛼 ⋅ EMG𝐹(𝑡) + 𝛽 ⋅ EMG𝐸(𝑡)  (2.9) 

 

where EMG𝐹 and EMG𝐸 denote filtered flexor and extensor EMG signals, and 𝛼 and 𝛽 quantify their 
respective contributions to stiffness. This formulation provides a direct physiological link between neural 
drive and mechanical impedance and naturally accounts for increases in stiffness arising from co-
contraction. 

More detailed muscle-based models extend this framework by incorporating force-length and force-
velocity relationships: 

 

 𝐹𝑚(𝑡) = 𝑎(𝑡)𝑓𝑙(𝑥)𝑓𝑣(𝑥̇) + 𝑓passive(𝑥)  (2.10) 
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where muscle activation 𝑎(𝑡) is obtained from processed EMG signals. These models capture how 
changes in muscle length, contraction velocity, and activation jointly shape force production and, in 
turn, joint impedance. Such formulations are particularly informative in Parkinson’s disease, where 
elevated baseline activation, abnormal shortening reactions, and impaired reciprocal inhibition distort 
the normal relationship between EMG and mechanical impedance, leading to persistently increased 
and poorly modulated joint stiffness. 

 

2.6.6. Mechanical Stiffness 

Stiffness is the relationship between force applied and resultant displacement. When assessing joint 
mobilisation this relationship is best expression in terms of torsional stiffness: 

 

 𝐾 =  
𝑀

ϴ
 (2.11) 

 

where stiffness 𝐾(N·m/rad) is defined as the ratio of the applied joint moment 𝑀(N·m) to the angular 
displacement 𝜃 (rad). This formulation provides a direct mechanical interpretation of resistance to 
rotation and is well suited to the assessment of joint behaviour under controlled perturbations. 

In individuals with Parkinson’s disease, rigidity can be quantified objectively in terms of increased joint 
stiffness. Although clinicians commonly assess rigidity using ordinal clinical rating scales, such 
measures are subjective and lack sensitivity to subtle changes. Quantitative assessment of stiffness is 
therefore increasingly employed, using technologies such as servomotor-based systems [8], [14], [222], 
dynamometry [251], and vision-based motion analysis [252]. These approaches allow stiffness to be 
measured directly and reproducibly, supporting more precise characterisation of rigidity and its 
modulation across tasks and disease states. 

 

2.6.7. Co-contraction Indices 

Electromyographic (EMG) data can also be used to estimate stiffness by computing the degree of 
coactivation between antagonist muscles, presented as a co-contraction index (CCI) at each timestep. 
There are two commonly used formulas to compute CCI in EMG data: 

 

 𝐶𝐶𝐼1(𝑡) =  
2 ∗ 𝐸𝑀𝐺𝐿(𝑡)

𝐸𝑀𝐺𝐿(𝑡) + 𝐸𝑀𝐺𝐻(𝑡)
[220] (2.12) 

   

 𝐶𝐶𝐼2 (𝑡) =
𝐸𝑀𝐺𝐿(𝑡)

𝐸𝑀𝐺𝐻(𝑡)
(𝐸𝑀𝐺𝐿(𝑡) + 𝐸𝑀𝐺𝐻(𝑡))[253] (2.13) 

 

Where 𝐸𝑀𝐺𝐿(𝑡) is the less active muscle at timepoint (t) and 𝐸𝑀𝐺𝐻(𝑡) is the muscle with higher EMG 
activation at the same time point. CCI1 computes the activity of the less active muscle as a ratio of the 
more active muscle returning a value between 0 and 1. CCI2 scales the total activity to the ratio of 
activity between the two muscles, resulting in a value between 0 and 2 ∗ 𝐸𝑀𝐺𝐿(𝑡). With the knowledge 
that 𝐸𝑀𝐺𝐿(𝑡) ≤  𝐸𝑀𝐺𝐻(𝑡), it is possible to reformulate CCI2 to have a response range of 0-1, both for 
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drawing comparison between the two formulations and for clarity when interpreting CCI2. Multiplication 
of the terms results in: 

 

 𝐶𝐶𝐼2 (𝑡) =
𝐸𝑀𝐺𝐿(𝑡)2

𝐸𝑀𝐺𝐻(𝑡)
+  𝐸𝑀𝐺𝐿(𝑡) (2.14) 

 

When 𝐸𝑀𝐺𝐿(𝑡) =  𝐸𝑀𝐺𝐻(𝑡), 𝐶𝐶𝐼2 (𝑡) = 2 ∗ 𝐸𝑀𝐺𝐻(𝑡). As such, to ensure a response in the range of 0-
1, there previous formulation can be divided by 2 ∗ 𝐸𝑀𝐺𝐻(𝑡), resulting in: 

 

 𝐶𝐶𝐼2 (𝑡) =  
𝐸𝑀𝐺𝐿(𝑡)2 + (𝐸𝑀𝐺𝐿(𝑡) ∗ 𝐸𝑀𝐺𝐻(𝑡))

2 ∗ 𝐸𝑀𝐺𝐻(𝑡)2
 (2.15) 

 

The response curves of CCI1 and CCI2 illustrates their divergence (Figure 2.6). While both now return 
values between 0-1, the inversion of the parabola results in a stronger response at lower values for 
CCI1 while the response of CCI2 is less sensitive at the lower range. Contrasting these two formulations 
has been performed in previous studies, showing CCI1 to be correlated more closely to a measure of 
joint stiffness in post-stroke gait analysis [254]. However, it is unclear if this result is directly 
generalisable to other joints or clinical conditions. 

 

 

Figure 2.6. Response curves of each CCI formulation as EMGL grows as a percentage of EMGH 

 

2.6.8. Objective Rigidity Measurement 

Rigidity is a critical biomarker for diagnosing and monitoring the progression of PD [39], [255]. When 
compared with nonclinical populations, individuals with PD demonstrate elevated EMG activity both at 
rest [256] and during activity [257]. They also demonstrate significant delay in returning to baseline 
levels of activity after completing a movement, a feature absent in healthy individuals [256]. Individuals 
with PD have also shown an elevated shortening reaction during passive movement - a burst of EMG 
activity of the antagonist muscle during movement [258]. The presence of these features could be used 
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as the basis of diagnostic testing, subject to sufficient amplitude in the early or preclinical stages of 
disease progression.  

When assessing within PD populations, rigidity is the cardinal motor symptom with the poorest reliability 
when assessed using the UPDRS [259]. This has resulted in numerous attempts to develop an 
objective rigidity measurement. The primary divide in the approaches developed is whether they are 
designed to integrate with current clinical testing practices or serve as an alternative to them.  

Approaches that integrate with current clinical testing are designed operate alongside the assessments 
conducted by a clinician. These solutions utilise devices such as EMG [257], force sensors [251], 
inertial measurement units (IMU) [260] and even machine learning approaches applied to video 
recordings [252]. The advantage of such an approach is that it does not disrupt the established clinical 
protocol, and the quality of assessment is therefore directly comparable to the clinical scores provided. 
The disadvantage of these approaches is that the fundamental movements are still human-led so, 
although measured objectively, are subject to variability in the forces applied. The solution to this 
variability is to automate force application. This has been explored by studies deploying servomotor-
based wrist manipulandum [127], [233], [255], [261] to produce smooth, repeatable torque profiles. 
Other designs have taken similar approaches using devices that sit within the user’s palm [262] or as 
robotic glove [263]. These approaches have shown good coherence with clinical assessments but have 
failed to achieve widespread utilisation due to the requirement of specialised, often bulky equipment. 
However, they have been informative in understanding optimal strategies to detect rigidity in PD, 
showing that rigidity is most detectable in wrist movement speeds between 140-190°/s [224] and angles 
60° - 90° [264]. 

 

2.6.9. Summary 

In summary, mechanical impedance and stiffness models provide objective quantification of motor 
control in both healthy individuals and PD. Linear impedance formulations enable robust estimation of 
inertia, damping, and stiffness, while nonlinear and EMG-informed models capture physiological 
features such as displacement-dependent stiffness and abnormal muscle activation patterns. Direct 
stiffness estimation, combined with measures of muscular co-contraction, links endpoint impedance to 
underlying peripheral motor mechanisms, which can be integrated with neural indices such as beta-
band power to enable a robust, multilayered analysis of the sensorimotor dynamics underlying 
impedance control. This framework underpins the experimental approach of this thesis, in which a 
robotic manipulandum is used to selectively challenge impedance regulation under controlled 
conditions, allowing temporally precise, objectively quantified, and context-specific assessment of the 
mechanisms governing stability–movement transitions. The insights gained through this experimental 
and analytical approach may also be leveraged to help inform the development of improved objective 
assessments of rigidity in Parkinson’s disease. 
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2.7. Gaps in Knowledge 

Transitions between stabilisation and voluntary movement are ubiquitous in natural behaviour, 
requiring the nervous system to rapidly reconfigure control strategies as it shifts from postural 
stabilisation to permitting movement. Despite their prevalence, existing work has largely focused on 
impedance responses either during sustained stabilisation or during movement execution in isolation, 
leaving the transitional period between these control states unexplored. In particular, little is known 
about how impedance is downregulated following externally imposed stability demands, or how short-
term persistence of elevated impedance influences subsequent voluntary movement. It is the 
exploration of this uninvestigated aspect of motor control that underpins the present research. While 
the stability–movement transition is central to this thesis, related gaps in knowledge that operate 
alongside this primary gap are also addressed. 

In healthy populations, impedance is typically treated as an instantaneous mechanical property rather 
than as a persistent control state that may persist across contexts. Consequently, insight into sustained 
or maladaptive impedance regulation has largely been inferred from pathological conditions, most 
notably Parkinson’s disease (PD). While this clinical insight is valuable, PD rigidity provides only an 
indirect window onto healthy impedance control, inferred through its impairment. To better understand  
impedance control, it is therefore necessary to test these mechanisms directly in non-clinical 
populations. Exploration of context-specific and temporal aspects of impedance control represents an 
additional knowledge gap addressed by this thesis. Through a combination of multistage experimental 
trials and repeated-measures designs, this work examines impedance longitudinally in a manner 
largely absent from the current literature. This facilitates investigation of how impedance evolves across 
motor contexts and as a function of adaptation and learning, positioning impedance control in healthy 
motor behaviour as a dynamic phenomenon. This, in turn, provides a foundation for more targeted 
comparisons between healthy and clinically impaired impedance control. 

While current approaches capture the mechanical expression of impedance, they provide limited 
insight into the neural processes governing how impedance is maintained, released, or reshaped 
across successive actions. As a result, it remains unclear how the nervous system negotiates the 
transition from a stabilised, high-impedance control state to a movement-permissive configuration, or 
whether residual impedance modulates the planning and execution of subsequent movement. This gap 
is particularly salient in clinical populations such as Parkinson’s disease, where impaired neural 
regulation may lead to pathological persistence of stabilisation-related control, contributing to rigidity 
and difficulty initiating movement. 

Together, these limitations represent both methodological and conceptual gaps in the literature. 
Although servomotor manipulanda provide the experimental control necessary to quantify impedance 
across control states, they have rarely been used to examine the temporal dynamics of impedance 
regulation specifically at stability–movement transitions or to link mechanical changes with underlying 
neural dynamics. Addressing these gaps is essential for integrating detailed impedance models with 
the flexible, context-dependent control observed in natural behaviour, and for improving understanding 
of how impaired impedance regulation contributes to disrupted transitions between stability and 
movement in clinical populations. 
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2.8. Literature Review Summary 

This literature review synthesised research on impedance control to situate the present work within 
current understanding of both healthy impedance regulation and pathological rigidity. By outlining 
relevant neuroanatomical systems and sensorimotor dynamics, it provides a framework for interpreting 
the experimental results of this thesis in terms of both neural and mechanical function. 

The review also highlights critical gaps in knowledge relating to healthy impedance control, particularly 
its temporal evolution, its transition across motor contexts, and the limited identification of clear neural 
correlates. Particular attention is given to beta-band sensorimotor oscillations and their role in motor 
planning, learning, and adaptation, as well as their alteration in PD. Post-movement beta rebound 
(PMBR) and corticomuscular coherence (CMC) are identified as key neural signatures of motor state 
change, guiding the investigations presented in this thesis. The review further summarises how 
servomotor manipulanda have been used to probe wrist impedance dynamics and outlines key 
mathematical models for objectively quantifying impedance, stiffness, and muscular co-contraction. 

In closing, this review establishes both the conceptual and methodological foundation for the 
experimental work that follows, motivating the focus on stability–movement transitions and the 
combined mechanical and neural characterisation of impedance regulation. 
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III. Robotic Development 

3.1. Introduction  

The central investigation of the present work was to explore the sensorimotor dynamics of stability–
movement transitions. To effectively explore these dynamics, a comprehensive robotic system that 
could effectively and precisely challenge the motor system to elevate impedance, visually cue the 
participant to appropriate action and integrate multiple high-precision data sources was required. No 
system that met these requirements was available at project onset. As such, a technical architecture 
capable of delivering the envisioned experimental paradigm needed to be developed.  

The scope of required movement was constrained to flexion/extension (FE) of the wrist, defining the 
single degree of freedom that a robotic manipulandum was required to function in. To be effective, the 
manipulandum would need to be interacted with through a handle and comfortably support the 
participant’s arm throughout the experiment. Making the device portable was also a central requirement 
as this would dramatically increase participant recruitment opportunities, especially when working with 
clinical populations. 

In terms of function, the robot was required to provide real-time positional and force data while 
synchronising with EEG and EMG data streams. This necessitated extremely high precision as 
desynchronisation in a scale of tens of milliseconds could cause catastrophic failure of the analysis. 
This integration, particularly in real-time, was non-trivial and required extensive development to ensure 
the necessary precision.  

Beyond passively recording, the system also needed to be able to effectively run the experiment. To 
do so, the system needed to provide responsive visual feedback in the context of the motor task, have 
the capability of providing scheduled perturbation of the handle at specific levels of torque and perform 
the meta-level operations of the experiment such as transitioning between tasks, performing 
calibrations and timestamping significant events (Figure 3.1).  

 

 

Figure 3.1. A simple visualisation of  the experimental setup, highlighting the critical technical components that 
the participant would interact with.  

 

These high-level requirements defined the scope of functionality necessary for an effective robotic 
solution but provided minimal definitive design specifications. To initiate the mechanical design process, 
consultation was sought with the Human Robotics Group at Imperial College London due to their 
expertise in haptic feedback experimentation. It was decided to develop a portable version of their non-
portable Hi5 haptic feedback device [240] as this design provided much of the motor functionality 

EMG 

EEG 

Robot 
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required. However, this was not a prepackaged solution. Not only did the design need to be made 
portable, but the more advanced functionality such as EEG integration and experimental management 
also needed to be developed.  

With an outline of the design and an initial mechanical component list, development of the robotic 
system began. This was an iterative process involving recurrent design and testing phases. Throughout 
the process, the design of the robot evolved in conjunction with the software architecture and secondary 
devices utilised to provide necessary functionality. The guiding philosophy throughout the development 
process was to reduce the barriers to rapid system deployment, enhance portability and ease of use, 
while ensuring the system remained physically robust and produced high quality, precisely 
synchronised recordings.    
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3.2. System Requirements 

When developing the portable Hi5 manipulandum, it became essential to formalise the full set of system 
requirements that would guide both the mechanical design and the broader software and integration 
architecture. Given the complexity of the intended application - which demanded precise 
neuromechanical interaction, reliable synchronisation with EEG and EMG systems, and seamless 
experimental control - a structured requirements specification was necessary to ensure that every 
critical element of the system was identified, justified, and verifiable. 

The requirements table presented below consolidates these needs into a comprehensive framework 
covering functional, mechanical, data-synchronisation, software, integration, safety, usability, and 
development constraints (Table 3.1). Each requirement reflects either a direct operational necessity 
(such as the ability to deliver controlled torque perturbations), a constraint imposed by the experimental 
methodology (such as sub-20 ms timing alignment between data streams), or a practical consideration 
relating to portability, robustness, or ease of deployment. This requirements list guided the design and 
development process while providing a clear specification against which the performance of the system 
architecture could be evaluated.  

 

Table 3.1. The system requirements table used to guide development of the portable Hi5 manipulandum. 

Req. ID Category Requirement Description / Notes Priority 

FR-01 Functional 
Neuromotor challenge 

capability 

System must apply controlled 
torque perturbations to elevate 

wrist stiffness. 
High 

FR-02 Functional Real-time motion recording 
Must capture wrist FE position, 
velocity, and force in real time. 

High 

FR-03 Functional Visual feedback 
Must deliver responsive visual 
cues synchronised to motor 

activity. 
High 

FR-04 Functional 
Experimental workflow 

automation 

Must manage tasks, transitions, 
calibrations, and event 

timestamping. 
High 

FR-05 Functional Perturbation scheduling 
Must apply programmable 

perturbations with user-defined 
parameters. 

Medium 

MR-01 Mechanical 
Movement degree of 

freedom 

Must permit wrist 
flexion/extension as the primary 

DOF. 
High 

MR-02 Mechanical Ergonomic handle 
Must include a comfortable 

handle for wrist FE interaction. 
Medium 

MR-03 Mechanical Arm support 
Must provide stable and 

adjustable forearm support. 
Medium 

MR-04 Mechanical Portability 
System must be portable for 

clinical deployment. 
High 

MR-05 Mechanical Structural robustness 
Must withstand repeated 

perturbations and maintain 
alignment. 

High 

DS-01 Data/Synch 
High-precision 
synchronisation 

Robot, EEG, and EMG must 
synchronise with < 20 ms drift. 

High 

DS-02 Data/Synch Unified timestamping 
All significant events must be 
timestamped across systems. 

High 

DS-03 Data/Synch High-resolution sensing 
Sensors must provide high-

accuracy FE and force 
measurements. 

High 

SW-01 Software Real-time control loop 
Closed-loop motor control with 

low-latency response. 
High 
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SW-02 Software Data streaming 
Continuous, high-speed 

streaming of motion/force data. 
High 

SW-03 Software Visual cue system 
Must display low-latency task 

feedback (target, cursor, cues). 
Medium 

SW-04 Software Experiment control UI 
User interface for task control, 

calibrations, start/stop functions. 
Medium 

IN-01 Integration 
EEG/EMG trigger 

compatibility 
Must integrate digital triggers for 

event alignment. 
High 

IN-02 Integration Protocol compatibility 
Must support standard 

communication protocols 
(TCP/UDP/serial). 

Medium 

SF-01 Safety Mechanical limits 
Range-of-motion and torque 
limits to protect participants. 

High 

SF-02 Safety Emergency stop 
Accessible to both operator and 

participant. 
High 

US-01 Usability Quick setup 
Calibration and setup must be 

rapid (< 10 minutes if possible). 
Medium 

US-02 Usability Minimal training 
Operators should require 

minimal training to run 
experiments. 

Medium 

DEV-01 Constraint Iterative development 
System must support rapid 

prototyping cycles. 
Medium 

DEV-02 Constraint 
Prioritise portability and 

data quality 

Design choices should favour 
portability and synchronisation 

accuracy. 
High 
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3.3. Hi5 Configuration 

This section provides an overview of the major design decisions underpinning the development of the 
initial robotic architecture and outlines how these decisions addressed the functional, mechanical and 
synchronisation requirements defined. This first-generation portable Hi5 system was developed within 
the scope of the present work and was used to collect preliminary data and run an initial test cohort. 

The robotic interface was built around three key components: a Maxon RE-65 250 W DC motor, a 
HEDR-55L2-BY09 optical encoder, and a TRT-50 torque sensor. These components delivered the 
essential capability to record high-resolution wrist position and interaction forces (FR-02; DS-03) while 
also enabling controlled torque perturbations during the task (FR-01). All components were integrated 
into a custom acetal housing mounted on a central aluminium plate, providing the structural robustness 
required for repeated perturbation trials (MR-05). 

A major constraint on the mechanical design emerged from the physical dimensions of the RE-65 motor. 
Its height (>130 mm) prevented conventional horizontal mounting on a tabletop, leading to a suspended 
configuration in which the motor housing extended over the table edge. To maintain correct alignment 
between the hand and the primary flexion–extension axis of the wrist (MR-01; MR-02), this 
arrangement required the addition of a 2:1 pulley-based transmission system linking the motor shaft to 
the handle. This transmission enabled the delivery of the torque profiles required by the experiment 
(FR-01) while preserving overall system portability (MR-04). The overall formfactor was developed to 
support this suspended-mount architecture, which significantly influenced the mechanical footprint of 
the design (Figure 3.2). 

 

 

Figure 3.2. An early CAD assembly of the Hi5. The vertical green component is the motor housing. The robot sat 
on a table contacting the aluminium plate (dark blue), the motor housing hangs from the table’s edge. 

 

Experimental control, task visualisation, and data acquisition were handled through custom C++ 
software built using the Qt 5.10 framework and communicating with the EPOS2 motor controller via its 
native C API. This software infrastructure enabled centralised management of task execution (FR-04; 
SW-04), visual feedback (FR-03; SW-03), and high-throughput data capture (SW-02). The 
experimental sessions were defined using prefabricated JSON and CSV files that specified torque 
profiles, target locations, and event markers, ensuring consistency across participants and supporting 
rapid setup (US-01; US-02). 

Integration of robotic data with EEG and EMG recordings required the system to support precise 
multimodal synchronisation. EEG and EMG data were collected at 300 Hz using a DSI-24 dry-electrode 
system with auxiliary EMG sensors, while torque and accelerometery were sampled at 512 Hz through 
a TMSi Porti amplifier. Both physiological streams were integrated with the robot via 
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LabStreamingLayer (LSL), meeting the requirement for standardised, compatible communication 
protocols (IN-02) and high-precision synchronisation across devices (IN-01; DS-01). Custom interfaces 
(dsi2lsl for the DSI system and OpenVibe for the TMSi amplifier) ensured seamless data flow into the 
main control software. Meanwhile, encoder position data were transmitted directly from the motor 
controller to maintain the low-latency kinematic reporting required for both visual feedback and motor 
control (SW-01; DS-03; FR-03). 

To meet the stringent synchronisation requirement of maintaining <20 ms drift across all recorded data 
(DS-01), the software architecture was implemented using lockless programming principles. Each 
incoming data stream was assigned to its own dedicated thread, accessed exclusively via atomic 
operations, and timestamp-corrected using LSL’s clock-synchronisation algorithms. This architecture 
consistently produced timing errors well below the required threshold and supported reliable motor 
recruitment within 0.1 Nm of the target torque on >99% of trials, fulfilling the needs of real-time, closed-
loop motor control (SW-01; FR-01) and precise kinematic measurement (FR-02). However, while 
effective, the architecture deployed required the integration of multiple hardware devices and several 
software packages (Figure 3.3), providing numerous potential points of failure and increasing the 
overall complexity of system maintenance and troubleshooting. 

 

 
Figure 3.3. Control architecture and informational flow of the system built around the portable Hi5. 

 

Despite overall strong system performance, several limitations emerged in practice. The suspended 
motor configuration caused occasional displacement of the device during higher-torque interactions. 
Although the system was secured using spring-loaded toggle clamps (Figure 3.4), the asymmetric 
weight distribution made it difficult to prevent small shifts during use. These movements, while usually 
minor, had the potential to introduce noise into the recorded data (DS-03) and could disrupt participant 
comfort (SF-01). 
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Figure 3.4. The spring-loaded toggle clamps used to secure the Hi5. While moderately effective, the overbalancing 
cause by the suspended motor was difficult to fully compensate for. 

 

A more substantial limitation arose from the belt-based transmission. The need to manually tension the 
polyurethane belt using an adjustable tensioner introduced minor asymmetries in torque and positional 
measurements, particularly if the belt required re-tensioning between participants (Figure 3.5). 
Although presumed small, these effects could not be precisely quantified and represented a potential 
source of measurement variability (DS-03; FR-02). More critically, belt slippage occasionally occurred 
during use. In extreme cases, slippage caused the physical handle position to become misaligned with 
the displayed cursor position, preventing participants from completing the task correctly. This error 
affected three of fourteen participants in the test cohort, resulting in the exclusion of impacted trials and 
demonstrating a significant reliability constraint inconsistent with the required robustness of task 
execution (FR-03; FR-04; SF-01). 

 

 

Figure 3.5. The transmission system with polyurethane belt and tensioner pulley. Tension is achieved by turning 
the push screws, drawing the tensioner pulley across the belt. 

 

Overall, the initial portable Hi5 system successfully met the primary functional and synchronisation 
requirements of the project, demonstrating that high-precision control, multimodal integration, and 
automated experimentation could be achieved within a portable robotic platform (MR-04; FR-01-04; 
DS-01, Figure 3.6). However, the mechanical challenges introduced by the suspended motor design 
and belt transmission system combined with the overall system complexity highlighted critical areas for 
refinement in subsequent development, guiding improvements in mechanical stability, transmission 
reliability, and long-term usability (DEV-01; DEV-02). 
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Figure 3.6. Photograph of the Hi5 being tested. n.b. The EEG cap pictured is a fitted cap system designed to work 
with the TMSi Porti and is not the DSI-24 used in the final deployment. 
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3.4. HRX-1 Configuration 

This section details the configuration used when operating the HRX-1 portable haptics robot and 
outlines how its updated supporting architecture met the system requirements while addressing the 
limitations of the Hi5 configuration. The HRX-1 served as the primary experimental configuration 
throughout the present work and was acquired through a spinout company of the Human Robotics 
Group – HumanRobotix Ltd. The HRX-1 is an upgraded version of the experimental portable Hi5 device 
that was being developed as part of the present work. Throughout the development of the Hi5, the 
design and deployment challenges were reported back to the Human Robotics Group, providing 
feedback to assist in the design the HRX-1. The transition to this upgraded device aligned with the 
need for improved robustness and simplified operation identified in the requirements table (DEV-02; 
US-01; MR-05). 

The most substantial improvement introduced by the HRX-1 was the replacement of the bulky Maxon 
RE-65 250 W motor with the significantly more compact Maxon EC 90 Flat 600 W motor. The EC 90 
Flat, with a height of only 30 mm, could be mounted directly beneath the handle on a tabletop without 
elevating the user’s arm. This addressed several critical requirements. First, it eliminated the belt-based 
transmission system needed in the Hi5, resolving issues of belt tension variability, torque asymmetry, 
and occasional belt slippage that previously affected measurement consistency (DS-03; FR-02) and, 
in severe cases, disrupted task execution (FR-03; FR-04; SF-01). Second, the compact motor 
corrected the poor weight distribution of the Hi5, preventing the device from shifting during torque 
application and thereby improving mechanical stability (MR-05) and safety (SF-01). Finally, this more 
integrated mechanical layout greatly enhanced portability and simplified setup (MR-04; US-01), 
addressing a central design requirement for deployment in clinical environments. 

The HRX-1 also introduced improvements in system integration and software architecture. The EPOS2 
motor controller used in the Hi5 was replaced with the EPOS4, which could interface directly with the 
torque sensor. This removed the need for the external TMSi Porti amplifier, thereby reducing the 
number of hardware components required to operate the system and eliminating a known point of 
potential failure - changes directly aligned with the requirements for a more streamlined integration 
architecture (IN-02; DEV-02) and improved portability (MR-04). Because the Porti was no longer 
required, EEG acquisition could be streamlined by operating the DSI-24 system independently and 
synchronising it with the robot through a hardware trigger box. Although this optical trigger was binary 
and required event classification to be reconstructed during offline processing, it provided reliable 
alignment within approximately 3.3 ms, comfortably satisfying the system’s synchronisation 
requirements (DS-01; DS-02) while significantly simplifying the data architecture (IN-01; SW-02). 

The transition to the HRX-1 was accompanied by a substantial reconfiguration of the software 
environment (Figure 3.7). Whereas the Hi5 relied on a custom C++/Qt codebase, the HRX-1 was 
driven through MATLAB. This shift reduced the complexity of maintenance and made the system far 
more accessible to researchers without extensive C++ experience, directly addressing usability and 
maintainability requirements (US-02; DEV-02). MATLAB’s native handling of data structures allowed 
experimental recordings to be saved directly into efficient object formats, avoiding the file-writing 
overhead associated with large CSV or text files and therefore supporting smoother experimental 
operation (SW-02). Integration with the Psychtoolbox software package introduced an additional 
benefit: task visualisation could now be synchronised precisely with the screen refresh cycle, ensuring 
tightly coupled alignment between robot commands and visual cues (FR-03; SW-03; DS-02) and 
reducing the code required to implement this functionality (DEV-02). 
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Figure 3.7. Control architecture and informational flow of the experimental system built around the HRX-1. 

 

Despite these substantial advances, several limitations accompanied the HRX-1. Most notably, the 
updated system did not include a dedicated accelerometer. Although velocity and acceleration could 
be estimated from positional data, this introduced the risk of noise amplification and removed a useful 
redundancy present in the Hi5, affecting the precision of certain kinematic measurements (DS-03). A 
more consequential limitation arose from the use of mex files in the MATLAB EPOS4 API: because 
mex files cannot be safely multithreaded, the multistream, lockless architecture previously implemented 
in C++ was no longer possible. As a result, robot polling, control updates, and visual stimulus 
presentation had to occur within the same loop, constraining the sampling rate to 60 Hz to remain 
aligned with the monitor refresh rate. Although still sufficient for the planned experiments, this 
represented a substantial reduction from the 512 Hz sampling rate achieved with the Hi5 (SW-01; DS-
03) and therefore constituted the principal performance trade-off introduced by the new system. 

Overall, the transition from the Hi5 to the HRX-1 resolved the most significant mechanical and 
integration-related limitations of the original system, namely those concerning stability, torque 
transmission, portability, and architectural complexity, while better fulfilling a wide range of system 
requirements (MR-04; MR-05; FR-01–04; IN-01–02; DS-01–02; US-01). At the same time, the adoption 
of MATLAB introduced new constraints related to sampling rate and the absence of dedicated 
accelerometery (Table 3.2). Nonetheless, the HRX-1 configuration provided a more stable, reliable, 
and practical platform for large-scale data collection and better aligned with the core functional and 
operational requirements of the present work.  

 

Table 3.2. Comparison of the Hi5 and HRX-1 system architectures. 

Feature / Requirement Area Hi5 (Initial System) HRX-1 (Updated System) 

Motor Maxon RE-65, 250 W; tall, required 
suspended mounting 

Maxon EC 90 Flat, 600 W; compact 
30 mm height; tabletop mounting 

Transmission Belt and pulley system; tension-
dependent; occasional slippage 
(DS-03) 

Direct drive; no belt; eliminates 
slippage and asymmetry (FR-02) 

Mechanical Stability Susceptible to shifting due to 
overhanging motor (MR-05) 

Stable footprint with improved 
weight distribution (SF-01) 
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Torque Sensor Integration Required external TMSi Porti (IN-
02) 

Direct EPOS4 integration; Porti 
removed (IN-02; MR-04) 

Controller EPOS2 in external control box EPOS4 embedded in robot; 
enhanced portability (MR-04) 

EEG/EMG Synchronisation LSL-based multisource setup (DS-
01) 

Hardware trigger; ~3.3 ms 
alignment; simpler (DS-01; IN-01) 

Software Environment Custom multithreaded C++/Qt (SW-
01) 

MATLAB with Psychtoolbox; simpler 
and more accessible (US-02) 

Data Storage CSV/TXT; higher overhead (SW-
02) 

MATLAB objects; low overhead 
(SW-02) 

Sampling Rate Up to 512 Hz (DS-03) 60 Hz loop-bound operation (SW-
01; DS-03) 

Accelerometer Dedicated 3-axis sensor (DS-03) Removed; derived acceleration only 

Primary Strengths High temporal resolution; flexible 
architecture 

Mechanical robustness; stability; 
simplified integration 

Primary Limitations Instability; belt slippage; complex 
architecture 

Lower sampling rate; no dedicated 
accelerometer 

 

 

3.5. Summary 

The development of the portable Hi5 system and its subsequent replacement with the HRX-1 
represented an iterative, requirement-driven refinement of the experimental platform necessary to 
support robust data collection (Aim 5). The Hi5 served as a critical proof of concept, demonstrating 
that precise torque perturbations, high-resolution kinematic sensing, and sub-10 ms multimodal 
synchronisation were achievable within a portable robotic system. However, its deployment revealed 
several limitations. Mechanical issues arising from the large RE-65 motor, suspended mounting 
geometry, and belt transmission introduced instability, torque inconsistencies, and occasional failures 
that compromised measurement fidelity and operational reliability. 

The HRX-1 addressed these shortcomings through targeted design improvements. Adoption of the 
compact EC 90 Flat motor eliminated the transmission system, corrected weight distribution, and 
substantially improved mechanical stability and safety. Integrating the EPOS4 controller directly into 
the robot removed external hardware dependencies and simplified system architecture, reducing setup 
complexity and improving portability. In parallel, the transition to MATLAB and Psychtoolbox 
streamlined software maintenance and enhanced synchronisation between robotic control and visual 
feedback, aligning the platform more closely with the system requirements.  

Although these changes introduced new constraints, most notably a reduced sampling rate and the 
removal of the dedicated accelerometer, the HRX-1 provided a markedly more reliable and 
operationally robust platform for large-scale data collection. Overall, the transition from Hi5 to HRX-1 
reflects a clear empirical design trajectory in which observed limitations directly informed successive 
architectural decisions, resulting in a system capable of supporting the experimental aims of this thesis 
with high reliability and precision. 
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IV. Sensorimotor Modulation of the Stability–
Movement Transition in Healthy Motor Control 

4.1.  Introduction 

To examine how elevated limb impedance influences subsequent voluntary movement, an 
experimental paradigm was required that reliably induced sustained impedance prior to movement 
initiation. Previous work indicates that increases in mechanical impedance via muscle co-contraction 
are primarily recruited to counteract instability in the motor environment [81]. Accordingly, participants 
were challenged to maintain postural stability under externally imposed mechanical disturbances. 

A one-degree-of-freedom robotic manipulandum constrained motion to the wrist flexion–extension 
plane. Participants were first required to stabilise the handle at a neutral position while destabilising 
force perturbations were applied to elicit elevated impedance through muscle co-contraction. These 
stabilisation phases were followed by a cue to initiate voluntary flexion or extension, enabling 
assessment of how an impedance-dominated motor state influenced subsequent movement execution. 

Although predictably timed perturbations have been reported to be insufficient to induce sustained 
increases in impedance [82], [83], the present study systematically manipulated perturbation amplitude 
and temporal predictability to directly test this assumption. This design enabled identification of which 
features of mechanical instability most effectively modulate tonic impedance, how these dynamics 
shape subsequent voluntary movement, and how both evolve across repeated task blocks. 

Beyond peripheral motor control, the task was designed to evaluate the role of beta-band (13–30 Hz) 
sensorimotor dynamics in resolving impedance-related trade-offs. While beta-band activity is well 
characterised in relation to maintenance of the current motor set and its suppression during movement 
initiation, its role in mediating conflicts between stability-oriented and movement-oriented motor goals 
has not been directly tested. The present work therefore tested the hypothesis that elevated beta-band 
oscillations encode maintenance of the current motor state as a proxy for stability [150], by imposing 
competing demands between postural stabilisation and movement initiation. The stabilisation-
movement transition implemented here provides a novel and direct framework for interrogating these 
dynamics as participants must remain prepared to resist perturbations while simultaneously preparing 
to initiate voluntary movement. 

In summary, this experimental framework was designed to probe how the sensorimotor system 
negotiates the transition between stability and movement under conditions of heightened impedance. 
By systematically manipulating mechanical instability and examining its effects on both 
neuromechanical control and sensorimotor beta-band dynamics, the present work provides a unified 
approach to studying how the nervous system balances competing demands for stability and flexibility. 
This paradigm therefore offers a principled means of linking impedance regulation, voluntary motor 
execution, and beta-band activity within a single task, enabling direct tests of how stability-oriented 
control strategies shape subsequent movement behaviour and underlying neural dynamics. More 
broadly, this work establishes a mechanistic framework for interpreting Parkinsonian motor 
impairments in terms of maladaptive stability–movement trade-offs, while also providing potential 
design principles for neurorobotic systems and rehabilitation strategies aimed at restoring flexible, 
context-appropriate impedance regulation during voluntary movement. 
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4.2. Methods 

4.2.1. Apparatus 

All data presented within this section was collected utilising the HRX-1 configuration. 

Participants engaged with the device through a rubber-coated bicycle-style handle grip while the device 
supported their arm from wrist to elbow (Figure 4.1). Participants were secured through Velcro straps 
at the wrist and forearm to limit compensatory movement from the elbow during assessment. 
Participants were orientated facing a computer monitor and their chair height adjusted to ensure 
comfortable position with a shoulder abduction of ~ 40° and shoulder flexion ~ 20°.  

EMG electrodes were placed on the muscle body of the flexor carpi ulnaris and extensor digitorum 
communis as antagonist muscles that make major contributions to wrist flexion and extension 
respectively [265]. EEG was fitted using an adjustable 24-electrode cap, aligned under the guidelines 
set by the manufacturer to conform to the International 10-20 system. 

 

 
 

Figure 4.1. The HRX-1 configuration in use during the main motor protocol. The handle is currently off-target 
resulting in a red target circle and visible position crosshair. 

 

After initial setup and orientation, task instructions were delivered on the computer monitor using simple 
visual cues and brief keyword prompts. The primary visual display used throughout the protocol 
consisted of two elements: a white crosshair indicating the handle’s current position, and a target circle 
(Figure 4.2). The target circle appeared in one of three fixed screen locations: left, right, or centre. The 
centre position corresponded to the midpoint of the handle’s arc at the neutral position, while the left 
and right positions were set to 50% of the participant’s maximum range of motion (ROM). Transitions 
between target locations were instantaneous, occurring within a single frame without animation. 

The target circle was shown as a red outline when the crosshair was not aligned with the target location, 
and it switched to a filled green circle when the participant reached the target, at which point the green 
fill obscured the crosshair. A trial was considered on-target when the angular difference between the 
target and handle positions was less than 3°. 
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4.2.2. Participants 

Healthy participants were recruited via college wide invitation. All participants were able to understand 
and complete the task without assistance, had no history of motor-impairment or significant injury to 
their dominant hand and had normal or normal-corrected vision. Each gave informed consent prior to 
participation. This study was approved by the Imperial College Research Ethics Committee (ICREC) 
and performed in accordance with the Declaration of Helsinki. 

Two initial cohorts of fourteen participants were collected, with each cohort assigned to a different 
experimental condition group. One cohort examined the influence of temporal predictability on 
impedance modulation, while the second cohort assessed the effects of perturbation amplitude. Details 
of these experimental conditions are provided in the Main Task Design section of this document. 
Following preliminary analyses, the temporal predictability cohort showed the strongest effects. To 
improve statistical power and the robustness of the findings, ten additional participants were recruited 
for this cohort. The results presented do not distinguish between the initial and subsequent recruitment; 
all analyses reflect the full participant set for each experimental condition. The demographic information 
of each cohort is presented in Table 4.1. 

 
Table 4.1. Demographic breakdown of both cohorts of healthy participants. 

Cohort Count Age - Mean (SD) Age - Median (IQR) Sex (M/F) Dominant Hand (R/L) 

Perturbation Amplitude 14 26.2(6.51) 24 (22.00 - 30.25) 8/6 11/3 

Temporal Predictability 24 25.7(5.51) 24 (22.00 - 29.00) 12/12 22/2 

 
 

4.2.3. Main Task Design 

The rationale behind the main task design was to create conflicting motor incentives between stability-
oriented demands and movement-oriented goals. This was achieved by first presenting participants 
with a postural stabilisation phase in which they were required to maintain posture while the robot 
delivered mechanical perturbations. Following this phase, they were cued without warning to initiate a 
voluntary reaching movement. 

To enable valid comparisons within and between cohorts, all aspects of task dynamics were kept 
consistent except for the specific experimental feature under investigation. Each task began with a 3 s 
grace period, followed by a 14.5 s stabilisation phase containing eight 0.5 s step perturbations. 
Perturbation directions were balanced, with four flexion-directed and four extension-directed 
perturbations in every trial. The onset of the first perturbation was aligned with the start of the 

Figure 4.2. A simple visualisation of the key components of the protocol. Movement of the device’s handle 
produced corresponding directional movement of the crosshair on the screen. 
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stabilisation window, and the final perturbation ended exactly at the window’s conclusion, ensuring 
consistent temporal structure across trials. During the stabilisation phase, the target circle remained in 
the central position. 

To introduce movement-oriented demands, participants were cued 2 s after the stabilisation phase to 
perform a voluntary flexion or extension movement. The cue was provided by shifting the target circle 
to the left or right screen position. Participants were given a 6 s window to complete the movement, 
which included a mandatory 1 s hold on the target. This hold phase ensured that participants genuinely 
reached and stabilised at the target rather than just passing the handle through it (Figure 4.3). 

 

 

 
Figure 4.3. Illustration of applied motor torque and target visual position during a trial. The yellow region indicates 
the 3 s grace period preceding each trial. The green/red region denotes the movement success window: green 
marks the 5 s interval in which successful movement completion can occur, while red indicates insufficient 
remaining time for stabilisation. If stabilisation is not achieved, the trial is deemed failed 6 s after the voluntary 
movement cue. 

 

The experimental conditions of temporal predictability and perturbation amplitude were examined 
within the described framework. During the postural stabilisation phase, perturbation dynamics were 
modified while all key structural features of the task were preserved. For the amplitude cohort, 
perturbations were delivered at uniform intervals, with each perturbation beginning 1.5 s after the end 
of the previous one. Within a given trial, the perturbation amplitude was constant and set to either a 
high-amplitude level (1 Nm) or a low-amplitude level (0.5 Nm). 

For the temporal predictability cohort, perturbation amplitude was fixed at 0.75 Nm, but the timing of 
perturbations was manipulated. In the predictable condition perturbations followed the same uniform 
1.5 s interval used in the amplitude cohort. In the uncertain condition the intervals between 
perturbations varied randomly between 0.5 s and 3 s. As before, the first perturbation coincided with 
the onset of the stabilisation window, and the final perturbation ended exactly at the window’s 
termination, ensuring consistent alignment with the overall task structure. An overview of the key 
perturbation dynamics is presented in Table 4.2. 

 

Table 4.2. Summary of the defining features of each cohort’s perturbation scheduling. 

Condition Amplitude (Nm) Count Timing 

Perturbation Amplitude 0.5 / 1.0 8 1.5 

Perturbation Predictability 0.75 8 1.5 / 0.5 - 3 

 
 

Participants were naive to their experimental cohort, the dynamics of the stabilisation phase and the 
direction of the upcoming movement cue. Successful performance under these competing demands 
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required the adoption of control strategies that were simultaneously robust to external disturbances 
and adaptable to unexpected changes in task requirements. 

Task blocks consisted of an initial 3 s visual countdown followed by sixteen trials. There was a 2 s gap 
between the completion of the preceding trial and onset of the subsequent trial. Within each block, the 
experimental condition remained consistent (i.e. all low-amplitude or all high-amplitude trials). However, 
the direction of the cued voluntary movement in each trial was pseudo-randomly assigned to ensure 
an equal number of voluntary flexion and extension movements (eight of each). Across trials within a 
block, perturbation directions were kept constant, but the perturbation direction was randomised 
between blocks. 

The rationale for this design choice was that maintaining consistent perturbation directions within a 
block allowed participants to establish stable control strategies specific to the current task dynamics, 
while randomising these directions between blocks prevented long-term adaptation to a single 
perturbation pattern. This approach ensured that measured impedance responses reflected the 
intended experimental manipulations rather than habituation to a fixed perturbation profile. 

 

4.2.4. Voluntary Movement Onset Detection and Trial Validation 

The timestamps associated with the cueing and termination of voluntary movements were readily 
identifiable in the recorded data through a combination of timed event markers and a Boolean flag 
indicating whether the participant was on-target. In contrast, movement onset was not explicitly defined 
and therefore had to be determined during post-processing. 

Movement onset was identified using a threshold-based algorithm applied to velocity signals. Baseline 
windows of 1 s preceding the visual cue were used to characterise baseline dynamics, as these periods 
were largely free from significant movement. Velocity amplitudes were computed as the absolute 
values of the respective signals. 

The mean and standard deviation of velocity during the baseline period were calculated, and a 
threshold of three standard deviations above the mean was used to detect movement onset. Velocity 
was required to exceed this threshold continuously for 50 ms in the correct direction, providing 
robustness against transient fluctuations and minor corrective movements. A minimum latency 
threshold of 100 ms was imposed to reflect a biologically plausible response to the visual cue. Trials in 
which movement onset was detected earlier than this threshold were excluded, as the movement was 
not initiated in response to the visual cue (Figure 4.4). Trials in which movement onset was detected 
more than 1 s after the cue were also excluded, as such delays were indicative of insufficient 
engagement with the task. 
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Figure 4.4. A visualisation from the movement detection algorithm showing a trial discarded due to early movement 
onset. Handle position is indicated by the blue trace, on-target bounds fall within the purple and yellow lines and 
currently being on-target is indicated by the green shaded areas. In this example, the participant initiates 
movement prior to the visual cue moving, resulting in a detection of movement onset < 100 ms causing the trial to 
be discarded. The magenta diamond is the detected movement onset, the red box is the first on-target timestep 
following the movement cue and the blue diamond is the first timestep of being stabilised on-target for 1 s.    

The detection and validation procedures ensured the integrity of the task data by retaining only trials 
that met predefined compliance criteria. Trial retention remained high following these exclusions, with 
98.22% of trials retained in the temporal predictability cohort and 97.64% in the perturbation amplitude 
cohort. Moreover, trial losses were minimal and sparsely distributed, with an average of 0.26 ± 0.63 
trials lost per block in the temporal predictability cohort and 0.33 ± 0.78 lost per block for the 
perturbation amplitude cohort (Table 4.3).   

 

Table 4.3. Breakdown of trial retention (including baseline blocks) after movement onset detection and movement 
validation. 

Cohort Total Trials Early Movement Late Movement Lost Trials Percentage Retention 

Predictability 4550 59 (1.29%) 22 (0.48%) 81 (1.78%) 98.2% 

Amplitude 2664 56 (2.12%) 4 (0.15%) 60 (2.26%) 97.64% 

 

4.2.5. Supporting Blocks in the Experimental Protocol 

In addition to the primary task blocks that constituted the core of the experimental protocol, several 
supplementary block types were included in the paradigm. An overview of these blocks is provided 
below and how they were structured with the paradigm is found in the Experimental Session 
Overview. 

Range Calibration Blocks: To establish a comfortable range of movement (ROM) for each participant, 
the experimental protocol began with a brief calibration phase. Participants were instructed to oscillate 
the handle to the maximum comfortable limits of flexion and extension for a total of 10 s. The maximal 
displacement of the handle relative to the neutral position was then used to scale all subsequent 
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movement ranges, ensuring that the experimental parameters were individually tailored. Although 
selecting a predefined ROM based on existing literature was a feasible alternative, this bespoke 
approach was chosen in anticipation of future applications of the protocol to clinical populations, where 
levels of impairment may necessitate more precise and adaptive calibration. Implementing this 
bespoke scaling ensured that all participants, regardless of their natural movement capacity, engaged 
with movement ranges that were appropriately scaled, safe and achievable. 

Baseline Blocks: To account for individual differences in baseline performance, the experimental 
protocol incorporated baseline blocks at specific intervals. These blocks were used both to correct for 
participant-specific variability and to assess any evolving effects of the protocol over time. Baseline 
blocks consisted of ten voluntary reaching movements that followed the same movement dynamics as 
those used in the Main Task Design: targets were positioned at 50% of each participant’s range of 
motion, and participants were required to maintain stabilisation on the target for 1 s within a 6 s 
movement window. The sequence of reaches was psuedorandomly ordered and balanced, containing 
five flexion and five extension movements. Each movement cue was presented 2 s after the completion 
of the previous trial. 

Passive Assessment Blocks: These blocks formed the basis of a supplementary analysis of 
impedance control, specifically stiffness regulation, in response to steady external manipulation of the 
wrist. Their distribution mirrored that of the main task blocks, with each baseline and task block followed 
by a corresponding passive assessment block. Full methodological details and analyses are presented 
in Passive Wrist Stiffness in Healthy Motor Control Following Stability–Movement Transitions 
and at Baseline in Parkinson’s Disease. The description provided here is included for completeness 
and to situate the assessment blocks within the broader structure of the experimental protocol. 

 

4.2.6. Experimental Session Overview 

Following initial orientation and familiarisation with the experimental setup, participants completed a 
range calibration block to establish the movement scaling used for all subsequent tasks. They were 
then trained on both the main task and the passive assessment task to familiarise them with the 
protocol. Once participants confirmed their understanding, the main experimental session commenced. 

Each session followed a balanced crossover design. The session was divided into two halves, with 
each half dedicated to one experimental condition (high- vs. low-amplitude perturbations; predictable 
vs. uncertain perturbation scheduling). Participants completed one condition, took a short break of 2-5 
minutes, and then completed the second condition. They were not informed of the differences between 
the two phases. 

Each conditional half began with baseline task and passive assessment blocks, followed by five paired 
main task and passive assessment blocks. Each main task block contained sixteen trials. Before the 
baseline block of the second conditional half, a second passive range assessment block was included. 
Although the results from this block were recorded for later analysis, they were not used to rescale any 
tasks, ensuring that all task parameters remained consistent across both conditions. After completing 
the second condition, participants performed a final baseline block (Figure 4.5). Within each cohort, 
the order of condition presentation was counterbalanced across participants to ensure an even 
distribution of condition A versus condition B starts. 
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Figure 4.5. Flowchart detailing the different tasks and stages of the experimental protocol. 

 

4.2.7. EMG Processing 

EEG and EMG was recorded using a 24-channel DSI-24 system (Wearable Sensing Inc.) with auxiliary 
bipolar EMG sensors at 300 Hz. EEG and EMG channels were separated to be processed 
independently.  

EMG data were processed offline in MATLAB using a custom pipeline designed to clean raw bipolar 
recordings, extract a linear envelope and generate a normalised amplitude measure. All processing 
was performed for the ulnaris and digitorum channels independently. 

Missing samples were treated as gaps and linearly interpolated over time using sample indices as the 
independent variable; the first and last valid values were extended to the edges where needed. To 
remove any constant offset, the mean of the signal was subtracted from the entire time series, yielding 
a zero-mean signal. 

To isolate the physiological EMG bandwidth, the signal was band-pass filtered using a 4th-order 
Butterworth filter implemented in zero-phase form. A range of 20-130 Hz was applied to attenuate 
movement artefacts and very low-frequency drift, as well as high-frequency noise outside the typical 
EMG spectrum. 

Residual power-line contamination was removed using a series of IIR notch filters at 50 Hz and 100 
Hz (Equation 4.1). A  quality factor Q = 35 was assumed. For each harmonic h, a 2nd-order notch filter  
was designed with normalised centre frequency and bandwidth determined by Q. Each notch was 
applied in zero-phase. 

 

 
𝑤0 =

ℎ ⋅ 50

𝑓𝑠/2
, 

 

(4.1) 
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To reduce occasional sharp artefacts or spikes that are not physiologically plausible, a Hampel filter 
was applied. A sliding window length of 100 ms was used. Within each window, samples classified as 
outliers relative to local statistics were replaced with robust estimates. The signal was then rectified by 
taking the absolute value of each sample. 

A linear envelope was extracted from the rectified signal using a 4th-order Butterworth low-pass filter 
at 6 Hz. The resulting envelope was then clipped at zero to prevent small negative values due to 
numerical filtering artefacts. 

To allow comparison across muscles, the envelope was normalised by an estimate of its maximum 
amplitude and scaled to the 95th percentile. Scaling to the 95th percentile provided robustness against 
any residual erroneous activities spikes while providing strong 0-1 scaling for most of the data.  

EMG was primarily assessed through the calculation of co-contraction indices. Two common formulas 
- CCI1 [220] and CCI2 [253] - were explored. The specification of each formula can be found in the Co-
contraction Indices section of the literature review. Based on the response characteristics of each 
formulation, CCI1 exhibits a steeper increase at low values of antagonist activation, whereas CCI2 is 
deliberately less sensitive in this region due to its nonlinear scaling (Figure 2.6). In healthy individuals, 
co-contraction during voluntary movement or postural control is typically low and finely modulated. The 
formulation with higher gain at low activation levels - CCI1 was therefore better suited to capturing 
subtle, task-dependent changes in antagonist activity that were likely to contribute to physiological 
modulation of joint impedance. 

 

4.2.8. Mechanical Impedance 

Mechanical impedance was estimated from the segments of kinematic and torque data recorded during 
active perturbation. Angular position, velocity, and acceleration were measured at the handle, together 
with the interaction torque. Angular kinematics were converted from degrees to radians prior to analysis. 
For each perturbation, a fixed 0.5s analysis window corresponding to the active perturbation interval 
was selected. Samples containing non-finite values were discarded. Estimates of mechanical 
impedance were produced using least-squares estimates to regress a second-order impedance model: 
 
  

 𝐹(𝑡) = 𝑀𝑥̈(𝑡) + 𝐵𝑥̇(𝑡) + 𝐾𝑥(𝑡)  (4.2) 

   

A scalar impedance estimate was then obtained as the magnitude of the frequency-domain impedance 
evaluated at a reference frequency: 

 

 (𝑓0 = 1 Hz): 𝑍̂ =∣ (𝐾 − 𝐼𝜔0
2) + 𝑗(𝐵𝜔0) ∣ (4.3) 

   

 

Where 𝜔0 = 2𝜋𝑓0 is the angular frequency corresponding to the reference frequency 𝑓0 = 1Hz. The 
reference frequency (𝑓0 = 1 Hz) was selected to approximate the dominant low-frequency content of 
the 0.5 s step perturbations, yielding a scalar impedance estimate representative of the quasi-static 
response to steady external torques. Impedance is reported in units of N·m·rad⁻¹.  The full specification 
of the model can be found in the Second-Order Impedance Model section of the literature review and 
an explanation of how the regression is performed is detailed in the Parameter Identification section 
found immediately after. 
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4.2.9. EEG Preprocessing, Post Movement Beta Rebound and Beta Corticomuscular 
Coherence   

EEG and EMG was recorded using a 24-channel DSI-24 system (Wearable Sensing Inc.) with auxiliary 
bipolar EMG sensors at 300 Hz. EEG and EMG channels were separated to be processed 
independently.  

EEG data preprocessing was performed in EEGLAB (2024.2.0). EEG data were restricted to the DSI-
24 scalp channels. Mastoids (A1/A2) were retained only for initial referencing and were removed before 
artifact correction. Channel labels were mapped to the modern 10–05 system when necessary. Before 
re-referencing or artifact correction, narrow zero-phase notch filters were applied at 50 and 100 Hz to 
reduce global line-noise contamination while preserving physiological oscillations. Data were high-pass 
filtered at 1 Hz to improve ICA stability.  

Artifact reduction proceeded in a repair-focused manner without removing time segments. Channels 
were automatically evaluated for signal quality using several criteria: channels exhibiting flatlining for 
longer than 5 s were flagged as bad; channels whose correlation with the robust estimate of the 
remaining data fell below 0.8 were considered poorly coupled to the scalp field and removed; and 
channels dominated by excessive line noise, defined as line-noise power exceeding clean data 
estimates by more than 8 standard deviations, were rejected. Transient high-amplitude artifacts were 
addressed using an adaptive burst correction procedure with a burst threshold of 15 standard 
deviations relative to the data distribution. Importantly, this procedure was configured to repair 
contaminated segments rather than excise time windows, ensuring that the continuous temporal 
structure of the recording was preserved. All scalp channels removed during this stage were logged for 
later interpolation. 

Following automated cleaning, the data were re-referenced to the common average and subjected to 
independent component analysis (ICA). To avoid rank deficiency and overfitting, the effective data rank 
was estimated from the covariance structure, and the decomposition was constrained to this rank. 
Independent components were then automatically classified into neural and non-neural categories. 
Components were rejected if their estimated probability exceeded class-specific thresholds for non-
neural sources: ≥75% for muscle activity, ≥85% for ocular activity, and ≥90% for cardiac, line-noise, 
channel-noise, or unclassified (“other”) components, while no lower bound was imposed on the 
probability of neural components. All components meeting these rejection criteria were removed, and 
the cleaned EEG signal was reconstructed from the remaining components. Summary metrics, 
including the number of components before and after rejection and the dominant artifact classes among 
rejected components, were retained for quality control. 

After ICA-based artifact removal, any scalp channels previously excluded during automated cleaning 
were restored via spherical interpolation using the original sensor geometry. The data were then re-
referenced again to the common average to ensure consistency after interpolation. A final low-pass 
filter at 100 Hz was applied to remove residual high-frequency noise and standardise the analysed 
bandwidth. 

A scalp-only current source density (CSD) transformation using a spherical spline surface Laplacian, 
excluding mastoids was applied. This transformation yielded reference-free estimates of local radial 
current flow and reduced the influence of broadly distributed volume-conducted activity. For quality 
assurance, power spectral density summaries were generated over sensorimotor electrodes (C3 and 
C4) to visually compare raw, cleaned, and CSD-transformed data (Figure 4.6), and key preprocessing 
metrics were exported for downstream inspection. 
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Figure 4.6. Sample power spectral density (PSD) plots illustrating successive stages of the EEG preprocessing 
pipeline. Spectra are shown for electrodes C3 and C4, selected to represent contralateral and ipsilateral motor 
cortex, respectively. For each channel, PSDs are displayed for the raw data, the cleaned average-referenced data 
(no CSD), and the cleaned data after application of the scalp-only CSD transform. The progression demonstrates 
attenuation of line noise and broadband artifacts following automated cleaning and ICA-based component 
rejection, as well as the expected reduction in low-frequency spatially diffuse power after CSD, reflecting increased 
spatial specificity of sensorimotor activity. 

 

Beta-band power was quantified from the cleaned continuous EEG in a single target sensorimotor 
electrode selected a priori based on the moving hand (C3 for right-hand movements; C4 for left-hand 
movements). The continuous channel time series (µV) was transformed into a continuous estimate of 
beta-band power using a Morlet wavelet decomposition spanning 13–30 Hz. Specifically, the signal 
was convolved with a family of complex Morlet wavelets whose centre frequencies were linearly spaced 
across the beta range (25 frequencies between 13 and 30 Hz). To balance temporal and spectral 
resolution across the band, the number of wavelet cycles increased with frequency (linearly from 6 
cycles at the low end of the band to 10 cycles at the high end). For each centre frequency, the analytic 
wavelet output was obtained and instantaneous power was computed as the squared amplitude of the 
complex coefficient. Power estimates were then averaged across all beta frequencies at each time 
point, yielding a single continuous beta power trace (µV²) matched in length to the original recording. 
To reduce high-frequency jitter in the power envelope, the continuous power series was smoothed 
using a short sliding median window (100 ms). 
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For normalisation and subsequent statistical extraction, power was converted to decibels (dB) as 
10log 10(power + 𝜖), where 𝜖 was a small constant to avoid taking the logarithm of zero. Trial-wise 
beta-power time courses were then constructed by extracting segments from the continuous beta 
power trace time-locked to movement termination events. Only trials whose full analysis window lay 
within the recorded data were retained. Each trial segment spanned −1 to +1 s relative to movement 
termination, with termination aligned to 0 s. Within each trial segment, baseline correction was applied 
in dB units by subtracting a baseline level from a pre-trial window of 3 s in which the participant was at 
rest. Each trial’s beta-power time course was smoothed using a third-order Savitsky–Golay filter with a 
100 ms moving window to attenuate transient, burst-like fluctuations and improve the stability of the 
power signals. Signals were then filtered based on the trial criteria outlined in Voluntary Movement 
Onset Detection and Trial Validation section before being averaged over each movement direction. 
Extraction of post-movement beta rebound (PMBR) was then performed by detecting the maximum 
power in the 0.1 s–1 s following movement termination. This window ensured that the PMBR extracted 
was temporally separated from peri-movement beta desynchronization and reflected the sustained 
PMBR rather than transient termination-related fluctuations. The 1 s range was shorter than some 
traditional PMBR extractions but was necessitated by the scheduling of experimental events; however, 
it was still large enough to capture the peak rebound response in most trials while preventing 
contamination from subsequent task-related events. A 50 ms average was taken around the maximum 
power to control for local volatility at the peak and to provide a more robust estimate of PMBR amplitude. 
Averaging prior to peak detection was selected to improve the signal-to-noise ratio of this time-locked 
modulation and to reduce the upward bias that can arise when maxima are selected from noisy single-
trial traces. Traces were inspected visually at both the individual-trial level and as block-averaged 
responses, and the effects of extracting PMBR from single-trial peak detection versus from averaged 
traces were directly compared. Noise driven by small, transient fluctuations was prominent in individual 
trials, whereas averaged traces consistently revealed robust movement-related beta dynamics in the 
majority of cases (Figure 4.7), supporting the use of averaged, smoothed power estimates for reliable 
quantification of PMBR in this paradigm. PMBR was converted from dB to percentage change to 
provide a more intuitive and physiologically interpretable measure of beta modulation relative to 
baseline. Percentage units also facilitated comparison across participants and conditions with differing 
baseline power and yield clearer group-level statistics and visualisations. 
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Figure 4.7. Block-averaged beta-band power (dB relative to baseline) from a baseline block in a representative 
right-handed participant. Time is shown relative to movement termination (0 s; vertical dashed line). Panel A shows 
activity over the active primary motor cortex (C3), contralateral to the moving hand, and panel B shows activity 
over the ipsilateral motor cortex (C4). The solid black line denotes the mean across blocks (N = 10), and the shaded 
region indicates variability across blocks (±SEM). The horizontal dashed line marks baseline (0 dB). The 
contralateral M1 exhibits a clear movement related beta decrease followed by a pronounced post-movement beta 
rebound, whereas the ipsilateral M1 does not show clear movement-related modulation. 

 

In addition to purely neural measures of beta activity, it was necessary to quantify the degree of 
coordination between cortical and muscular activity at key phases of the experiment. Beta 
corticomuscular coherence (β-CMC) was computed in line with the methodology outlined in [10] using 
phase-locking value (PLV) [266]. Phase locking values (PLV) were computed as a complementary 
measure of corticomuscular coupling that is more robust to short data segments than coherence. 
Analysis windows over the duration of the postural stabilisation phase and each voluntary movement 
were defined. For each trial and analysis window, the contralateral sensorimotor EEG signal and the 
corresponding EMG signal were first aligned in time, truncated to equal length, and cleared of non-
finite samples. Segments shorter than 250 ms or containing fewer than six beta cycles at the lower 
band edge (13 Hz) were excluded. Both signals were mean-centred and band-pass filtered in the beta 
range (13–30 Hz). The analytic representations were then obtained using the Hilbert transform, and 
instantaneous phase time series were extracted for EEG and EMG. PLV was calculated as the 
amplitude of the mean complex phase difference across time: 

 

 𝑃𝐿𝑉 =∣ ⟨𝑒𝑗(𝜙𝐸𝐸𝐺 − 𝜙𝐸𝑀𝐺)⟩ ∣  (4.3) 

   

where 𝜙EEGand 𝜙EMGare the instantaneous phases of the EEG and EMG signals, respectively, and 

𝑒𝑗(⋅)maps the phase difference onto the unit circle in the complex plane. The resulting PLV ranges from 
0 (no consistent phase relationship) to 1 (perfect phase locking). PLV was computed separately for 
each trial and window, and block-level summaries were obtained by averaging valid per-trial PLV values, 
with the number of contributing trials retained for quality control. 
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4.2.10. Single-Outcome Statistical Analysis 

Analyses were conducted at the block level to account for inter-trial variability and to yield more 
interpretable and robust statistics. Where possible, block-level values were baseline-corrected relative 
to the corresponding baseline block to control for inter-participant variability and to ensure that 
observed dynamics reflected changes across the experimental protocol rather than absolute magnitude. 
Direct baseline subtraction was used rather than percentage change to avoid introducing scale-
dependent variance and to maintain interpretability in the original measurement units. 

Data were analysed using mixed-effects models to examine how outcome measures evolved over 
repeated task blocks under simultaneous estimation of population-level effects (fixed effects) and while 
accounting for the non-independence of repeated observations within participants (random effects). 
These models accommodated the experiment’s hierarchical data structure, allowed for precise 
modelling of interacting fixed and random effects, and were robust to any data imbalanced or dropout.  

For the primary analysis, each outcome measure was modelled individually. When applicable, 
individual trial values were averaged by movement direction to produce mean flexion and mean 
extension values for each block. For outcome measures in which directionality was not applicable, trials 
were averaged across all movements within each block. Two linear mixed-effects models were fitted. 
In the first model, task block number was centred within each condition; in the second, block number 
was treated as a continuous variable across the entire session. In both models, block number was 
centred such that effects reflected changes across blocks rather than relative to the initial block. These 
complementary modelling approaches enabled assessment of changes occurring within conditions as 
well as cumulative effects across the session.  

In addition to task block number, fixed effects were included for experimental condition, movement 
direction, and condition order (i.e., whether a condition was performed first or second). The inclusion 
of condition order, in conjunction with overall session block number, allowed differentiation between 
ordering effects specific to the period in which task blocks were completed and gradual drift across the 
session. For the within-condition model, a binary indicator identifying the first block of each condition 
was included to assess whether initial task blocks exhibited dynamics distinct from subsequent blocks. 
The global model additionally included a binary indicator for the first task block of the second condition 
to assess potential switching effects between conditions. Interaction terms were included where 
relevant to assess how effects changed in combination, specifically over task block count and in relation 
to each experimental condition.  

Random intercepts and random slopes for block were specified for each participant, allowing individual 
differences in both the expected outcome at the reference block (centred block index = 0) and block-
related change, as well as their covariance. Although outcome measures were baseline-corrected, 
participant-specific random intercepts were retained to account for residual between-participant 
differences, measurement error in baseline estimates, and within-participant dependence across 
repeated observations. Because analyses were conducted on block-averaged and baseline-corrected 
reaction times, which were approximately symmetric, data were modelled using Gaussian mixed-
effects models with an identity link to preserve additive interpretation in the original units. 

Overall significance of fixed effects and their interactions was obtained directly from the mixed-effects 
models; however, planned linear contrasts were used to address condition- and direction-specific 
hypotheses. Primary analyses tested whether outcome measures deviated from baseline for the initial 
task block and overall, within each condition-direction combination. For the initial deviation test, the 
model-predicted mean for each condition-direction combination was evaluated at the first task block 
and tested against zero using linear contrasts of the fixed effects. For the overall deviation test, the 
predicted mean was evaluated at the centred block, corresponding to the average task block, and 
similarly tested against zero. Linear contrasts of block-related slopes were used to assess learning 
effects. Inclusion of an indicator for the initial task block and its interactions with condition and 
movement direction enabled testing of whether initial block deviations differed from those in subsequent 
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blocks. Additional contrasts assessed between-condition differences in overall level and rate of change 
within each movement direction. All tests were two-sided and conducted using Wald tests on fixed-
effect contrasts. Results obtained from Wald tests and directly from the mixed-effects models are 
reported as effect sizes (β), 95% confidence intervals, and p-values (p). 

Additional supplementary analyses of the initial task blocks were conducted using nonparametric 
methods. When no baseline was available, participant-level comparisons between conditions were 
performed using Wilcoxon signed-rank (WSR) tests on paired values to assess whether conditions 
differed significantly in the measured outcome. When baselines were available, outcomes from the 
initial task block were first compared with the corresponding baseline using WSR tests to determine 
whether a significant deviation was present. The resulting change-from-baseline values were then 
compared between conditions using WSR tests to assess whether baseline-adjusted effects differed 
across conditions. These supplementary analyses were intended to provide a simplified assessment 
of effects in the initial task blocks, where effects were expected to be most pronounced. Results from 
the Wilcoxon signed-rank tests are reported as rank-biserial correlation coefficients (r), reflecting the 
consistency of the paired differences; z-scores (z), indicating the degree of deviation from the null 
distribution; and p-values (p), representing statistical significance. 

 

4.2.11. Correlation-Based Statistical Analysis 

To examine relationships between outcome measures while accounting for the experimental design 
and repeated-measures structure, relational linear mixed-effects models were fitted with one measure 
as the outcome and another as the predictor. To dissociate stable between-participant differences from 
transient within-participant covariation, the predictor was decomposed into a participant-specific mean 
within each condition and a within-participant deviation component per block. The participant means 
reflected coupling at the level of stable individual differences, whereas effects associated with the 
deviation component reflected momentary within-participant covariation between measures. 

Models were fitted at the block level using Gaussian linear mixed-effects models with an identity link. 
Fixed effects included task condition, movement direction, centred block index, and all relevant 
interactions with predictor components; secondary outcome-specific covariates, such as first block 
indicators, were omitted to avoid overspecification. When available, baseline values were included to 
control for inherent participant differences. Random intercepts and block slopes were specified for each 
participant, consistent with the individual outcome models, to account for individual differences in 
baseline level and adaptation rate. 

Inference focused on planned contrasts testing condition- and direction-specific coupling. Simple 
slopes for the mean and deviation components were evaluated within each condition–direction 
combination, with additional contrasts testing differences in coupling between conditions within each 
movement direction. Aggregate between- and within-participant coupling was also summarised using 
slopes evaluated at the reference levels of effects-coded factors. All tests used two-sided Wald tests, 
with effects reported as 𝛽, 95% confidence intervals, and p-values. 
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4.3. Postural Stabilisation Phase Motor and Behavioural 
Dynamics 

4.3.1. Introduction 

The postural stabilisation phase of the experimental protocol was designed to challenge participants’ 
ability to maintain wrist position in the presence of environmental instability induced through mechanical 
perturbations. The aim was to establish a clear stability-oriented motor context that encouraged the 
sensorimotor system to generate an elevated and sustained level of impedance to counteract the 
induced environmental instability. In addition, the effects of altered perturbation dynamics, defined by 
force amplitude and temporal predictability, were examined across two cohorts to evaluate the 
sensitivity of sensorimotor adaptation along these two dimensions. 

Although the primary focus of this thesis is the carryover effects of these postural challenges on 
subsequent voluntary movement, contextualisation of the impedance dynamics observed during 
voluntary movement required quantification of the impedance expressed during the stabilisation phase. 
The impact of the perturbations was therefore quantified across three principal domains. 

First, the applied torque and the resulting kinematic data were used to regress a second-order 
impedance model, allowing direct quantification of mechanical impedance in response to the applied 
perturbations.  

Second, behavioural responses to perturbation were assessed by measuring both the angular 
displacement induced by each perturbation and the time required for participants to return the handle 
to the neutral position following a perturbation, thereby restoring posture. 

Finally, the motor activity underlying these mechanical and behavioural responses was evaluated by 
quantifying co-contraction of the antagonist muscles involved in wrist flexion and extension. Unlike the 
mechanical and behavioural measures described above, co-contraction could be assessed relative to 
levels established during the baseline blocks. This allowed a more targeted evaluation of how 
participants modulated the degree of co-contraction in response to the stabilisation challenges, rather 
than simply quantifying its absolute level. 

The measurements obtained during the postural stabilisation phase were analysed primarily as a 
function of perturbation condition and task block count. This approach facilitated evaluation of the 
effects of altered perturbation dynamics on active impedance modulation, as well as examination of 
how this modulation changed with repeated exposure. 

 

4.3.2. Mechanical Impedance in Response to Perturbation 

Mechanical impedance was estimated for each applied perturbation using a linear, time-domain, 
second-order impedance model. Impedance estimates were then averaged by direction at the trial level, 
after which a block-level average was computed for each direction. 

When assessing the impact of temporal predictability, impedance was consistently higher in the 
predictable condition compared with the uncertain condition (β = 0.04, 95% CI = [0.01, 0.06], p = .008). 
This effect was particularly prominent in response to perturbations in the extension direction (β = 0.05, 
95% CI = [0.02, 0.08], p = .003) but was evident only as a trend in the flexion direction (β = 0.03, 95% 
CI = [−1.25 × 10⁻³, 0.06], p = .060, Figure 4.8). No condition- or direction-linked adaptation in 
impedance levels across repeated task blocks reached statistical significance (p ≥ .112). However, 
there was a steady increase in impedance across task blocks over the course of the experimental 
session (β = 0.02, 95% CI = [0.01, 0.03], p = .003). No other significant effects were observed within 
the mixed-effects models. Secondary non-parametric analyses of impedance differences within the 
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initial task blocks revealed no significant differences between conditions for either movement direction 
(p ≥ .145). 

 

 

Figure 4.8. Mean impedance (N·m·rad⁻¹) across experimental blocks for flexion (left) and extension (right) under 
temporally predictable (orange) and uncertain (green) perturbation conditions. Circles denote block-wise means 
and shaded regions represent variability (±SEM). For each condition-direction combination, impedance was tested 
for statistical divergence from zero (Level ≠ 0) at the initial task block and the combination overall. Level effects 
indicate overall differences in impedance amplitude, whereas Slope effects indicate linear trends across repeated 
blocks. Significance codes: * p < 0.05, ** p < 0.01, *** p < 0.001; n.s., not significant. 

 

Alteration of perturbation amplitude did not induce a significant change in the observed impedance (β 
= 0.01, 95% CI = [−0.04, 0.07], p = .588). However, movement direction had a significant effect (β = 
−0.03, 95% CI = [−0.05, −0.01], p = .012), which was primarily attributable to the 0.5 Nm condition (β 
= −0.05, 95% CI = [−0.09, −0.02], p = .002, Figure 4.9). Impedance levels remained stable across 
repeated exposures, with no significant effect of additional task blocks within either condition or across 
the overall experimental session (p ≥ .133), and no evidence of adaptation modulated by movement 
direction or perturbation amplitude (p ≥ .444). Non-parametric analyses of the initial task blocks similarly 
revealed no significant differences for either movement direction (p ≥ .221). 
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Figure 4.9. Mean impedance (N·m·rad⁻¹) across experimental blocks for flexion (left) and extension (right) under 
high-amplitude (purple) and low-amplitude (red) perturbation conditions. Full plot description - Figure 4.8. 

 

Across both cohorts, perturbation-induced impedance was robust, rapidly established, and stable 
across repeated task blocks. This temporal stability argues against gradual error-driven optimisation 
and instead suggests that participants quickly selected an impedance level appropriate to task 
demands and maintained it. Manipulating perturbation amplitude produced no systematic change in 
impedance. In contrast, reduced temporal predictability led to a significant decrease in impedance. This 
effect was not confined to initial task blocks but emerged across the session, indicating a sustained 
change in control strategy rather than a transient bias. Directional differences were observed, with 
generally lower impedance in flexion than extension, though their magnitude and statistical robustness 
varied across models and conditions. Importantly, these directional effects did not account for the 
primary experimental findings: neither predictability nor amplitude effects depended strongly on 
movement direction. 

Overall, impedance during postural maintenance was stable over time and directionally biased, but 
only changes in temporal predictability - not perturbation amplitude - reliably modulated its level. These 
results indicate that impedance regulation reflects sensitivity to task uncertainty rather than scaling with 
mechanical perturbation magnitude. 

 

4.3.3. Peak Angular Displacement 

Peak angular displacement was measured in response to each applied perturbation. Following 
perturbation onset, the maximum angular deviation of the handle relative to the neutral position was 
calculated, providing a robust measure of the behavioural impact of each perturbation. The underlying 
assumption was that sufficiently increased impedance would reduce the amplitude of displacement 
elicited by perturbations of consistent amplitude. 

Participants were not instructed to adopt a specific control strategy and were only required to maintain 
the manipulandum handle at the neutral position. Consequently, they were free to optimise their own 
strategies and to determine whether minimising immediate displacement was the most effective or 
energetically efficient approach. Displacement measures were first averaged by perturbation direction 
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within trials and subsequently averaged across task blocks. This yielded direction-specific estimates 
for each task block, enabling examination of how perturbations applied in flexion and extension were 
differentially controlled. As perturbations were absent during baseline blocks, peak displacement was 
evaluated in absolute terms rather than relative to baseline. 

Peak angular displacement exhibited robust non-zero offsets across both movement directions and 
conditions, indicating consistent perturbation-induced displacement throughout task exposure (Figure 
4.10). Mixed-effects analyses revealed a significant main effect of direction, with larger peak 
displacements observed in extension than in flexion (β = 3.26, 95% CI = [2.45, 4.06], p < .001). Across 
directions, there was evidence of a higher overall displacement in the predictable condition compared 
with the uncertain condition. The main effect of condition reached significance (β = 2.07, 95% CI = 
[0.06, 4.07], p = .043), indicating larger average peak displacements under predictable dynamics. This 
effect was direction-dependent. When examined separately, a significant between-condition difference 
was observed in extension (β = 2.55, 95% CI = [0.54, 4.56], p = .013), whereas the corresponding 
difference in flexion was not significant (β = 1.59, 95% CI = [−0.42, 3.60], p = .122). 

 

 

Figure 4.10. Peak angular displacement (°) induced by perturbation averaged across experimental blocks for 
flexion (left) and extension (right) under temporally predictable (orange) and uncertain (green) perturbation 
conditions. Full plot description - Figure 4.8. 

In addition to differences in overall displacement magnitude, the predictable and uncertain conditions 
showed clear divergence in their evolution across repeated task blocks. For both flexion and extension 
perturbations, there was no significant change in displacement across blocks in the predictable 
condition (p ≥ .584). In contrast, the uncertain condition exhibited a steady increase in peak angular 
displacement over task blocks for both extension (β = 2.71, 95% CI = [1.20, 4.22], p < .001) and flexion 
(β = 1.69, 95% CI = [0.18, 3.20], p = .028). 

Peak angular displacement was also strongly influenced by task order. Completing a condition second 
was associated with increased displacement (β = 2.92, 95% CI = [−3.99, −1.85], p < .001), alongside 
a steady increase in displacement across task blocks over the session (β = 1.62, 95% CI = [0.78, 2.46], 
p < .001). Although no significant effect of being the first task block was detected overall or within either 
condition (p ≥ .558), a marked increase in displacement was observed for the first block of the second 
condition (β = 2.34, 95% CI = [0.87, 3.81], p = .002). This effect was not sensitive to the specific 
condition presented (p = .494). 
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Supplementary analysis of the first task blocks in isolation was consistent with the condition-dependent 
dynamics observed in the primary analysis, with a statistically significant increase in angular 
displacement under predictably timed perturbations compared with the uncertain condition for 
extension (p = .030, z = 2.17, r = 0.44, Figure 4.11B), but not for flexion (p = .199, z = 1.29, r = 0.26, 
Figure 4.11A). 

 

 

Figure 4.11. Distribution of peak angular perturbation-induced displacement during initial task blocks for (A) 
flexion and (B) extension under temporally predictable (orange) and uncertain (green) perturbation conditions. 
Half-violin plots illustrate the distribution of individual participant values. Overlaid dots represent individual 
observations, with lines connecting paired measurements across conditions. Red circles indicate condition means 
and yellow horizontal lines indicate medians. Brackets denote statistical comparisons between conditions. 
Significance codes: * p < 0.05, ** p < 0.01, *** p < 0.001; n.s., not significant. 

 

In the perturbation amplitude cohort, peak displacement was reliably greater than zero for both 
movement directions across conditions, both in the initial task block (p ≤ .001) and across task blocks 
(p ≤ .001, Figure 4.12). Across directions, peak displacement was significantly larger in the 1 Nm 
condition than in the 0.5 Nm condition (β = 9.32, 95% CI = [6.36, 12.28], p ≤ .001). Direction-specific 
analyses were consistent with this overall effect, demonstrating clear separation between amplitude 
conditions for both flexion and extension perturbations (p ≤ .001). There was no significant change in 
peak displacement across task blocks at any level of analysis (p ≥ .486). Despite this consistency 
across perturbation directions, a significant main effect of direction was observed, with flexion 
perturbations producing a small but reliable increase in displacement relative to extension (β = 3.13, 
95% CI = [1.62, 4.64], p < .001). 

Unlike the predictability cohort, there was no significant effect of the order in which conditions were 
completed (β = 1.24, 95% CI = [−0.59, 3.07], p = .185). In addition, there was a trend towards increasing 
peak displacement across task blocks over the session (β = 1.41, 95% CI = [−0.10, 2.92], p = .066), 
and this effect was significantly modulated by perturbation amplitude (β = −1.10, 95% CI = [−2.14, 
−0.06], p = .039). 
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Figure 4.12. Peak angular displacement (°) induced by perturbation across experimental blocks for flexion (left) 
and extension (right) under high-amplitude (purple) and low-amplitude (red) perturbation conditions. Full plot 
description - Figure 4.8. 

Supplementary analysis of the initial task blocks demonstrated greater peak displacement for the high 
amplitude (1 Nm) condition compared with the low-amplitude (0.5 Nm) condition in both flexion (p 
= .012, z = 2.51, r = 0.72, Figure 4.13A) and extension (p = .008, z = 2.67, r = 0.71, Figure 4.13B).  

 

 

Figure 4.13. Distribution of peak angular perturbation-induced displacement (°) during initial task blocks for (A) 
flexion and (B) extension under high-amplitude (purple) and low-amplitude (red) perturbation conditions. Full plot 
description - Figure 4.11. 
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Across both cohorts, peak displacement showed a reliable non-zero offset from the first task block, 
indicating consistent perturbation-induced displacement. The factors shaping this offset differed 
between cohorts. 

In the temporal predictability cohort, peak displacement was larger under predictable than uncertain 
dynamics, particularly in extension. This difference was present from the first block. Under temporal 
uncertainty, displacement in extension increased across blocks, suggesting an initially conservative 
strategy that relaxed with experience. Effects were weaker in flexion. 

In the perturbation amplitude cohort, peak displacement scaled with perturbation magnitude. Larger 
perturbations produced greater displacement from the first block onward across directions. 
Displacement did not change systematically across blocks, indicating no learning effect. 

Overall, perturbation amplitude set the scale of displacement in a time-invariant manner, while temporal 
predictability modulated displacement adaptively. Directional asymmetries were present but did not 
account for the primary effects. 

 

4.3.4. Post-Perturbation Stabilisation Time 

Post-perturbation stabilisation time was calculated from perturbation onset to the time point at which 
participants restored the handle position to neutral for at least 0.5 s. This window was selected because 
it was shorter than the minimum inter-perturbation interval of 0.75 s in the uncertain condition of the 
temporal predictability cohort, while remaining sufficiently long to indicate complete movement 
termination. If a participant failed to stabilise the handle following a perturbation, the corresponding 
interval was excluded from the analysis. Stabilisation times were averaged by direction at the trial level 
and subsequently used to compute a block-level average for each direction. 

Stabilisation times were reliably greater than zero for all directions and conditions in the predictability 
cohort for both the initial task blocks and condition averages (p ≤ .001, Figure 4.14). There was no 
evidence of an overall condition difference in stabilisation time (β = 0.01, 95% CI = [−0.01, 0.02], p 
= .480). This lack of significance was consistent across both movement directions (p ≥ .252). There 
was also no significant evidence of adaptation across repeated task blocks, either overall or within 
each movement direction (p ≥ .381). 

Despite the absence of robust within-condition adaptation, the rate of change differed between 
conditions for extension movements. Specifically, extension perturbations exhibited a significantly less 
positive slope in the predictable condition than in the uncertain condition (β = −0.01, 95% CI = [−0.01, 
−1.23 × 10⁻³], p = .019). No corresponding difference in slopes was observed for flexion (p = .254).  

Analyses revealed no overall effects of movement direction (p = .512), initial condition (p = .189), 
carryover effects of condition order (p = .146), or switching between conditions (p = .359) on 
stabilisation time. However, there was evidence that session-wide block count interacted with condition 
(β= -4.68 × 10⁻³,  95% CI = [-0.01, -8.06 × 10⁻4], p = .018), suggesting that condition may have 
modulated the trajectory stabilisation times modestly with over the session. A non-parametric 
comparison of the first task blocks yielded a non-significant result for flexion (p = .317, z = 1.00, r = 
0.20) and a robust trend towards increased stabilisation time in the predictable condition during 
extension (p = .059, z = 1.89, r = 0.38). 
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Figure 4.14. Post-perturbation stabilisation time (s) following perturbation across experimental blocks for flexion 
(left) and extension (right) under temporally predictable (orange) and uncertain (green) perturbation conditions. 
Full plot description - Figure 4.8. 

  

Within the perturbation amplitude cohort, stabilisation time was reliably greater than zero for both the 
first task block and the overall level across both conditions and directions (p ≤ .001, Figure 4.15). 
Across directions, perturbation amplitude exerted a robust effect on stabilisation time, with longer 
stabilisation times observed for 1 Nm compared with 0.5 Nm (β = 0.04, 95% CI = [0.02, 0.05], p < .001). 
This effect was highly consistent across both movement directions (flexion: β = 0.04, p < .001; 
extension: β = 0.04, p < .001). No reliable main effect of movement direction was observed (p = .668), 
indicating comparable stabilisation times in flexion and extension after accounting for perturbation 
amplitude and task block. 

There was limited evidence for systematic adaptation across task blocks. The overall effect of block 
count did not reach statistical significance (p = .178), and block-within-direction effects were non-
significant for flexion (p = .530) and marginal for extension (p = .055). Similarly, condition-specific 
slopes across blocks were generally small; however, the targeted estimates indicated a significant 
negative slope in flexion for the high-amplitude (1 Nm) condition (β = −0.01, 95% CI = [−0.02, −1.18 × 
10⁻³], p = .030), whereas all other slopes were non-significant. Critically, there was no evidence that 
adaptation differed between perturbation amplitudes. The difference in change across blocks between 
conditions was non-significant overall (p = .432) and within each movement direction (p ≥ .243). 

Analyses indicated a significant effect of the order in which conditions were completed, with shorter 
post-perturbation stabilisation times observed in whichever condition was performed second (β = −0.02, 
95% CI = [−0.03, −4.48 × 10⁻³], p = .010). There was no significant effect of the specific condition order, 
switching between conditions, or overall task block count (p ≥ .603). 
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Figure 4.15. Post-perturbation stabilisation time (s) following perturbation across experimental blocks for flexion 
(left) and extension (right) under high-amplitude (purple) and low-amplitude (red) perturbation conditions. Full plot 
description - Figure 4.8. 

 

Consistent with the model-based findings, nonparametric comparisons at the first task block showed 
longer stabilisation times in the high-amplitude (1 Nm) condition relative to the low-amplitude (0.5 Nm) 
condition for both flexion (p = .005, z = 2.79, r = 0.75, Figure 4.16A) and extension (p = .016, z = 2.42, 
r = 0.65, Figure 4.16B). 

 

 

Figure 4.16. Distribution of post-perturbation stabilisation times (s) during initial task blocks for (A) flexion and (B) 
extension under high-amplitude (purple) and low-amplitude (red) perturbation conditions. Full plot description - 
Figure 4.11. 
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Post-perturbation stabilisation time showed a clear amplitude-dependent offset, with longer times for 1 
Nm than 0.5 Nm perturbations from the first block onward. This effect persisted across the session, 
with minimal change across blocks and no difference in learning rate between amplitudes. In the 
temporal predictability cohort, stabilisation time was largely invariant, with no overall effects of 
predictability or direction and little adaptation. However, a small, direction-specific reduction across 
blocks was observed in extension under predictable timing. Overall, stabilisation time was primarily 
determined by perturbation amplitude and general task familiarity, with only weak modulation by 
predictability or direction. 

 

4.3.5. Relationship Between Peak Angular Displacement and Post-Perturbation Stabilisation 
Time 

Peak angular displacement was a strong and consistent predictor of post-perturbation stabilisation time, 
with clear contributions from both between-participant and within-participant components. At the 
between-participant level, larger average peak displacement ranges were associated with longer 
stabilisation times (β = 2.08 × 10⁻³, 95% CI = [1.41 × 10⁻³, 2.76 × 10⁻³], p < .001, Figure 4.17). This 
relationship was robust across movement directions and predictability conditions. Simple-slope 
analyses revealed significant positive associations in both flexion and extension, under both temporally 
predictable and uncertain perturbations (p ≤ .001), indicating that participants who generally 
experienced larger perturbation-induced displacements required more time to re-stabilise. This 
relationship was stable across task blocks (β = 2.12 × 10⁻⁵, 95% CI = [−1.21 × 10⁻⁴, 1.63 × 10⁻⁴], p 
= .770). 

 

Figure 4.17. Relationship between peak joint displacement (°) and post-perturbation stabilisation time (s). 
Participant-level mean values are shown for the temporally predictable (orange) and uncertain (green) task blocks. 
The solid black line represents the model-estimated main effect across conditions, with the shaded band indicating 
the 95% confidence interval. The asterisk denotes the significance of the overall model effect. Significance codes: 
* p < 0.05, ** p < 0.01, *** p < 0.001; n.s., not significant. 

Temporal predictability modulated this relationship asymmetrically. There was a statistically significant 
alteration in the relationship between mean peak angular displacement and mean post-perturbation 
stabilisation time dependent on predictability condition (β = −5.07 × 10⁻⁴, 95% CI = [−7.08 × 10⁻⁴, −3.06 
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× 10⁻⁴], p < .001). Temporal uncertainty strengthened the relationship between the peak angular 
displacement induced by perturbation and the time taken to restore posture. This relationship was 
consistent across both flexion (Figure 4.18A) and extension perturbations (Figure 4.18B), was highly 
significant in both directions (p ≤ .001), and of similar amplitude (flexion: β = 9.79 × 10⁻⁴; extension: β 
= 1.05 × 10⁻³). 

 

 

Figure 4.18. Between-participant relationship between mean peak angular displacement (°) and post-perturbation 
stabilisation time (s) for (A) flexion and (B) extension. Each point represents an individual participant’s mean level 
for a given condition (predictable, orange; uncertain, green). Solid lines depict condition-specific model fits, with 
shaded bands indicating the corresponding 95% confidence intervals. Asterisks adjacent to the axes denote the 
statistical significance of the respective model fits, while brackets indicate comparisons between fits. Scatter 
points reflect raw between-participant means and do not account for additional model coefficients, which may 
result in a visual mismatch between the fitted lines and the distribution of points. Significance codes: * p < 0.05, ** 
p < 0.01, *** p < 0.001; n.s., not significant. 

 

Within participants, block-to-block increases in peak offset range were also strongly associated with 
longer stabilisation times (β = 3.89 × 10⁻³, 95% CI = [3.33 × 10⁻³, 4.45 × 10⁻³], p < .001). This effect 
was present for both movement directions and both task conditions. Predictable and uncertain 
conditions each showed significant positive slopes in flexion and extension (p ≤ .001), demonstrating 
a block-to-block coupling between perturbation displacement and stabilisation times. Unlike at the 
between-participant level, correlations at the within-participant level were only modulated by condition 
during extension movements, resulting in a non-significant interaction between task condition and 
within-participant changes in peak angular displacement (β = −6.35 × 10⁻⁴, 95% CI = [−1.37 × 10⁻³, 
9.54 × 10⁻⁵], p = .088). For extension movements, the correlation between within-participant changes 
in peak angular displacement and post-perturbation stabilisation time was significantly stronger (β = 
2.82 × 10⁻³, 95% CI = [1.06 × 10⁻³, 4.59 × 10⁻³], p = .002, Figure 4.19B), while failing to reach 
significance for flexion (p = .777, Figure 4.19A). 
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Figure 4.19. Within-participant relationship between changes in peak joint displacement (Δ peak displacement, °) 
and post-perturbation stabilisation time (s) for (A) flexion and (B) extension. Each point represents an individual 
participant’s deviation from their own mean for a given condition (predictable, orange; uncertain, green). Full plot 
description - Figure 4.18. 

 

In the perturbation amplitude cohort, peak offset range showed a strong, highly consistent relationship 
with the outcome across both between-participant and within-participant levels, indicating that larger 
perturbation amplitudes reliably translated into larger behavioural consequences. 

At the between-participant level, individuals with larger average peak offset ranges exhibited 
significantly larger responses (β = 3.69 × 10⁻³, 95% CI = [2.79 × 10⁻³, 4.59 × 10⁻³], p < .001, Figure 
4.20). This effect was robust across movement directions and perturbation amplitudes. Simple-slope 
analyses confirmed positive effects for both flexion and extension at 1 Nm and 0.5 Nm (p ≤ .001). 
However, the strength of this relationship was systematically reduced at the higher perturbation 
amplitude, as reflected by a reduction in the predictive power of peak angular offset under the high-
amplitude condition (β = −7.54 × 10⁻⁴, 95% CI = [−9.31 × 10⁻⁴, −5.77 × 10⁻⁴], p < .001). This was 
consistent across both movement directions with each showing reduced correlation between peak 
angular displacement and post-perturbation stabilisation time in the high-amplitude condition (p ≤ .001). 
The strength of the relationship between peak angular displacement and stabilisation time diminished 
over task blocks (β = −1.56 × 10⁻⁴, 95% CI = [−3.07 × 10⁻⁴, −5.35 × 10⁻⁶], p = .042). 
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Figure 4.20. Relationship between peak joint displacement (°) and post-perturbation stabilisation time (s). 
Participant-level mean values are shown for the high-amplitude (purple) and low-amplitude (red) perturbation task 
blocks.  Full plot description - Figure 4.17. 

 

Within participants, block-to-block fluctuations in peak offset range were also strongly predictive (β = 
3.56 × 10⁻³, 95% CI = [2.84 × 10⁻³, 4.28 × 10⁻³], p < .001). Simple-slope analyses revealed significant 
positive effects in both movement directions and at both force amplitudes (p ≤ .006). The within-
participant correlations were not influenced by perturbation amplitude (β = 3.69 × 10⁻⁴, 95% CI = [−5.41 
× 10⁻⁴, 1.28 × 10⁻³], p = .425) and remained stable over task blocks (β = −3.11 × 10⁻⁴, 95% CI = [−8.00 
× 10⁻⁴, 1.77 × 10⁻⁴], p = .211). 

Peak offset range emerged as a key determinant of post-perturbation stabilisation demands. Across 
both cohorts, larger displacements were reliably associated with longer stabilisation times, indicating 
that recovery dynamics scale with the spatial magnitude of deviation. This relationship was present 
both between participants and within participants across task blocks. 

Between participants, larger average displacements predicted longer stabilisation times across 
directions. This scaling was amplified when perturbations were temporally unpredictable. Within 
participants, block-to-block increases in peak offset were similarly linked to longer stabilisation times, 
with particularly strong effects in extension under temporal uncertainty. These within-participant effects 
were often larger than between-participant effects. In the perturbation amplitude cohort, the 
displacement–stabilisation relationship weakened at higher amplitudes and over blocks, suggesting 
saturation or adaptation with experience. In contrast, within-participant coupling remained robust and 
insensitive to amplitude or practice. 

Overall, peak offset range is a strong predictor of stabilisation dynamics, reflecting both stable individual 
differences and block-level variability, with distinct modulation by temporal predictability and 
perturbation amplitude. 
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4.3.6. Relationship Between Impedance and Behavioural Responses to Perturbation  

Within the temporal predictability cohort, impedance showed a clear dissociation between between- 
and within-participant effects. At the between-participant level, higher mean impedance strongly 
predicted smaller peak angular displacements (β = −46.94, 95% CI = [−67.50, −26.37], p < .001). This 
relationship was stable across predictability condition, movement direction, task block, and higher-
order interactions (p ≥ .331), indicating a trait-like protective effect of impedance on displacement. In 
contrast, within-participant fluctuations in impedance were not associated with concurrent changes in 
displacement (β = −5.72, 95% CI = [−13.75, 2.32], p = .163). 

A complementary pattern emerged for stabilisation time. Within participants, higher-than-usual 
impedance was associated with faster stabilisation (β = −0.07, 95% CI = [−0.12, −0.03], p = .002), most 
evident in flexion under predictable timing (β = −0.10, 95% CI = [−0.18, −0.03], p = .009). This 
relationship did not differ reliably between predictability conditions (p = .831). Between-participant 
differences in impedance were unrelated to stabilisation time overall (p = .549). 

Stabilisation time showed little sensitivity to condition or direction (both p ≥ .085) but improved more 
across blocks in the predictable condition (β = −5.29 × 10⁻³, 95% CI = [−8.98 × 10⁻³, −1.60 × 10⁻³], p 
= .005). A modest direction-specific between-participant effect was observed, with higher mean 
impedance predicting longer stabilisation times in flexion than extension (β = 0.03, 95% CI = [6.54 × 
10⁻³, 0.05], p = .010). 

In the perturbation amplitude cohort, impedance was not associated with peak angular displacement 
at either the between-participant (p = .385) or within-participant level (p = .752), indicating no systematic 
effect on displacement. Between-participant impedance was also unrelated to overall stabilisation time 
(p = .900). Within participants, higher impedance showed only a weak, non-significant tendency toward 
faster stabilisation (β = −0.04, 95% CI = [−0.08, 2.90 × 10⁻³], p = .068). 

Despite the absence of a main effect, between-participant impedance showed strong context 
dependence. Mean impedance interacted with perturbation amplitude (β = −0.04, 95% CI = [−0.06, 
−0.01], p < .001), indicating different impedance–stabilisation relationships at 1 Nm and 0.5 Nm. In 
flexion, mean impedance was unrelated to stabilisation time at 1 Nm (p = .992) but tended to predict 
longer stabilisation at 0.5 Nm, with a significant difference in slopes between amplitudes (β = 0.08, 95% 
CI = [7.78 × 10⁻³, 0.15], p = .029, Figure 4.21A). A similar torque-dependent divergence was observed 
in extension (β = 0.07, 95% CI = [0.02, 0.11], p = .005, Figure 4.21B), despite non-significant simple 
slopes within each condition. 

Direction further modulated between-participant impedance effects, with higher mean impedance more 
strongly associated with longer stabilisation times in flexion than extension (β = 0.03, 95% CI = [4.08 
× 10⁻³, 0.06], p = .025). No higher-order interactions involving mean impedance were reliable. In 
contrast, within-participant impedance showed no contextual modulation, with no significant 
interactions with perturbation amplitude, direction, or their combination (p ≥ .120). 
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Figure 4.21. Between-participant relationship between Impedance (N·m·rad⁻¹) and post-perturbation stabilisation 
time (s) for (A) flexion and (B) extension. Each point represents an individual participant’s mean level for a given 
condition (high-amplitude, purple; low-amplitude, red). Full plot description - Figure 4.18. 

 

Across cohorts, a consistent dissociation emerged between the functional roles of trait-like (between-
participant) and state-dependent (within-participant) impedance, but the expression of this dissociation 
depended strongly on task structure. In the temporal predictability cohort (n = 24), between-participant 
impedance robustly constrained peak displacement, while within-participant impedance regulation 
selectively supported faster stabilisation under predictable flexion perturbations, indicating a clear 
division between structural protection and online control. In contrast, the perturbation amplitude cohort 
(n = 14) showed no reliable impedance–displacement coupling and only weak, context-fragmented 
effects on stabilisation time, with between-participant impedance influencing performance only through 
higher-order interactions with torque amplitude and direction. 

The absence of coherent effects in the amplitude cohort likely reflects both reduced statistical power 
and increased mechanical heterogeneity. The smaller sample size limited sensitivity to detect moderate 
between-participant effects, while varying perturbation amplitude altered task demands in a way that 
may have reduced the utility of impedance as a global stabilisation strategy. Under these conditions, 
impedance effects emerged only in specific mechanical contexts, rather than as stable or generalisable 
relationships.  

 

4.3.7. Stabilisation Through Antagonist Muscle Co-Contraction 

Co-contraction indices were computed at each time step during the dynamic stabilisation phase and 
then averaged across the entire window to estimate the level of muscular activity employed to 
counteract the induced instability. Averaging yielded a single value per trial that captured the overall 
level of motor activity throughout the phase, encompassing both active modulation by participants and 
transient fluctuations induced directly by the perturbations. As perturbation dynamics were identical 
across conditions except for the parameter under investigation, collapsing each trial in this manner 
preserved direct comparability between conditions. For each task block, the grand mean co-contraction 
index was calculated and baseline co-contraction was subtracted. This approach provided a 
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quantification of how co-contraction index levels were modulated during the dynamic stabilisation 
phase relative to each participant’s inherent level at rest. 

When examining the role of temporal uncertainty in modulating co-contraction index (CCI), mixed-
effects modelling indicated that the level of co-contraction induced was generally a stable characteristic 
of the condition presented (Figure 4.22B). Overall stabilisation phase CCI modulation was significantly 
lower in the predictable condition than in the uncertain condition (β = −0.03, 95% CI = [−0.06, −0.01], 
p = .018). There was no meaningful change in CCI modulation across blocks for either condition or for 
the cohort (p ≥ .544). 

Despite this clear difference in the effect size between conditions, both conditions exhibited highly 
significant CCI modulation relative to baseline when averaged across blocks (p ≤ .001) and within the 
initial block of each condition (p ≤ .001). Furthermore, modulation in the initial block did not differ 
significantly from the block-averaged modulation for either condition (p ≥ .693), providing further 
evidence that the effects of the stabilisation phase were immediate and remained stable over time. 

A supplementary analysis comparing baseline with the initial task block supported this interpretation, 
with both conditions producing a clear increase in CCI (p ≤ .002, Figure 4.22A). This simplified analysis 
suggested that the difference in CCI modulation between conditions in the initial block approached, but 
did not reach, statistical significance (p = .110, z = −1.60, r = −0.33), although the limited scope of this 
analysis may have reduced statistical power. The order of condition presentation and the total number 
of task blocks completed during the session had no meaningful effect on the degree of CCI modulation 
observed (p ≥ .465). 

 

 

Figure 4.22. (A) Mean stabilisation phase CCI at baseline (BL) and initial task block (T1) for temporally predictable 
(orange) and uncertain (green) conditions. Scatter points are individual participants. IQR displayed by box internal 
to each violin with mean indicated by the red circle and median by the yellow line. (B) Change from baseline CCI 
across task blocks divided by condition with (±SEM): predictable (orange), uncertain (green). Significance codes: 
* p < 0.05, ** p < 0.01, *** p < 0.001; n.s., not significant. 

The dynamics observed when examining the impact of perturbation amplitude were less pronounced 
than those associated with temporal uncertainty. Neither condition exhibited reliable CCI modulation in 
the initial task blocks or when averaged across conditions (p ≥ .157, Figure 4.23B). In addition, 
variation in perturbation amplitude had no significant effect on CCI modulation (p = .586). These 
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findings were supported by a supplementary analysis of the initial task blocks (Figure 4.23A). No 
significant change from baseline was observed for the 0.5 Nm perturbation condition (p = .272, z = 
−1.10, r = −0.29), whereas a trend was evident for the 1 Nm perturbation condition (p = .074, z = −1.79, 
r = −0.48). This pattern suggested that increased perturbation amplitude may influence CCI modulation, 
at least during the initial task block. However, the difference between the two amplitude conditions in 
this initial comparison was also non-significant (p = .510, z = 0.66, r = 0.18). 

No systematic trends were observed across blocks within conditions or across the session (p ≥ .586). 
However, the order in which conditions were presented significantly influenced CCI modulation. The 
second condition completed was associated with a small but statistically significant increase in CCI 
modulation compared with the first condition (β = 0.02, 95% CI = [0.00103, 0.04], p = .038). This effect 
was not sensitive to the specific condition presented and did not reflect a significant change specifically 
associated with the transition point between conditions (p ≥ .529). 

 

 

Figure 4.23. (A) Mean stabilisation phase CCI at baseline (BL) and initial task block (T1) for high-amplitude and 
low-amplitude perturbation conditions. Full plot description - Figure 4.22.  

 

Stabilisation phase co-contraction was modulated by temporal predictability but not by perturbation 
amplitude. In the predictability manipulation, CCI increased from baseline to task in both conditions, 
indicating a general shift toward greater stabilisation under perturbation. Critically, CCI was consistently 
higher under temporal uncertainty, with this elevation present from initial exposure and maintained 
across blocks. There were no differences in block-wise change or learning rate, indicating that 
uncertainty altered the co-contraction set-point rather than its evolution over time. 

In contrast, varying perturbation amplitude (0.5 vs. 1 Nm) had no reliable effect on stabilisation phase 
CCI. There were no differences in baseline-to-task change, overall co-contraction level, or block-wise 
trends, and stabilisation remained low and stable across amplitudes. This absence of amplitude effects 
suggests that co-contraction is not scaled to mechanical load within the tested range. Overall, 
stabilisation phase co-contraction reflects a context-sensitive control strategy driven by temporal 
uncertainty rather than perturbation strength. Once engaged, stabilisation levels are rapidly established 
and remain stable across repeated exposure, supporting a role for predictive structure rather than force 
scaling in shaping stabilising motor responses. 
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4.3.8. Co-Contraction and Its Contribution to Impedance Regulation and Behavioural 
Responses to Perturbations 

Across outcome measures and task structures, co-contraction showed a systematic dissociation 
between trait-like (between-participant) and state-dependent (within-participant) contributions, with its 
functional role varying across experimental cohort. 

For mechanical impedance, co-contraction did not account for stable inter-individual differences in 
either cohort. In the predictability cohort, mean co-contraction was unrelated to impedance ( p = .227), 
and this null effect was not modulated by predictability or learning (p ≥ .449). Within participants, 
increases in co-contraction were associated with modest reductions in impedance (β = −0.38, 95% CI 
= [−0.63, −0.12], p = .004), an effect that was weakly direction-dependent and most evident during 
extension. In the perturbation amplitude cohort, impedance varied strongly with perturbation amplitude 
but showed little systematic relationship with co-contraction at either the between-participant (β = 0.95, 
95% CI = [−0.79, 2.69], p = .284) or within-participant level (β = −0.06, 95% CI = [−0.72, 0.59], p = .851), 
indicating that perturbation-induced impedance largely unfolded independently of global co-contraction. 

In contrast, peak angular displacement showed a clearer coupling to co-contraction. In the predictability 
cohort, stable differences in co-contraction did not predict peak angular displacement (β = −27.48, 95% 
CI = [−83.30, 28.34], p = .334), but within-participant increases in co-contraction robustly reduced 
displacement amplitude (β = −59.80, 95% CI = [−77.56, −42.04], p < .001), with no modulation by 
predictability, direction, or task block (p ≥ .462, Figure 4.24). This pattern indicates a strongly state-
dependent role of co-contraction in limiting displacement under predictable timing. By contrast, in the 
perturbation amplitude cohort, peak offset was dominated by trait-like effects: higher mean co-
contraction predicted substantially smaller peak offsets (β = −397.32, 95% CI = [−575.44, −219.20], p 
< .001), particularly during flexion (β = −204.38, 95% CI = [−227.11, −181.64], p < .001), with little 
contribution from within-participant fluctuations (β = −34.53, 95% CI = [−95.16, 26.10], p = .263). 

 

 

Figure 4.24. Within-participant relationship between changes in stabilisation phase co-contraction (Δ CCI) and 
peak angular displacement (°) for (A) flexion and (B) extension. Each point represents an individual participant’s 
deviation from their own mean for a given condition (predictable, orange; uncertain, green). Full plot description - 
Figure 4.18. 
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A parallel dissociation emerged for post-perturbation stabilisation time. In the temporal predictability 
cohort, average co-contraction was unrelated to stabilisation speed (p = .467), whereas within-
participant increases in co-contraction reliably accelerated recovery (β = −0.28, 95% CI = [−0.38, −0.17], 
p < .001). This state-dependent effect strengthened across blocks (β = −0.13, 95% CI = [−0.20, −0.06], 
p < .001) and was most pronounced during flexion and during extension under uncertainty. In contrast, 
when perturbation amplitude varied, stabilisation time depended on both timescales: participants with 
higher average co-contraction stabilised faster overall (β = −1.04, 95% CI = [−1.63, −0.45], p < .001, 
Figure 4.25), and block-to-block increases in co-contraction further reduced stabilisation time (β = 
−0.30, 95% CI = [−0.47, −0.13], p < .001), particularly during high-amplitude extension perturbations. 

 

 

Figure 4.25. Between-participant relationship between mean stabilisation phase co-contraction (CCI) and post-
perturbation stabilisation time (s) for (A) flexion and (B) extension. Each point represents an individual 
participant’s mean level for a given condition (high-amplitude (1 Nm), purple; low-amplitude (0.5 Nm), red). Full 
plot description - Figure 4.18. 

 

Taken together, these findings indicate that co-contraction does not serve as a general determinant of 
mechanical impedance but plays outcome- and context-dependent roles in shaping perturbation 
responses. Under predictable timing, co-contraction functions primarily as a flexible, online control 
strategy that limits displacement and speeds recovery on a block-by-block basis. When mechanical 
demands vary in amplitude, co-contraction additionally operates as a tonic, trait-like strategy that 
constrains peak mechanical deviation and supports faster stabilisation. This shift underscores that the 
functional contribution of co-contraction is contingent on task structure and mechanical regime, rather 
than reflecting a unitary control mechanism. 

 

4.3.9. Summary 

This chapter examined how humans regulate mechanical impedance in response to externally applied 
mechanical perturbations, and how these outcomes are shaped by temporal predictability, perturbation 
amplitude and movement direction. Across all analyses, a consistent picture emerges in which stable 
biomechanical properties and flexible block-to-block control mechanisms play distinct and dissociable 
roles. 
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At the level of mechanical impedance, temporal predictability exerted a modest but systematic 
influence. Temporally predictable perturbations were associated with elevated impedance relative to 
temporally uncertain perturbations, an effect that reached statistical significance in extension and was 
present as a trend in flexion (Figure 4.8). Importantly, this difference was not evident in the very first 
task block, indicating that predictability-related modulation of impedance emerged with exposure rather 
than reflecting an immediate anticipatory setting. Across blocks within conditions, there was no clear 
evidence for learning or adaptation specific to temporal predictability; instead, impedance showed only 
a small global increase over the course of the experiment. Perturbation amplitude did not significantly 
modulate impedance, whereas movement direction exerted a strong and consistent influence, with 
substantially higher impedance in extension than flexion, particularly at lower amplitudes (Figure 4.9). 
These findings indicate that impedance is shaped primarily by intrinsic biomechanical and directional 
factors, with predictability exerting a secondary, experience-dependent modulation. 

In contrast, peak angular displacement was highly sensitive to task structure and perturbation 
characteristics. All perturbations reliably produced measurable displacement across cohorts, directions, 
and conditions, confirming the effectiveness of the experimental manipulations (Figure 4.10, Figure 
4.12). In the predictability cohort, displacement was larger in extension than flexion and was greater 
for the temporally predictable than uncertain condition, an effect driven primarily by extension 
movements. Notably, predictable perturbations showed no evidence of adaptation across repeated 
blocks, whereas uncertain perturbations led to progressively larger displacements over time, 
particularly in extension. This divergence suggests that uncertainty disrupts the maintenance of 
displacement-limiting strategies rather than just promoting conservative control. In the amplitude cohort, 
displacement scaled strongly with perturbation amplitude, with 1 Nm perturbations producing larger 
displacements than 0.5 Nm, again most clearly in extension. Unlike the predictability cohort, there were 
no systematic block-wise trends or ordering effects, indicating stable control once amplitude was 
established. Across both cohorts, non-parametric analyses of initial task blocks were consistent with 
the mixed-effects results, reinforcing the robustness of these findings (Figure 4.11, Figure 4.13). 

Post-perturbation stabilisation time showed a markedly different sensitivity profile. In the predictability 
cohort, stabilisation time was largely unaffected by condition, direction, or block, with only subtle 
differences emerging in the rate of change across blocks for extension movements (Figure 4.14).  
Predictable perturbation displacement remained stable over time, whereas uncertain perturbations 
were associated with gradually increasing stabilisation times. This pattern suggests a mild cumulative 
cost of uncertainty rather than adaptive improvement. In the perturbation amplitude cohort, stabilisation 
time was strongly determined by amplitude condition, with 1 Nm perturbations consistently requiring 
longer recovery than 0.5 Nm, irrespective of direction (Figure 4.15). There was no evidence of learning 
across blocks, but a clear session-order effect emerged, with faster stabilisation in whichever condition 
was completed second, indicating general task familiarisation rather than condition-specific adaptation. 
Again, non-parametric analyses of initial blocks corroborated these results (Figure 4.16). 

Integrating these outcome measures with the mixed-effects analyses of impedance-behaviour 
relationships and co-contraction, a coherent functional dissociation becomes apparent. Peak 
displacement is primarily constrained by stable, between-participant properties, such as mean 
impedance and, under higher mechanical demand, average co-contraction. By contrast, post-
perturbation stabilisation time is more strongly influenced by within-participant, block-to-block 
modulation, particularly changes in impedance and co-contraction that accelerate recovery without 
necessarily limiting initial movement. Co-contraction emerged as a flexible, context-dependent control 
mechanism - momentary increases consistently reduced displacement and stabilisation time, while 
stable individual differences in co-contraction only became behaviourally relevant when perturbation 
amplitude increased (Figure 4.25). 

Overall, these findings demonstrate that sensorimotor responses to perturbations are governed by 
multiple interacting control layers. Direction-specific biomechanics set a strong baseline for impedance 
and displacement, temporal predictability subtly biases impedance regulation with experience, and 
perturbation amplitude scales both displacement and recovery demands. Superimposed on these 
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factors, rapid modulation of impedance and co-contraction supports efficient recovery, whereas stable 
individual differences primarily shape how much the limb moves in the first place. Together, the results 
argue against a single, unitary control strategy and instead support a multi-timescale framework, in 
which impedance and muscle activation are deployed differently to manage movement amplitude and 
post-perturbation stability. 
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4.4. Voluntary Movement Motor and Behavioural Dynamics 

4.4.1. Introduction 

Following completion of the postural stabilisation phase, participants were cued to initiate voluntary 
movement through a change in the position of the visual target. Participants were naïve to the direction 
of the forthcoming voluntary movement and were not informed about the structure or timing of the 
postural stabilisation phase. This design required spontaneous modification of the prevailing motor 
context, shifting from one that demanded stability in the presence of environmental instability to one 
that required rapid and precise voluntary movement. 

This requirement for spontaneous voluntary movement, tightly coupled to the preceding stabilisation 
demands, implicitly linked the dynamics of the voluntary movement to the impedance dynamics 
established during the postural stabilisation phase. To evaluate how these dynamics shaped 
subsequent movement, key outcome measures associated with movement quality, namely accuracy, 
reaction time and movement duration, were assessed relative to baseline voluntary movements 
performed prior to exposure to stabilisation challenges. In addition, the motor dynamics of voluntary 
movement were assessed through analysis of co-contraction, evaluating whether voluntary 
movements performed after the stabilisation demands exhibited different levels of antagonist muscle 
activity compared with baseline. Finally, these performance measures and motor dynamics were 
correlated with the degree of co-contraction expressed during the stabilisation phase to determine the 
strength of the coupling between stabilisation-related motor control and subsequent voluntary 
movement dynamics. 

Overall, this exploration facilitated a precise examination of the behavioural and motor control dynamics 
fundamental to the investigation of stability–movement transitions that define the novelty of this thesis. 
Taken together, the analyses establish a coherent framework for interpreting how context-dependent 
stabilisation strategies influence subsequent voluntary action. This motor framework, in combination 
with the cortical results presented in the next chapter, provides a novel model of the sensorimotor 
dynamics underpinning impedance trade-offs across evolving motor contexts. 

 

4.4.2. Movement Accuracy 

When cued to initiate voluntary movement, participants were instructed to move to the target as quickly 
and accurately as possible and to maintain the on-target position for 1 s. The inclusion of this brief hold 
ensured that movements reached complete termination rather than just passing through the target. In 
addition, the hold period enabled clear differentiation between clean, accurate movements and less 
stable attempts that required corrective adjustments. Movement accuracy was assessed by identifying 
trials in which the movement was completed in a single, direct action. Specifically, accurate movements 
were defined as those in which the initial time point of being on target coincided with the onset of the 
final on-target hold period. This approach allowed a robust assessment of endpoint accuracy despite 
the limited range of the movements performed. 

Within the temporal predictability cohort, the dominant effect across all analyses was movement 
direction. Accuracy changes were reliably more negative during flexion than extension, indicating a 
greater reduction from baseline accuracy for flexion movements (β = −8.01, 95% CI = [−10.39, −5.62], 
p < .001, Figure 4.26). There was no evidence that temporal predictability modulated this directional 
asymmetry, as the interaction between condition and direction was not significant (p = .822). 

Within each condition, changes in accuracy did not evolve systematically across task blocks. There 
was no main effect of block within condition (p = .888) and no evidence of differential learning rates 
between predictable and uncertain conditions (p = .631). Rate-of-change contrasts computed 
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separately within each movement direction likewise revealed no reliable differences between 
conditions (p ≥ .526). Cell-wise slope estimates further confirmed the absence of meaningful within-
condition learning effects across all condition and direction combinations (p ≥ .392). 

In contrast to the absence of learning effects, substantial initial offsets from baseline accuracy were 
observed, particularly for flexion movements. At the first task block within a condition, predictable 
flexion trials showed a significant reduction in accuracy relative to baseline (β = −16.77, 95% CI = 
[−30.45, −3.09], p = .016), whereas the corresponding effect in the uncertain condition did not reach 
significance (p = .169). When evaluated across all task blocks, both predictable and uncertain flexion 
movements remained significantly below baseline (p ≤ .049). No reliable deviations from baseline were 
observed for extension movements at either the initial task block or across blocks (p ≥ .519). 

Session-level factors did not account for these effects. There was no evidence of overall task-order 
drift (p = .873), no switch cost (p = .694), and no interaction between condition and either order or 
switch terms (p ≥ .377). The condition completed second showed a trend towards reduced accuracy (β 
= −5.31, 95% CI = [−10.71, 0.08], p = .053), although this effect did not interact with condition (p = .823). 

 

 

Figure 4.26. Change from baseline accuracy (%) across experimental blocks for flexion (left) and extension (right) 
following temporally predictable (orange) and uncertain (green) perturbation conditions. Circles denote block-wise 
means and shaded regions represent variability (±SEM). For each condition-direction combination, change in 
accuracy was tested for statistical divergence from baseline (Δ ≠ 0) at the initial task block and the combination 
overall. Level effects indicate overall differences in impedance amplitude, whereas Slope effects indicate linear 
trends across repeated blocks. Significance codes: * p < 0.05, ** p < 0.01, *** p < 0.001; n.s., not significant. 

 

Non-parametric analyses of the initial task block corroborated the findings of the mixed-effects models. 
In flexion, accuracy decreased relative to baseline in the predictable condition (p = .009, z = 2.60, r = 
0.60), whereas no reliable change was observed in the uncertain condition (p = .102). Importantly, the 
between-condition comparison of baseline-corrected change scores was not significant (p = .715). In 
extension, neither condition differed from baseline (p ≥ .360), and there was no between-condition 
difference (p = .484). A complementary paired analysis likewise showed no significant baseline-to–
block 1 change in either condition (predictable: p = .082; uncertain: p = .932) and no difference between 
conditions (p = .617). 
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In contrast to the temporal predictability cohort, there was no reliable overall effect of movement 
direction in the perturbation amplitude cohort. Accuracy changes did not differ between flexion and 
extension (p = .655, Figure 4.27). There was likewise no main effect of condition, indicating that 
average accuracy changes did not differ between the 1 Nm and 0.5 Nm conditions (p = .625). 

Within conditions, there was no evidence for systematic learning or drift across blocks. The main effect 
of  task block within condition was not significant (p = .883), and slopes did not differ between conditions 
(p = .965). Rate-of-change contrasts computed separately within each movement direction also 
showed no reliable condition differences (p ≥ .728). Slope estimates confirmed the absence of 
meaningful within-condition changes over time across all condition and direction combinations (p 
≥ .627). At the initial task block, there was no clear evidence for robust deviations from baseline 
accuracy. Cell-wise tests at the first block showed that neither amplitude condition differed significantly 
from baseline in either flexion or extension (p ≥ .637). Similarly, overall accuracy did not differ from 
baseline for any condition and direction combination (p ≥ .273), indicating that accuracy remained 
broadly stable across the session. 

Although most session-level covariates were not influential, a switch-related effect was observed. 
Accuracy was reduced in the first block following a condition switch (β = −5.31, 95% CI = [−10.48, 
−0.15], p = .044), indicating a transient cost associated with transitioning between amplitude conditions. 
No overall task-order drift was evident (p = .444), and there was no main effect of whether a condition 
was completed first (p = .217).  

 

 

Figure 4.27. Change from baseline accuracy (%) across experimental blocks for flexion (left) and extension (right) 
following high-amplitude (purple) and low-amplitude (red) perturbation conditions. Full plot description - Figure 
4.26. 

However, a condition-dependent directional modulation emerged in the interaction terms. Specifically, 
the interaction between condition and movement direction reached significance (β = −2.58, 95% CI = 
[−5.12, −0.04], p = .046), and this effect was further qualified by a strong three-way interaction with 
condition order (β = 6.78, 95% CI = [4.24, 9.32], p < .001). Together, these interactions indicate that 
directional differences in accuracy depended on both preceding perturbation amplitude and whether 
the condition was performed first or second, rather than reflecting a stable, direction-specific effect. 
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Non-parametric analyses of the initial task block were consistent with the model-based results. In 
flexion, neither the 1 Nm nor the 0.5 Nm condition differed significantly from baseline (1 Nm: p = .093, 
0.5 Nm: p = .624), and the between-condition comparison of baseline-corrected change scores was 
not significant (p = .142). In extension, no within-condition differences from baseline were observed (p 
≥ .509), and there was no between-condition difference (p = .730). Paired violin analyses similarly 
showed no significant baseline-to–block 1 changes within either torque condition (1 Nm: p = .286; 0.5 
Nm: p = .975) and no difference between conditions (p = .330). 

Across both cohorts, change-from-baseline accuracy during voluntary movement was not reliably 
modulated by condition and showed no evidence of within-condition learning. In both datasets, block-
wise slopes were near zero and did not differ between conditions, indicating that accuracy did not 
systematically improve or degrade with exposure. 

The cohorts diverged in the role of movement direction. In the predictability cohort, accuracy showed 
a robust and stable directional asymmetry, with substantially larger reductions from baseline during 
flexion than extension that were present from the first block and persisted across the session. This 
effect was independent of condition and was confirmed by both model-based and nonparametric 
analyses. In contrast, the amplitude cohort showed no overall directional effect, with flexion and 
extension exhibiting comparable changes from baseline. 

Initial-block effects were likewise cohort-specific. The predictability cohort exhibited clear early 
accuracy costs in flexion, particularly in the predictable condition, although these did not translate into 
reliable between-condition differences. The amplitude cohort showed no consistent deviations from 
baseline at initial exposure in either direction or condition. Session-level structure played a limited role 
overall. Neither cohort showed evidence of global task-order drift or condition-dependent learning, but 
the perturbation amplitude cohort exhibited a transient switch cost following condition changes, along 
with higher-order interactions involving direction and period that did not reflect stable condition effects. 

Taken together, the results indicate that direction-specific control demands, rather than temporal 
predictability or perturbation amplitude, dominated accuracy changes when present, whereas in their 
absence accuracy remained largely stable. Across cohorts, condition manipulations did not produce 
reliable or sustained effects on voluntary movement accuracy.  

 

4.4.3. Reaction Time 

Reaction time was calculated as the interval between presentation of the visual movement cue and 
movement initiation, following the methodology outlined in Voluntary Movement Onset Detection and 
Trial Validation. Under this approach, no distinction was made between cognitive processing time and 
the initiation of overt movement. Accordingly, the reaction time measure encapsulates the full duration 
required for the sensorimotor system to respond to a novel movement imperative. 

Within the temporal predictability cohort, reaction time (RT) exhibited a clear and robust pattern of early 
slowing relative to baseline, accompanied by modest but consistent effects of condition and movement 
direction, and little evidence of learning across task blocks. Across the experimental session, RTs were 
reliably longer in the uncertain condition than in the predictable condition (β = −0.01, 95% CI = [−0.02, 
−4.58 × 10⁻³], p = .002, Figure 4.28). This effect did not depend on movement direction, indicating 
generally faster responses following predictable stabilisation challenges. In addition, RTs were slightly 
but significantly longer during flexion than extension. Although small in amplitude, this effect was 
consistent (β = 3.80 × 10⁻³,  95% CI = [7.88 × 10⁻⁴, 0.01], p = .014). There was no evidence that 
temporal predictability differentially modulated flexion relative to extension, as the condition-by-
direction interaction was negligible (p ≥ .980). 
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Figure 4.28. Change from baseline reaction time (s) across experimental blocks for flexion (left) and extension 
(right) following temporally predictable (orange) and uncertain (green) perturbation conditions. Full plot 
description - Figure 4.26. 

 

From the initial task block, RTs increased sharply relative to baseline across all conditions and 
movement directions. Cell-wise estimates at the first block revealed large and highly reliable increases 
in reaction time for both predictable and uncertain conditions in flexion and extension (p ≤ .001). These 
effects persisted across subsequent task blocks, indicating that reaction times remained elevated 
above baseline throughout the session. Non-parametric analyses of the initial block confirmed these 
findings, with robust baseline-to–block increases observed in both conditions and directions (p ≤ .001, 
(Figure 4.29). Importantly, although reaction times increased markedly from baseline, the amplitude of 
this initial slowing did not differ between conditions, as between-condition comparisons of baseline-
corrected change scores were not significant for either movement direction (p ≥ .265). 
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Figure 4.29. Contrasts in reaction time (s) between baseline blocks and initial task blocks for (A) flexion and (B) 
extension after temporally predictable (orange) and uncertain (green) perturbation conditions. BL = baseline, T1 = 
initial task block.  Half-violin plots illustrate the distribution of individual participant values. Overlaid dots represent 
individual observations, with lines connecting paired measurements. Red circles indicate condition means and 
yellow horizontal lines indicate medians. Brackets denote statistical comparisons between associated BL and T1 
groups, with an additional contrast between BL-T1 pairings. Significance codes: * p < 0.05, ** p < 0.01, *** p < 0.001; 
n.s., not significant. 

Despite the pronounced initial offset, there was no evidence of systematic learning or recovery across 
task blocks. RT did not change reliably as a function of block within condition (p = .505). Block-wise 
slopes also did not differ significantly between predictable and uncertain conditions, although a robust 
trend suggested divergent trajectories across task blocks (β = −3.36 × 10⁻³, 95% CI = [−0.01, 7.36 × 
10⁻⁵], p = .055). Direction-specific rates of change were likewise non-significant (p ≥ .513), and cell-
wise slope estimates showed no reliable decreases in reaction time over time (p ≥ .110). Taken together, 
these results indicate that the early increase in RT was sustained rather than progressively diminishing 
with repeated exposure. 

Session-level structure contributed minimally. There was no overall effect of completing a condition first 
(p = .675), no global task-order drift (p = .259), and no switch-related cost (p = .820). One exception 
was a modest interaction between condition and task order (β = -3.58  × 10⁻³ , 95% CI = [-0.01, -1.04 
× 10⁻³], p = .006), suggesting slightly greater RT reductions over the session in the predictable condition, 
though this did not manifest as a clear block-wise learning effect. 

For the perturbation amplitude cohort, RT again showed a strong initial increase relative to baseline, 
but the structure of the effects differed from the predictability cohort, with clearer contributions from 
movement direction and session-level factors and little influence of perturbation amplitude. 

Across the session, RTs were consistently longer during flexion than extension, indicating slower 
response initiation for flexion movements regardless of prior perturbation amplitude (β = 0.01, 95% CI 
= [3.30 × 10⁻³, 0.01], p < .001, Figure 4.30). In contrast, there was no main effect of perturbation 
amplitude on RT, with comparable response times in the 1 Nm and 0.5 Nm conditions (p = .328). The 
condition-by-direction interaction was also not significant (p ≥ .169), indicating that perturbation 
amplitude did not differentially affect RTs in flexion versus extension. 
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Figure 4.30. Change from reaction time (s) across experimental blocks for flexion (left) and extension (right) 
following high-amplitude (purple) and low-amplitude (red) perturbation conditions. Full plot description - Figure 
4.26. 

 

For the initial task block, RTs increased markedly relative to baseline across conditions and movement 
directions. Cell-wise analyses showed significant first-block increases in RT for flexion in both 
amplitude conditions (p ≤ .002) and for extension in the 1 Nm condition (β = 0.04, 95% CI = [0.02, 0.07], 
p < .001), with a weaker, non-significant effect for extension at 0.5 Nm (p = .207). These elevations 
persisted across subsequent task blocks, with RTs remaining significantly above baseline in flexion for 
both conditions and in extension for the 1 Nm condition (p ≤ .008).  

Non-parametric analyses of the initial task block confirmed these results, revealing significant baseline 
to initial task block increases in RT in flexion for both torque levels (p ≤ .009, Figure 4.31A) and in 
extension for the 1 Nm condition (p = .006, Figure 4.31B). Importantly, between-condition comparisons 
of baseline-corrected change scores were not significant for either movement direction (p ≥ .778), 
indicating that perturbation amplitude did not influence the amplitude of the initial slowing in RT.  
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Figure 4.31. Contrasts in reaction time (s) between baseline blocks and initial task blocks for (A) flexion and (B) 
extension after high-amplitude (purple) and low-amplitude (red) perturbation conditions. Full plot description - 
Figure 4.29. 

 

Unlike the predictability cohort, there was evidence of a modest reduction in RT across task blocks that 
was independent of condition when perturbation amplitude was altered. Within condition, a small but 
significant negative effect of block was observed (β = −4.02 × 10⁻³, 95% CI = [−0.01, −4.69 × 10⁻⁴], p 
= .027). At the global level, RT similarly decreased with the total number of task blocks completed (β = 
−4.20 × 10⁻³, 95% CI = [−0.01, −1.02 × 10⁻³], p = .010), indicating gradual speeding with practice. 
However, this recovery did not differ between torque conditions (p = .877) or between flexion and 
extension (p = .740), and condition-specific rates of change within each movement direction were non-
significant (p ≥ .446). 

Session structure further modulated RT. RTs were longer when a condition was performed second (β 
= 0.01, 95% CI = [4.72 × 10⁻³, 0.01], p < .001), and flexion-specific slowing was accentuated during 
the second period (β = 0.01, 95% CI = [3.08 × 10⁻⁴, 0.01], p = .041). A significant interaction between 
condition, movement direction, and task order (β = −4.43 × 10⁻³, 95% CI = [−0.01, −9.91 × 10⁻⁴], p 
= .012) indicated that flexion-related slowing depended jointly on perturbation amplitude and session 
order, rather than reflecting a stable effect of perturbation amplitude alone. 

Across cohorts, RT showed a highly consistent task-onset cost, with marked increases relative to 
baseline appearing in the very first block and persisting throughout the session. This initial RT elevation 
was large, reliable, and present across conditions and movement directions. Nonparametric analyses 
confirmed that the magnitude of this change did not differ between experimental conditions. This 
indicates that the dominant RT effect reflected engagement with the task context itself rather than 
predictability or torque amplitude. 

Beyond this shared onset effect, the cohorts diverged in how RT was structured by direction and 
practice. In the temporal predictability cohort, RT differences were largely static offsets: responses were 
consistently faster in the predictable condition than in the uncertain condition and slightly slower during 
flexion than extension, but there was no meaningful reduction in RT across blocks, indicating little 
evidence for learning or recovery once the initial slowing had occurred. Temporal predictability 
influenced overall response speed but did not alter how RT evolved with experience. 
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In contrast, the perturbation amplitude cohort showed no reliable condition effect on RT, but exhibited 
a robust and consistent directional asymmetry, with flexion movements eliciting longer RTs than 
extension. Importantly, this cohort also showed gradual RT shortening with practice, reflected in both 
block-within-condition and global task-order effects, indicating partial recovery from the initial slowing 
over the course of the session. These practice effects were direction- and condition-independent. 

Taken together, the cross-cohort pattern indicates that RT during voluntary movement is dominated by 
a large, nonspecific task-onset cost, while secondary structure depends on cohort-specific factors. 
Temporal predictability modulated overall RT,  whereas directional control demands and practice-
related speeding were more prominent in the perturbation amplitude cohort. Across both cohorts, 
experimental condition manipulations did not systematically alter RT learning rates, suggesting that RT 
primarily reflects global engagement and directional control demands rather than adaptation to 
predictable versus stronger perturbations. 

 

4.4.4. Movement Duration 

Movement duration was quantified as the interval between movement initiation and the first time point 
at which participants successfully maintained the on-target position for the required 1 s hold. As such, 
movement duration reflected the total time required to accurately complete the voluntary movement, 
inclusive of any time necessary to perform corrective adjustments. In this way, the duration 
encapsulated both the initial transport phase of the movement and any subsequent refinement required 
to achieve a stable and accurate endpoint. 

For the predictability cohort, change-from-baseline movement duration exhibited a clear pattern of early, 
condition-independent slowing, with little evidence of sustained learning or directional modulation 
across task blocks. Movement duration did not differ reliably between flexion and extension, nor did it 
depend on condition (p ≥ .389, Figure 4.32). Likewise, there was no evidence that movement duration 
changed systematically across blocks within a condition (p = .601), or that block-wise slopes differed 
between predictable and uncertain conditions (p = .838). Rate-of-change contrasts within flexion and 
extension were similarly non-significant (p ≥ .401), indicating an absence of condition-dependent 
learning effects. 

Despite the absence of sustained effects, robust initial increases in movement duration relative to 
baseline were evident. At the first task block, the predictable condition showed significant slowing in 
both flexion (β = 0.18,  95% CI = [0.05, 0.32], p = .008) and extension (β = 0.26, 95% CI = [0.13, 0.40], 
p < .001). In contrast, the initial task blocks in the uncertain condition did not elicit comparable increases 
in movement duration for either flexion or extension (p ≥ .217). When evaluated across task blocks, 
movement duration remained significantly elevated above baseline in the predictable condition for both 
movement directions (p ≤ .010), whereas effects in the uncertain condition did not reach statistical 
significance (p ≥ .090). 
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Figure 4.32. Change from baseline movement duration (s) across experimental blocks for flexion (left) and 
extension (right) following temporally predictable (orange) and uncertain (green) perturbation conditions. Full plot 
description - Figure 4.26. 

Nonparametric analyses of the initial task block corroborated these findings for the predictable 
condition. Relative to baseline, movement duration increased reliably in predictable trials for both 
flexion (p = .004, z = −2.91, r = −0.59, Figure 4.33A) and extension (p = .037, z = −2.09, r = −0.43, 
Figure 4.33B). In the uncertain condition, a significant increase was observed in flexion that was not 
detected in the full model (p = .043, z = −2.03, r = −0.41), whereas extension remained non-significant 
(p = .391). Importantly, between-condition comparisons of baseline-corrected change scores were not 
significant for either movement direction (flexion: p = .775; extension: p = .170), indicating that 
predictability did not modulate the amplitude of the initial slowing in movement duration. 
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Figure 4.33. Contrasts in movement duration (s) between baseline blocks and initial task blocks for (A) flexion and 
(B) extension after temporally predictable (orange) and uncertain (green) perturbation conditions. Full plot 
description - Figure 4.29. 

Session-level factors played a minor role in shaping movement duration. There was no evidence of 
global task-order drift (p = .438), no main effect of period in the global model (p = .527), and no switch-
related effect on movement duration (p = .575). A small interaction between condition and switch status 
emerged in the global model (β = 0.05, 95% CI = [4.74 × 10⁻³, 0.10], p = .032); however, this effect was 
not reflected in consistent block-wise or direction-specific patterns. 

 
For the perturbation amplitude cohort, change-from-baseline movement duration remained largely 
stable across conditions, directions, and blocks, with no evidence for sustained learning or condition-
dependent modulation. Movement duration did not differ reliably between flexion and extension, 
although a weak trend toward shorter durations in flexion was observed (β = −0.02, 95% CI = [−0.05, 
0.002], p = .071, Figure 4.34). There was no main effect of torque condition (p = .147), no overall period 
effect (p = .190), and no evidence of overall session drift (p = .176). Switch-related effects were modest 
and did not reach significance in the global model (p = .087).  
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Figure 4.34. Change from baseline movement duration (s) across experimental blocks for flexion (left) and 
extension (right) following high-amplitude (purple) and low-amplitude (red) perturbation conditions. Full plot 
description - Figure 4.26. 

 

There were systematic changes in movement duration across blocks within condition (p = .618), no 
condition-block interaction (p = .270), and no rate-of-change differences between conditions within 
either flexion or extension (flexion: p = .345; extension: p = .390). Cell-wise slope estimates confirmed 
the absence of meaningful learning effects across all condition-direction combinations (p ≥ .319). 

Unlike the predictability cohort, there was no reliable initial slowing relative to baseline. Cell-wise tests 
showed that movement duration at the first task block did not differ significantly from baseline in either 
torque condition or movement direction (p ≥ .402). Estimates over task blocks were likewise 
nonsignificant across all cells (p ≥ .236), indicating stable execution timing throughout the session. One 
consistent session-structure effect emerged in the within-condition model. Movements were shorter on 
the very first block within a condition (β = −0.10, 95% CI = [−0.17, −0.03], p = .003) and longer on the 
first block following a condition switch (β = 0.13 , 95% CI = [0.03, 0.22], p = .008). These effects indicate 
transient adjustments associated with task structure rather than learning or stable condition-related 
differences. Higher-order interactions involving direction, condition, and period reached significance, 
most notably a condition-direction-order interaction (β = -0.04, 95% CI = [-0.06, -0.01], p = .008). 
However, these interactions were not accompanied by consistent simple effects at the block or cell 
level and therefore do not reflect stable differences in movement duration between torque conditions. 

Nonparametric analyses of the initial block were consistent with the model-based findings. No within-
condition baseline differences were observed in flexion (1 Nm: p = .363; 0.5 Nm: p = .975) or extension 
(1 Nm: p = .064; 0.5 Nm: p = .300), and between-condition comparisons of baseline-corrected changes 
were nonsignificant in both directions (flexion: p = .730; extension: p = .551). 

Across cohorts, movement duration showed a consistent pattern of minimal sensitivity to experimental 
manipulations and no evidence of learning across blocks, with cohort-specific differences confined to 
transient, early-session effects. 

In the temporal predictability cohort, movement duration increased reliably relative to baseline at task 
onset, producing a clear initial slowing that was evident in both flexion and extension and most 
pronounced in the predictable condition. These increases were present from the first block and 
persisted at the session reference point but did not evolve across blocks and did not differ reliably 
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between conditions or movement directions. Nonparametric analyses confirmed these early duration 
increases, while mixed-effects models showed no sustained condition-, direction-, or block-dependent 
modulation. 

In contrast, the perturbation amplitude cohort showed no reliable change in movement duration from 
baseline at either initial exposure or across the session. Movement duration remained stable across 
torque conditions, directions, and blocks, with no evidence of systematic learning or condition effects. 
Instead, the only consistent influences were transient structure-related effects, with shorter movements 
on the very first block within a condition and longer movements immediately following condition 
switches. 

Taken together, these findings indicate that movement duration is largely robust to temporal 
predictability and torque amplitude manipulations and does not exhibit gradual adaptation with practice. 
When present, changes in movement duration appear as early, nonspecific adjustments to task 
engagement or brief responses to condition transitions, rather than sustained, condition-dependent 
changes in voluntary movement execution. 

 

4.4.5. Do Delayed Reaction Times and Longer Movement Durations Reflect a Combined 
Slowed Moment State? 

This analysis tested whether RT covaried with subsequent movement duration, separating stable 
between-participant differences from within-participant block-to-block fluctuations, to evaluate whether 
delayed initiation and prolonged execution reflect a unified slowed motor state. 

In the temporal predictability cohort, movement duration was strongly predicted by baseline duration 
(β = 0.36, 95% CI = [0.21, 0.51], p < .001), indicating stable individual timing characteristics. At the 
between-participant level, average RT was not reliably related to movement duration (p = .145), and 
this null relationship was consistent across predictability, movement direction, and block (p ≥ .630). 
Simple-slope analyses confirmed that participants with generally slower RTs did not systematically 
execute longer movements in any condition (p ≥ .690). 

In contrast, within-participant fluctuations in RT showed a robust state-dependent coupling with 
movement duration. Block-to-block increases in RT predicted longer movement durations (β = 1.16, 
95% CI = [0.54, 1.79], p < .001). This effect was direction dependent, being stronger during extension 
than flexion (β = −0.65, 95% CI = [−1.27, −0.03], p = .039). Simple slopes showed reliable coupling 
during extension in both predictable (β = 1.25, 95% CI = [0.04, 2.46], p = .043) and uncertain conditions 
(β = 2.38, 95% CI = [1.01, 3.74], p < .001), with no corresponding effects in flexion. These results 
indicate a tight, state-dependent linkage between preparation and execution timing that was largely 
insensitive to temporal predictability. 

In the perturbation amplitude cohort, baseline movement duration again strongly predicted movement 
duration (β = 0.36, 95% CI = [0.21, 0.51], p < .001). However, neither between-participant nor within-
participant RT showed a reliable main effect (Between: p = .680, Within: p = .907). Thus, unlike the 
predictability cohort, there was no evidence for a general state-dependent coupling between RT and 
movement duration. Instead, RT effects in the amplitude cohort were context specific. A significant 
interaction between perturbation amplitude, movement direction, and mean RT (β = 0.62, 95% CI = 
[0.10, 1.15], p = .020) indicated that stable RT differences predicted movement duration only under 
particular mechanical conditions. In flexion, higher mean RT tended to predict longer durations at 1 Nm 
(β = 0.88, 95% CI = [-0.36, 2.12], p = .164) but shorter durations at 0.5 Nm (β = −1.11, 5% CI [-2.42, 
0.21],  p = .099), with a reliable divergence between torque levels (β = −1.99, 95% CI = [−3.38, −0.59], 
p = .005). No corresponding effects were observed in extension, and within-participant RT showed no 
contextual modulation (p ≥ .283). 
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In summary, the relationship between RT and movement duration depended strongly on task structure. 
In the temporal predictability cohort, delayed RTs and prolonged movement duration covaried 
dynamically within individuals, consistent with a transient slowed motor state linking preparation and 
execution. When perturbation amplitude was varied, this state-dependent coupling disappeared, and 
RT influenced movement duration only through context-specific trait differences.  

 

4.4.6. Co-Contraction During Movement 

For the temporal predictability cohort, change-from-baseline co-contraction during movement showed 
a selective dependence on movement direction and predictability, with little evidence for learning across 
blocks and no consistent global session effects. 

Across the cohort, co-contraction was lower during flexion than extension (β = −0.01, 95% CI = [−0.02, 
−4.75 × 10⁻³], p = .002, Figure 4.35). However, this directional asymmetry was strongly modulated by 
predictability. Although no significant difference was observed between flexion movements following 
the uncertain and predictable stabilisation conditions (p = .461), a significant condition-dependent 
modulation of co-contraction was evident for extension movements (β = −0.02, 95% CI = [−0.05, −6.48 
× 10⁻⁴], p = .044). Overall, only extension movements following uncertainty demonstrated a significant 
deviation from baseline co-contraction levels. This increase was significant in the initial task block (β = 
0.05, 95% CI = [1.75 × 10⁻⁴, 0.11], p = .049) but fell marginally short of conventional significance when 
assessed across all task blocks (β = 0.04, 95% CI = [−7.20 × 10⁻⁴, 0.08], p = .054). 

Despite these directional effects, neither any condition-by-direction combination nor the overall effect 
showed significant change across task blocks (p ≥ .545), resulting in nonsignificant differences between 
slopes (p ≥ .91). Session-level factors did not contribute meaningfully. There were no effects of 
condition order, total block count, or conditional switch effects (p ≥ .480), and no evidence that these 
factors interacted with condition or direction in a way that explained the observed effects. 

 

 

Figure 4.35. Change from baseline co-contraction (CCI) across experimental blocks for flexion (left) and extension 
(right) following temporally predictable (orange) and uncertain (green) perturbation conditions. Full plot 
description - Figure 4.26. 
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Nonparametric analyses of the initial block broadly supported the observations made in the mixed 
models. No baseline differences were observed in flexion for either condition (p ≥ .59, Figure 4.36A). 
In extension, co-contraction increased relative to baseline in the uncertain condition (p = .005, z = 2.83, 
r = 0.58, Figure 4.36B) and showed a trend in the predictable condition (p = .059). Importantly, the 
between-condition comparison of baseline-corrected change scores in extension was significant (p 
= .037, z= 2.09, r = 0.43), indicating greater early co-contraction increases under uncertain dynamics. 

 

 

Figure 4.36. Contrasts in movement co-contraction (CCI) between baseline blocks and initial task blocks for (A) 
flexion and (B) extension after temporally predictable (orange) and uncertain (green) perturbation conditions. Full 
plot description - Figure 4.29. 

 
For the perturbation amplitude cohort, change-from-baseline co-contraction during movement was 
dominated by a strong and consistent directional effect, with additional evidence for modest practice-
related reductions and minimal influence of perturbation amplitude. Across the session, co-contraction 
was substantially lower during flexion than extension, irrespective of stabilisation phase condition. This 
effect was large and highly reliable (β = −0.04, 95% CI = [−0.04, −0.03], p < .001, Figure 4.37). Only 
flexion movements showed significant deviations in co-contraction relative to baseline, with reductions 
that were significant for both conditions at the initial task block and when assessed across all task 
blocks (p ≤ .012). Unlike the predictability cohort, this directional asymmetry was not strongly modulated 
by condition, although a moderate trend suggested direction-dependent condition effects (β = −0.01, 
95% CI = [−0.02, 2.88 × 10⁻⁴], p = .058). In addition, there was no overall effect of perturbation 

amplitude on the movement co-contraction index (p = .349). 

Movement co-contraction did not show systematic adaptation across repeated task blocks (p = .129) 
and exhibited no significant differences in the rate of change between condition-specific slopes for 
either movement direction (p ≥ .215). Despite this lack of significant divergence, there was a significant 
reduction in CCI for flexion movements following the high amplitude condition over repeated task blocks 
(β = -0.02, 95% CI = [-0.03, -1.54 × 10⁻³], p = .031), suggesting modest adaptation under higher torque 
demands. 
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Figure 4.37. Change from baseline co-contraction (CCI) across experimental blocks for flexion (left) and extension 
(right) following high-amplitude (red) and low-amplitude (purple) perturbation conditions. Full plot description - 
Figure 4.26. 

Session-structure effects were minor. Effects of condition order were weak, and no reliable switch-
related costs were observed (p ≥ .082). Higher-order interactions involving condition, movement 
direction, and period approached statistical significance in several cases (p ≥ .058) but were not 
accompanied by consistent or interpretable simple effects. When evaluated across the session, the co-
contraction index gradually decreased over repeated task blocks (β = −0.01, 95% CI = [−0.02, −2.96 × 
10⁻⁴], p = .042), suggesting an overall increase in task familiarity and a reduction in motor impairment. 

Nonparametric analyses of the initial task block were broadly consistent with the model-based results. 
In flexion, co-contraction increased relative to baseline in the 1 Nm condition (p = .022, z = 2.29, r = 
0.61, Figure 4.38A), whereas no reliable change was observed in the 0.5 Nm condition (p = .198). In 
extension, neither condition differed from baseline (p ≥ .551, Figure 4.38B), and there were no 
between-condition differences in baseline-corrected change scores for either direction (p ≥ .683). 
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Figure 4.38. Contrasts in movement co-contraction (CCI) between baseline blocks and initial task blocks for (A) 
flexion and (B) extension after high-amplitude (purple) and low-amplitude (red) perturbation conditions. Full plot 
description - Figure 4.29. 

 

Across cohorts, voluntary co-contraction was dominated by movement direction, with consistently lower 
coactivation during flexion than extension. This directional asymmetry was robust across sessions, 
indicating a stable biomechanical or control-related difference rather than an effect of experimental 
manipulation. 

Cohorts differed in how task context modulated this pattern. In the temporal predictability cohort, the 
flexion-related reduction in co-contraction was strongly shaped by predictability: uncertainty 
accentuated the flexion–extension contrast and selectively increased early co-contraction during 
extension, consistent with transient stiffening under uncertain dynamics. These effects emerged early 
and showed no evidence of learning across blocks. In contrast, the perturbation amplitude cohort 
exhibited a more uniform pattern that was largely insensitive to torque level. Flexion-related reductions 
were present from the outset, with only small practice-related decreases in co-contraction over time, 
particularly under higher torque. 

Overall, co-contraction during voluntary movement reflected stable, direction-specific control strategies. 
Task uncertainty modulated early stiffness regulation, while practice produced only minor reductions in 
coactivation. Neither predictability nor torque amplitude drove sustained adaptation, indicating that co-
contraction was governed primarily by baseline control demands rather than experimental context. 

 

4.4.7. Does Stabilisation Phase Co-Contraction Persist into Voluntary Movement? 

This analysis tested whether co-contraction during the postural stabilisation phase predicted co-
contraction during the subsequent voluntary movement, indicating a carryover of motor state across 
task phases, while accounting for task condition, movement direction, task block, and baseline 
movement-phase co-contraction. 

In the temporal predictability cohort, baseline movement phase co-contraction was a strong predictor 
of subsequent co-contraction (β = 0.37 , 95% CI = [0.31, 0.43], p < .001), indicating stable individual 
activation patterns across phases. At the between-participant level, higher average stabilisation phase 
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co-contraction predicted higher average movement phase co-contraction (β = 0.20, 95% CI = [0.09, 
0.32], p < .001). This relationship was strongly direction dependent, being present during extension but 
not flexion (β = −0.17, 95% CI = [−0.21, −0.13], p < .001). Simple slopes confirmed robust associations 
during extension under both predictable (β = 0.32, 95% = CI [0.18, 0.45], p < .001) and uncertain 
conditions (β = 0.43, 95% CI = [0.30, 0.57], p < .001, Figure 4.39B). 

 

 

Figure 4.39. Between-participant relationship between stabilisation phase co-contraction (CCI) and voluntary 
movement co-contraction (CCI) for (A) flexion and (B) extension. Each point represents an individual participant’s 
mean level for a given condition (predictable, orange; uncertain, green). Solid lines depict condition-specific model 
fits, with shaded bands indicating the corresponding 95% confidence intervals. Asterisks adjacent to the axes 
denote the statistical significance of the respective model fits, while brackets indicate comparisons between fits. 
Scatter points reflect raw between-participant means and do not account for additional model coefficients, which 
may result in a visual mismatch between the fitted lines and the distribution of points. Significance codes: * p < 
0.05, ** p < 0.01, *** p < 0.001; n.s., not significant. 

 

Within participants, block-to-block increases in stabilisation phase co-contraction strongly predicted 
increases in movement-phase co-contraction (β = 0.50, 95% CI = [0.36, 0.63], p < .001). This carryover 
was robust during extension in both predictable (β = 0.64, 95% CI = [0.35, 0.93], p < .001) and uncertain 
conditions (β = 0.58, 95% CI = [0.26, 0.79], p < .001). During flexion, the effect was present only under 
temporal uncertainty (β = 0.53, 95% CI = [0.32, 0.85], p < .001). 

In the perturbation amplitude cohort, baseline movement phase co-contraction was again the dominant 
predictor (β = 0.70, 95% CI = [0.63, 0.76], p < .001, Figure 4.40). Between participants, average 
stabilisation phase co-contraction robustly predicted movement phase co-contraction (β = 0.40, 95% 
CI = [0.21, 0.59], p < .001), with a weaker association during flexion than extension (β = −0.09, 95% CI 
= [−0.17, −0.005], p = .036). Simple slopes were significant across all amplitude–direction combinations, 
strongest during extension at both 1 Nm (β = 0.50, 95% CI = [0.27, 0.74], p < .001) and 0.5 Nm (β = 
0.47, 95% CI = [0.24, 0.70], p < .001). Within participants, block-to-block increases in stabilisation 
phase co-contraction reliably predicted movement phase co-contraction across both amplitudes and 
directions (β = 0.55, 95% CI = [0.34, 0.76], p < .001), with no reliable amplitude-dependent differences. 
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Figure 4.40. Relationship between stabilisation phase co-contraction (CCI) and movement phase co-contraction 
(CCI). Participant-level mean values are shown for the high-amplitude (purple) and low-amplitude (red) task blocks. 
The solid black line represents the model-estimated main effect across conditions, with the shaded band indicating 
the 95% confidence interval. The asterisk denotes the significance of the overall model effect. Significance codes: 
* p < 0.05, ** p < 0.01, *** p < 0.001; n.s., not significant. 

 

Across cohorts, a consistent pattern emerged: co-contraction during the stabilisation phase strongly 
and reliably carried over into voluntary movement. This continuity was evident both in stable individual 
differences and in block-to-block fluctuations across both the temporal predictability and perturbation 
amplitude cohorts. This relationship was modestly modulated by movement direction. There was no 
evidence for a reset of co-contraction between task phases. Instead, co-contraction appears to reflect 
a persistent control state that bridged reactive and voluntary motor behaviour. 

 

4.4.8. Does Stabilisation Phase Co-Contraction Drive Voluntary Movement Impairment? 

This analysis tested whether co-contraction during the perturbation phase predicted subsequent 
voluntary RT and movement duration, while accounting for task condition, movement direction, task 
block, and baseline performance. 

In the temporal predictability cohort, stabilisation phase co-contraction showed a selective relationship 
with voluntary RT. Between participants, average co-contraction did not reliably predict RT (p = .296), 
although predictability moderated this relationship: higher average co-contraction was associated with 
shorter RTs in the temporally predictable relative to the temporally uncertain condition (β = −0.03, 95% 
CI = [−0.05, −0.01], p = .001). Within participants, block-to-block increases in co-contraction predicted 
faster reactions (β = −0.09, 95% CI = [−0.16, −0.02], p = .010), an effect most evident during flexion in 
the predictable condition (β = −0.21, 95% CI = [−0.37, −0.06], p = .007, Figure 4.41A). The coupling 
between RT and co-contraction also decreased across task blocks in the temporally predictable 
condition but not under the uncertain condition (β = −3.30 × 10⁻³, 95% CI = [−5.58 × 10⁻³, −1.03 × 10⁻³], 
p = .004). Together, these findings indicate that transient increases in co-contraction were associated 
with enhanced readiness for voluntary action, particularly when perturbations were temporally 
predictable.  
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Figure 4.41. Within-participant relationship between stabilisation phase co-contraction (∆ CCI) and voluntary 
movement reaction time (s) for (A) flexion and (B) extension. Full plot description - Figure 4.39.  

 

For voluntary movement duration in the same cohort, baseline timing strongly predicted subsequent 
duration (β = 0.37, 95% CI = [0.22, 0.52], p < .001). Average stabilisation phase co-contraction did not 
predict movement duration (p = .944), although direction and predictability condition modulated this 
relationship: higher co-contraction was associated with longer durations during flexion relative to 
extension (β = 0.15, 95% CI = [0.01, 0.28] , p = .033), an effect amplified in the predictable condition 
(β = 0.21, 95% CI = [0.07, 0.35], p = .003). Within participants, co-contraction showed little systematic 
influence, with one context-specific effect whereby greater co-contraction predicted shorter durations 
during extension following temporal uncertainty (β = −1.19, 95% CI = [−2.11, −0.26], p = .012). Overall, 
movement duration was only weakly and contextually related to co-contraction. 

In the perturbation amplitude cohort, voluntary RT and movement duration were largely independent 
of stabilisation phase co-contraction. RT was dominated by baseline response speed (β = 0.20, 95% 
CI = [0.03, 0.37], p = .025), with no reliable between- or within-participant effects of co-contraction (p 
≥ .187). Similarly, movement duration was strongly predicted by baseline timing (β = 0.29, 95% CI = 
[0.15, 0.43], p < .001) , but not by co-contraction at either the between-participant or within-participant 
level (p ≥ .456). No consistent modulation by perturbation amplitude was observed. 

In summary, stabilisation phase co-contraction influenced subsequent voluntary behaviour primarily in 
the temporal predictability cohort, where transient increases were associated with faster reactions and, 
in limited contexts, shorter movements. When perturbation amplitude was manipulated, voluntary RT 
and movement duration were largely insensitive to co-contraction and instead reflected stable timing 
characteristics and movement direction. These findings suggest that co-contraction carries forward into 
voluntary motor preparation chiefly under predictable temporal structure, with little impact on voluntary 
timing when mechanical demands vary in amplitude. 
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4.4.9. Summary 

This chapter examined how alterations in temporal predictability and perturbation amplitude 
stabilisation challenges shaped subsequent voluntary movement, focusing on accuracy, reaction time, 
movement duration, and muscle co-contraction. Across measures, the dominant pattern was one of 
immediate, stable effects rather than gradual adaptation. Movement direction consistently exerted a 
strong influence alongside temporal predictability or perturbation amplitude manipulation, and most 
condition effects appeared as baseline offsets or transient early responses rather than learning across 
task blocks. 

Voluntary movement accuracy showed little sensitivity to either experimental manipulation and no 
evidence of within-condition learning. In the temporal predictability cohort, accuracy was consistently 
reduced during flexion relative to extension, with deficits present from the first block and persisting 
throughout the session, independent of predictability condition (Figure 4.26). In contrast, the 
perturbation amplitude cohort showed no reliable directional asymmetry or stable accuracy changes  
across conditions (Figure 4.27). These findings indicate that when accuracy costs occur, they are 
driven by direction-specific control demands rather than temporal structure or mechanical load, with 
limited scope for adaptation in the constrained task. 

Reaction time was dominated in both cohorts by a large, nonspecific task-onset cost, with marked 
slowing relative to baseline appearing at the first task block and persisting across the session (Figure 
4.28, Figure 4.30). Beyond this shared effect, cohort-specific structure emerged. In the temporal 
predictability cohort, RTs were consistently faster under predictable than uncertain dynamics and 
slightly slower during flexion than extension. In the perturbation amplitude cohort, RT was insensitive 
to amplitude condition but showed a robust flexion-related slowing and a gradual speeding with practice 
indicating partial recovery from the initial task-onset cost. 

Movement duration was the most stable measure. In the predictability cohort, durations increased at 
the initial task block, particularly under predictable dynamics (Figure 4.33), but showed no systematic 
change across blocks and no reliable differences between conditions or directions (Figure 4.32). In the 
perturbation amplitude cohort, movement duration remained close to baseline throughout the session 
(Figure 4.34), with only brief adjustments linked to condition entry or switching. Across cohorts, 
movement duration showed no evidence of sustained adaptation, suggesting tight regulation of 
movement completion despite changes in preparatory demands. 

Co-contraction during voluntary movement revealed the clearest and most consistent structure. Across 
both cohorts, co-contraction was reliably lower during flexion than extension, indicating a stable, 
direction-specific control strategy. In the temporal predictability cohort, this asymmetry was modulated 
by task context, with temporal uncertainty selectively increasing co-contraction during extension, 
particularly at initial exposure (Figure 4.35). These effects emerged early and showed no learning 
across blocks. In the perturbation amplitude cohort, co-contraction patterns were largely insensitive to 
amplitude condition, with only modest practice-related reductions over time, especially under high-
amplitude perturbations (Figure 4.37). Overall, co-contraction reflected baseline control demands more 
than experimental manipulation. 

A key finding was the strong carryover of co-contraction from the perturbation phase into subsequent 
voluntary movement. In both cohorts, stabilisation phase co-contraction robustly predicted movement-
phase co-contraction at both the level of stable individual differences and between block deviations, 
with stronger effects during extension (Figure 4.39, Figure 4.40). This continuity indicates that muscle 
activation does not reset between reactive and voluntary phases but reflects a persistent motor control 
state spanning the stability–movement transition. The influence of this persistent state on voluntary 
performance depended on task structure. In the predictability cohort, increases in stabilisation phase 
co-contraction were associated with faster RTs, particularly under predictable dynamics (Figure 4.41), 
suggesting enhanced readiness for action. This coupling weakened with repeated exposure, indicating 
reduced reliance on stiffness-based preparation. Effects on movement duration were weak and context 
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dependent. In contrast, in the amplitude cohort, reaction time and movement duration were largely 
independent of co-contraction, instead reflecting stable individual timing and movement direction. 

Together, these findings suggest that voluntary behaviour following postural perturbation is governed 
primarily by task engagement and movement direction, with preceding stabilisation dynamics exerting 
secondary, selective influences. Co-contraction emerges as a central organising variable, reflecting a 
persistent control state that bridges reactive and voluntary behaviour. Temporal predictability shapes 
how this state interacts with motor preparation, whereas changes in perturbation amplitude do not 
produce comparable effects. Rather than gradual adaptation, voluntary movement appears to rely on 
stable, direction-specific control strategies established early and maintained across experience. 
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4.5. Cortical Beta Activity  

4.5.1. Introduction 

Cortical beta-band activity (13–30 Hz) is a dominant feature of sensorimotor processing during tasks 
that require postural maintenance [10], [153], force regulation [154], and resistance to external 
perturbation [155]. Rather than supporting movement generation, beta activity is consistently 
associated with stabilisation of the current motor state [150], promoting precise control of muscle 
activation and limb impedance. Elevated beta power and beta-band corticomuscular coupling are most 
prominent during steady contractions and postural tasks and are suppressed when the motor system 
transitions toward movement initiation [214]. This pattern has led to the interpretation of beta activity 
as a neural signature of stability-oriented control, reflecting an emphasis on maintaining sensorimotor 
predictions, regulating impedance, and resisting change. Within this framework, beta dynamics are well 
suited to mediate trade-offs between competing motor goals, such as the need to remain mechanically 
stable while preparing to move. 

In the context of the present work, cortical beta activity is therefore positioned as a candidate 
mechanism underpinning impedance control around stability–movement transitions. By embedding 
movement initiation within a task that requires sustained stabilisation under mechanical instability, the 
paradigm directly probes how beta-band dynamics evolve when stability-oriented control must be 
relinquished in favour of movement. This enables assessment of whether elevated beta activity persists 
under heightened impedance demands, how it is modulated by perturbation structure, and how its 
suppression relates to the release of impedance and initiation of voluntary action. As such, beta activity 
is treated not merely as a correlate of movement suppression, but as an active component of the neural 
control architecture governing stability–movement transitions. 

 

4.5.2. Beta Power During Stabilisation and Movement 

Mean beta power was examined during the postural stabilisation phase and subsequent voluntary 
movement. Across both cohorts, no reliable effects were observed, indicating that this measure did not 
capture beta-band dynamics associated with the impedance-related processes under investigation. 

In the temporal predictability cohort, beta power during stabilisation did not differ from baseline for any 
condition or movement direction (p ≥ .105), did not change across task blocks at any level (p ≥ .172), 
and did not differ between predictable and uncertain timing (p = .660). Beta power during voluntary 
movement likewise showed no significant deviation from baseline or modulation by condition, direction, 
or block (p ≥ .115). 

A similar pattern was observed in the perturbation amplitude cohort. Beta power during stabilisation 
showed no significant change from baseline (p ≥ .188), no systematic change across blocks (p ≥ .563), 
and no difference between perturbation amplitudes (p = .640). No significant beta power effects were 
detected during voluntary movement in this cohort either (p ≥ .234). 

In summary, mean beta power did not significantly deviate from baseline levels and was stable across 
conditions, task phases, and repeated exposure. These null effects suggest that either beta-band 
activity is not strongly engaged by the stabilisation and impedance processes probed here, or that 
relevant neural dynamics occur at a finer temporal, spectral, or spatial scale not captured by phase-
averaged beta power. 
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4.5.3. Beta Corticomuscular Coherence During Stabilisation  

Beta corticomuscular coherence (β-CMC) reflects the continuous cortical involvement needed to 
stabilise and regulate muscle output. Strong β-CMC is associated with postural control and joint 
stabilisation, where the nervous system prioritises precise regulation of impedance over movement 
initiation. By modulating beta-band coupling, the motor cortex can tune limb impedance to resist 
perturbations, support accurate force control, and maintain stable interactions with the environment. 
During the stabilisation phase, beta corticomuscular coherence  showed a large, immediate reduction 
from baseline that was highly consistent across cohorts and task conditions, with no evidence for 
learning or adaptation. 

In the temporal predictability cohort, nonparametric analyses revealed a pronounced disruption of β-
CMC from baseline to the first task block in both the temporally predictable and uncertain conditions (p 
≤ .001, Figure 4.42A), with no difference in the amplitude of baseline-corrected change between 
conditions (p = .361). Linear mixed-effects models converged on the same conclusion: β-CMC was 
strongly reduced relative to baseline at both the first task block and across each condition (p ≤ .001, 
Figure 4.42B). There was no evidence of change across blocks per condition (p ≥ .906), no block main 
effect (p = .955), and no condition-by-block interaction (p = .879). A small condition effect showing that 
the reduction of β-CMC was greater in the temporally predictable condition compared to the uncertain 
condition was observed (β = −3.77 × 10⁻³, 95% CI = [−1.00 × 10⁻², −4.54 × 10⁻⁵], p = .047). 

 

 

Figure 4.42. (A) Mean stabilisation phase β-CMC at baseline (BL) and initial task block (T1) for temporally 
predictable and uncertain conditions. Scatter points are individual participants. IQR displayed by box internal to 
each violin with mean indicated by the red circle and median by the yellow line. (B) Change from baseline β-CMC 
across task blocks divided by condition with (±SEM): predictable (orange), uncertain (green). Significance codes: 
* p < 0.05, ** p < 0.01, *** p < 0.001; n.s., not significant. 

 

An almost identical pattern was observed in the amplitude cohort. β-CMC dropped sharply from 
baseline to the first stabilisation block at both 1 Nm and 0.5 Nm (p ≤ .001, Figure 4.43A), with no 
difference in baseline-corrected change between amplitude conditions (p = .975). Model-based 
analyses again showed large and equivalent reductions at both the first block and overall (p ≤ .001, 
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Figure 4.43B), no evidence of block-wise change (p ≥ .759), no block main effect (p = .803), and no 
condition-by-block interaction (p = .856). Perturbation amplitude did not influence overall β-CMC levels 
during stabilisation (p ≥ .861). Session-level effects were limited to a condition order effect, with lower 
β-CMC in the second condition irrespective of amplitude condition (p < .001).  

 

 

Figure 4.43. (A) Mean stabilisation phase β-CMC at baseline (BL) and initial task block (T1) for high-amplitude (1 
Nm) and low-amplitude (0.5 Nm) conditions. Full plot description - Figure 4.42. 

 

Across cohorts, the stabilisation phase was characterised by a robust and sustained reduction in β-
CMC relative to baseline level. While this reduction emerged immediately and remained stable across 
blocks, a consistent and statistically significant difference was observed between temporal conditions: 
under temporally uncertain perturbations, the reduction in β-CMC was reliably smaller than in the 
temporally predictable condition. This effect was stable across perturbation amplitude, indicating that 
although β-band corticospinal coupling during stabilisation reflects a common impedance-dominated 
control state, it remains selectively sensitive to temporal uncertainty in the task environment rather than 
being fully invariant to higher-level task structure. 

 

4.5.4. Does Beta Corticomuscular Coherence Correlate with Co-Contraction During 
Stabilisation? 

This analysis examined the relationship between β-CMC during the stabilisation phase and co-
contraction (CCI), focusing on between-participant mean levels and within-participant trial-to-trial 
fluctuations, collapsed across movement direction. 

In the predictability cohort, mean stabilisation phase CCI was not associated with β-CMC (p = .567), 
and this null relationship was consistent across predictable and uncertain conditions (p = .798). Simple-
slope analyses confirmed no between-participant association in either condition (p ≥ .533). In contrast, 
within-participant increases in CCI were robustly associated with higher β-CMC (β = 0.025, 95% CI = 
[0.01, 0.04], p < .001). This effect was most evident under temporal uncertainty (β = 0.03, 95% CI = 
[8.05 × 10⁻3, 0.05] p = .007), with a weaker, non-significant trend in the predictable condition (β = 0.02, 
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95% CI = [−2.75e × 10⁻3, 0.04], p = .083), although the interaction with condition was not reliable (p 
= .640). These results indicate that β-CMC tracked transient increases in stabilising co-contraction 
rather than stable individual differences. 

In the amplitude cohort, mean CCI was again unrelated to β-CMC (p = .334), despite a significant 
interaction with perturbation amplitude (p < .001). Condition-specific slopes remained weak and non-
significant, indicating that this interaction reflected relative shifts between amplitudes rather than a 
meaningful predictive role of mean CCI. Within participants, changes in CCI were not associated with 
β-CMC at the model level (p = .174). However, simple-slope analyses revealed a selective effect at 
higher load: during 1 Nm perturbations, increases in CCI predicted higher β-CMC (β = 0.04, 95% CI 
[6.26 × 10⁻3, 0.07] p = .020, Figure 4.44). 

 

 

Figure 4.44. Relationship between within-participant changes in stabilisation phase co-contraction (CCI) and 
stabilisation phase levels of beta corticomuscular coherence (β-CMC). High perturbation amplitude (1 Nm) fit and 
per-participant centroids shown in purple, low-amplitude (0.5 Nm) equivalents shown in red. Individual datapoints 
show the mean deviation from each participant’s average for illustrative purposes and do not account for 
additional model coefficients, which may result in a visual mismatch between the fitted lines and the distribution 
of points. Significance codes: * p < 0.05, ** p < 0.01, *** p < 0.001; n.s., not significant. 

 

Across cohorts, a consistent dissociation emerged between trait-like and state-dependent effects. 
Mean levels of co-contraction did not predict β-CMC, indicating that corticomuscular coupling does not 
reflect stable individual differences in stabilisation strategy. Instead, β-CMC primarily tracked transient 
increases in co-contraction within individuals. Under temporal uncertainty, this coupling was robust and 
general, whereas under amplitude manipulation it emerged only at higher mechanical load. Together, 
these findings suggest that β-CMC reflects dynamic engagement of stabilising control rather than tonic 
stiffness, with its sensitivity shaped by whether uncertainty is temporal or mechanical in nature. 
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4.5.5. Beta-band Corticomuscular Coherence During Movement 

During voluntary movement, β-CMC showed no consistent change from baseline and little evidence of 
learning across blocks in either cohort. Instead, corticomuscular coupling was weakly but 
systematically shaped by interactions between task context and movement direction. 

In the temporal predictability cohort, nonparametric analyses of the first voluntary movement block 
revealed no significant deviations from baseline in either condition or direction (p ≥ .178). Linear mixed-
effects models likewise showed no block-wise change within flexion or extension and no condition-
dependent learning rates (p ≥ .211, Figure 4.45), indicating stable β-CMC expression across the 
session. Despite this absence of adaptation, overall β-CMC amplitude differed by condition and 
direction. Collapsing across blocks, β-CMC was elevated in the uncertain condition (β = 0.02, 95% CI 
= [0.01, 0.03], p < .001) but not in the predictable condition (p = .142). This effect was direction-specific: 
β-CMC was higher in the uncertain than predictable condition during extension (β = 0.03, 95% CI = 
[0.01, 0.04], p = .006), with no difference in flexion (p = .998). Consistent with this pattern, a robust 
condition-by-direction interaction was observed (β = −0.02, 95% CI = [−0.02, −0.01], p < .001), 
indicating that temporal predictability selectively modulated extension-related β-CMC rather than 
producing a global shift in coupling.  

 

 

Figure 4.45. Change from baseline β-CMC (ratio) across experimental blocks for flexion (left) and extension (right) 
following temporally predictable (orange) and uncertain (green) perturbation conditions. Circles denote block-wise 
means and shaded regions represent variability (±SEM). For each condition-direction combination, change in β-
CMC was tested for statistical divergence from baseline (Δ ≠ 0) at the initial task block and the combination overall. 
Level effects indicate overall differences in β-CMC amplitude, whereas Slope effects indicate linear trends across 
repeated blocks. Significance codes: * p < 0.05, ** p < 0.01, *** p < 0.001; n.s., not significant. 

 

A similar overall pattern was observed in the perturbation amplitude cohort. Initial voluntary blocks 
showed no reliable baseline-related changes in β-CMC for either torque condition or direction (p ≥ .552). 
Mixed-effects models provided little evidence for learning across blocks within either direction or 
condition  (p ≥ .198, Figure 4.46). Instead, torque amplitude modulated β-CMC in a direction-specific 
manner. When collapsing across blocks, β-CMC was higher than baseline in the 1 Nm condition (β = 
0.03, 95% CI = [0.01, 0.04], p = .002) but not in the 0.5 Nm condition (p = .285). Averaged across each 



 118 

condition, this difference was evident during extension (β = −0.04, 95% CI = [-0.06, -0.01], p = .014), 
with not in flexion (p = .899). Both within-session and global models confirmed a significant condition-
by-direction interaction (p ≤ .005), indicating that perturbation amplitude altered the directional profile 
of β-CMC during movement rather than its overall level.  

 

 

Figure 4.46. Change from baseline β-CMC (ratio) across experimental blocks for flexion (left) and extension (right) 
following high-amplitude (purple) and low-amplitude (red) perturbation conditions. Full plot description - Figure 
4.45. 

Across cohorts, β-CMC during voluntary movement was therefore not characterised by baseline shifts 
or progressive adaptation with practice. Instead, corticospinal coupling was modestly and selectively 
shaped by task context in a direction-dependent manner, with temporal predictability and perturbation 
amplitude influencing extension-related β-CMC. These findings suggest that β-CMC during voluntary 
movement reflects stable, context-specific control strategies rather than learning-related changes. 

 

4.5.6. Does Stabilisation Phase Beta Corticomuscular Coherence Carryover into Movement? 

Across both cohorts, the relationship between stabilisation phase β-CMC and subsequent movement 
β-CMC was characterised by a clear dominance of between-participant effects and a strong 
dependence on movement direction, with only weak and context-specific modulation by task structure. 

In the temporal predictability cohort, average stabilisation β-CMC reliably predicted movement β-CMC 
(β = 2.18, 95% CI = [0.03, 4.32], p = .047), whereas within-participant variability did not (p = .362). The 
mean β-CMC carryover was highly asymmetric with a strong directional differences (β = -2.19, 95% CI 
= [-3.58, -0.81], p = .002) showing that the stabilisation-movement linkage was expressed almost 
exclusively during extension (Figure 4.47B). Simple slope analysis confirmed robust positive 
associations in extension under both predictable (β = 3.64, 95% CI = [0.59, 6.69], p = .019) and 
uncertain conditions (β = 5.09, 95% CI = [1.89, 8.30], p = .002), with no corresponding effects in flexion 
(p ≥ .797). Importantly, temporal predictability did not modulate this relationship (p = .439), indicating 
that the carryover reflected a stable individual property rather than a strategic response to uncertainty. 
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Figure 4.47. Between-participant relationship between stabilisation phase beta corticomuscular coherence (β-CMC) 
and voluntary movement beta corticomuscular coherence (β-CMC) for (A) flexion and (B) extension. Each point 
represents an individual participant’s mean level for a given condition (predictable, orange; uncertain, green). Solid 
lines depict condition-specific model fits, with shaded bands indicating the corresponding 95% confidence 
intervals. Asterisks adjacent to the axes denote the statistical significance of the respective model fits, while 
brackets indicate comparisons between fits. Scatter points reflect raw between-participant means and do not 
account for additional model coefficients, which may result in a visual mismatch between the fitted lines and the 
distribution of points. Significance codes: * p < 0.05, ** p < 0.01, *** p < 0.001; n.s., not significant. 

 

The amplitude cohort exhibited a similar but less robust pattern. Neither the between-participant nor 
within-participant effects of mean β-CMC reached conventional significance (between-participant: β = 
1.38, 95% CI = [−0.06, 2.83], p = .060; within-participant: β = 1.70, 95% CI = [−0.10, 3.50], p = .064), 
potentially reflecting reduced statistical power due to the smaller sample size in this cohort. As in the 
temporal predictability cohort, direction critically modulated the effect: a significant interaction between 
movement direction and mean β-CMC (β = −1.14 , 95% CI = [−2.14, −0.13], p = .026) indicated that 
any carryover was again restricted to extension. Simple-slope analyses confirmed a positive effect of 
mean β-CMC during extension at the lower load (β = 3.31, 95% CI = [1.10, 5.51], p = .003, Figure 
4.48A), with no reliable effects observed in flexion (p ≥ .766, Figure 4.48B). The within-participant 
slope for the low-amplitude condition approached significance (β = 3.19, 95% CI = [−0.57, 6.95], p 
= .096), whereas all other condition- and direction-specific within-participant associations were weak 
and non-significant (p ≥ .251). 
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Figure 4.48. Between-participant relationship between stabilisation phase beta corticomuscular coherence (β-CMC) 
and voluntary movement beta corticomuscular coherence (β-CMC) for (A) flexion and (B) extension. Full plot 
description Figure 4.47. 

Across cohorts, the relationship between stabilisation and movement β-CMC was driven primarily by 
stable between-participant differences and was strongly direction dependent, with minimal modulation 
by task structure. In the temporal predictability cohort, higher stabilisation β-CMC reliably predicted 
higher movement β-CMC during extension only, independent of temporal uncertainty, indicating a trait-
like carryover rather than a strategic response. The amplitude cohort showed a similar but weaker 
pattern, again confined to extension and most evident at low load, likely reflecting reduced power. 
Together, these results suggest that stabilisation-related β-CMC establishes a persistent, direction-
specific control state that shapes subsequent movement execution. 

 

4.5.7. Do Levels of Movement Beta Corticomuscular Coherence Impact Voluntary Movement 
Dynamics? 

Across both experimental cohorts, there were no significant main effects relating to interactions 
between movement-related β-CMC and reaction times (RTs). This was not the case, however, for the 
relationship between movement β-CMC and movement duration. 

β-CMC showed a robust relationship with overall movement duration that was modulated by task 
condition and movement direction. Critically, stronger β-CMC was associated with shorter movement 
durations both between-participants (β = −3.63, 95% CI = [−4.81, −2.46], p < .001) and within-
participants across blocks (β = −0.94, 95% CI = [−1.31, −0.57], p < .001). The between-participant 
relationship was further modulated by condition (β = −1.05, 95% CI = [−1.71, −0.38], p = .002) and 
direction (β = 1.02, 95% CI = [0.25, 1.78], p = .009), indicating stronger negative coherence–duration 
coupling under predictable dynamics and during extension movements. 

Direction- and condition-specific slope analyses confirmed this pattern. At the between-participant level, 
higher β-CMC predicted shorter movements for both conditions and directions, with particularly steep 
associations during extension under predictable dynamics (β = −5.85 , 95% CI = [−7.51, −4.18], p 
< .001, Figure 4.49B) and a significant slope divergence between predictable and uncertain conditions 
(β = 2.40, 95% CI = [0.49, 4.30], p = .014). Flexion movements showed similarly negative slopes in 
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both conditions (p ≤ .047), with a nonsignificant divergence (p = .060, Figure 4.49A). Within-participant 
analyses also revealed negative coherence-duration relationships across conditions, reaching 
significance in flexion for both predictable (β = −1.24, 95% CI = [−2.11, −0.37], p = .006) and uncertain 
dynamics (β = −0.87, 95% CI = [−1.60, −0.14], p = .020), and in extension under uncertain dynamics 
(β = −1.10, 95% CI = [−1.77, −0.43], p = .001), with no reliable slope divergences (p ≥ .234). 

 

 

Figure 4.49. Between-participant relationship between movement beta corticomuscular coherence (β-CMC) and 
voluntary movement duration (s) for (A) flexion and (B) extension. Full plot description Figure 4.47. 

 

In the perturbation amplitude cohort, movement β-CMC was again robustly related to overall movement 
duration; however, unlike the temporal predictability cohort, this relationship was not modulated by 
perturbation amplitude or movement direction at the model level (Figure 4.50). Critically, higher β-CMC 
was associated with shorter movement durations both between-participants (β = −1.91, 95% CI = 
[−2.92, −0.89], p < .001) and within-participants across trials (β = −1.03, 95% CI = [−1.44, −0.61], p 
< .001), indicating a stable negative coherence-duration relationship that was not influenced by 
perturbation amplitude. 

Direction- and condition-specific slope analyses were consistent with this pattern. At the between-
participant level, higher β-CMC predicted shorter movements across both perturbation levels and 
directions, with significant negative slopes for flexion at 1 Nm (β = −2.18, 95% CI = [−4.16, −0.20], p 
= .031) and 0.5 Nm (β = −2.39, 95% CI = [−4.43, −0.34], p = .022), and for extension at 1 Nm (β = 
−1.64, 95% CI = [−3.19, −0.09], p = .038). No slope divergences between amplitude conditions were 
detected (p ≥ .824). Within participants, negative coherence-duration relationships were also evident, 
reaching significance for flexion at 1 Nm (β = −1.42, 95% CI = [−2.35, −0.48], p = .003) and for extension 
at 0.5 Nm (β = −1.41, 95% CI = [−2.18, −0.64], p < .001), with no reliable divergences between 
perturbation amplitudes (p ≥ .184). Overall, these findings indicate that while stronger beta β-CMC 
consistently predicts shorter movement durations, this relationship is largely invariant to perturbation 
amplitude and movement direction. 
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Figure 4.50. Between-participant relationship between movement beta corticomuscular coherence (β-CMC) and 
voluntary movement duration (s) across movement directions. Full plot description Figure 4.47. 

 

Across both cohorts, movement-related β-CMC showed a robust and consistent negative relationship 
with overall movement duration, such that higher coherence was associated with faster, more 
temporally efficient movements. This effect was evident both between-participants and within- 
participants across task blocks, indicating that β-CMC captures stable individual differences in motor 
execution as well as transient fluctuations in performance. In both cohorts, baseline coherence strongly 
predicted task coherence, supporting the interpretation that individual beta coupling strength reflects a 
trait-like characteristic that carries over into task performance. 

Despite this shared core relationship, the way β-CMC interacted with task context differed across 
cohorts. In the temporal predictability cohort, coherence-duration coupling was clearly modulated by 
task demands and movement direction: predictable dynamics strengthened the negative association 
between coherence and movement duration, particularly during extension movements, and produced 
significant slope divergences between predictable and uncertain conditions. This pattern suggests that 
β-CMC is sensitive to the availability of temporal structure in the task, with stronger coherence 
potentially reflecting more effective engagement of corticospinal control when upcoming dynamics can 
be anticipated. In contrast, in the perturbation amplitude cohort, coherence-duration relationships were 
largely invariant to perturbation amplitude and movement direction, with no reliable condition-level 
modulation or slope divergence. Together, these findings indicate that β-CMC primarily indexes 
movement efficiency, but that its functional role is selectively shaped by higher-order task structure 
rather than by changes in perturbation amplitude alone. 
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4.5.8. Does Stabilisation Phase Beta Corticomuscular Coherence Predict Voluntary Movement 
Dynamics? 

In the temporal predictability cohort, stabilisation phase β-CMC robustly predicted reaction time (RT) 
at both the between- and within-participant levels. At the between-participant level, higher average 
stabilisation phase β-CMC was associated with faster RTs (β = −3.16, 95% CI = [−5.26, −1.06], p 
= .003). This relationship was significantly moderated by predictability, with a stronger negative 
association in predictable trials (β = −1.39, 95% CI = [−1.99, −0.79], p < .001). Follow-up slope analyses 
confirmed robust negative slopes under the predictable condition for both flexion and extension (p 
≤ .001), whereas corresponding slopes under uncertainty were not significant (p ≥ .097). Slope 
divergence between predictable and uncertain conditions was significant for both movement directions 
(p ≤ .004, Figure 4.51). 

 

 

Figure 4.51. Between-participant relationship between stabilisation phase beta corticomuscular coherence (β-CMC) 
and voluntary movement reaction time (s) for (A) flexion and (B) extension. Full plot description Figure 4.47. 

 

At the within-participant level, block-to-block increases in stabilisation phase β-CMC were also 
associated with faster RTs, as indicated by a significant negative main effect (β = −0.89, 95% CI = 
[−1.52, −0.25], p = .006). This effect did not significantly vary with predictability condition (p = .268). 
Direction-specific analyses showed limited evidence for condition-dependent modulation, with only the 
predictable-extension slope reaching significance (p = .021); all other slopes and slope divergences 
were not significant (p ≥ .134). 

In contrast, the perturbation amplitude cohort showed no consistent evidence that stabilisation phase 
β-CMC predicted RT. At the between-participant level, the main effect was not significant (p = .593), 
although it interacted with amplitude condition (β = −0.47, 95% CI = [−0.84, −0.10], p = .014). Despite 
this interaction, follow-up slope analyses revealed no significant relationships within individual 
perturbation amplitude or direction conditions (p ≥ .357), except for a significant slope divergence for 
extension between load levels (p = .007). At the within-participant level, neither the main effect for 
within-participant change nor its interaction with amplitude condition was significant (p ≥ .487), and all 
direction-specific slopes and divergences were non-significant (p ≥ .187). 
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For movement duration in the temporal predictability cohort, there was limited evidence for a systematic 
association with stabilisation phase β-CMC. At the between-participant level, the main effect of mean 
β-CMC was not significant (p = .180); however, it interacted with movement direction (β = 5.75, 95% 
CI = [1.65, 9.86], p = .006). Follow-up analyses indicated that under extension in the predictable 
condition, higher average β-CMC was associated with shorter movement durations (β = −19.95, 95% 
CI = [−36.78, −3.11], p = .020), whereas the corresponding slope under uncertainty was not significant 
(p = .149). No reliable relationships were observed for flexion (p ≥ .442), and slope divergence between 
conditions was not significant for either direction (p ≥ .202). At the within-participant level, neither the 
main within-participant effect nor any interactions reached significance (p ≥ .292), and all direction- and 
condition-specific slopes were non-significant (p ≥ .129). 

In the perturbation amplitude cohort, stabilisation phase β-CMC showed a modest but selective 
between-participant association with movement duration. Higher average β-CMC was associated with 
shorter movement durations, as indicated by a significant mean β-CMC main effect (β = −4.84, 95% CI 
= [−9.62, −0.05], p = .048). This effect did not reliably vary as a function of perturbation amplitude or 
movement direction at the interaction level (p ≥ .075). Follow-up slope analyses revealed that the 
negative association was evident under the high-amplitude condition (1 Nm) for both flexion and 
extension (p ≤ .046), whereas slopes under the low-amplitude condition were not significant (p ≥ .125, 
Figure 4.52). Slope divergence between perturbation conditions was not significant for either direction 
(p ≥ .097). At the within-participant level, there was no evidence that block-to-block fluctuations in 
stabilisation phase β-CMC predicted movement duration, with neither the main within-participant effect 
nor any interactions reaching significance (p ≥ .347). 

 

 

Figure 4.52. Between-participant relationship between stabilisation phase beta corticomuscular coherence (β-CMC) 
and voluntary movement reaction time (s) for (A) flexion and (B) extension. Full plot description Figure 4.47. 

Across cohorts, stabilisation phase β-CMC was more consistently related to behaviour at the between-
participant than within-participant level, suggesting it primarily reflects stable individual differences 
rather than trial-to-trial control processes. In the temporal predictability cohort, higher average β-CMC 
was associated with faster RTs, particularly under predictable conditions, indicating that stronger 
corticospinal coupling during stabilisation may support more efficient movement initiation when 
upcoming demands can be anticipated. The absence of comparable effects under uncertainty implies 
that the behavioural relevance of β-CMC is gated by task predictability. 
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Within-participant effects were weak and largely invariant across conditions, providing little evidence 
that momentary fluctuations in β-CMC drive block-to-block variability in performance. In the 
perturbation magnitude cohort, reaction time showed no reliable association with β-CMC, pointing to 
limited generalisability of initiation-related effects and sensitivity to task or sample characteristics. 

Associations with movement duration were modest and context dependent. In the temporal 
predictability cohort, higher β-CMC predicted shorter movement durations only for extension 
movements under predictable conditions, whereas in the perturbation magnitude cohort this 
relationship emerged primarily under higher load. Together, these findings suggest that stabilisation 
phase β-CMC indexes a trait-like efficiency of sensorimotor integration whose behavioural impact 
becomes evident only under task conditions that emphasise anticipation or mechanical demand. 

 

4.5.9. Post Movement Beta Rebound   

Post-movement beta rebound (PMBR) was calculated within the 1 s following movement termination. 
Movement-related beta decreases were also examined but showed no consistent or significant effects 
in amplitude or timing and are therefore not reported. PMBR timing measures were likewise 
nonsignificant; accordingly, analyses focused exclusively on PMBR amplitude. 

The temporal predictability cohort showed a clear and robust modulation of PMBR by task condition 
that was strongly shaped by movement direction, with no evidence for systematic learning across 
blocks. At the initial task block, nonparametric analyses revealed significant baseline-to-task decreases 
in PMBR under uncertain dynamics for both flexion (p = .025, z = -2.24, r = -0.50, Figure 4.53A) and 
extension (p = .007, z = -2.67, r = -0.65, Figure 4.53B), whereas movements following the temporally 
predictable condition only showed significant decrease in extension, and to a lesser extent than 
following the uncertain condition (p = .030, z = -2.17, r = -0.48, Figure 4.53B). Although several 
elevated baseline values were present in the uncertain condition, the use of a median-based Wilcoxon 
signed-rank test and the similarity of distribution medians suggest that the observed baseline-to-task 
effects are not driven by these extreme values. Despite these within-condition effects, changes from 
baseline did not differ significantly between conditions at the first block (p ≥ .272), indicating that early 
PMBR increases were condition-specific but not statistically separable initially. 
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Figure 4.53. Contrasts in PMBR (%) between baseline blocks and initial task blocks for (A) flexion and (B) extension 
after temporally predictable (orange) and uncertain (green) perturbation conditions. BL = baseline, T1 = initial task 
block.  Half-violin plots illustrate the distribution of individual participant values. Overlaid dots represent individual 
observations, with lines connecting paired measurements. Red circles indicate condition means and yellow 
horizontal lines indicate medians. Brackets denote statistical comparisons between associated BL and T1 groups, 
with an additional contrast between BL-T1 pairings. Significance codes: * p < 0.05, ** p < 0.01, *** p < 0.001; n.s., 
not significant. 

 

Although the difference between conditions was not initially significant in supplementary nonparametric 
tests, mixed-effects modelling demonstrated that separation between conditions was substantially 
more robust across the session. The overall condition effect indicated that PMBR was significantly 
suppressed following the temporally uncertain condition relative to the predictable condition (β = −11.83, 
95% CI = [−22.00, −1.67], p = .023). This effect was particularly pronounced during extension voluntary 
movements (β = −19.11, 95% CI = [−33.45, −4.77], p = .009, Figure 4.54) but was nonsignificant during 
flexion movements (p = .380). Despite these changes in the significance of condition effects, no impact 
of task block was detected at either the model level (p = .520) or the individual condition–direction level 
(p ≥ .222). Differences by movement direction did not reach significance but showed a robust trend, 
with PMBR being more strongly reduced following exposure to temporally uncertain stabilisation 
challenges (β = −5.12, 95% CI = [−10.73, 0.49], p = .074). Condition order exerted a strong main effect 
(β = 22.26, 95% CI = [15.22, 29.30], p < .001), which was significantly modulated by condition (β = 
−12.08, 95% CI = [−23.00, −1.16], p = .030). 
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Figure 4.54. Change from baseline PMBR (%) across experimental blocks for flexion (left) and extension (right) 
following temporally predictable (orange) and uncertain (green) perturbation conditions. Full plot description - 
Figure 4.45. 

Within the perturbation amplitude cohort, PMBR differed reliably by movement direction but not by 
condition (p = .107) or task block (p = .415). Flexion movements were associated with substantially 
less reduction in PMBR amplitude overall (β = 21.26, 95% CI = [12.91, 29.61], p < .001, Figure 4.55), 
an effect that was also evident within each condition individually (p ≤ .001). No evidence of adaptation 
in PMBR amplitude was detected at any level (p ≥ .914), resulting in nonsignificant condition contrasts 
(p ≥ .526) and no differences in the rate of change across conditions (p ≥ .352). No consistent or 
significant global effects were observed for condition order, switching effects, or task block count across 
the session (p ≥ .144). 
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Figure 4.55. Change from baseline PMBR (%) across experimental blocks for flexion (left) and extension (right) 
following high-amplitude (purple) and low-amplitude (red) perturbation conditions. Full plot description - Figure 
4.45. 

 

As an additional qualitative analysis, grand-average PMBR plots were generated across all valid trials 
and participants, separated by condition (Figure 4.56). Across both cohorts, the grand-average time 
courses exhibited a consistent, stereotyped PMBR response: activity decreased below baseline during 
movement execution, reached a pronounced negative trough near movement termination, and was 
followed by a robust post-movement rebound peaking several hundred milliseconds after termination. 
In the perturbation-amplitude cohort, the low-amplitude (0.5 Nm) and high-amplitude (1 Nm) traces 
overlapped closely across the full time course, with only minor amplitude differences, indicating broadly 
similar PMBR dynamics across perturbation amplitudes. In the temporal predictability cohort, 
predictable and uncertain conditions showed the same overall temporal profile; however, the 
predictable condition displayed a visibly larger post-movement rebound, whereas the uncertain 
condition appeared more attenuated and prolonged. Overall, these qualitative dynamics closely mirror 
those observed in the main analyses and further validate the analytical approach, demonstrating that 
PMBR responses are temporally consistent and condition-modulated in amplitude while occurring well 
within the 1 s post-termination analysis window. 
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Figure 4.56. Cohort-wide grand average plots of the beta power around movement termination for the (A) 
perturbation amplitude cohort and (B) the temporal predictability cohort.   

 

Across both cohorts, PMBR provided a robust and temporally well-defined marker of post-movement 
cortical processing, whereas movement-related beta decreases and PMBR timing measures did not 
show reliable effects. Focusing on PMBR amplitude within the 1 s post-termination window therefore 
captured the dominant and behaviourally relevant beta-band modulation. In the temporal predictability 
cohort, PMBR was strongly shaped by task context and movement direction: preceding temporally 
uncertain dynamics consistently suppressed PMBR relative to predictable dynamics, with the effect 
most pronounced during extension movements. While early nonparametric comparisons revealed 
condition-specific baseline-to-task changes that were not yet separable between conditions, mixed-
effects modelling demonstrated that this separation emerged robustly across the session, indicating a 
stable contextual modulation rather than short-lived or block-specific effects. Notably, the absence of 
learning- or block-related effects suggests that PMBR primarily reflected ongoing task demands and 
sensorimotor uncertainty rather than gradual adaptation. 

In contrast, the perturbation amplitude cohort showed no evidence that PMBR amplitude scaled with 
perturbation amplitude condition, despite clear directional modulation. Flexion movements were 
consistently associated with less PMBR reduction than extension across both torque levels, and neither 
practice nor rate-of-change effects were observed. Together with the qualitative grand-average 
waveforms, these results suggest that PMBR is more sensitive to the  task structure and  temporal 
predictability of sensorimotor demands than to perturbation amplitude directly. The close 
correspondence between qualitative and quantitative findings further supports the validity of the 
analytical approach and confirms that PMBR dynamics are stable, directionally tuned, and selectively 
modulated by task context within a well-contained post-movement temporal window. 
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4.5.10. Does Post Movement Beta Rebound Amplitude Reflect Voluntary Movement 
Dynamics? 

While robust condition-based modulation of PMBR amplitude was present in each experimental cohort, 
it was necessary to assess whether these amplitudes encoded aspects of the preceding voluntary 
movement dynamics in terms of reaction time (RT) and overall movement duration.  

In the temporal predictability cohort, mean RT showed a negative, trend-level association with PMBR, 
such that participants with slower average RTs tended to exhibit reduced PMBR amplitude (β = −100.77, 
95% CI = [−220.76, 19.22], p = .099). This relationship was not modulated by predictability, movement 
direction, or block progression (p ≥ .204), and simple slopes were consistently negative but non-
significant across contexts and directions (p ≥ .074). 

Within-participant RT variability showed no overall association with PMBR amplitude (β = 38.98, 95% 
CI = [−62.74, 140.70], p = .452), nor reliable modulation by predictability, direction, or block (p ≥ .097). 
However, planned slope analyses revealed a selective effect: during flexion movements in the 
predictable condition, slower-than-usual RTs were associated with larger PMBR amplitude (β = 235.18, 
95% CI = [24.28, 446.08], p = .029, Figure 4.57A). This coupling was absent under temporal 
uncertainty (p = .878), with no significant slope divergence between conditions (p = .118), and no within-
participant RT–PMBR relationships were observed for extension movements (p ≥ .542, Figure 4.57B). 

 

 

Figure 4.57. Within-participant relationship between change in voluntary movement reaction time (s) and PMBR 
amplitude (%) for (A) flexion and (B) extension. Full plot description Figure 4.47. 

 

In the perturbation amplitude cohort, neither mean RT nor within-participant RT variability was 
associated with PMBR amplitude. The between-participant RT effect (β = −85.55, 95% CI = [−285.92, 
114.82], p = .401) and within-participant RT effect (β = 56.08, 95% CI = [−150.63, 262.79], p = .593) 
were non-significant, and neither was modulated by perturbation amplitude, movement direction, or 
block progression (p ≥ .185). Simple-slope analyses similarly showed no reliable RT–PMBR 
relationships across perturbation amplitudes or directions (p ≥ .108), indicating an absence of both 
trait-like and state-dependent RT effects in this cohort. 
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Movement duration was likewise decomposed into between- and within-participant components. In the 
temporal predictability cohort, neither mean movement duration nor within-participant duration 
variability showed a main effect on PMBR amplitude (between-participant: β = 13.29, 95% CI = [−9.69, 
36.27], p = .256; within-participant: β = 9.69, 95% CI = [−5.70, 25.07], p = .217), and these null effects 
were not modulated by predictability, direction, or block (p ≥ .117). Consistent with this, between-
participant slopes were non-significant across contexts and directions (p ≥ .168). As with RT, a selective 
within-participant effect emerged: during predictable flexion movements, longer-than-usual movement 
durations were associated with larger PMBR amplitude (β = 39.12, 95% CI = [4.78, 73.47], p = .026, 
Figure 4.58A). This effect was absent under temporal uncertainty (p = .936), with no significant slope 
divergence (p = .112), and no effects were observed for extension movements (p ≥ .697, Figure 4.58B). 

 

 

Figure 4.58. Within-participant relationship between change in voluntary movement duration (s) and PMBR 
amplitude (%) for (A) flexion and (B) extension. Full plot description Figure 4.47. 

In the perturbation amplitude cohort, movement duration showed no relationship with PMBR amplitude 
at either the between- or within-participant level. The between-participant effect (β = −0.46, 95% CI = 
[−52.57, 51.64], p = .986) and within-participant effect (β = 4.09, 95% CI = [−19.87, 28.05], p = .737) 
were effectively null, with no modulation by perturbation amplitude, movement direction, or block (p 
≥ .085). Simple-slope analyses confirmed the absence of movement duration effects across all 
conditions and directions (p ≥ .277), with no evidence for slope divergence (p ≥ .322). 

Across both cohorts, PMBR amplitude showed limited and highly context-dependent relationships with 
voluntary movement dynamics. Between participants, neither RT nor movement duration reliably 
predicted PMBR, with only weak, non-significant trends observed in the temporal predictability cohort 
and no evidence of such effects when perturbation amplitude was manipulated. This suggests that 
stable individual differences in movement speed are not a dominant determinant of PMBR expression. 

In contrast, selective within-participant effects emerged under conditions of high temporal predictability. 
Block-to-block increases in RT and movement duration were associated with larger PMBR amplitude 
during predictable flexion movements, an effect that was absent under temporal uncertainty and did 
not generalize to extension movements. The restriction of these effects to predictable contexts 
suggests that PMBR is sensitive to state-dependent variations in motor engagement or evaluative 
processing when stabilisation challenges can be reliably anticipated, rather than reflecting movement 
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kinematics. The absence of comparable effects in the perturbation amplitude cohort further indicates 
that PMBR–behaviour coupling depends more on temporal structure than on perturbation intensity. 
Overall, these findings support an interpretation of PMBR as reflecting post-movement state updating 
that is selectively engaged when task timing is predictable, rather than a general consequence of 
movement execution dynamics. 

 

4.5.11. Summary 

Across this section, beta-band activity was treated as a stability-oriented control signal that supports 
impedance regulation and resists state changes, making it a plausible mechanism for managing 
stability–movement transitions. Consistent with this framing, stabilisation elicited a large, immediate 
suppression of β-CMC from baseline that was highly stable across blocks and showed little evidence 
of adaptation (Figure 4.42, Figure 4.43). Despite this robustness, β-CMC was not fully invariant to task 
structure: temporally uncertain perturbations reliably produced less suppression than predictable 
perturbations, while perturbation amplitude had minimal influence on overall stabilisation β-CMC. 
Relationships with co-contraction further indicated that β-CMC primarily reflected state-dependent 
engagement of stabilising control rather than tonic stiffness: mean CCI did not predict mean β-CMC, 
but within-participant increases in CCI tended to coincide with higher β-CMC, most consistently under 
temporal uncertainty and, for amplitude manipulations, mainly at higher load (Figure 4.44). 

During voluntary movement, β-CMC showed no consistent baseline shift during the initial task block 
and little learning across blocks, but it was modestly shaped by context in a direction-dependent way, 
with effects most evident during extension (Figure 4.45, Figure 4.46). Stabilisation-to-movement 
carryover was dominated by between-participant differences and was again strongly extension-specific 
(Figure 4.47, Figure 4.48), suggesting a persistent, direction-tuned coupling profile that individuals 
bring into both phases rather than a purely strategic, condition-dependent adjustment. Behaviourally, 
movement β-CMC showed a robust negative relationship with movement duration across cohorts - 
higher coupling predicted shorter movements both between and within participants, supporting the idea 
that β-CMC indexes movement efficiency. In contrast, stabilisation phase β-CMC predicted faster RTs 
mainly in the temporal predictability cohort, with the strongest effects under predictable dynamics 
(Figure 4.51), implying that any initiation benefit is gated by temporal structure and does not generalise 
straightforwardly to amplitude manipulations. 

PMBR provided a clear post-movement marker whose amplitude (but not timing) was strongly 
modulated by temporal uncertainty - suppressed following uncertain perturbation dynamics, especially 
for extension (Figure 4.54) - while showing little sensitivity to perturbation amplitude aside from 
directional differences (Figure 4.55). PMBR- behaviour relationships were largely null at the between-
participant level and only selectively present within participants under predictable flexion (Figure 4.57), 
suggesting PMBR reflects context-dependent post-movement updating rather than movement timing. 

Across all explored dynamics, two organising principles emerge. First, beta-band coupling contains a 
substantial trait-like component (baseline predicting task β-CMC; stabilisation-to-movement carryover; 
stronger between- than within-participant effects), implying stable individual differences in beta-
mediated sensorimotor integration. Second, temporal predictability repeatedly shaped beta dynamics 
and their behavioural relevance more than perturbation amplitude, modulating stabilisation β-CMC 
suppression, gating links to RT, strengthening coherence–duration coupling, and suppressing PMBR 
under uncertainty. Overall, beta-band measures appear tuned not only to impedance dynamics but also 
to the predictability of prior sensorimotor events: β-CMC most consistently indexed efficient 
corticospinal engagement and state regulation when stabilisation structure was predictable, whereas 
PMBR reflected uncertainty-sensitive post-movement state updating rather than the simple encoding 
of movement dynamics. 
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4.6. Discussion 

4.6.1. Introduction 

Within this section, the key results are integrated and contextualised within the theoretical framework 
established at the outset of this thesis. The principal findings are interpreted in relation to existing 
literature, providing a coherent account of how the observed behavioural, muscular, and neural 
dynamics relate to current models of sensorimotor control. This section therefore synthesises the 
complex results presented to address the central question of the thesis: how the sensorimotor system 
regulates impedance during transitions between postural stability and voluntary movement. 

 

4.6.2. Impedance is Successfully Elevated During the Postural Stabilisation Task 

A foundational requirement of this thesis was to establish that the postural stabilisation task reliably 
induced a stability-oriented control state characterised by elevated mechanical impedance. This 
requirement directly addressed Aim 1A and Research Question 1, as demonstrating a robust and 
sustained impedance increase was a necessary precondition for examining whether such a control 
state persists into, or interferes with, subsequent voluntary movement. Across cohorts, the present 
findings provide evidence that participants consistently elevated mechanical impedance during 
postural stabilisation, confirming impedance regulation as a core component of the control strategy 
engaged in response to externally imposed instability. 

Critically, observed impedance levels in response to perturbation exceeded those attributable to 
passive joint mechanics alone [8], [9], indicating active modulation of limb dynamics rather than reliance 
on intrinsic musculoskeletal properties. This finding aligns with a substantial body of work 
demonstrating that humans increase impedance through sensorimotor control processes such as 
altered muscle activation patterns, reflex gains, and intermuscular coordination when confronted with 
unstable or unpredictable environments [14], [17], [31], [34], [82]. The present results extend this 
literature by showing that such impedance elevation is not only present but robustly expressed across 
repeated task exposure and varied perturbation structures. 

Notably, impedance elevation emerged from the first task block and remained largely stable across the 
session, providing little evidence for gradual, error-driven optimisation. Instead, participants appeared 
to rapidly adopt an impedance set-point appropriate to the stabilisation demands of the task. This 
pattern is inconsistent with views that conceptualise impedance as a slowly tuned mechanical 
parameter [4], [82], [267] and instead supports frameworks that describe impedance modulation as an 
anticipatory, context-dependent control policy [1], [268]. Within these frameworks, impedance is 
deployed proactively based on task demands and environmental structure, rather than incrementally 
adjusted through trial-by-trial error correction. 

The functional relevance of this impedance elevation was clearly reflected in behavioural outcomes. 
Higher impedance was associated with reduced peak angular displacement and faster post-
perturbation stabilisation, confirming that impedance regulation contributed meaningfully to mechanical 
stability. Importantly, however, the expression of these relationships depended on task structure, 
revealing distinct functional roles for impedance across contexts. In the temporal predictability cohort, 
between-participant differences in impedance strongly constrained peak displacement, suggesting that 
impedance operated as a trait-like protective factor that limited the mechanical consequences of 
perturbation onset. At the same time, within-participant fluctuations in impedance selectively supported 
faster stabilisation, particularly when perturbation timing was predictable. This dissociation supports a 
functional distinction whereby relatively stable impedance levels shape resistance to perturbation, while 
state-dependent modulation contributes to efficient post-perturbation recovery dynamics. 
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A contrasting pattern was observed in the perturbation amplitude cohort. Although impedance was 
robustly elevated, it showed no reliable association with peak angular displacement or stabilisation 
time, with only a weak, non-significant tendency toward faster stabilisation within participants. Instead, 
between-participant impedance effects were strongly context dependent, interacting with perturbation 
amplitude and direction such that higher impedance tended to predict longer stabilisation for the low-
amplitude condition but showed no relationship at high-amplitude. No comparable modulation was 
observed within-participants. The small sample size in this cohort likely reduced sensitivity to detect 
the more systematic impedance–behaviour relationships seen within the temporal predictability cohort. 
Nevertheless, the overall trend suggests that at higher perturbation amplitudes, where displacement 
was significantly increased, the imposed forces may have exceeded the range over which impedance 
can be effectively employed as a stabilisation strategy. Under these conditions, behavioural outcomes 
were dominated by the perturbation mechanics, rendering impedance a less reliable contributor to 
stability.  

Analysis of muscle co-contraction provided important mechanistic context for the observed impedance 
effects. In the temporal uncertainty cohort, co-contraction during the stabilisation phase was 
significantly elevated relative to baseline in both predictable and uncertain conditions, with reliably 
higher levels under temporal uncertainty. This pattern is consistent with established evidence that 
antagonist muscle activation contributes to increased limb impedance during stabilisation [1]. In 
contrast, co-contraction was not significantly elevated in either the high- or low-amplitude conditions of 
the perturbation amplitude cohort, and no differences were observed between amplitude levels. Across 
both cohorts, co-contraction remained stable across task blocks, indicating that these activation 
patterns were rapidly established and maintained rather than progressively tuned. 

The absence of significant co-contraction modulation in the amplitude cohort may reflect limited 
statistical power due to the smaller participant count, but it may also indicate genuine task-dependent 
differences in control strategy. Notably, the perturbation amplitude used in the temporally predictable 
cohort (0.75 Nm) lay between the two amplitudes tested in the amplitude cohort (0.5 and 1 Nm), raising 
the possibility that this intermediate level fell within a range in which co-contraction and, by extension, 
impedance-related strategies, can be most effectively deployed. At lower amplitudes, stabilisation 
demands may be insufficient to elicit sustained co-contraction, whereas at higher amplitudes the 
imposed forces may exceed the range over which sustained co-contraction remains effective or 
energetically efficient. The general range of peak angular displacement observed across cohorts aligns 
with the three perturbation amplitudes employed, lending tentative support to this interpretation. 
However, because these observations are drawn from distinct cohorts with independent participants, 
they should be interpreted with caution. Together, these considerations suggest that a more systematic 
exploration of perturbation amplitude, ideally spanning a finer-grained and continuous range, may be 
necessary to fully characterise the conditions under which co-contraction and impedance contribute 
meaningfully to stabilisation. 

Across outcome measures and task structures, co-contraction showed a clear dissociation between 
trait-like (between-participant) and state-dependent (within-participant) contributions, with its functional 
role varying systematically across cohorts. For mechanical impedance, co-contraction did not explain 
stable between-participant differences in either cohort and in the temporal predictability cohort, was 
unrelated to impedance at the between-participant level. Within participants, increases in co-
contraction were associated with modest reductions in estimated impedance, indicating a dissociation 
between sustained muscle activation and the perturbation-locked mechanical response. This pattern 
likely reflects both functional and methodological distinctions between the measures. Impedance was 
estimated from brief windows time-locked to the applied perturbations and therefore weighted toward 
stiffness- and inertia-dominated responses at disturbance onset. Co-contraction, by contrast, was 
quantified across the entire stabilisation phase and thus indexed a broader, sustained control strategy. 
From this perspective, elevated co-contraction may preferentially enhance damping and reflex-
mediated energy dissipation, improving stability over time without increasing - and in some cases even 
reducing - the stiffness-dominated impedance captured at the perturbation instant. This dissociation 
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reinforces the view that co-contraction and impedance reflect overlapping but non-identical 
components of stabilisation control [1], [31], and that changes in estimated impedance should not be 
interpreted as a direct proxy for the overall stabilising contribution of muscle activation. 

In contrast, behavioural outcomes showed stronger and more interpretable coupling to co-contraction. 
Peak angular displacement was constrained by state-dependent increases in co-contraction under 
temporal predictability, whereas in the amplitude cohort it was dominated by trait-like differences, with 
higher mean co-contraction conferring greater resistance to displacement, particularly in flexion. A 
parallel dissociation emerged for stabilisation time: in the predictability cohort, faster recovery was 
driven almost exclusively by within-participant increases in co-contraction, while in the amplitude cohort 
both higher average co-contraction and block-to-block increases contributed to faster stabilisation, 
especially under high-amplitude extension. Together, these findings indicate that co-contraction plays 
a flexible but non-unitary role in stabilisation, supporting rapid, state-dependent control when task 
timing is predictable while acting as a more trait-like protective factor when mechanical demands vary. 

In summary, the postural stabilisation task reliably elicited a control state characterised by elevated 
mechanical impedance, confirming impedance as a central feature of the stabilisation response. This 
impedance elevation was rapidly established and functionally relevant yet was not reducible to changes 
in global muscle co-contraction. Instead, co-contraction and impedance contributed in complementary 
but dissociable ways, with impedance reflecting a task-level stabilisation strategy and co-contraction 
supporting behavioural outcomes in a state- and context-dependent manner. Together, these findings 
demonstrate that impedance was successfully elevated during postural stabilisation and underscore 
its emergence from coordinated sensorimotor processes rather than from tonic muscle activation alone. 

 

4.6.3. Stabilisation Phase Impedance Modulation Persists into Subsequent Voluntary 
Movement 

The central aim of this thesis was to explore whether impedance modulation induced during postural 
stabilisation persisted into subsequent voluntary movement, and whether such persistence facilitates 
movement preparation or instead interferes with execution (Research Question 1,  Aim 1C). The 
present findings demonstrate that impedance-related control states do not fully reset at the onset of 
voluntary movement. Rather, stabilisation-induced motor states persist into the movement phase in a 
manner that is strongly shaped by task context, most notably by temporal predictability. 

Across cohorts, voluntary movement was consistently preceded by elevated reaction times relative to 
baseline, indicating a substantial and immediate cost associated with transitioning from a stability-
oriented to a movement-oriented control state. This slowing emerged from the first task block and 
persisted across the session, suggesting that it reflects a fundamental reconfiguration of sensorimotor 
control rather than transient surprise or learning effects.  

Temporal predictability selectively shaped how this persistence manifested. Reaction times were 
reliably shorter following temporally predictable than temporally uncertain stabilisation, indicating that 
predictable perturbation timing reduced the degree of impairment in movement initiation associated 
with a stabilisation-oriented control state. This difference appeared as a stable offset rather than a 
learning-related change, suggesting that temporal predictability constrained the cost of transitioning to 
voluntary action irrespective of task familiarity. Within participants, transient increases in stabilisation 
phase co-contraction were associated with smaller reaction time costs under predictable timing, 
indicating that impedance-related activation was less disruptive to movement initiation when temporal 
structure was available. Under temporal uncertainty, this relationship was disrupted, likely because 
unpredictable perturbation timing prevented alignment between stabilisation-related activation and 
impending movement demands, forcing elevated impedance to serve a purely reactive stabilisation 
role that compounded initiation costs. Together, these findings align with models in which predictable 
task structure reduces the cost of adapting sensorimotor models [268], [269]. 
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Endpoint accuracy was largely unaffected by either temporal predictability or perturbation amplitude, 
with no evidence of systematic learning or condition-dependent degradation across blocks. Where 
accuracy costs were observed, they were direction-specific and stable across the session, suggesting 
biomechanical or control-related asymmetries rather than impedance-related interference. These 
findings indicate that, within the constrained movement paradigm employed, impedance persistence 
did not produce gross impairments in endpoint accuracy. However, the resolution of the accuracy 
measure was limited by the restricted range of motion and the constraint to a single rotational axis. As 
a result, the present analyses may not fully capture changes in endpoint accuracy induced by exposure 
to postural stabilisation dynamics, which may only become evident in a less constrained experimental 
paradigm. 

In the temporal predictability cohort, movement duration increased reliably relative to baseline in the 
first task block, producing a transient slowing evident in both flexion and extension and not significantly 
different between conditions. However, across blocks, this slowing remained significant following 
temporally predictable stabilisation, whereas effects following temporally uncertain stabilisation did not 
reach statistical significance. In contrast, the perturbation amplitude cohort showed no reliable change 
in movement duration from baseline, remaining stable across conditions, movement directions, and 
task blocks. Across cohorts, changes in movement duration were mild and mostly nonsignificant, 
suggesting that impedance persistence primarily impacts movement preparation, with minimal 
consequences for movement execution. 

In the temporal predictability cohort, within-participant increases in reaction time covaried with longer 
movement durations, indicating the emergence of a unified, transiently slowed motor state linking 
preparation and execution [163]. This coupling was absent in the perturbation amplitude cohort, where 
reaction time and movement duration were largely dissociated. This lack of a unified response may, as 
with the stabilisation phase co-contraction dynamics, result from the specific perturbation amplitudes 
used in this cohort. The lower amplitude (0.5 Nm) may have been insufficient to induce a stabilisation 
state strong enough to persist into execution, whereas the higher amplitude (1 Nm) may have exceeded 
the range over which stabilisation-related control could be flexibly integrated into subsequent 
movement. In contrast, the intermediate amplitude used in the temporally predictable cohort (0.75 Nm) 
may have fallen within a range that supported both robust stabilisation and measurable carryover into 
voluntary execution, allowing a clearer coupling between preparation and movement duration to 
emerge. Addressing the temporally predictability results specifically, they suggest that when temporal 
structure is predictable, persistence of a stabilisation-oriented control state can propagate beyond 
movement initiation to influence execution dynamics. 

Co-contraction analyses provided mechanistic support for the observed behavioural effects. Across 
cohorts, co-contraction showed strong and consistent carryover from the stabilisation phase into 
voluntary movement, both as stable inter-individual differences and as block-to-block fluctuations. This 
persistence indicates that muscle activation patterns established during stabilisation are not fully reset 
at movement onset, providing a physiological substrate for the delayed reaction times and, where 
present, slowed movement execution observed following stabilisation. The relative insensitivity of this 
carryover to condition or movement direction suggests that co-contraction reflects a general control 
state bridging reactive stabilisation and voluntary action, rather than a finely tuned, task-specific 
adjustment. This interpretation is consistent with existing literature describing co-contraction as 
mediating a fundamental trade-off between mechanical stability and responsiveness, in which 
increased robustness to perturbation is achieved at the cost of slower initiation and reduced flexibility 
of movement [13], [78]. 

Taken together, these findings demonstrate that impedance modulation during postural stabilisation 
persists into subsequent voluntary movement and is uniformly maladaptive for movement initiation. 
Across cohorts, persistence of a stabilisation-oriented motor state was associated with impaired 
movement initiation relative to baseline, indicating a consistent cost of carrying stabilisation-related 
control into voluntary action. Under predictable temporal dynamics, this impairment was reduced but 
not eliminated, suggesting that predictive structure constrains the magnitude of the cost incurred. When 
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perturbation amplitude differed between conditions, impedance persistence became less behaviourally 
expressive, and voluntary movement was governed primarily by baseline timing characteristics and 
general practice effects. Overall, these results indicate that impedance persistence reflects a context-
sensitive but inherently maladaptive control state whose behavioural impact is shaped by predictive 
structure rather than by between-condition differences in mechanical load. 

 

4.6.4. Temporal Predictability, Not Perturbation Amplitude, Governs the Flexibility of 
Impedance Release 

This thesis examined whether impedance control adapts flexibly to task demands, and in particular 
whether such flexibility is governed primarily by the informational structure of the task or by its 
mechanical demands (Research Question 3, Aim 3). Across all analyses, a clear and consistent 
pattern emerged: alterations of temporal predictability exerted a far stronger influence on the 
modulation, persistence, and release of impedance than changing perturbation amplitude. This 
dissociation indicates that impedance control is governed primarily by predictive structure rather than 
by the magnitude of external mechanical load. 

During postural stabilisation, impedance was strongly modulated by temporal predictability but not by 
perturbation amplitude. Predictable perturbations elicited higher impedance than uncertain 
perturbations, an effect that emerged early and remained stable across the session. In contrast, varying 
perturbation amplitude produced no systematic change in impedance, despite clear effects on 
behavioural outcomes such as peak displacement and stabilisation time. This dissociation indicates 
that impedance was not continuously rescaled in proportion to mechanical demand but instead 
reflected a task-level control policy sensitive to temporal structure rather than force amplitude. 

The same pattern characterised transitions into voluntary movement. In the temporal predictability 
cohort, stabilisation-related control states persisted into movement initiation, producing impaired 
reaction times relative to baseline. Predictable timing consistently reduced but did not eliminate this 
impairment, indicating greater flexibility in how impedance-related control was released when temporal 
structure was available. Under temporal uncertainty, this flexibility was diminished: reaction times were 
longer, co-contraction carried over more strongly into movement, and preparation and execution 
became coupled within a transiently slowed motor state. These findings suggest that uncertainty limits 
the system’s ability to disengage stabilisation-oriented control, amplifying the cost of impedance 
persistence. 

By contrast, when perturbation amplitude differed between conditions, impedance persistence was less 
behaviourally expressive. Reaction time and execution measures were largely insensitive to 
stabilisation phase impedance or co-contraction, and voluntary movement was governed primarily by 
baseline timing characteristics and general practice effects. Although co-contraction persisted across 
task phases, this carryover had minimal impact on voluntary behaviour, indicating that mechanical load 
reduced the functional relevance of impedance persistence without enhancing its flexibility. 

Together, these results offer a novel characterisation of impedance control as a stabilisation-oriented 
motor state whose persistence across stability–movement transitions is governed by predictive 
structure rather than by mechanical demand. Rather than scaling continuously with force, impedance 
was flexibly engaged and released according to the temporal organisation of the task, with predictability 
determining how readily this state could be attenuated during transitions to voluntary movement and, 
in turn, the size of the associated behavioural cost. Mechanical load shaped overt performance but 
exerted little influence on the regulation or release of impedance itself. This dissociation provides new 
evidence that impedance regulation operates primarily as an uncertainty-management strategy, 
highlighting predictive information, not force magnitude, as the key driver of sensorimotor flexibility 
across stability–movement transitions. 

 



 138 

4.6.5. Extension Movements Are More Sensitive to Impedance Dynamics Than Flexion 
Movements 

Across behavioural, mechanical, and muscular measures, extension movements consistently exhibited 
greater sensitivity to impedance-related control dynamics than flexion movements. This asymmetry 
was evident during postural stabilisation, persisted into voluntary movement, and was expressed 
across both trait-like and state-dependent timescales. Together, these findings indicate that impedance 
modulation and its carryover across stability–movement transitions are directionally structured, 
addressing Research Question 1 and informing Aims 1 and 3. 

During postural stabilisation, impedance levels were generally higher for extension than flexion, and 
condition-dependent effects of temporal predictability were more pronounced in extension. Impedance 
differences between predictable and uncertain perturbations were strongest for extension, while flexion 
effects were weaker or only trend-level. Behaviourally, extension perturbations also showed stronger 
coupling between displacement and stabilisation time, indicating that extension movements were more 
tightly governed by impedance-mediated mechanical constraints. These findings suggest that 
extension movements rely more heavily on impedance regulation to resist perturbations, consistent 
with prior work showing direction-dependent differences in wrist biomechanics and reflex gains [2], [80]. 

This directional sensitivity carried forward into voluntary movement. Reaction time, movement duration, 
and co-contraction measures repeatedly showed stronger impedance-linked effects in extension than 
flexion. In the temporal predictability cohort, within-participant increases in impedance and co-
contraction were more consistently associated with faster stabilisation, shorter reaction times, and 
tighter coupling between preparation and execution during extension. Similarly, co-contraction during 
the stabilisation phase predicted subsequent movement-phase co-contraction more robustly in 
extension across both cohorts, indicating stronger persistence of stabilisation-related motor states 
along this direction. 

Importantly, these effects were not simply attributable to greater task difficulty in extension. Accuracy 
during voluntary movement did not show systematic impairment for extension, and in some cases, 
flexion exhibited larger accuracy reductions. Instead, the heightened sensitivity of extension appears 
to reflect greater integration of impedance-related control into both reactive and voluntary phases of 
behaviour. This dissociation suggests that extension movements may prioritise mechanical stability 
and impedance regulation, whereas flexion movements may rely more on kinematic or feedforward 
control strategies. 

Condition manipulations further clarified this asymmetry. Modulation of temporal predictability 
selectively amplified extension sensitivity: temporal uncertainty increased stabilisation phase co-
contraction during extension, strengthened carryover into movement, and enhanced coupling between 
impedance-related states and voluntary timing. In contrast, varying perturbation amplitude produced 
comparatively weak and fragmented direction-dependent effects, indicating that extension sensitivity 
is more strongly engaged by informational structure than by mechanical load. This pattern directly 
informs Research Question 3, showing that directional biases in impedance control are stable and 
not readily reshaped by short-term exposure to varying torque demands. 

From a mechanistic perspective, these findings align with models of impedance control in which limb 
dynamics emerge from the interaction of musculoskeletal geometry, neural gain modulation, and task-
level objectives. Wrist extension involves larger extensor muscle groups with higher passive stiffness 
and stronger stretch reflexes [8], [77], [270], which may amplify the behavioural consequences of 
impedance modulation. As a result, changes in impedance state, whether induced by predictability, 
uncertainty, or co-contraction, are more readily expressed in extension than flexion. 

In the context of stability–movement transitions, this directional asymmetry has important implications. 
Extension movements appear more susceptible to both the benefits and costs of impedance 
persistence: stabilisation-related control states are more likely to carry over, shape voluntary 
preparation, and influence execution dynamics. Flexion movements, by contrast, showed weaker and 
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more context-specific sensitivity, suggesting greater flexibility or more effective release of impedance 
during the transition to voluntary action. 

Overall, these results reveal a novel directional asymmetry in how impedance dynamics persist across 
stability–movement transitions, with extension movements showing heightened sensitivity to 
stabilisation history compared with flexion. This effect was robust across cohorts and selectively 
shaped by temporal predictability rather than perturbation amplitude, demonstrating that the 
persistence and release of impedance are constrained not only by task structure but also by movement 
direction. These findings refine the interpretation of impedance persistence in Research Question 1, 
highlight directional constraints on adaptability in Research Question 3, and provide an important 
consideration for examining neural signatures of impedance control (Research Question 2) and 
clinical populations with impaired impedance regulation. By identifying extension as a locus of reduced 
flexibility in transitioning out of a stability-oriented control state, these findings advance current 
accounts of impedance regulation beyond static or single-phase paradigms and underscore the 
importance of considering direction-specific constraints when interpreting neural and behavioural 
signatures of sensorimotor control. 

 

4.6.6. Levels of Beta Corticomuscular Coherence Reflect Changes in Impedance State and 
Motor Context 

This thesis sought to determine whether beta-band neural dynamics provide a meaningful index of 
impedance control and its evolution across stabilisation–movement transitions (Aim 2, Research 
Question 2). Prevailing accounts interpret sensorimotor beta power as indexing the maintenance of 
the current motor state [150], with elevated beta reflecting reduced readiness to change. On this basis, 
increased beta power relative to baseline was expected during the stabilisation phase, reflecting 
heightened efforts to preserve posture under perturbation [148], [271]. Contrary to this expectation, no 
reliable increase in beta power was observed during postural stabilisation in either cohort. 

One plausible explanation is that the involuntary movements induced by the perturbations were of 
sufficient magnitude to disrupt postural maintenance, eliciting beta desynchronisation associated with 
movement or corrective responses [272], [273]. This interpretation is supported by the fact that 
participants were unable to fully suppress the angular displacement induced by the applied 
perturbations, indicating a failure to preserve the current motor state and necessitating corrective 
action. From this perspective, the absence of elevated beta power during stabilisation may reflect a 
dynamic competition between the intention to maintain posture and the disruptive effects of externally 
imposed motion. Future work could address this ambiguity by incorporating control trials in which 
participants anticipate postural challenge without experiencing actual perturbations, allowing a clearer 
dissociation between beta dynamics associated with motor state preservation and those driven by 
perturbation-induced movement. 

While direct measurements of beta power failed to encapsulate the impedance dynamics observed, 
beta corticomuscular coherence (β-CMC) was far more robustly coupled with impedance dynamics. 
Across task phases and cohorts, β-CMC tracked whether the system was engaged in a stability-
oriented or movement-oriented control state and how flexibly that state could be adjusted. 

During the postural stabilisation phase, β-CMC showed a large and immediate reduction from baseline 
in both cohorts. This effect emerged from the first exposure and remained stable across task blocks, 
mirroring the rapid establishment and maintenance of elevated mechanical impedance. This may 
reflect a decoupling of cortical contributions to impedance control [274], [275] as participants fall back 
on more peripheral and reflexive control strategies [58], [68]. This interpretation is supported by the 
general increase in co-contraction seen within the temporal predictability cohort but has unclear 
associations within the perturbation amplitude cohort. The absence of block-wise change argues 
against a learning-driven interpretation and instead supports the view that suppression of β-CMC is a 
defining feature of the impedance-dominated stabilisation state. Critically, this reduction was largely 
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insensitive to perturbation amplitude, demonstrating that corticospinal beta coupling does not scale 
with mechanical load. Instead, β-CMC appears to reflect a shift in control mode, consistent with 
accounts that associate reduced beta coupling with increased reliance on peripheral mechanisms and 
reduced moment-to-moment cortical regulation during postural maintenance [214], [274]. 

Although broadly similar across cohorts, stabilisation phase β-CMC retained sensitivity to temporal 
structure. In the temporal predictability cohort, suppression of β-CMC was reliably greater under 
predictable than uncertain perturbations. This dissociation parallels the impedance results, in which 
predictable timing supported higher and more stable impedance levels, whereas uncertainty led to 
reduced impedance. Together, these findings suggest that β-CMC indexes the degree to which 
impedance is set proactively within a predictable context, rather than reflecting the absolute magnitude 
of stabilising force or stiffness. Temporal uncertainty appears to preserve a greater degree of 
corticospinal coupling, potentially supporting flexibility and responsiveness when perturbation timing 
cannot be anticipated. 

The functional relevance of β-CMC was further supported by its relationship to behaviour across task 
phases. During stabilisation, within-participant increases in co-contraction were associated with 
transient increases in β-CMC, particularly under temporal uncertainty or high mechanical load. This 
indicates that β-CMC is sensitive to momentary engagement of stabilising control rather than tonic 
muscle activation, aligning with interpretations of beta coupling as reflecting active sensorimotor 
integration. Mean co-contraction levels, by contrast, were unrelated to β-CMC, reinforcing the 
dissociation between trait-like muscle activation strategies and state-dependent neural engagement. 

Across the transition into voluntary movement, β-CMC showed a different profile. Mean levels during 
movement were not shifted relative to baseline and did not adapt across blocks, indicating that the 
stabilisation-related suppression of β-CMC was released rather than persistently carried forward. 
However, β-CMC during movement was selectively shaped by task context and movement direction. 
In both cohorts, condition-dependent modulation was expressed primarily during extension movements, 
with temporal predictability and perturbation amplitude altering the directional profile of coupling rather 
than its overall level. This pattern mirrors the behavioural and impedance findings, in which extension 
movements were more sensitive to stabilisation history and control context than flexion movements. 

Importantly, stabilisation phase β-CMC carried over into movement β-CMC primarily at the between-
participant level and almost exclusively during extension. Individuals with higher corticospinal coupling 
during stabilisation tended to retain higher coupling during movement, indicating a trait-like continuity 
of neural control strategy rather than a block-to-block persistence of state. This carryover was largely 
independent of task condition, suggesting that while β-CMC is sensitive to motor context, individual 
differences in corticospinal engagement remain stable across task phases. 

Finally, the behavioural correlates of β-CMC further clarify its role. In the temporal predictability cohort, 
higher stabilisation phase β-CMC predicted faster reaction times at both the between- and within-
participant levels, particularly under predictable timing. This indicates that stronger corticospinal 
coupling during stabilisation may facilitate more efficient movement initiation when upcoming demands 
are known. Comparable effects were absent when perturbation amplitude varied, underscoring that the 
behavioural relevance of β-CMC is gated by temporal structure rather than mechanical intensity. 
Associations with movement duration were weaker and highly context dependent, reinforcing the 
interpretation that β-CMC primarily indexes readiness and control state rather than kinematic execution 
directly. 

Taken together, these findings provide novel evidence that β-CMC indexes changes in impedance state 
and motor context rather than scaling with mechanical load. Suppression of β-CMC reliably 
characterised the stabilisation phase and accompanied elevated impedance, while its partial release 
and direction-specific modulation during movement reflected reconfiguration of control priorities across 
task phases. Crucially, the flexibility of this neural signature was governed by temporal predictability 
rather than perturbation amplitude, demonstrating that corticospinal beta coupling tracks context-
dependent control states across stability–movement transitions. This positions β-CMC as a principled 
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neural marker of impedance regulation dynamics, extending its interpretation beyond movement 
execution to the organisation and release of stabilisation-oriented motor states (Research Question 
2, Aim 4). 

 

4.6.7. Post-Movement Beta Rebound Indexes Context-Dependent State Updating Rather Than 
Voluntary Movement Dynamics 

Post-movement beta rebound (PMBR) has been widely interpreted as reflecting processes related to 
movement speed [165], accuracy [164], and force generation [152], [166]. In the present thesis, PMBR 
served as a complementary neural marker to β-CMC and co-contraction, providing insight into how 
control states are resolved following stability–movement transitions (Aim 2, Research Question 2). 
Contrary to prevailing interpretations, the results suggest that PMBR did not encode specific movement 
parameters but rather reflected context-dependent state updating associated with the persistence and 
release of impedance-related control. 

Across both cohorts, PMBR exhibited a robust and stereotyped temporal profile following movement 
termination, with clear suppression relative to baseline and a well-defined rebound within the post-
movement window. This consistency confirms PMBR as a reliable marker of post-movement cortical 
processing in the present paradigm. However, the amplitude of PMBR was not shaped by movement 
dynamics in any systematic way. Neither reaction time nor movement duration reliably predicted PMBR 
at the between-participant level, and only highly selective within-participant effects were observed. This 
dissociation argues against an interpretation of PMBR as a direct consequence of movement effort 
[152], [166] or execution quality [164], [165]. 

Instead, PMBR amplitude was strongly modulated by task context, particularly temporal predictability, 
and by movement direction. In the temporal predictability cohort, PMBR was consistently suppressed 
following temporally uncertain stabilisation compared with predictable stabilisation, with the effect most 
pronounced during extension movements. This modulation emerged robustly across the session and 
showed no evidence of learning or block-wise adaptation, indicating that PMBR reflected an ongoing 
contextual influence rather than transient novelty or fatigue. In contrast, when perturbation amplitude 
was manipulated, PMBR showed no reliable condition-dependent modulation, despite clear 
mechanical differences between conditions. Together, these findings mirror those observed for 
impedance and beta corticomuscular coherence, reinforcing the conclusion that beta-band dynamics 
are more sensitive to informational structure than to mechanical load. 

The relationship between PMBR and impedance-related control becomes clearer when considered 
alongside evidence for impedance carryover. Stabilisation induced a persistent motor state 
characterised by elevated impedance, altered co-contraction, and suppressed β-CMC, which biased 
subsequent movement preparation. PMBR appears to index how this persistent state is resolved 
following movement completion. Following temporally predictable stabilisation, where impedance was 
elevated and more proactively set, PMBR was larger, suggesting a more complete or efficient post-
movement state update. Following temporally uncertain stabilisation, where impedance was reduced 
and control remained more flexible, PMBR was attenuated, consistent with a less definitive resolution 
of the preceding control state. 

Selective within-participant associations further support this interpretation. Under predictable timing for 
flexion movements, longer reaction times and movement durations were associated with larger PMBR 
amplitude. Rather than reflecting slower execution, this pattern suggests increased evaluative or 
updating demands when movement unfolds more slowly within a predictable context. The absence of 
these effects under temporal uncertainty implies that PMBR engagement depends on the availability 
of predictive structure that allows comparison between expected and realised outcomes. When such 
structure is lacking, as under temporal uncertainty, PMBR is uniformly suppressed and decoupled from 
fine-grained behavioural variability. 
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Taken together, these findings offer a novel interpretation of PMBR as a neural signature of context-
dependent state updating that is tightly coupled to impedance control rather than to movement 
mechanics. PMBR amplitude indexed how definitively the sensorimotor system disengaged from a 
stability-oriented control regime following movement, with larger rebounds under predictable conditions 
indicating more complete resolution of the stabilisation state. By demonstrating that PMBR tracks the 
release of impedance in a manner governed by temporal predictability and not by force magnitude, 
these results extend prevailing accounts of PMBR beyond post-movement evaluation to encompass 
the final stage of impedance regulation across stability–movement transitions. 

 

4.6.8. Cross-Phase Neural Dynamics of Impedance Control and Their Translational Relevance 

Together, the neural findings demonstrate that impedance control is supported by dissociable beta-
band signatures that map onto distinct phases of the stabilisation–movement sequence, rather than by 
a unitary oscillatory mechanism. β-CMC and PMBR captured complementary aspects of how the 
sensorimotor system engages, maintains, and resolves stabilisation-oriented control (Aim 2, Research 
Question 2). This phase-specific organisation clarifies why different beta measures showed differential 
sensitivity to task context and constrains interpretations that treat beta activity as a single marker of 
motor state. 

β-CMC emerged as a neural signature of the stabilisation-oriented control regime itself. Its robust 
suppression during postural stabilisation coincided with elevated impedance and increased co-
contraction, indicating reduced reliance on moment-to-moment corticospinal coupling during 
impedance-dominated control. Sensitivity of β-CMC to temporal predictability, but not to perturbation 
amplitude, mirrored behavioural and mechanical findings, reinforcing the interpretation that β-CMC 
indexes motor context and control mode rather than mechanical load. Partial carryover of β-CMC into 
voluntary movement at the between-participant level further suggests that it reflects stable individual 
strategies for organising transitions between stabilisation and movement, biasing how control states 
are reconfigured rather than persisting rigidly on a trial-by-trial basis. 

In contrast, PMBR indexed a later and functionally distinct stage of control: the resolution and updating 
of the motor state following movement termination (Aim 4). PMBR showed minimal coupling to 
movement kinematics and no systematic sensitivity to force magnitude, arguing against interpretations 
based on execution effort or accuracy. Instead, its strong modulation by temporal predictability and 
movement direction positions PMBR as a marker of contextual evaluation - reflecting how definitively 
the sensorimotor system disengages from a stabilisation-oriented control state. Larger PMBR following 
predictable stabilisation suggests more complete or efficient state resolution, whereas attenuated 
PMBR under uncertainty indicates prolonged or incomplete disengagement of stabilisation-related 
control. 

Crucially, mean beta power showed no reliable modulation across task phases or conditions, ruling out 
explanations based on global changes in cortical excitability or arousal. Instead, impedance-related 
neural dynamics were expressed through interactional and temporally specific measures - β-CMC 
during stabilisation and PMBR following movement - highlighting the importance of phase-sensitive 
analyses when interpreting beta-band activity in motor control. 

This cross-phase organisation of beta-band dynamics has important implications for understanding 
sensorimotor flexibility and its impairment. Effective motor behaviour requires not only the ability to 
elevate impedance under stability demands, but also the capacity to flexibly resolve and release that 
impedance when task goals shift. The present findings indicate that temporal predictability supports 
this flexibility by enabling clearer engagement and resolution of stabilisation-related neural states, 
whereas uncertainty compromises both commitment to, and disengagement from, impedance-
dominated control. In this framework, impaired movement initiation arises not from excessive 
impedance directly, but from difficulty resolving stabilisation-oriented control when predictive structure 
is lacking. 
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These dynamics resonate with clinical accounts of rigidity and bradykinesia in Parkinson’s disease, 
where abnormal beta synchrony [26], [41], reduced beta flexibility [27], and altered β-CMC [276], [277] 
have been proposed as core pathophysiological features. Although the present work examined healthy 
participants, the association between reduced PMBR, altered β-CMC, and delayed movement initiation 
provides a mechanistic bridge to these clinical phenomena. From this perspective, motor impairment 
may reflect a failure of state resolution rather than an inability to generate or suppress impedance alone. 

Overall, the combined neural evidence supports a new view of impedance control as a temporally 
structured, context-sensitive process supported by dissociable beta-band mechanisms. β-CMC reflects 
engagement of a stabilisation-oriented control regime, while PMBR captures its resolution following 
movement. Together, these measures provide a principled framework for linking stabilisation, 
movement initiation, and post-movement updating, and offer promising neural markers for assessing 
sensorimotor flexibility and its disruption in both experimental and clinical contexts (Aim 2, Aim 4). 

 

4.6.9. Limitations and Future Directions 

The main limitations of the present study relate to constraints on data quantity, experimental design, 
and technical implementation. To maintain a reasonable session duration, the number of trials per block 
was necessarily limited. While this trial count was sufficient for most outcome measures, a greater 
number of repetitions would strengthen robustness, particularly for neural analyses. Session time 
constraints also motivated suboptimal trial-level design choices, most notably the restriction of the post-
movement analysis window to 1 s. Although this window was generally sufficient for identifying reliable 
PMBR peaks following voluntary movement, it may have reduced sensitivity to slower post-movement 
dynamics. Future studies of a similar nature would benefit from incorporating a longer post-movement 
window and less modest trial counts.  

Beyond modifications to individual task elements, the overall session design could be improved. Across 
outcome measures, there was little evidence of adaptation or learning across the repeated task blocks 
(Aim 3). A major contributor to the extended session duration was the inclusion of multiple blocks 
intended to track temporal development of the measured features; however, as these effects proved 
largely nonsignificant, this structure offered limited benefit. Redesigning the protocol to reduce or 
eliminate repeated blocks would provide greater flexibility to increase trial count and optimise statistical 
power. Moreover, the current hierarchy of conditions, blocks, and trials constrained exploration of trial-
by-trial variability, as inclusion of trial-level terms in mixed-effects models would have substantially 
increased model complexity and risked statistical underpowering. This was of particular concern for the 
perturbation amplitude cohort due to being limited to only 14 participants. Adopting a more flexible, 
trial-centric design would facilitate finer-grained analyses and allow multiple experimental 
manipulations to be combined within a single session, addressing the cohort-level separation in the 
current implementation. Additionally, the current design was repetitive and unengaging meaning mental 
fatigue and reduced attention could have impacted results [278], [279]. The proposed trial-centric 
design would remove the long, repetitive sections of the current design, reducing the potential impact 
of reduced task engagement. 

Beyond design considerations, technical limitations also affected data acquisition. Principal amongst 
these was the limited sampling rate of the manipulandum, which was constrained by the MATLAB API 
for the HRX-1 and could not be executed on a background thread. As a result, data acquisition was 
locked to the 60 Hz screen refresh cycle, reducing temporal precision. This limitation directly impacted 
analyses such as β-CMC, where low sampling rates hindered precise moment-to-moment 
characterisation of this highly transient feature [280]. More generally, insufficient temporal precision 
prevented highly accurate timestamping of motor events, limiting exploration of fast neural dynamics, 
such as the examination of beta bursting activity, which has established relevance to movement 
dynamics in both healthy individuals and those with Parkinson’s disease [25], [149], [190].  Addressing 
this technical constraint in future work would enable more detailed analysis of beta-band activity and 
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extension to higher-frequency dynamics, such as gamma-band activity, providing a more 
comprehensive understanding of impedance regulation and sensorimotor integration [210], [211]. 

An additional technical limitation concerns the use of single bipolar EMG recordings to index muscle 
activity. While this approach provided a reliable measure of overall muscle activation and co-contraction, 
it offers limited insight into the spatial organisation and heterogeneity of motor unit recruitment within 
and across muscles. High-density EMG would enable more detailed characterisation of muscle 
coordination, including regional activation patterns, changes in motor unit synchronisation, and 
muscle–muscle coupling, which are not accessible with bipolar recordings [281], [282]. This limitation 
is particularly relevant in the context of impedance control, where stabilisation may be achieved through 
nuanced, spatially distributed recruitment strategies rather than uniform increases in activation. Future 
studies incorporating high-density EMG could therefore provide a more mechanistic understanding of 
how muscle coordination supports impedance modulation and its persistence across stabilisation–
movement transitions. This could be further enhanced by translating the protocol from the current one-
degree-of-freedom (1-DOF) system to a two-degree-of-freedom (2-DOF) implementation. This would 
allow for the expression of more complex impedance dynamics and improve the ecological validity of 
the movements performed.  

Finally, extending the present protocol to clinical populations, particularly individuals with Parkinson’s 
disease, represents an important direction for future work. PD is characterised by abnormal beta-band 
dynamics, impaired modulation of corticomuscular coupling, and altered use of co-contraction during 
movement and postural control. Applying the current stabilisation–movement paradigm in this 
population would allow direct examination of how pathological beta activity and impaired impedance 
regulation interact during transitions between stability and voluntary action. Such an approach could 
clarify whether the persistence of stabilisation-oriented control states observed in healthy participants 
is exaggerated or inflexible in Parkinson’s disease, potentially contributing to bradykinesia and impaired 
movement initiation. This extension would also provide a clinically relevant test of the proposed links 
between impedance control, predictive structure, and beta-band neural dynamics. 

 

4.6.10. Summary 

Across the preceding discussion sections, the findings converge on an integrative sensorimotor 
account of how impedance is regulated across transitions from postural stability to voluntary movement 
(Aim 4). Impedance emerged not as a static mechanical parameter, but as a temporally structured 
control state supported by coordinated interactions between limb mechanics, muscle co-contraction, 
and dissociable beta-band neural dynamics. A central and novel insight of this work is that the 
engagement, persistence, and release of impedance are governed primarily by the informational 
structure of the stabilisation task - particularly temporal predictability - rather than by the magnitude of 
mechanical load (Research Question 3). Predictable stabilisation dynamics supported higher and 
more stable impedance, stronger suppression of β-CMC, and larger PMBR, indicating clearer 
commitment to and resolution of a stabilisation-oriented control state. In contrast, varying perturbation 
amplitude between conditions had little effect on impedance regulation or its neural signatures, despite 
robust effects on behavioural outcomes. 

Stabilisation-related control states persisted into voluntary movement, producing consistent costs for 
movement initiation that were uniformly maladaptive relative to baseline (Research Question 1). 
However, the magnitude of this impairment was constrained by modulation of temporal predictability: 
when perturbation timing was predictable, the cost of carrying stabilisation-related control into 
movement was reduced, whereas temporal uncertainty exacerbated delayed initiation and impaired 
state resolution. These effects were not mirrored by changes in mechanical load, underscoring that 
impedance control is tuned to managing uncertainty rather than scaling force. PMBR further revealed 
that release of stabilisation-related control is an active, context-dependent process, with attenuated 
rebound under uncertainty indicating incomplete disengagement of the stabilisation state (Aim 2, 
Research Question 2). 
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The novelty of these results lies in demonstrating that impedance control is organised specifically 
around the stability–movement transition, rather than being confined to either postural maintenance or 
movement execution alone. The findings show that stabilisation establishes a distinct motor state that 
persists across the transition into voluntary action and must be actively reconfigured or released for 
efficient movement to occur. Critically, this transition is governed by dissociable neural mechanisms 
that map onto stabilisation, transition, and post-movement resolution, revealing impedance regulation 
as a dynamic, cross-phase process. 

By showing that the flexibility of this transition depends on predictive structure rather than mechanical 
demand, the results reframe impedance control as a problem of managing competing stability and 
movement requirements under uncertainty. The integration of behavioural costs, muscular activation, 
and beta-band neural dynamics clarifies how stabilisation-oriented states bias subsequent movement 
preparation and execution, resolving ambiguities in the interpretation of beta activity during motor tasks. 
This stability–movement transition perspective advances current models of sensorimotor control by 
explicitly linking impedance persistence and release to task structure and provides a principled 
framework for understanding impaired motor flexibility when predictive information is degraded. 
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V. Passive Wrist Stiffness in Healthy Motor 
Control Following Stability–Movement 
Transitions and at Baseline in Parkinson’s 
Disease 

5.1. Introduction 

Mechanical impedance of the wrist plays a central role in human motor control, with stiffness 
constituting its largest and most influential component [77]. Accurate assessment of wrist stiffness 
requires the application of stable low-amplitude torques that minimally engage voluntary motor 
responses [58], [283]. In clinical practice for Parkinson’s disease (PD), such assessments are 
commonly performed using the rigidity item of the Unified Parkinson’s Disease Rating Scale (UPDRS) 
[120], in which a clinician applies sustained, external manipulations to the patient’s wrist. While widely 
adopted, this approach is inherently subjective and suffers from substantial inter- and intra-rater 
variability [123], [124], [125], limiting its sensitivity and reproducibility. 

These limitations motivate the development of automated, objective approaches capable of delivering 
precise and repeatable measurements of passive stiffness. The HRX-1 manipulandum presented an 
opportunity to address this need by enabling controlled torque application and high-resolution 
measurement of wrist responses, allowing rigidity to be quantified in a standardised manner. 
Importantly, this assessment was integrated with the primary experimental paradigm, permitting 
evaluation of how prior perturbation exposure influenced stiffness. In this context, passive wrist stiffness 
serves not only as a clinically relevant metric but also as a tool for probing more subtle and persistent 
changes in sensorimotor control and impedance carryover following stability–movement transitions. 

 

5.2. Methods 

5.2.1. Apparatus 

All data presented within this section was collected using the HRX-1 device. Participants for the main 
paradigm completed blocks of passive assessment as part of their pre-condition baselines and 
following each task block (Figure 4.5). These participants engaged with the full experimental 
configuration, including the DSI-24 EEG headset and auxiliary EMG sensors. A full description of the 
configuration can be found in the Apparatus section of the previous chapter.  

Participants with PD completed a single block of passive assessment in isolation. Visual feedback was 
minimal and was used only to assist participants in aligning the handle to a neutral position prior to 
torque application. This visualisation was identical to that used in the main paradigm, comprising a 
white crosshair indicating handle position and a red target circle. These visual elements were removed 
at trial onset, thereby eliminating the potential confound of participants tracking their position via visual 
feedback. Clinical participants interacted with the manipulandum without supplementary EEG or EMG 
instrumentation. 

Aside from the exclusion of supplementary equipment, participants engaged with the passive 
assessment task in a manner identical to the main paradigm. Interaction with the device was achieved 
via a rubber-coated, bicycle-style handle grip, while the manipulandum supported the arm from the 
wrist to the elbow (Figure 4.1). Participants were secured with Velcro straps at the wrist and forearm 
to minimise compensatory elbow movement during assessment. Participants were seated facing a 
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computer monitor, and chair height was adjusted to ensure a comfortable posture, with approximately 
40° of shoulder abduction and 20° of shoulder flexion. 

 

5.2.2. Participants 

The participants who completed the passive assessment analyses formed several distinct cohorts. 
Regardless of cohort, each participant provided informed consent prior to participation. The study was 
approved by the Imperial College Research Ethics Committee (ICREC) and performed in accordance 
with the Declaration of Helsinki. 

Healthy participants were those who completed the main paradigm (Participants). They were recruited 
via college wide invitation and had no known physical impairment of their dominant arm or any 
diagnosed neurological conditions. These participants were divided into two cohorts (Table 5.1), 
defined by the perturbation feature manipulated as part of the Main Task Design.  

 

Table 5.1. Healthy participant demographic breakdown. Replication of Table 4.1 , included here for completeness. 

Cohort Count Age - Mean (SD) Age - Median (IQR) Sex (M/F) Dominant Hand (R/L) 

Perturbation Amplitude 14 26.2(6.51) 24 (22.00 - 30.25) 8/6 11/3 

Temporal Predictability 24 25.7(5.51) 24 (22.00 - 29.00) 12/12 22/2 

 

Participants with PD were recruited across multiple cohorts (Table 5.2). These cohorts were defined 
by both the data collection context and the contrasts available within each dataset. Passive assessment 
data collection was frequently embedded within other laboratory protocols, resulting in several distinct 
comparison sets. The first two PD cohorts were collected specifically for the present study. All 
participants were assessed while adhering to their usual pharmacological treatment regimen, and 
testing was conducted exclusively in this medicated state. Wrist rigidity was evaluated using the 
UPDRS prior to experimental testing, and these clinical ratings were used in the present analyses. 
UPDRS assessments were conducted by two clinicians without overlap, producing two cohorts defined 
by clinical assessor (Clinic A and Clinic B). Two additional PD cohorts were collected to enable 
contrasts between treatment states. In the first cohort, participants were tested both ON- and OFF-
medication. In the second cohort, participants had implanted deep brain stimulators and were tested 
initially under their usual stimulation parameters (ON) and subsequently without stimulation (OFF). 
Participants in both cohorts underwent UPDRS assessments of wrist rigidity in each treatment state, 
enabling direct within-participant comparisons across states. The clinical assessor for the stimulation 
cohort was the same assessor from the Clinic A cohort, whereas the medication cohort was evaluated 
by a new clinician.  

 

Table 5.2. Parkinson's disease participant demographic breakdown. 

Cohort Count Age - Mean (SD) Age - Median (IQR) Sex (M/F) Affected Side (R/L) ON/OFF Clinician 

Clinic A 10 72.90 (7.23) 71 (70.00 - 77.00) 5/5 8/2 No A 

Clinic B 5 57.00 (4.53) 59 (53.75 - 60.25) 4/1 3/2 No B 

Medication 6 69.50 (6.32) 68 (65.00 - 71.00) 4/2 1/5 Yes C 

Stimulation 10 58.70 (8.39) 59 (55.50 – 62.00) 8/2 3/7 Yes A 
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5.2.3. Passive Assessment Task Design  

A custom MATLAB script implemented using the Psychtoolbox package and interfaced with the HRX-
1 manipulandum was used to conduct the passive stiffness assessment. Minimal visual feedback was 
provided to assist participants in aligning the handle with the neutral wrist position. The HRX-1 was 
operated in current-control mode, allowing precise motor torque generation via selective application of 
motor current. Motor position and torque were sampled at 60 Hz throughout the assessment. 

Participants were instructed to align their wrist with a centrally presented target and to then remain 
relaxed, allowing the manipulandum to move them freely. Following a 3 s countdown, four passive trials 
were delivered. In each trial, the motor applied a predefined low-amplitude trapezoidal current 
waveform comprising smooth ramp-up, hold, and ramp-down phases, followed by a mirrored sequence 
in the opposite direction (Figure 5.1). Torque hold phases were 0.5 s in duration and were included to 
minimise jerk during direction reversal, consistent with established protocols [261]. Each trial lasted 21 
s, after which participants realigned the handle to the neutral position using simple target and crosshair 
visualisation. Trials were equally divided between flexion-first and extension-first sequences and 
presented in a randomised order. Torque was capped at 1 Nm in either direction with linear ramping. 
The waveform was designed to elicit passive wrist motion while minimising voluntary muscle 
engagement, with visual feedback restricted to alignment cues. 

 

 

Figure 5.1. Example recruitment torque waveform used for passive stiffness assessment. The trapezoidal profile 
comprises smooth ramp-up, hold, and ramp-down phases, followed by a mirrored sequence in the opposite 
direction, with torque capped at ±1 Nm. This waveform was designed to elicit passive wrist motion while 
minimising voluntary muscle engagement and reducing jerk at direction reversals. 

 

5.2.4. Stiffness Computation 

Passive assessment data were analysed offline using custom MATLAB code to quantify torque–angle 
stiffness during flexion and extension. Motor position signals were converted to joint angle in radians 
and corrected for hand orientation to ensure consistent kinematic direction across participants. Trials 
with known acquisition or compliance issues, identified a priori for specific participants, were excluded. 
To confirm valid passive torque delivery, the recorded torque signal was compared with an expected 
reference waveform, and the root-mean-square error (RMSE) between recorded and reference torque 
was normalised by the reference torque range. Sweeps with a normalised error greater than 0.05 were 
rejected, resulting in retention of more than 98% of trials across cohorts. 
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Within each trial, flexion and extension phases were identified using the maximum and minimum torque 
values. Zero crossings of joint angle were detected and combined with torque extrema and hand-
specific sign conventions to define candidate flexion and extension regions. Torque–angle stiffness was 
estimated separately for each direction by identifying the optimal linear segment within each phase 
(Figure 5.2). A sliding-window search was performed across candidate segments meeting predefined 
criteria: a minimum angular span of either 50% of the total sweep range or 20°, whichever was larger, 
and a segment start within 5° of neutral position for the first movement or zero-crossing for the second. 
Ordinary least-squares regression was applied to each candidate segment to compute the slope and 
coefficient of determination (R²). The optimal segment was selected by maximising R², with secondary 
preference given to longer angular spans. Stiffness estimates with R² < 0.5 were excluded, and 
remaining values were averaged across trials within each block to yield final stiffness estimates in 
N·m/rad for flexion and extension. 

  

 

Figure 5.2. Representative torque–angle trajectory from a passive stiffness assessment trial. Blue traces show the 
recorded torque–angle relationship across flexion and extension, with hysteresis reflecting passive viscoelastic 
properties. The shaded region denotes the zero-crossing bounds used to identify neutral position. Red lines 
indicate the optimal linear segments selected within each movement direction for stiffness estimation based on 
the sliding-window regression procedure. 

 

5.2.5. Statistical Analysis 

Passive assessments conducted on healthy control participants as part of the main experimental 
paradigm were analysed using the same approach as the stabilisation phase and voluntary movement 
dynamics analyses in the previous chapter. Single-outcome measures were fitted using two 
complementary mixed-effects models. The first model examined block count within each condition, 
while the second assessed block count across the entire session. This approach enabled evaluation 
of the effects of repeated task exposure both within experimental conditions and at the level of overall 
fatigue or learning. The models included condition, block count, and movement direction as fixed 
effects, while controlling for inter-individual variability between participants. The full model specification 
and the rationale for this analytical design are provided in the Single-Outcome Statistical Analysis 
chapter. Similarly, correlations between outcome measures were assessed using a mixed-effects 
model that included each participant’s mean predictor value per condition, together with the per-block 
deviation from this mean, while controlling for condition and block count. This approach enabled 
separation of between-participant and within-participant contributions, allowing assessment of the 
predictive value of both overall relationships between outcomes and participant-specific deviations. 
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The full model specification and analytical rationale can be found in the Correlation-Based Statistical 
Analysis chapter. Results from each analysis are reported in terms of effect sizes (β), 95% confidence 
intervals, and p-values (p). 

For the passive assessment data from participants with PD, the statistical analysis addressed two 
distinct objectives. The first was to determine whether the measured outcomes discriminated between 
levels of clinical severity as assessed using the UPDRS wrist rigidity item. Accordingly, data were 
labelled and grouped according to the corresponding clinical scores. Kruskal–Wallis tests were used 
to evaluate overall differences between groups, followed by Dunn’s post hoc tests with Bonferroni 
correction to identify which group pairs were distinguishable. Given the modest sample size and the 
ordinal nature of the clinical severity scale, this analysis was supplemented by calculation of 
Spearman’s rank correlation coefficient to assess monotonic trends across UPDRS scores. 

The second objective concerned comparative analyses between participants in different treatment 
states, including ON and OFF conditions for medication or brain stimulation, as well as comparisons 
between healthy control participants and clinical patients. For within-subject clinical comparisons, 
Wilcoxon signed-rank tests were used. For independent comparisons between clinical and control 
groups, Mann–Whitney U tests were applied. These non-parametric tests enabled evaluation of group 
differences without reliance on distributional assumptions required by equivalent parametric tests and 
were appropriate given the limited sample sizes. 

 

5.2.6. Summary 

In summary, this section introduces an objective, automated framework for assessing passive wrist 
stiffness that addresses key limitations of existing clinical measures. By leveraging the precise torque 
control and high-resolution sensing capabilities of the HRX-1 manipulandum, the protocol enables 
standardised quantification of torque–angle stiffness under conditions designed to minimise voluntary 
motor engagement. Integrating this passive assessment within the main experimental paradigm allows 
stiffness to be examined not only as a clinically relevant marker for PD but also as a sensitive probe of 
how prior stabilisation and perturbation exposure influences sensorimotor state and impedance 
carryover in healthy motor control. Together, this task design and analytical approach establish a robust 
methodological foundation for linking passive mechanical properties to broader questions of impedance 
regulation across stability–movement transitions. 
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5.3. Passive Stiffness Modulation Following the Stability–
movement Transition in Healthy Motor Control 

5.3.1. Introduction 

The main experimental paradigm examined transitions between stability- and movement-oriented 
motor states, focusing on reactive impedance modulation in response to environmental instability and 
its subsequent release during voluntary reaching. Although stiffness is a dominant contributor to 
impedance regulation [77], the high-activity nature of the main task precluded reliable characterisation 
of stiffness dynamics, as accurate stiffness estimation requires slow, low-amplitude torques that 
minimise active and reflexive responses. To address this limitation, the passive assessment paradigm 
modelled on clinical evaluation of wrist rigidity was incorporated into the protocol. 

Healthy participants completing the main task underwent passive assessments in which they remained 
compliant with slow, low-amplitude external manipulation, enabling estimation of mechanical stiffness 
with minimal voluntary contribution. Consistent with prior work, passive movements in both flexion and 
extension were elicited using a low-amplitude trapezoidal torque profile [8], [261]. While passive 
stiffness was the primary outcome, antagonist muscle co-contraction (CCI) and beta-band 
corticomuscular coherence (β-CMC) were quantified over the same time windows, extending beyond 
measures previously reported in the literature [8], [127], [261] and enabling concurrent assessment of 
mechanical, muscular, and neural factors. 

These measures were compared with baseline assessments obtained prior to stabilisation task 
exposure, allowing identification of changes induced by manipulation of perturbation amplitude and 
temporal predictability. Because the passive assessments followed completion of the active task 
blocks, they captured more persistent, low-level modulations of sensorimotor impedance that endured 
for minutes after exposure, rather than transient effects confined to the immediate stabilisation period. 

 

5.3.2. Passive Stiffness 

Although changes in passive stiffness from baseline were not significant in either movement direction 
following the temporally predictable (p ≥ .058) or uncertain (p ≥ .478) conditions, the change in passive 
stiffness differed significantly between the two conditions (β = 4.60 × 10⁻⁴, 95% CI = [8.02 × 10⁻⁵, 8.40 
× 10⁻⁴], p = .018, Figure 5.3). This divergence was most clearly reflected in the direction of change: 
passive stiffness increased following the temporally predictable condition (β = 1.72 × 10⁻⁴) and 
decreased following the temporally uncertain condition (β = −7.04 × 10⁻⁵). This effect was comparable 
for flexion and extension, with no overall directional bias (p = .184) and no evidence that the effect of 
temporal predictability differed by movement direction (p = .577). Passive stiffness did not change 
significantly across task blocks in most conditions (p ≥ .451). However, flexion movements following 
the temporally uncertain condition exhibited a gradual decrease in passive stiffness that approached 
significance (β = −3.63 × 10⁻⁴, 95% CI = [−7.50 × 10⁻⁴, 2.43 × 10⁻⁵], p = .066). Despite this trend, no 
significant divergence in either the rate of change or overall stiffness level was detected between 
conditions (p ≥ .155). 

Nonparametric testing of the initial task block indicated that flexion stiffness following the temporally 
predictable condition increased significantly from baseline to the first assessment (p = .046, z = 2.00, r 
= 0.43), whereas no baseline change was observed under temporal uncertainty (p = .715). Extension 
movements showed a similar pattern but did not reach statistical significance: stiffness following the 
temporally predictable condition increased at a trend level (p = .077, z = 1.77, r = 0.38), while no 
meaningful change was observed following the temporally uncertain condition (p = .520).   
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Figure 5.3. Passive Stiffness (N·m/rad) across experimental blocks for flexion (left) and extension (right) following 
temporally predictable (orange) and uncertain (green) perturbation conditions. Circles denote block-wise means 
and shaded regions represent variability (±SEM). For each condition-direction combination, stiffness was tested 
for statistical divergence from baseline levels (∆ ≠ 0) at the initial task block and the combination overall. Level 
effects indicate overall differences in passive stiffness, whereas Slope effects indicate linear trends across 
repeated blocks. Significance codes: * p < 0.05, ** p < 0.01, *** p < 0.001; n.s., not significant. 

Passive stiffness responses differed modestly as a function of perturbation amplitude, with effects 
dominated by overall directional and temporal factors rather than consistent amplitude-dependent 
differences. Across conditions, stiffness change was biased toward greater reductions in flexion than 
extension (β = −2.53 × 10⁻⁴, 95% CI = [−4.71 × 10⁻⁴, −3.53 × 10⁻⁵], p = .023). In addition, stiffness 

decreased markedly over the course of the session, with a strong overall effect indicating lower stiffness 
in the second task condition completed (β = −1.41 × 10⁻³, 95% CI = [−1.95 × 10⁻³, −8.68 × 10⁻⁴], p 

< .001), alongside a smaller contribution of task order (β = −2.78 × 10⁻⁴, 95% CI = [−5.17 × 10⁻⁴, −3.82 

× 10⁻⁵], p = .023). Perturbation amplitude itself showed limited influence. At the global level, the contrast 

between 1 Nm and 0.5 Nm did not reach significance (β = −4.00 × 10⁻⁴, 95% CI = [−8.43 × 10⁻⁴, 4.29 

× 10⁻⁵], p = .077), and amplitude effects did not differ reliably between flexion and extension (p = .354). 

Within-condition analyses indicated a significant deviation from baseline only for the 1 Nm condition 
when collapsing across directions (β = −3.57 × 10⁻⁴, 95% CI = [−6.88 × 10⁻⁴, −2.55 × 10⁻⁵], p = .035), 

whereas the 0.5 Nm condition showed no such effect (p = .379). Direction-specific estimates similarly 
indicated a reduction in flexion stiffness at 1 Nm (β = −9.56 × 10⁻⁴, 95% CI = [−1.85 × 10⁻³, −5.86 × 

10⁻⁵], p = .037), with no corresponding effect at 0.5 Nm (p = .920). 

Nonparametric comparisons of the first stabilisation block relative to baseline did not reveal robust 
amplitude-dependent differences. No within-condition baseline change reached significance for either 
amplitude in flexion or extension (p ≥ .064), and baseline-corrected changes did not differ between 1 
Nm and 0.5 Nm in either direction (flexion: p = .552; extension: p = .917). 

Across cohorts, temporal predictability and perturbation amplitude produced qualitatively different 
patterns of passive stiffness modulation. Manipulating temporal predictability led to a small but reliable 
increase in stiffness relative to baseline, most evident in early assessments and expressed similarly in 
flexion and extension. This suggests that temporal predictability engages a global adjustment in 
passive stiffness, consistent with anticipatory or state-dependent tuning that emerges rapidly and does 
not require prolonged exposure. In contrast, manipulating perturbation amplitude did not yield a 
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comparably robust or sustained effect. Although higher-amplitude perturbations were associated with 
localized reductions in stiffness in some analyses, these effects were weak, inconsistent across 
directions, and largely overshadowed by strong session-wide decreases and order effects. The 
absence of clear between-condition differences at the first block further indicates that stiffness was not 
systematically scaled to perturbation amplitude. 

Taken together, these results point to temporal predictability as a more potent driver of passive stiffness 
modulation than perturbation amplitude. Whereas predictability appears to bias the system toward a 
stiffer baseline state, changes in physical load amplitude are either insufficient to elicit a consistent 
passive response or are rapidly compensated by broader temporal dynamics such as adaptation, 
fatigue, or drift. This dissociation suggests that passive stiffness is more sensitive to higher-order task 
structure than to the absolute size of external perturbations. 

 

5.3.3. Co-Contraction During Passive Mobilisation 

Co-contraction showed little sensitivity to temporal predictability. Overall levels did not differ reliably 
between predictable and uncertain conditions (p = .579), nor did co-contraction change systematically 
over blocks or across the session (p ≥ .272). The only consistent effect was lower co-contraction in 
flexion compared with extension (β = −0.02, 95% CI = [−0.03, −0.01], p = .001). Nonparametric 
comparisons confirmed that co-contraction in the first assessment block did not differ from baseline in 
any condition or direction (p ≥ .338), and baseline changes did not differ between predictable and 
uncertain conditions (p ≥ .765). 

In the perturbation amplitude cohort, co-contraction during passive assessment was clearly modulated 
by perturbation amplitude and movement direction, with weaker evidence for block-wise adaptation. 
Overall co-contraction was lower in flexion than extension (β = −0.02, 95% CI = [−0.03, −0.01], p < .001). 
In contrast to the temporal predictability cohort, perturbation amplitude exerted a robust effect: co-
contraction was consistently lower following the 1 Nm condition compared with 0.5 Nm (β = −0.03, 95% 
CI = [−0.05, −0.01], p < .001, Figure 5.4). This amplitude effect was direction-dependent. In extension, 
co-contraction was substantially reduced following the 1 Nm condition relative to 0.5 Nm (β = −0.04, 
95% CI = [−0.06, −0.01], p = .003), whereas in flexion the same contrast showed only a trend (p = .052). 
Cell-wise estimates were consistent with this pattern, showing reduced co-contraction in flexion at 1 
Nm (β = −0.04, 95% CI=[-0.08, -0.01], p = .015) and elevated co-contraction in extension at 0.5 Nm (β 
= 0.05, 95% CI=[0.02, 0.09], p = .004). Despite these level differences, co-contraction did not change 
reliably across blocks, and rates of change over time were similar between amplitudes and directions 
(p ≥ .230). 

Nonparametric comparisons confirmed the absence of  reliable early baseline shifts. Co-contraction at 
the first stabilisation block did not differ from baseline in either amplitude or direction (p ≥ .363), and 
baseline-corrected changes were comparable between 1 Nm and 0.5 Nm for both flexion and extension 
(p ≥ .221). 
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Figure 5.4. Passive Co-contraction (CCI) across experimental blocks for flexion (left) and extension (right) 
following high-amplitude (purple) and low-amplitude (red) perturbation conditions. Full plot description - Figure 
5.3. 

 

Across cohorts, co-contraction showed limited modulation and no evidence of baseline shifts or block-
wise adaptation, contrasting with the more consistent effects observed for passive stiffness. In the first 
cohort, co-contraction was largely insensitive to temporal predictability, aside from a small modulation 
of flexion–extension asymmetry, indicating that predictability-related mechanical changes were not 
accompanied by sustained alterations in antagonist activation. In the second cohort, co-contraction 
varied systematically with perturbation amplitude, with higher loads associated with reduced antagonist 
activation, particularly in extension, but again showed little evidence of adaptation over time. Despite 
differing task manipulations, both cohorts exhibited stable co-contraction profiles, suggesting that co-
contraction primarily reflects tonic, load-dependent neural strategies rather than sensitivity to higher-
order temporal structure. 

 

5.3.4. Beta-Band Corticomuscular Coherence 

In the temporal predictability cohort, beta-band corticomuscular coherence (β-CMC) showed limited 
sensitivity to previous task condition, with effects dominated by direction and broad session-level 
changes rather than condition-specific modulation. Overall coherence was higher in flexion than 
extension (β = 4.2 × 10⁻³, 95% CI = [1.1 × 10⁻³, 1.0 × 10⁻²], p  = .008), indicating a consistent directional 

bias independent of predictability. 

Evidence for predictability-related effects was weak and inconsistent. When collapsing across 
directions, coherence differed from baseline only following the uncertain condition (β = 0.01, 95% CI = 
[6.5 × 10⁻⁴, 1.0 × 10⁻²], p = .025), whereas the predictable condition produced no reliable baseline 

deviation (p = .130). However, direct comparisons between predictable and uncertain conditions within 
either flexion or extension were nonsignificant (flexion p = .290; extension p = .530), and there was no 
evidence that predictability altered rates of change across blocks (p ≥ .788). 

There was  a minor increase in β-CMC during assessment following the second condition  (β = 1 × 
10⁻³, 95% CI = [3.5 × 10⁻4, 0.01], p = .040), suggesting a non-condition-specific increase. This temporal 
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increase did not interact reliably with predictability or direction (p ≥ .059). Cell-wise analyses and 

nonparametric comparisons confirmed the absence of robust early effects: coherence during the first 
assessment block did not differ from baseline in any condition or direction (p ≥ .170), and baseline-to-

assessment changes were comparable between predictable and uncertain conditions (p ≥ .218).  

In the perturbation amplitude cohort, β-CMC during passive assessment demonstrated specific 
modulation based on amplitude condition and movement direction, with little evidence for block-wise 
adaptation. Overall coherence was higher in flexion than extension (β = 4.7 × 10⁻³, 95% CI = [1.0 × 

10⁻³, 1.0 × 10⁻²], p = .013, Figure 5.5), indicating a robust directional bias like that observed in the 

temporal predictability cohort. Perturbation amplitude selectively modulated coherence – β-CMC 
differed from baseline only in the 0.5 Nm condition (β = 0.01, 95% CI = [3.7 × 10⁻³, 2.0 × 10⁻²], p = .001), 

whereas the 1 Nm condition showed no deviation from baseline (p = .995). Direct comparisons revealed 
a amplitude-dependent difference in flexion, with lower β-CMC following 1 Nm than 0.5 Nm 
perturbations (β = −0.01, 95% CI = [−0.02, −3 × 10⁻⁵], p = .049). This effect was absent in extension (p 

= .928). Cell-wise estimates were consistent with this pattern, showing elevated flexion coherence at 
0.5 Nm both at the first block (p = .036) and at the centred block (p = .004), with no corresponding 
effects following the 1 Nm condition. The was a significant increase in β-CMC during assessments 
following the second condition (β = 0.01, 95% CI = [2.23 × 10⁻³, 0.01], p = .005) but this did not interact 

with perturbation amplitude or direction (p ≥ .759). Learning-related slopes and block-wise changes 
were uniformly nonsignificant (p ≥ .181), indicating stable coherence levels across assessments. 
Nonparametric comparisons confirmed the absence of reliable early shifts: coherence during the first 
assessment block did not differ from baseline in any condition or direction (p ≥ .152), and changes were 
comparable between 1 Nm and 0.5 Nm in both flexion and extension (p ≥ .196). 

 

 

Figure 5.5. Passive beta-band corticomuscular coherence (βCMC) across experimental blocks for flexion (left) and 
extension (right) following high-amplitude (purple) and low-amplitude (red) perturbation conditions. Full plot 
description - Figure 5.3. 

In the temporal predictability cohort, β-CMC exhibited a stable flexion–extension asymmetry and a 
gradual session-level increase, with little evidence that temporal predictability modulated coherence at 
task onset or across learning. β-CMC did not differ reliably between predictable and uncertain 
conditions, showed no consistent baseline shifts, and exhibited no condition-dependent block-wise 
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changes, indicating that predictability-related effects on passive mechanics were not accompanied by 
parallel changes in beta-band coupling. 

In the perturbation amplitude cohort, β-CMC varied with perturbation amplitude rather than evolving 
dynamically over time. Lower-amplitude perturbations were associated with higher βCMC, particularly 
in flexion, whereas higher loads were accompanied by reduced βCMC. These amplitude-dependent 
differences reflected stable level shifts rather than learning or adaptation, with minimal evidence for 
baseline or block-wise effects. 

Despite differing task manipulations, both cohorts showed a consistent flexion-dominant pattern of β-
CMC that was largely independent of experimental context. Together, these findings indicate that β-
CMC during passive assessment was largely insensitive to prior temporal structure but selectively 
responsive to physical load, supporting the interpretation that β-CMC primarily reflects load-dependent 
neural engagement rather than anticipatory or contextual tuning. 

 

5.3.5. Does Co-Contraction Account for Variability in Passive Assessment Stiffness? 

In the temporal predictability cohort, co-contraction (CCI) showed clear associations with passive 
stiffness at both the between- and within-participant levels. Overall, the mean level of CCI 
demonstrated a clear trend of greater CCI leading to greater stiffness during passive assessment (β = 
3.27 × 10⁻³, 95% CI = [−2.70 × 10⁻⁴, 6.80 × 10⁻³], p = .070). This relationship was strongly modulated 
by condition, with passive assessments following the temporally predictable task showing a much 
stronger association (β = 2.80 × 10⁻³, 95% CI = [1.31 × 10⁻³, 4.30 × 10⁻³], p < .001). This pattern was 
consistent across both movement directions, with significant associations in each direction following 
the predictable condition (p ≤ .044, Figure 5.6) and nonsignificant relationships following the uncertain 
condition (p ≥ .719). Within-participant changes in CCI were also associated with increased stiffness 
overall (β = 3.73 × 10⁻³, 95% CI = [8.50 × 10⁻⁴, 6.61 × 10⁻³], p = .011), driven primarily by flexion (β = 

5.09 × 10⁻³, 95% CI = [2.25 × 10⁻³, 7.94 × 10⁻³], p < .001). Positive within-participant associations were 
observed in flexion for both predictable and uncertain conditions (p ≤ .019), with no significant effects 
in extension (p ≥ .658). 
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Figure 5.6. Between-participant relationship between co-contraction during passive assessment (CCI) and 
stiffness during passive assessment (N·m/rad) for (A) flexion and (B) extension. Each point represents an 
individual participant’s mean level for a given condition (predictable, orange; uncertain, green). Solid lines depict 
condition-specific model fits, with shaded bands indicating the corresponding 95% confidence intervals. Asterisks 
adjacent to the axes denote the statistical significance of the respective model fits, while brackets indicate 
comparisons between fits. Scatter points reflect raw between-participant means and do not account for additional 
model coefficients, which may result in a visual mismatch between the fitted lines and the distribution of points. 
Significance codes: * p < 0.05, ** p < 0.01, *** p < 0.001; n.s., not significant. 

 

In contrast, the perturbation amplitude cohort showed minimal coupling between CCI and stiffness 
during passive assessment. Average CCI was not associated with stiffness overall (p = .756), nor did 
this relationship differ reliably by amplitude condition (p = .264). A single exception was a modest 
negative between-participant association in extension at the higher perturbation amplitude (β = −3.86 
× 10⁻³, 95% CI = [−7.58 × 10⁻³, −1.39 × 10⁻⁴], p = .042), which was absent at 0.5 Nm and did not differ 
significantly between amplitudes (p = .071). Within-participant co-contraction fluctuations did not 
predict stiffness in any condition (p ≥ .166). 

Overall, stiffness was tightly coupled to co-contraction under temporal predictability, particularly in 
flexion and at the between-participant level, whereas in the amplitude cohort stiffness showed little 
dependence on either baseline or alterations in co-contraction. 

 

5.3.6. Does Passive Assessment Stiffness Correlate with Beta-Band Corticomuscular 
Coherence? 

In the temporal predictability cohort, passive stiffness was strongly and consistently related to beta-
band corticomuscular cohere (βCMC) at both the between- and within-participant levels, with 
predominantly negative associations. Across participants, higher β-CMC was associated with lower 
stiffness overall (β = -0.07, 95% CI = [-0.09, -0.05], p < .001). This inverse relationship was present in 
both directions but varied by condition. In flexion, negative associations of similar amplitude were 
observed under both predictable and uncertain conditions (p < .001), with no reliable difference 
between them (p = .143). In extension, β-CMC predicted lower stiffness under predictable conditions 
(β = -0.06, 95% CI = [-0.09, -0.03], p < .001) but not under uncertain conditions (p = .472), with a 
significant divergence between conditions (p = .007). Within-participant deviations in β-CMC were also 
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associated with reduced stiffness (β = -0.03, 95% CI = [-0.04, -0.02], p < .001). These within-participant 
effects were evident in both directions and conditions but were strongest in flexion under uncertain 
conditions (β = -0.05, 95% CI = [-0.06, -0.04], p < .001, Figure 5.7A). 

 

 

Figure 5.7. With-participant relationship between change in beta-band corticomuscular coherence during passive 
assessment (β-CMC) and stiffness during passive assessment (N·m/rad) for (A) flexion and (B) extension. Each 
point represents an individual participant’s mean level for a given condition (predictable, orange; uncertain, green). 
Full plot description - Figure 5.6. 

 

In the perturbation amplitude cohort, passive stiffness likewise showed robust inverse associations with 
β-CMC at both the between- and within-participant levels, with these relationships modulated by 
perturbation amplitude. Across participants, higher β-CMC predicted lower stiffness overall (β = −0.04, 
95% CI = [−0.07, −6.48 × 10⁻³], p = .017). This negative association was present following the low-
amplitude condition (0.5 Nm) for both flexion (β = −0.03, 95% CI = [−0.06, −7.73 × 10⁻³], p = .012, 
Figure 5.8A) and extension (β = −0.07, 95% CI = [−0.12, −0.03], p = .002, Figure 5.8B) but was 
nonsignificant following the high-amplitude condition (1 Nm) in both directions (p ≥ .093). Within 
participants, transient increases in β-CMC were associated with lower stiffness in both flexion and 
extension following both amplitude conditions (p ≤ .018), with no reliable differences between effect 
sizes (p ≥ .213). 
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Figure 5.8. Between-participant relationship between beta-band corticomuscular coherence during passive 
assessment (β-CMC) and stiffness during passive assessment (N·m/rad) for (A) flexion and (B) extension. Each 
point represents an individual participant’s mean level for a given condition (high-amplitude, purple; low-amplitude, 
red). Full plot description - Figure 5.6. 

 
Across cohorts, passive stiffness showed a robust inverse relationship with beta-band corticomuscular 
coherence. In the perturbation amplitude cohort, higher β-CMC was associated with lower stiffness 
both across and within participants, with between-participant effects strongest at lower perturbation 
amplitudes and within-participant effects present regardless of load or direction. In the temporal 
predictability cohort, β-CMC likewise predicted reduced stiffness at both levels of analysis, with 
consistent effects in flexion across conditions and condition-dependent effects in extension. Together, 
these findings indicate that increased corticospinal coupling is reliably associated with a more 
compliant mechanical state, while task demands such as load amplitude and predictability modulate 
the strength, but not the direction, of this relationship. 

 

5.3.7. Does Passive Assessment Co-Contraction Correlate with Beta-Band Corticomuscular 
Coherence? 

In the temporal predictability cohort, associations between co-contraction (CCI) and beta-band 
corticomuscular coherence (βCMC) were weak and selective. Between participants, average task CCI 
showed a modest negative association with β-CMC that did not reach significance overall (p = .090), 
but a significant negative relationship emerged in flexion under predictable conditions (β = -0.05, 95% 
CI = [−0.10, −9.89 × 10⁻³], p = .016). No corresponding effects were observed in flexion under uncertain 
conditions (p = .730) or in extension (p ≥ .105), and the difference in flexion slopes between conditions 
approached but did not reach significance (p = .057). Within-participant variation did not predict β-CMC 
overall ( p = .951) or within any condition or direction (p ≥ .096). 

In the amplitude cohort, CCI again showed no overall association with β-CMC at either the between- 
or within-participant level. Mean CCI was not significant when averaged across directions and 
amplitudes (p = .257), but a significant negative association was observed in flexion following the higher 
perturbation amplitude condition (β = -0.07, 95% CI = [-0.11, -0.02], p = .007), with no effect at 0.5 Nm 
(p = .627). The difference between amplitudes in flexion approached significance (p = .053), and no 
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effects were present in extension (p ≥ .745). Within-participant effects were nonsignificant overall (p 
= .156) and within all amplitude and direction combinations (p ≥ .292). 

Overall, in both cohorts, only between-participant differences in co-contraction showed limited 
associations with βCMC, confined to flexion under specific task conditions, while within-participant 
fluctuations in co-contraction did not predict corticomuscular coherence. 

 

5.3.8. Is Co-Contraction Coupled Between Stabilisation and Passive Assessment Phases? 

In the temporal predictability cohort, coupling between stabilisation phase and passive co-contraction 
was evident primarily within participants and depended on both direction and temporal structure, 
whereas between-participant associations were weak. Average task co-contraction did not predict 
passive co-contraction overall or when stratified by condition or direction (p ≥ .086). In contrast, clear 
within-participant coupling emerged under predictable timing. In flexion, increases in stabilisation phase 
co-contraction were associated with higher passive co-contraction following the predictable condition 
(β = 0.55, 95% CI = [0.18, 0.93], p = .004, Figure 5.9A), an effect absent following the uncertain 
condition ( p = .581). In extension, the relationship reversed under predictable timing, with higher task 
co-contraction predicting lower passive co-contraction (β = -0.56, 95% CI = [-0.93, -0.18], p = .004, 
Figure 5.9B), and no association under uncertainty (p = .420). These effects were supported by a 
significant interaction showing that within-participant coupling was modulated by direction (β = 0.27, 
95% CI = [0.10, 0.44], p = .002). Overall, task and passive co-contraction were dynamically linked 
within individuals only under predictable temporal structure, in a direction-specific manner, and did not 
generalise across participants.  

 

 

Figure 5.9. Within-participant relationship between change in co-contraction during the stabilisation phase (CCI) 
and co-contraction during passive assessment (CCI) for (A) flexion and (B) extension. Each point represents an 
individual participant’s mean level for a given condition (high-amplitude, purple; low-amplitude, red). Full plot 
description - Figure 5.6. 

 

In the amplitude cohort, no systematic coupling was observed between stabilisation phase and passive 
co-contraction at either the between- (p = .597) or within-participant level (p = .201). Average task co-
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contraction did not predict passive co-contraction overall or within any combination of direction and 
perturbation amplitude (p ≥ .187), and within-participant fluctuations likewise showed no reliable 
associations (p ≥ .313) . Together, these results indicate that task-passive co-contraction coupling 
reflects context-specific state modulation rather than a stable or load-dependent trait. 

 

5.3.9. Is Beta-Band Corticomuscular Coherence Coupled Between Stabilisation and Passive 
Assessment Phases? 

In the temporal predictability cohort, relationships between task-related and passive-assessment β-
CMC were weak, with only limited direction-specific coupling. Neither average nor within-participant 
changes in task β-CMC predicted passive β-CMC overall (p ≥ .322), and no significant between-
participant effects were observed for any direction or condition (p ≥ .096), nor did these relationships 
differ reliably across conditions (p ≥ .572). The only significant within-participant association was 
observed in extension following the temporally predictable condition (β = 0.98, 95% CI = [0.01, 1.95], 
p = .047). 

In the amplitude cohort, there was no evidence for coupling between task-related and passive β-CMC 
at either the between- or within-participant level. Average task β-CMC did not predict passive β-CMC 
overall (p = .427), and this null effect was consistent across perturbation amplitudes and movement 
directions (p ≥ .434). Within-participant fluctuations in task β-CMC likewise showed no association with 
passive β-CMC (p = .595), with no effects emerging in any direction or amplitude (p ≥ .423). 

Overall, task-to-passive β-CMC coupling was largely absent, and the single significant effect observed 
was isolated and not indicative of a general relationship. 

 

5.3.10. Summary 

Across cohorts, temporal predictability and perturbation amplitude dissociated in their influence on 
passive stiffness and associated neural measures. Manipulating temporal predictability produced 
divergent stiffness biases: temporally predictable stabilisation was followed by increased passive 
stiffness, whereas temporally uncertain stabilisation was associated with reduced stiffness relative to 
baseline. In contrast, changes in perturbation amplitude did not yield a stable or systematic scaling of 
stiffness, with weak and directionally inconsistent effects that were overshadowed by broader session-
level dynamics. This dissociation indicates that passive stiffness is more sensitive to higher-order 
temporal structure than to absolute perturbation size. 

Co-contraction during passive assessment showed a complementary pattern. It was largely insensitive 
to temporal predictability and exhibited no baseline shifts or adaptive dynamics, whereas perturbation 
amplitude modulated co-contraction tonically, with higher loads associated with reduced antagonist 
activation. This stability across time and conditions suggests that co-contraction during passive 
mobilisation primarily reflects load-dependent neural strategies rather than anticipatory or contextual 
tuning. Consistent with this interpretation, stiffness was tightly coupled to co-contraction only under 
temporal predictability, with little coupling evident in the amplitude cohort. 

Beta-band corticomuscular coherence (β-CMC) displayed a distinct profile. Across cohorts, passive 
stiffness was robustly and inversely related to β-CMC at both the between- and within-participant levels, 
indicating that stronger corticospinal coupling was associated with a more compliant mechanical state. 
Although the strength of this relationship was modulated by task demands—being most pronounced at 
lower loads and under predictable timing—its direction was preserved across contexts. In contrast, 
coupling between task-related and passive β-CMC was largely absent, and associations between co-
contraction and β-CMC were weak and condition specific. 



 162 

Together, these findings support a functional dissociation between passive stiffness, co-contraction, 
and β-CMC. Passive stiffness is preferentially shaped by higher-order temporal structure, co-
contraction reflects tonic, load-dependent control, and β-CMC indexes neural engagement linked to 
mechanical compliance. Their partial independence indicates that anticipatory tuning, load-dependent 
activation, and corticospinal coupling contribute to limb mechanics through distinct but interacting 
sensorimotor control processes. 
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5.4. Passive Stiffness in Parkinson’s Disease 

5.4.1. Introduction 

The HRX-1 manipulandum is well suited to the automated assessment of rigidity in Parkinson’s 
disease, addressing a motor symptom that has historically received far less attention in automated 
diagnostic research than tremor and bradykinesia. This imbalance largely reflects practical limitations: 
unlike tremor or slowness of movement, rigidity assessment requires the active application of external 
torque, a requirement that is incompatible with most wearable systems designed for passive 
measurement. By generating slow, controlled flexion and extension movements at the wrist, however, 
it is possible to approximate key elements of the clinical examination used by neurologists to assess 
rigidity. Building on this principle, a small proof-of-concept study was undertaken to investigate whether 
quantitative measures of stiffness derived from the system align with clinician-rated rigidity, whether 
changes between on and off treatment states - both pharmacological and neural stimulation - can be 
detected, and whether these measures can distinguish individuals with Parkinson’s disease from 
healthy controls. 

 

5.4.2. Do Passive Assessments Correlate with Clinician’s UPDRS Scores? 

The primary evaluation of the clinical utility of the passive assessment was to determine whether it 
could reliably reproduce clinician-rated rigidity as quantified by UPDRS-III scores. Parkinson’s disease 
data were therefore stratified into ON-treatment and OFF-treatment conditions, and the relationship 
between the derived stiffness measures and the corresponding clinical labels was systematically 
examined. Analyses were performed separately for each movement direction, as well as for the mean 
stiffness across each trial. Separating ON- and OFF-treatment data both avoided bias arising from 
repeated measures within the same participant and enabled assessment of whether the association 
between passive stiffness measures and clinical rigidity ratings remained robust across changes in 
treatment state. 

When assessing the ON-treatment condition, Kruskal–Wallis tests demonstrated a significant 
separation by UPDRS rigidity scores for both direction-specific and averaged stiffness measures (p ≤ 
.009). The strongest effect was observed for flexion stiffness (H = 13.840, η² = 0.452, ε² = 0.402, p = 
.003). Pairwise comparisons indicated that this overall significance was driven primarily by contrasts 
between the lowest UPDRS scores and the highest (Table 5.3), a pattern that was consistent for 
extension and mean stiffness measures. Complementary Spearman correlation analyses supported 
these findings, with flexion stiffness showing the strongest association with clinical rigidity ratings (ρ = 
0.693, ρ² = 0.481, 95% CI = [0.475, 0.830], p < .001), while all stiffness measures exhibited a highly 
significant monotonic relationship with UPDRS scores (p ≤ .001, Figure 5.4). 
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Figure 5.10. Boxplots showing the mean stiffness estimate (N·m/rad) grouped by clinical UPDRS wrist rigidity 
score for (A) mean across both movement directions, (B) flexion movements and (C) extension movements when 
participants were ON-treatment. Fitted black line represents the spearman correlation with the shaded area 
indication 95% confidence interval.  

 
Table 5.3. Table showing the pairwise breakdown of mean stiffness estimates (N·m/rad) following Kruskal-Wallis 
testing.  

UPDRS A UPDRS B Estimate Lower CI Upper CI pValue 

0 1 -1.644 -13.749 10.460 1.000 

0 2 -10.950 -23.322 1.422 0.117 

0 3 -14.200 -27.341 -1.059 0.026 

1 2 -9.306 -19.851 1.240 0.119 

1 3 -12.556 -23.994 -1.118 0.023 

2 3 -3.250 -14.971 8.471 1.000 

 

When evaluating the relationship between stiffness measures and clinical UPDRS rigidity scores in the 
OFF-treatment condition, the previously observed association was largely absent. Neither the Kruskal–
Wallis tests nor the correlation analyses reached statistical significance for either movement direction 
or for the averaged stiffness values (p ≥ .189, Figure 5.11). This lack of differentiation was further 
supported by the pairwise comparisons, in which p-values were almost uniformly equal to 1, indicating 
no detectable separation between UPDRS score groups under OFF-treatment conditions. While this 
pattern of null results may initially suggest a disrupted relationship between passive assessment and 
OFF-treatment clinical scores, it is important to consider the sparsity of the data, with only 16 total 
samples distributed across four bins and assessed by two different clinicians. As such, although these 
findings are suggestive, they should be interpreted with appropriate caution. 

 

 



 165 

 

Figure 5.11. Boxplots showing the mean stiffness estimate (N·m/rad) grouped by clinical UPDRS wrist rigidity score 
for (A) mean across both movement directions, (B) flexion movements and (C) extension movements when 
participants were OFF-treatment. Fitted black line represents the spearman correlation with the shaded area 
indication 95% confidence interval. 

 

Across the dataset as a whole, data sparsity represents an important limitation, but this issue is 
substantially more pronounced in the OFF-treatment condition. In the ON-treatment analyses, despite 
limited sample sizes, the observed relationships between passive stiffness measures and UPDRS 
rigidity scores remained robust, even when clinical ratings were provided by three different clinicians. 
This consistency suggests a degree of generalisability in the passive assessment that persists despite 
well-documented inter-rater variability in UPDRS scoring. By contrast, the combination of fewer 
samples and fewer raters in the OFF-treatment condition likely amplified variability and reduced 
statistical power, making it difficult to draw firm conclusions regarding the absence of observed 
associations. As such, the contrasting results between ON and OFF conditions should be interpreted 
in the context of uneven data density rather than as definitive evidence of treatment-specific failure of 
the passive assessment. 

 

5.4.3. Differentiation of ON and OFF Medication States 

Wilcoxon signed-rank testing indicated no statistically significant differences between ON- and OFF-
medication states across any of the directional stiffness estimates (p ≥ .438, Figure 5.12), nor were 
meaningful differences observed between flexion and extension assessments. It should be noted, 
however, that this analysis was based on only six participants, substantially limiting statistical power 
and rendering the robustness of these inferential results questionable. As such, qualitative examination 
of individual trajectories provides valuable additional context. Notably, one participant was clinically 
rated as having reduced wrist rigidity in the OFF-medication state relative to ON-medication. Although 
counterintuitive, the corresponding stiffness estimates closely mirrored this clinical assessment, 
suggesting that this trajectory is unlikely to reflect measurement error and may instead improvement in 
task compliance underscoring known limitations in the sensitivity and reliability of UPDRS-III rigidity 
scoring. Consistent with this interpretation, most participants who exhibited a change in clinical rigidity 
score also demonstrated concordant changes in stiffness quantification. In contrast, cases in which no 
change in UPDRS score was recorded showed less consistent stiffness trajectories, with changes that 



 166 

were often larger in amplitude than those observed when clinical scores did change. These 
discrepancies may reflect the limits of precision of the passive assessment; alternatively, they may 
indicate that the continuous stiffness measures are capturing subtle variations in rigidity that are not 
resolved by the coarse, ordinal structure of the UPDRS-III scale. 

 

 

Figure 5.12. Visualisation of the paired ON- vs. OFF-medication mean stiffness estimates (N·m/rad) for (A) mean 
across both movement directions, (B) flexion movements and (C) extension movements. Pairs are linked, the 
colour of the line indicating an increase in UPDRS score (green), a decrease (red) or no change (black). UPDRS 
scores for each assessment are colour-coded based on the colourmap on the right of the figure. Wilcoxon sign 
rank p-value listed in the title of each plot.  

 

5.4.4. Differentiation of ON and OFF Stimulation States 

This analysis highlights a fundamental tension between group-level inference and individual-level 
behaviour in the ON–OFF stimulation comparison. Although none of the stiffness metrics reach 
statistical significance (p ≤ .096, Figure 5.13), the near-threshold p-values suggest that the absence 
of significance is more likely driven by limited sample size and high inter-individual variability than by a 
true lack of stimulation effect. The wide dispersion of trajectories indicates that stimulation does not 
exert a uniform influence on passive wrist stiffness but instead modulates rigidity in a highly participant-
specific manner. This effect is additionally modulated by heterogeneous parameterisation of stimulation 
and associated divergence in symptomatic impact. Importantly, where clinical UPDRS rigidity scores 
change between ON and OFF states, the direction of stiffness change is generally concordant, 
supporting the physiological relevance of the passive measures. In contrast, participants with 
unchanged UPDRS scores often show stiffness fluctuations of similar or greater amplitude but without 
consistent direction, implying that the UPDRS-III scale may be insufficiently sensitive to capture more 
subtle or continuous changes in rigidity. This pattern suggests that the passive assessment may be 
detecting underlying mechanical changes that are either masked by the ordinal nature of the clinical 
scale or averaged out by clinician judgement. Taken together, the results argue against interpreting the 
null statistical findings as evidence of insensitivity of the passive method and instead point to data 
sparsity and heterogeneity of stimulation response as the dominant limiting factors. 
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Figure 5.13. Visualisation of the paired ON- vs. OFF-stimulation mean stiffness estimates (N·m/rad) for (A) mean 
across both movement directions, (B) flexion movements and (C) extension movements. Pairs are linked, the 
colour of the line indicating an increase in UPDRS score (green), a decrease (red) or no change (black). UPDRS 
scores for each assessment are colour-coded based on the colourmap on the right of the figure. Wilcoxon sign 
rank p-value listed in the title of each plot. 

 

5.4.5. Differentiation of Healthy Controls and Parkinson’s Disease 

The analysis demonstrates that healthy controls exhibit higher passive wrist stiffness than individuals 
with Parkinson’s disease in the ON-treatment state, with the clearest separation observed in flexion 
stiffness, which reached statistical significance (p = 0.02, z = 2.30, r = 0.30, Figure 5.14A). Mean and 
extension stiffness show similar trends but do not attain significance (p ≥ .069, Figure 5.14C), reflecting 
substantial overlap between groups and considerable inter-individual variability. Importantly, the 
observation of greater stiffness in healthy controls should be interpreted with caution, as the control 
cohort was not age matched to the Parkinson’s disease group. Increased stiffness in the healthy cohort 
may therefore reflect greater baseline muscle tone associated with a younger population rather than 
disease-related differences in rigidity. Within the Parkinson’s disease group, higher stiffness values 
generally coincide with higher UPDRS rigidity scores, supporting the physiological relevance of the 
passive measures despite incomplete group separation. Overall, the results suggest that passive 
stiffness assessment can capture systematic differences between groups, particularly in flexion, but 
that demographic mismatches and biological variability limit the extent to which these differences can 
be directly attributed to pathology. 
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Figure 5.14. Boxplots showing the distribution of mean stiffness estimates (N·m/rad) split between healthy control 
participants and Parkinson’s disease participants ON-treatment for (A) mean across both movement directions, 
(B) flexion movements and (C) extension movements. UPDRS scores for PD participants is colour-coded based 
on the colourmap on the right of the figure. 

 

5.4.6. Summary 

Taken together, the UPDRS association analyses, ON–OFF treatment comparisons, and healthy 
control versus PD evaluations position this work as an initial exploratory investigation into the feasibility 
of using the HRX-1 manipulandum for clinical assessment of Parkinsonian rigidity. Across ON-
treatment conditions, passive stiffness measures, particularly in flexion, showed strong and consistent 
associations with clinician-rated UPDRS rigidity scores, including large effect sizes and robust 
monotonic relationships that persisted despite known inter-rater variability. These findings provide initial 
evidence that the passive assessment protocol deployed on the HRX-1 can capture biomechanical 
signatures that align meaningfully with established clinical assessments. In contrast, OFF-treatment 
analyses were inconclusive, with disrupted group-level relationships and substantial variability, a 
pattern likely driven by pronounced data sparsity, uneven rater contributions, and increased 
physiological heterogeneity rather than a definitive failure of the passive assessment approach. 
Comparisons between healthy controls and PD participants further demonstrated that the HRX-1 is 
sensitive to systematic differences in passive stiffness, although the unexpected observation of greater 
stiffness in healthy controls underscores the importance of cohort matching, as this effect may reflect 
age-related differences in baseline muscle tone rather than pathology. Collectively, these results should 
not be interpreted as definitive validation of the approach taken, but rather as supportive proof-of-
concept evidence that controlled, passive wrist manipulation can yield clinically relevant information 
about rigidity. The consistency of findings in the ON-treatment and UPDRS-correlated analyses, 
despite small sample sizes and methodological constraints, suggests sufficient promise to justify more 
comprehensive, adequately powered studies with matched cohorts and standardised clinical scoring 
to fully establish clinical utility. 
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5.5. Discussion 

5.5.1. Introduction 

This chapter investigated whether exposure to the stability–movement transition paradigm produced 
sustained changes in passive wrist stiffness, extending beyond the immediate period of active 
stabilisation and voluntary movement. The primary purpose of this investigation was to evaluate 
whether repeated engagement of stabilisation-oriented control induced longer-lasting modulation of 
mechanical stiffness that can be detected under passive conditions, where voluntary and reflexive 
contributions are minimised. By focusing on stiffness - a dominant component of mechanical 
impedance - this assessment targeted residual sensorimotor effects that persist for minutes following 
task exposure, providing a complementary perspective to the transient dynamics observed during the 
main experimental paradigm. 

In parallel, application of the passive assessment to participants with Parkinson’s disease served a 
dual purpose. First, it allowed exploration of the protocol’s clinical relevance as an objective, 
standardised measure of wrist rigidity. Second, it provided validation of the assessment’s sensitivity 
and interpretability by situating healthy control measurements within a broader clinical context. 
Together, these aims position the passive stiffness analysis as both a mechanistic extension of the 
stability–movement framework and a translational step toward objective quantification of impaired 
impedance regulation. 

 

5.5.2. Temporal Predictability, Not Perturbation Amplitude, Drives Passive Stiffness 
Modulation 

The passive assessment results reinforce and extend the central finding of the main paradigm: 
impedance control is driven more by the informational structure of the task than by the magnitude of 
mechanical load. Temporally predictable stabilisation challenges produced a reliable bias toward 
increased passive wrist stiffness relative to baseline, emerging early and expressed similarly across 
flexion and extension. In contrast, temporal uncertainty failed to elicit a comparable increase and in 
some analyses was associated with a gradual reduction in stiffness. Notably, these effects were 
expressed primarily as relative differences between conditions rather than large within-condition shifts, 
indicating that predictability modulates the set-point of passive impedance rather than inducing uniform 
stiffness changes. The close correspondence with the main task results suggests that predictable 
timing promotes a common impedance state that generalises across active and passive contexts and 
persists beyond the stability–movement transition. 

By contrast, perturbation amplitude exerted little influence on subsequent passive stiffness. Although 
higher-amplitude perturbations were occasionally associated with reduced stiffness, particularly in 
flexion, these effects were weak, inconsistent, and overshadowed by strong session-level and order-
related decreases. The absence of reliable differences at the initial post-task assessment further 
indicates that passive stiffness was not systematically scaled to perturbation amplitude. This mirrors 
the main task findings, in which impedance estimates were largely insensitive to perturbation amplitude 
despite clear effects on movement dynamics. Together, these results challenge gain-scheduling 
accounts in which impedance is continuously tuned to force demands [4], [82], [267] and instead 
support models in which impedance reflects a context-dependent control policy [1], [268]. 

Within the broader motor control literature, these findings align with frameworks that emphasise 
prediction and uncertainty as central determinants of control strategy selection [83], [179]. From this 
perspective, impedance is not simply scaled to mechanical load, but is deployed to manage uncertainty, 
increasing robustness when disturbances are predictable while preserving flexibility when they are not. 
This interpretation is supported by the stabilisation phase of the main task, in which temporally 
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predictable perturbations elicited elevated responsive impedance despite reduced co-contraction 
across perturbation windows when compared with temporally uncertain perturbation conditions, 
indicating more efficient, state-dependent control rather than increased muscular co-activation. The 
passive results extend this account by showing that predictable temporal structure biases the system 
toward a persistently stiffer mechanical state, whereas temporal uncertainty discourages sustained 
stiffening even after stabilisation demands have ended. In contrast, perturbation amplitude provided 
limited informational value for selecting or retaining an impedance state, aligning with the weak and 
inconsistent amplitude effects observed. Together, these findings support the view that impedance 
modulation reflects a context-sensitive control policy shaped by task predictability rather than a simple 
response to force magnitude. 

These results directly address Research Question 1 by showing that predictability-induced modulation 
of impedance is not transient but persists into subsequent motor states when voluntary control is 
minimised. They also speak to Research Question 3 by demonstrating that repeated exposure to 
higher mechanical loads does not produce systematic adaptation of passive stiffness within the tested 
range. Taken together, the passive assessments provide converging evidence that higher-order 
temporal structure, rather than force magnitude, governs how impedance-related states are 
established and retained, reinforcing the view that impedance regulation reflects strategic, context-
sensitive control rather than simple force-dependent scaling. 

 

5.5.3. Differential Contributions of Muscular Co-Contraction and Corticospinal Coupling Do 
Not Uniformly Explain Passive Stiffness 

The passive assessment results showed that sustained passive stiffness could not be uniformly 
explained by either muscular co-contraction or corticospinal coupling alone. Instead, these measures 
related to passive mechanical state in dissociable and context-dependent ways, clarifying which 
components of stabilisation-induced control persisted beyond the stability–movement transition and 
how they aligned with the broader aims of the thesis. 

Passive stiffness was systematically biased by temporal predictability, with predictable stabilisation 
followed by increased stiffness and uncertain stabilisation followed by reduced stiffness, despite 
minimal baseline shifts within individual conditions. Co-contraction during passive mobilisation did not 
mirror this effect, showing no reliable sensitivity to temporal structure and no evidence of adaptive 
change across blocks. This dissociation indicated that the persistence of impedance into a low-activity 
context was not driven by sustained antagonist activation, directly addressing the question of whether 
stabilisation-induced impedance modulation persists across transitions into subsequent motor states, 
as posed in Research Question 1. 

This pattern was consistent with findings from the main task stabilisation phase. Temporally predictable 
perturbations elicited elevated responsive impedance despite reduced co-contraction across 
stabilisation windows when compared to temporally uncertainty conditions, indicating that robust 
stabilisation under predictable timing did not rely solely on sustained muscular co-activation. The 
passive assessment extended this observation by demonstrating that predictability-related mechanical 
bias remained evident even when co-contraction was not elevated, supporting the interpretation that 
persistence reflected centrally organised state modulation rather than tonic muscle activation. 

Perturbation amplitude showed a contrasting profile. Passive co-contraction was strongly modulated 
by amplitude, with higher-amplitude perturbations followed by reduced co-contraction during passive 
assessment, particularly in extension. However, passive stiffness showed weak and inconsistent 
amplitude scaling and was dominated by broader session-level decreases. This dissociation indicated 
limited short-term adaptation of sustained passive impedance to perturbation amplitude, aligning with 
the broader objective of examining flexibility and adaptation of impedance control and informing 
Research Question 3. 
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Beta-band corticomuscular coherence (β-CMC) provided complementary neural insight. Mean β-CMC 
levels showed limited sensitivity to temporal predictability, yet passive stiffness was robustly and 
inversely related to β-CMC at both between- and within-participant levels across cohorts. Stronger 
corticospinal coupling consistently accompanied a more compliant mechanical state, identifying β-CMC 
as a neural correlate of sustained impedance variability even when condition-level differences were 
weak. Amplitude-related effects on β-CMC were expressed as stable level shifts rather than adaptive 
changes, further distinguishing load-dependent neural engagement from context-dependent stiffness 
persistence (Aim 2, Research Question 2) 

Taken together, these findings demonstrate that passive stiffness did not arise from a single muscular 
or neural mechanism. Co-contraction primarily reflected tonic, load- and direction-dependent 
activation, whereas corticospinal coupling indexed a neural state linked to mechanical compliance. 
Temporal predictability selectively biased the retained mechanical state without necessitating sustained 
changes in either co-contraction or corticospinal coupling levels. This pattern reinforces the broader 
conclusion of the thesis that impedance regulation across stability–movement transitions is governed 
primarily by higher-order task structure rather than by perturbation amplitude or tonic muscle activation 
alone. 

 

5.5.4. Passive Stiffness Indexes Sustained Sensorimotor Adaptation Beyond the Stability–
Movement Transition 

Passive stiffness measured following task exposure reflected a sustained sensorimotor adaptation 
rather than a transient mechanical after-effect of prior force application. Although the passive 
assessment was designed to minimise voluntary engagement, stiffness was systematically shaped by 
the structure of the preceding stabilisation task. This dependence on prior task context indicates that 
limb mechanics were governed by retained sensorimotor state rather than by residual loading alone. 
In this way, the passive results directly addressed the core issue of persistence raised in Research 
Question 1 by testing whether stabilisation-induced impedance modulation survived the transition into 
a subsequent, low-activity motor context. 

Temporal predictability emerged as the dominant factor governing this sustained mechanical bias. 
Passive stiffness was reliably elevated following temporally predictable stabilisation, despite the 
absence of high torques or ongoing control demands during the passive assessment. This pattern 
mirrored the main task, where predictable perturbations elicited higher and more stable impedance 
during stabilisation, and demonstrates that predictability promoted anticipatory tuning of the 
sensorimotor system that persisted beyond the stability–movement transition. By contrast, varying 
perturbation amplitude produced weak and inconsistent effects on passive stiffness, even though 
amplitude strongly influenced behaviour and muscle activation during the task itself. This dissociation 
indicates that exposure to larger forces did not, by itself, induce a durable change in baseline 
mechanical state, directly informing Research Question 3 by showing that short-term adaptation of 
sustained impedance was governed more by temporal structure than by perturbation amplitude. 

Importantly, these persistent stiffness biases were not uniformly accompanied by elevated co-
contraction or increased corticospinal engagement during passive assessment. Co-contraction showed 
little evidence of baseline shifts, and beta-band corticomuscular coherence was often inversely related 
to stiffness. These findings argue against explanations based on residual muscle activation or 
prolonged cortical drive and instead suggest that passive stiffness reflected a retained configuration of 
the sensorimotor system, potentially involving altered reflex gains, intrinsic muscle properties, or spinal 
circuitry. This interpretation aligns with Aim 2 by clarifying how neural signatures relate to sustained 
mechanical state without requiring ongoing voluntary control. 

Taken together, these findings extend the main task results by demonstrating that stabilisation-related 
control states left a measurable imprint on passive limb mechanics minutes after active interaction had 
ceased. While prior work has primarily characterised impedance modulation during ongoing interaction, 
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perturbation response, or steady-state posture [1], [216], the present results show that task-induced 
impedance states can persist into a subsequent, low-activity context in which voluntary control 
demands are minimised. Passive stiffness therefore provided a novel and complementary window onto 
impedance regulation, revealing longer-lasting, state-dependent effects that were not evident from 
active behaviour or muscle activation alone. 

This persistence directly advances existing accounts of impedance control by showing that 
stabilisation-related modulation is not confined to the immediate stabilisation epoch nor fully released 
at the transition to a new motor context. Instead, impedance appears to operate across multiple 
timescales, consistent with frameworks that describe motor control as the selection and maintenance 
of context-dependent control policies rather than continuous force-scaled tuning [83]. By linking 
predictable task structure to durable changes in baseline mechanical state, these findings extend 
classical views of impedance as an online, reactive mechanism and demonstrate that higher-order task 
structure can shape not only immediate stabilisation responses [284] but also the mechanical state to 
which the system returns following stability–movement transitions. In this way, the passive assessment 
provides novel empirical support for the persistence of impedance-related control beyond active task 
engagement, directly addressing the central aim of characterising short-term impedance persistence 
induced by externally imposed stability demands 

 

5.5.5. Passive Robotic Assessment as an Objective Complement to Clinical Rigidity Scoring 

The passive assessment results provided preliminary but compelling evidence that the HRX-1 
manipulandum and passive assessment protocol captured biomechanical signatures of wrist rigidity 
that aligned meaningfully with established clinical ratings. In ON-treatment Parkinson’s disease (PD) 
participants, passive stiffness showed strong monotonic associations with clinician-rated rigidity 
scores, with the clearest and most robust relationships observed in flexion. These associations were 
evident for both direction-specific and averaged stiffness estimates and persisted despite the known 
inter-rater variability inherent to clinical rigidity scoring. This pattern indicated that the robotic 
assessment captured a physiologically relevant component of rigidity. 

The selective sensitivity of flexion stiffness was consistent with broader findings in this thesis showing 
direction-dependent expression of impedance-related control and persistence. This convergence 
supports the interpretation that passive stiffness was not an arbitrary mechanical measure but reflected 
underlying biomechanical and control asymmetries that were also evident during stabilisation and 
stability–movement transitions. Importantly, the use of continuous mechanical measurements allowed 
differentiation between higher and lower rigidity scores in a manner that may not be achievable with 
ordinal clinical scales, which necessarily compress variability and may obscure subtle but functionally 
meaningful differences. In this sense, the passive assessment directly aligned with the translational 
objectives of the thesis by linking experimentally derived impedance measures to clinically relevant 
motor impairment. 

OFF-treatment analyses did not reveal reliable group-level associations between passive stiffness and 
clinical rigidity scores. However, this absence was interpreted cautiously. The OFF-treatment dataset 
was sparse and unevenly distributed across rigidity ratings, limiting statistical sensitivity. Qualitative 
inspection suggested that when clinical rigidity ratings changed between ON and OFF states, passive 
stiffness estimates often changed concordantly, whereas cases with unchanged clinical scores showed 
heterogeneous stiffness fluctuations. This pattern raised the possibility that the passive robotic 
assessment was sensitive to mechanical changes that fell below the resolution of clinical scoring, rather 
than being insensitive to medication-related effects. Such sensitivity would be consistent with the thesis 
aim of developing objective tools capable of detecting graded changes in sensorimotor state. 

Comparisons between healthy controls and PD participants further illustrated both the promise and the 
limitations of the approach. While flexion stiffness differentiated groups, the direction of the effect was 
inverted by age differences between cohorts, underscoring the importance of demographic matching 
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in future validation studies. Nevertheless, within the Parkinson’s disease cohort, higher passive 
stiffness consistently aligned with higher clinical rigidity scores, supporting the internal validity of the 
robotic measure despite between-group confounds. 

Taken together, these findings positioned the passive assessment protocol as a promising objective 
complement to clinician-rated rigidity scoring rather than a replacement (Aim 5). The results suggested 
that controlled robotic manipulation could yield reproducible, continuous measures of stiffness that 
reflected clinically meaningful aspects of rigidity while also revealing variability and state dependence 
that may be masked by ordinal clinical scales. Although necessarily exploratory, these analyses 
provided proof-of-concept support for the use of robotic passive assessment as a tool for improving 
the precision, sensitivity, and interpretability of rigidity evaluation in Parkinson’s disease, directly 
advancing the translational aims of the thesis and motivating further investigation in larger, carefully 
matched clinical cohorts. 

 

5.5.6. Limitations and Future Directions 

Across both groups, the limited number of trials per condition reduced statistical confidence in stiffness 
estimates and constrained characterisation of intra-individual variability, which is likely to be clinically 
meaningful. Low trial counts also prevented systematic exclusion of early trials that may reflect startle, 
anxiety, or familiarisation effects - factors particularly relevant in clinical populations. In addition, modest 
participant numbers, especially in the perturbation amplitude and PD cohorts, limited generalisability 
and reduced sensitivity for subgroup comparisons, including medication state effects. 

Methodological constraints further influenced interpretability. Feature extraction focused on stationary, 
single-value metrics within restricted temporal windows, which may have reduced sensitivity to clinically 
relevant non-stationary dynamics. Device-level limitations also played a role: the position-unaware 
passive control mode of the HRX-1 resulted in unconstrained movement ranges that may have altered 
measured stiffness, reducing physiological specificity despite torques remaining well within safe limits. 

Future work should prioritise increasing trial counts, enabling more robust estimation of stiffness and 
intra-individual variability, and expanding participant numbers to establish normative ranges and 
clinically meaningful effect sizes. Methodological extensions to incorporate non-stationary analyses 
would improve sensitivity to disease-relevant dynamics, while refinement of the HRX-1 control 
architecture to support position-aware passive assessment would enhance safety, comfort, and 
measurement specificity. For PD-focused investigations, fully standardised clinical protocols - including 
age-matched controls and harmonised clinical ratings - will be essential to validate passive stiffness as 
an objective complement to existing rigidity measures. 

 

5.5.7. Summary 

Across cohorts, passive wrist stiffness was modulated more strongly by temporal predictability than by 
perturbation amplitude, providing novel evidence that impedance persistence is governed primarily by 
higher-order task structure rather than by mechanical load alone. Temporally predictable stabilisation 
produced a small but reliable increase in subsequent passive stiffness that emerged early and was 
expressed similarly across movement directions, whereas manipulations of perturbation amplitude 
yielded weak and inconsistent effects that were overshadowed by session-level drift. This dissociation 
demonstrates that sustained mechanical state is not a simple after-effect of force exposure but reflects 
how stabilisation demands are structured in time. 

Passive co-contraction exhibited a clearly dissociable profile. It was largely insensitive to temporal 
predictability and showed no baseline shifts or adaptive dynamics, while perturbation amplitude 
modulated co-contraction tonically, particularly in extension. The divergence between stiffness and co-
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contraction establishes that predictability-related stiffness biases cannot be attributed to sustained 
antagonist activation and instead reflect state-dependent modulation of impedance that is not reducible 
to tonic muscle activity. This distinction advances current interpretations of impedance control by 
separating persistent mechanical state from overt muscular activation. 

A further novel contribution was the identification of a robust inverse relationship between passive 
stiffness and β-CMC across cohorts. Stronger corticospinal coupling was consistently associated with 
a more compliant mechanical state, independent of task condition, whereas associations between co-
contraction and beta-band coherence were weak and selective. This dissociation positions beta-band 
coupling as a neural marker of active impedance regulation rather than a proxy for tonic muscle 
activation, extending prior work that has primarily examined beta dynamics during active movement or 
stabilisation. 

Critically, carryover from the stability–movement transition into passive assessment was observed only 
under predictable temporal structure. Stabilisation-phase co-contraction predicted passive stiffness 
and passive co-contraction in a direction-specific manner following predictable stabilisation, whereas 
such couplings were largely absent when perturbation amplitude was manipulated. This pattern 
provides direct evidence that temporal predictability enables stabilisation-related motor states to persist 
beyond active engagement, demonstrating that impedance-related control can be retained across task 
phases rather than being reset at the cessation of stabilisation demands. 

Finally, exploratory clinical analyses showed that passive stiffness, particularly in flexion, aligned 
strongly with clinician-rated rigidity in ON-treatment Parkinson’s disease participants. Although 
necessarily preliminary, these results establish the physiological relevance of the passive measures 
and highlight their potential translational value. Taken together, the findings demonstrate that passive 
stiffness provides a sensitive and theoretically informative marker of a persistent, context-dependent 
impedance state, linking task history, neural coupling, and clinical relevance, and identifying 
predictability as a dominant driver of sustained impedance modulation across stability–movement 
transitions. 
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VI. Conclusion and Final Remarks 

6.1. Summary of Findings 

This thesis set out to characterise how the human sensorimotor system modulates, maintains, and 
releases mechanical impedance across transitions between stability-oriented and movement-oriented 
control states. By integrating behavioural, muscular, and neural measures within a unified experimental 
framework, the work demonstrates that impedance regulation is a flexible yet persistent control strategy 
that is shaped primarily by higher-order task structure - particularly temporal predictability - rather than 
by mechanical load alone. 

Across experiments, externally imposed postural instability reliably induced a stability-oriented motor 
state characterised by elevated impedance. This state emerged rapidly, was expressed from the 
earliest task exposure, and showed little evidence of gradual learning, consistent with anticipatory and 
context-sensitive regulation rather than slow optimisation. Behaviourally, elevated impedance 
constrained perturbation-induced displacement and supported faster post-perturbation stabilisation, 
confirming its functional relevance for mechanical stability. 

Temporal predictability emerged as a dominant factor shaping impedance control. Predictable 
perturbation timing was associated with increased reactive impedance during stabilisation despite 
reduced co-contraction relative to temporally uncertain conditions, alongside tighter coupling between 
displacement and recovery and reduced costs during the transition to voluntary movement. In contrast, 
temporal uncertainty attenuated stabilisation-phase co-contraction, delayed movement initiation, and 
promoted persistence of stabilisation-related motor states into the movement phase. By comparison, 
varying perturbation amplitude exerted surprisingly limited influence on impedance magnitude, learning 
dynamics, or voluntary movement performance, indicating that the sensorimotor system prioritises 
informational structure over physical load when regulating impedance within the tested range. 

Neural findings reinforced this interpretation. Beta-band corticomuscular coherence was consistently 
suppressed during stabilisation, reflecting engagement of an impedance-dominated control regime. Its 
magnitude tracked transient, within-participant fluctuations in stabilising muscle activity rather than 
stable individual differences, suggesting sensitivity to momentary control state rather than tonic 
activation. During voluntary movement, beta-band measures showed little evidence of learning-related 
change but were selectively modulated by task context and movement direction. Stabilisation-phase 
beta-band coherence predicted subsequent reaction time and movement duration primarily at the 
between-participant level and only under predictable temporal structure, indicating that beta-band 
coupling indexed individual efficiency of sensorimotor integration whose behavioural relevance was 
gated by predictability. Post-movement beta rebound further supported this view, acting as a marker of 
context-dependent state updating rather than movement execution, with attenuation under temporal 
uncertainty consistent with prolonged engagement of stabilisation-related control. 

Across analyses, movement direction emerged as a consistent organising factor. Extension 
movements were more sensitive to impedance modulation, corticomuscular coupling, and carryover 
effects than flexion, suggesting inherent biomechanical or control asymmetries in how stability and 
movement demands are negotiated at the wrist. 

Passive assessment results extended these findings beyond active task performance. Passive wrist 
stiffness was modulated more strongly by temporal predictability than by perturbation amplitude, 
exhibited robust inverse relationships with beta-band corticomuscular coherence, and showed context-
dependent carryover from prior stabilisation. These findings indicate that impedance-related control 
states can leave a measurable imprint on baseline mechanical properties even in the absence of active 
engagement. Importantly, passive stiffness measures aligned with clinician-rated rigidity scores in 
Parkinson’s disease under ON-treatment conditions, providing proof-of-concept evidence that robotic 
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passive assessment can capture clinically meaningful aspects of impedance in a continuous and 
objective manner. 

Taken together, the findings support a unified interpretation of impedance as a persistent sensorimotor 
state that biases subsequent movement preparation and execution. This state is rapidly established, 
selectively maintained, and flexibly released depending on temporal structure and task demands. 
Rather than reflecting a unitary stiffness-setting mechanism, impedance control emerged as an 
integrated control strategy spanning muscular activation, corticospinal coupling, and behaviour. By 
linking experimental manipulation, neural dynamics, and preliminary clinical relevance, this thesis 
advances an integrative framework for understanding how the sensorimotor system negotiates 
stability–movement trade-offs and provides a foundation for future translational work targeting 
disorders of impaired impedance regulation. 
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6.2. Overall Conclusions 

This thesis advances a conceptual redefinition of mechanical impedance in human motor control. 
Rather than emerging as a transient, reactive response to perturbation or a parameter continuously 
scaled to mechanical load, impedance is shown to operate as a structured, context-dependent control 
state that persists across stability–movement transitions. This state is rapidly engaged, selectively 
maintained, and flexibly released in accordance with task structure, indicating that impedance 
regulation reflects higher-level control policies rather than low-level mechanical tuning. 

A central conclusion is that informational structure, specifically temporal predictability, plays a decisive 
role in shaping how impedance-related control states are organised. Predictability enabled more 
efficient stabilisation strategies and more flexible disengagement of stabilising control during transitions 
to voluntary movement, whereas uncertainty promoted persistence of stabilisation-oriented control at 
the expense of movement initiation. The relative insensitivity of impedance to perturbation amplitude 
within the tested range underscores that the sensorimotor system prioritises prediction and uncertainty 
management over force magnitude when resolving competing demands for stability and movement. 

The results further clarify how impedance can be both persistent and adaptable without requiring 
continuous recalibration. Stable, trait-like differences in control strategy coexisted with transient, state-
dependent modulation, revealing a layered organisation in which enduring individual tendencies shape 
performance while momentary adjustments support online stability. This distinction resolves apparent 
tensions in the literature between views of impedance as either fixed or highly flexible, showing instead 
that persistence and adaptability operate at different timescales and levels of control. 

Neural findings strengthen this interpretation by identifying beta-band corticomuscular coherence as a 
marker of control state rather than movement execution or tonic activation. Suppression and selective 
carryover of coherence indexed engagement and release of impedance-dominated control, while post-
movement beta rebound reflected context-dependent resolution of stabilisation states. Together, these 
dynamics demonstrate that impedance regulation is supported by dissociable neural processes aligned 
to stabilisation, transition, and state updating, rather than by a single oscillatory mechanism. 

Finally, by extending analysis beyond active task performance, the thesis shows that stabilisation-
related control states can leave a measurable imprint on passive limb mechanics and that these 
mechanical signatures align with clinically relevant features of rigidity in Parkinson’s disease. This 
establishes impedance persistence as not only a theoretical construct but a measurable property with 
translational relevance. 

In summary, this work reframes impedance control as a temporally extended, prediction-sensitive 
motor state that governs how the sensorimotor system negotiates the fundamental trade-off between 
stability and movement. By integrating behaviour, muscle activity, neural coupling, and passive 
mechanics, the thesis provides a coherent framework for understanding stability–movement transitions 
and offers a principled basis for future investigation of impaired sensorimotor flexibility in neurological 
disease. 
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6.3. Future Directions 

The findings of this thesis open several clear avenues for further investigation into impedance control, 
sensorimotor state transitions, and their neural and translational significance. 

Future work would benefit from explicitly manipulating stability–movement transitions rather than 
inferring them from sequential task phases. In the present work, persistence of impedance-related 
motor states was inferred from carryover into voluntary movement and passive assessment. 
Parametrically varying the delay between stabilisation and movement initiation, introducing explicit 
cues to release stiffness, or imposing competing movement demands immediately following 
stabilisation would allow direct testing of how rapidly impedance is disengaged, whether delayed 
release interferes with movement preparation or execution, and how these dynamics depend on 
temporal predictability. 

Further insight into the neural mechanisms supporting impedance engagement and release could be 
gained using methods with greater spatial or causal resolution. While beta-band corticomuscular 
coherence and post-movement beta rebound provided informative markers of control state and 
context-dependent updating, they cannot fully specify the cortical or subcortical circuits involved. 
Although the present work employed CSD EEG to improve spatial specificity at the sensor level, future 
studies could combine the paradigm with source-localised cortical recordings or subcortical recordings 
to more directly interrogate the neural circuits supporting impedance engagement and release. Source-
localised EEG or MEG would allow identification of cortical generators of impedance-related beta 
dynamics, while subcortical recordings would be necessary to test the contribution of basal ganglia and 
brainstem circuits that are likely critical for regulating stabilisation-oriented control states. 

The limited evidence for learning across repeated task exposure suggests that impedance regulation 
may rely primarily on rapid state selection rather than gradual adaptation within a session. This 
distinction could be probed by manipulating perturbation structure across multiple sessions, increasing 
variability or uncertainty over longer timescales, or explicitly training participants to release impedance 
more efficiently. Such approaches would help determine whether impedance control adapts over 
extended experience in ways not captured by the present design. 

The passive assessment findings highlight the importance of further disentangling active and passive 
contributors to impedance. Integrating high-density EMG, reflex probing, or pharmacological 
manipulation would help separate neural, muscular, and connective tissue contributions to sustained 
stiffness. In particular, concurrent assessment of reflex gains alongside passive stiffness could clarify 
whether predictability-related stiffness biases primarily reflect altered spinal feedback, intrinsic muscle 
properties, or supraspinal control. 

An important extension of this work will be the application of the full stabilisation–movement paradigm 
to individuals with Parkinson’s disease. While the present thesis examined passive stiffness in 
Parkinson’s disease in isolation, applying the main task would allow direct investigation of how 
stabilisation-induced control states are engaged, persist, and are released in a population 
characterised by impaired motor flexibility. Given well-documented abnormalities in beta-band 
dynamics, co-contraction, and rigidity, this paradigm provides a principled framework for testing 
whether motor impairment arises from exaggerated engagement of stabilisation-oriented control, 
impaired release of impedance during transitions to voluntary movement, or both. Manipulating 
temporal predictability in this population would be particularly informative, as deficits in predictive 
processing may amplify persistence of stabilisation-related control states and exacerbate bradykinesia 
or delayed movement initiation. 

Finally, the translational potential of the HRX-1 platform warrants dedicated investigation. The observed 
alignment between passive stiffness and clinician-rated rigidity under ON-treatment conditions provides 
proof-of-concept support for objective rigidity assessment, but larger, age-matched cohorts and 
standardised clinical protocols are required. Future studies should examine test–retest reliability, 
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sensitivity to disease progression, and responsiveness to therapeutic interventions, and extend the 
approach to other movement disorders characterised by abnormal impedance regulation. 

Together, these directions outline a coherent programme of work that builds directly on the present 
findings. By refining behavioural paradigms, incorporating targeted neural measurements, and 
pursuing systematic clinical validation, future studies can further elucidate how impedance is regulated, 
released, and disrupted across motor contexts and disease states, extending both the theoretical and 
translational impact of this thesis. 
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