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ABSTRACT

sensory-motor deficits result in restricted use of the upper extremities in stroke patients,

leading to difficulty in carrying out daily activities. Human-robot interaction (HRI) in
rehabilitation can provide individualised, task oriented therapy to patients for fast recovery.
The key goals of rehabilitation strategies are to enhance the functional ability and cognitive
performance of stroke patients in an optimised way. Therapy can often benefit from assessing
progress. Nine Hole Peg Test (NHPT) is one of the widely used tests for assessing upper extremity
impairment whose only outcome measure is the time for completion of the task.

Coordination between EEG and EMG signals plays a vital role in movement control. EEG-
EMG coherence is considered capable of measuring the control of spinal motor neurons by
the cerebral cortex. It helps to understand how the brain controls muscle movement and also
the effects of muscle movement on brain function hence can give more insight into fatigue.
EEG microstates are recurrent scalp potential configurations that remain stable for a short
period of time. The analysis of EEG microstates can help to identify the background neuronal
activity at the millisecond level. Analysing EEG-EMG coherence and EEG microstates on a
person performing NHPT under fatigue conditions will help us to have a better understanding of
underlying neuronal activities.

To explore these an experiment was conducted with 8 healthy participants while interacting
with a robot-assisted NHPT. The experiment involved two trials of NHPT, then a fatiguing exercise
which was then followed by two more trials of NHPT. EEG-EMG coherence was examined for pre
fatigue and post fatigue trials of NHPT. EEG microstates analysis was conducted for resting state
conditions, NHPT trial, and also during physical exercise. The analysis of EEG-EMG coherence
showed an increase in corticomuscular coupling with fatigue. The increased EEG-EMG coherence
suggests that the functional coupling between the brain and muscles becomes stronger with
fatigue. Three distinct microstates were observed for the different physical states of participants.
Changes were assessed by utilising microstate parameters such as occurrence, coverage, duration,
and global explained variance. It was found that the coverage of some microstates is impacted by
fatigue in all the experimental stages used for analysis. These results support the involvement of
different neural assemblies but also highlight the potential that physical fatigue can be observed
and identified by assessing changes in microstate parameters.

H uman movements are controlled by the Central Nervous System. Motor dysfunction and
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CHAPTER

INTRODUCTION

troke is the second most common cause of death in the world and 7% of all deaths in

the UK are caused by stroke. Stroke is a condition where the blood supply to the brain

is disrupted, resulting in oxygen starvation, brain damage and loss of function. One in
six people worldwide will have a stroke in their lifetime [67]. Stroke causes a greater range
of disabilities than any other condition. Over three-quarters of stroke survivors report arm
weakness, which makes their daily living activities difficult [99]. Stroke survivors often suffer
from long-term functional impairment and cognitive deficits that diminish their quality of life
and pose challenges in personal and social relationships. Motor dysfunction and sensory-motor
deficits result in restricted use of the upper extremities in stroke patients, leading to difficulties
in carrying out daily living activities.

Human-robot interaction (HRI) is a rapidly growing field that has the potential to transform
many aspects of our lives. One of the main areas where HRI is currently being explored is in the
field of healthcare. Robots are being developed to assist with tasks such as surgery, patient care,
and rehabilitation. Robot-assisted therapy is increasingly accepted as a part of rehabilitative
care following stroke.

Human-robot interactions have emerged as a promising field in the development of innovative
solutions for upper limb rehabilitation. HRI technology is used to enhance the recovery process in
patients with upper limb impairments by providing targeted, task-oriented therapy[12]. Robotic
devices are capable of monitoring the patient’s movements and providing feedback to encourage
proper technique to achieve optimal performance[171][115]. HRI technology can also improve the
engagement and motivation of patients during the rehabilitation process. Robots can be designed
to provide interactive and engaging feedback during the therapy session, making the experience
more enjoyable for the patient[133]. Additionally, robotic devices can collect data on the patient’s

progress, which can be used to provide personalised treatment plans[98]. Overall, the integration



of HRI technology in upper limb rehabilitation has the potential to improve outcomes and reduce
the burden on healthcare providers.

The primary objectives of rehabilitation strategies for stroke patients are to optimise and
comprehensively enhance functional ability and cognitive performance. Knowledge of neurological
factors behind activities and assessments of stroke patients will help to design better rehabilita-
tion strategies. In therapy, progress is usually evaluated by various assessment techniques. The
Nine Hole Peg Test (NHPT) is one of the widely used tests for measuring fine motor dexterity.
A reliable outcome measure of NHPT is the time taken to complete placing nine pegs into nine
holes [185]. Performance metrics that can assess the quality of fine motor tasks can be gathered
with the help of haptic devices.

Damage to the corticospinal system can lead to a diminished ability to voluntarily activate
motor units, causing a lack of coordination and strength in muscle activation due to the impaired
communication between the brain and the muscles[96]. Stroke patients, as a result of their
diminished muscular and cognitive abilities, are susceptible to experiencing fatigue during
their rehabilitation exercises. Previous research in our group explored the possibility of using
electroencephalogram (EEG) and electromyogram (EMG) features individually as potential
fatigue indicators during human-robot interaction[139][47]. The coordination between EEG
and EMG signals plays an important role in movement control. The EEG-EMG coherence is
considered capable of measuring the control of spinal motor neurons by the cerebral cortex[126].
Understanding the correlation between the brain and muscles can be a powerful tool in enhancing
therapies focused on restoring coordination between them. Studying the coherence better helps
to understand how the brain controls muscle movement and also the effects of muscle movement
on brain function, hence it has the potential to provide some insights on mechanisms underlying
fatigue[106].

EEG microstates are able to reflect individual high-level aspects of cognition and information
processing[101]. Changes in the scalp electric field configuration imply changes in the distribution
of underlying neural generators. This means that different microstate topographies at any time

reflect the neural network activity predominating at that time[196].

1.1 Scope of the Thesis

The principal aim of this research is to understand the neurophysiological correlates of fatigue
while interacting with a robotic rig and during physical exercise.By exploring the underlying
neural and muscular activity associated with fatigue, this study aims to provide valuable insights
for the development of more effective rehabilitation strategies. The research methodology em-
ployed in this study includes the utilisation of a haptic device, specifically the Geomagic Touch, to
administer the NHPT within an embedded reality environment. A g.tec data acquisition system

was used to gather EEG and EMG signals from the participants. To gain a deeper understanding



of the neurophysiological correlates of fatigue, two aspects, the EEG-EMG coherence and EEG
microstates, are analysed in this study. These analyses will shed light on the coherence between
the brain activity and the muscle activation, as well as provide insights into the dynamic patterns
of brain activity during fatigue inducing tasks. A subjective assessment of muscle fatigue was
also conducted by providing appropriate pre/post-fatigue questionnaires. This subjective evalu-
ation provides complementary information to the objective neurophysiological measurements,
enhancing the overall understanding of the fatigue experienced by participants.

Given that this experiment involved healthy participants, its implications extend beyond
the scope of stroke rehabilitation, encompassing broader dimensions and applications in various
fields. The results of this study aid in injury prevention by identifying and addressing potential
risks associated with inappropriate exercise intensity. Moreover, it allows for the optimization of
training intensity, empowering runners to enhance their fitness efficiently while minimising the

likelihood of overexertion-related injuries.

1.2 Research Questions

The main hypothesis behind this research was:

"Fatigue can be detected and assessed by analysing alterations in neurophysiologi-
cal parameters during interaction with a robotic rig and physical exercise". The ultimate
goal of this research is to understand the link between fatigue and EEG-EMG coherence/EEG
microstates in the context of human-robot interaction and physical activity which can help in
developing optimised HRI approaches for personalised post-stroke therapy.

This leads to the following research questions which are explored in this thesis.

1.2.1 Research Question 1

How does physical fatigue alter the coherence between EEG and EMG for healthy
participants while performing a robot-assisted NHPT?

EEG-EMG coherence has been studied for the pathophysiology of movement disorders[151],
as an index of fatigue[66][175][140], and biomarker for motor recovery[931[871[192]. However,
none of these studies explored corticomuscular coherence in the context of NHPT. Past research
has indicated a high and significant correlation between upper limb muscles and brain activity
during motor tasks[142][59]. Thus coordination between the brain and muscles plays a significant
part in a person while performing NHPT.

In this research, EEG signals from sixteen electrode locations and EMG signals from three
upper limb muscles were collected while a person performs a haptic NHPT. Analysing EEG-EMG
coherence provides a comprehensive understanding of the participant’s neural and muscular

responses during the haptic NHPT task. Fatigue was induced in participants through a repetitive



wrist flexion-extension task using a dumbbell. To explore the impact of fatigue, EEG-EMG

coherence was calculated for pre fatigue and post fatigue NHPT.

1.2.2 Research Question 2

Does fatigue impact EEG microstate parameters while interacting with a robotic rig
and physical exercise?

EEG microstates represent the momentary organisation of neural activity within specific
brain regions and are thought to reflect underlying functional brain networks. Few studies have
addressed EEG microstates related to fatigue [173][104], stroke[197][189][63], and exhaustive
exercises[199][162][163]. The existing literature already established the influence of muscle
fatigue on the modulation of brain activity[55][165][26]. Analysis of EEG microstates can help
in better understanding of temporal dynamics of functional brain networks. Most of the studies
related to EEG microstates deal with resting state microstates. Here, an attempt is made to
perform the analysis of microstates for EEG data acquired from a person while performing the

NHPT, before and after a fatiguing condition that is induced using a wrist dumbbell exercise.

1.3 Thesis Layout

The following outlines the contents of each chapter and demonstrates how they contribute to

supporting the research questions.

¢ Chapter 2 presents the literature review which examines existing scholarly work and
research relevant to the thesis topic. It analyses previous studies, theories, and concepts to
establish a theoretical foundation for the current research. The chapter discusses different
topics including electroencephalography, electromyogram, fatigue, stroke rehabilitation,
EEG-EMG coherence, EEG microstates, rehabilitation robotics and NHPT.

¢ Chapter 3 highlights the experiment design, participant demographics, data collection
methods, and fatigue exercise used in the study. It ensures the study is conducted in a
rigorous and systematic manner. This chapter supports the research questions by providing

a clear framework for data collection and analysis.

¢ Chapter 4 addresses research question 1 by analysing the EEG-EMG coherence. This
chapter details the EEG and EMG data preparation and also the analysis of EEG-EMG
coherence pre and post fatigue. The analysis indicated an enhancement in corticomuscular
coupling as a result of fatigue. The results also demonstrated the difference in coupling
between different upper limb muscles and the motor cortex, in the context of the task set

for this experiment.



¢ Chapter 5 explains the microstate analysis to address research question 2. It details
the different steps involved in microstate analysis and also describes the three different
microstates observed for resting state, NHPT trial and dumbbell exercise. Fatigue induced
changes in microstate parameters in these three experiment states are also discussed.
Alterations in microstate parameters were observed after the physical fatigue. A decline in
the coverage, duration and global explained variance of some microstates was observed as

a result of fatigue.

¢ Chapter 6 summarises the main findings of the study and reflects on the significance of the

research and discusses its implications for the theory, practice, and further research.



CHAPTER

BACKGROUND

his chapter provides the background information required to support this research. This
includes details about the basics of EEG, EMG, corticomuscular coupling, microstates,

rehabilitation robotics and fatigue.

2.1 Stroke rehabilitation

Approximately 15-17 million people experience stroke annually worldwide, and roughly one-
third of them become permanently disabled[53]. Stroke patients frequently encounter significant
physical and mental impairments that considerably affect their everyday existence[82]. Typically,
stroke occurs when a blood clot forms in a blood vessel in the brain or when a vessel ruptures and
spills blood into the surrounding brain tissue. This can cause damage to some of the nerve cells
that connect, resulting in partial paralysis on one side of the body[53]. Rehabilitation training is
often necessary for stroke patients to recover lost motor functions. The primary goal of stroke
rehabilitation is to help individuals regain as much independence as possible. Rehabilitation can
also help stroke survivors manage any long-term effects of the stroke, such as muscle weakness,
spasticity (muscle stiffness), or cognitive deficits.

Literature indicates that brain injury can disrupt motor control by reducing the transmission
of nerve impulses to the spinal cord, resulting in an impaired responsiveness of motor units.
This leads to inadequate muscle activation and control, ultimately impacting motor coordination
and altering the pattern of muscle contractions[58][46]. Rehabilitation can help to minimise the
damage caused by injury. Multiple researchers have established a correlation between muscle
activity and brain activity during the execution of a task-specific activity[72][157][182].

A typical stroke rehabilitation process involves a cyclical approach that includes four stages:

(1) assessment to determine the patient’s needs and quantify their extent; (2) goal setting to
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establish practical and achievable targets for improvement; (3) intervention to aid in achieving
the set goals; and (4) reassessment to evaluate the progress made in reaching the agreed-upon
goals[97]. The most prevalent form of impairment resulting from a stroke is motor impairment,
which limits mobility and muscle movement.

The recovery process for stroke patients is influenced by several factors. Due to the neuro-
muscular adaptation to a standardised outpatient regimen of exercise, the recovery will reach
a plateau often by three months post-stroke onset and most certainly by six months[169][132].
There are studies which emphasise the importance of initiating rehabilitation at an early
stage[10]. The high intensity training has more impact on recovery compared to low inten-
sity training at all stages post-stroke. Patients who received high-intensity training showed
improved responsiveness even when the treatment was delayed by two years, as compared to
those who received low-intensity interventions[10].

Individuals who underwent repetitive task training after experiencing a stroke demonstrated
enhanced progress in performing functional activities[54]. Engaging in repeated practice of chal-
lenging movement tasks leads to increased cortical representations of the practised movement in
the brain. Studies have demonstrated that increased task repetition following a stroke can induce
cortical changes and promote functional improvement[27][105][88]. Stroke patients who received
repetitive finger tracking training showed improved tracking accuracy and grasp and release
function accompanied by cortical reorganisation[27]. Cortical reorganisation and rehabilitation
outcomes are positively associated with repetitive task-specific practice[68][174]. A systematic
review of the improvement in strength as a result of repetitive training demonstrated a positive
impact on muscle strength improvement[44]. This leads to an improvement in functional activity.

After a stroke, the upper extremities are usually more affected than the lower extremities.
Individuals with a compromised upper limb often face challenges in performing numerous
activities of daily living, such as reaching and grasping objects [83]. While it is crucial to aim
for the restoration of upper limb (UL) function in post-stroke patients, the extent of disability
may make it harder to achieve complete motor function recovery. Assistive technologies, such as
prosthetic limbs and devices can help in restoring movement or can electrically stimulate muscles
to induce contractions in the limbs. Long-term implanted systems or surface electrodes can restore
paralysed or atrophied muscles with neuromuscular electrical stimulation (NMES)[6]. Wearable
sensors can be used in the inpatient stroke and acute rehabilitation setting and have the potential
to develop an automated system to quantify the dose of individual rehabilitation therapy[9]. The
exact mechanisms of neurological recovery after a stroke are not fully understood. However, fast
motor recovery can be achieved by the intervention of more than one therapeutic technique. The
rehabilitation of neural pathways heavily relies on cerebral plasticity, which can be influenced
by specific therapeutic upper limb exercises in stroke patients[6]. Using a feedback system in a

rehabilitative environment will help in achieving faster and better functional outcomes[111].



2.2 Anatomy of human brain

The brain can be segmented into three parts: the cerebrum, cerebellum, and brain stem. The
cerebrum, which contains both the left and right hemispheres of the brain, is responsible for
a wide range of functions, including movement initiation, sensory information processing and
regulating emotional and behavioural expression. The outer layer of the cerebrum is referred to
as the cerebral cortex. Voluntary movements of muscles are coordinated by the cerebellum and
the motor cortex. Involuntary functions such as respiration, heart regulation, and biorhythms
are controlled by the brainstem[148]. Synchronisation of neocortical neurons is achieved with the
help of the brain stem and thalamus. The primary origin of the EEG are these layers of cortical
neurons[168]. The lateral view of the human brain is presented in Figure 2.1. It can be seen that
the cerebral hemisphere is divided into four lobes which are the frontal lobe, the parietal lobe,

the temporal lobe, and the occipital lobe.

Motor cortex

Frontal IDV

Somatosensory
cortex

Parietal lobe

Olfactory bulb
Temporal lobe

Cerebellum

Spinal cord
Brainstem

Figure 2.1: Four lobes of human brain[172]

The frontal lobe is the foremost section of the cerebral hemisphere. The frontal lobe houses
the motor cortex and olfactory bulb. The olfactory bulb helps in processing smells. The motor
cortex is a crucial component for planning and executing movement. The motor cortex comprises
different regions that correspond to various muscle groups. Cognitive functions such as main-
taining attention, speech, and decision-making are also controlled by neurons in the frontal
lobe. The parietal lobe located in the upper region of the brain is responsible for processing two
primary functions - somatosensation (touch sensations like pain, pressure, heat, and cold) and
proprioception (the sense of body part orientation in space)[172]. The parietal lobe also helps in
interpreting language and vision. The main function of the occipital lobe which is located at the
back of the brain is to help in seeing, recognizing, and identifying the visual world. The temporal
lobe is located anterior to the occipital lobe and posterior to the frontal lobe[135]. The primary
function of the temporal lobe is the processing and interpreting of sounds. The medial surface of

the temporal lobe helps in processing memory formation[73]. EEG collected from different parts
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of the brain provides means for identifying numerous neurological disorders and other anomalies

within the human body.

2.3 Electroencephalography (EEG)

Electroencephalography is one of the most powerful techniques which helps to study the electrical
activity of the brain[35]. The electrical activity of the brain can be recorded with the help of
placing sensor electrodes on the scalp. With its high temporal resolution, EEG provides the
opportunity to investigate the cortical and subcortical brain activity and observe the dynamic
behaviour of neuronal networks across the entire brain[19][153]. Richard Caton is credited with
the first recorded instances of neurophysiologic activity in animals in 1875, while the recording
of electrical brain activity in humans did not occur until 50 years later. In 1924, Hans Berger,
a German psychiatrist, was the first to develop EEG techniques for use on humans[107]. The
excellent temporal resolution of EEG makes it a valuable tool for investigating the timing and

coordination of neural events underlying various cognitive and sensory processes.

2.3.1 Origin of EEG

The central nervous system (CNS) comprises nerve cells and glial cells. Nerve cells contain
axons, dendrites, and cell bodies, and can transmit information over long distances in response
to stimuli. Action potentials and postsynaptic potentials contribute to the electrical activities of
neurons. An action potential (AP) is an electrical impulse transmitted by a nerve, caused by the
flow of ions across the neuronal membrane. This temporary change in the membrane potential
travels along the axon in one direction, typically initiated in the axon hillock close to the cell
body. The depolarisation of the membrane potential produces a spike, followed by repolarisation
and a return to resting state. Most nerve action potentials last about one millisecond[148]. An
example of the action potential is shown in Figure 2.2. Various types of stimuli can initiate
APs, with sensory nerves responding to a range of modalities such as chemical, light, electricity,
pressure, and touch. Action potentials upon arriving at synapse result in the release of a chemical
substance which changes the permeability of the postsynaptic membrane of the next neuron. A
difference in potential is created as a result of ion movements across the membrane. An excitatory
postsynaptic potential (EPSP) is generated due to the influx of positive ions into the neuron, while
an influx of negative ions or an efflux of positive ions creates an inhibitory postsynaptic potential
(IPSP) and the neuron becomes hyperpolarised. The summation of synchronously generated

postsynaptic potentials contributes to the EEG [15].

2.3.2 EEG Frequency bands

A normal EEG recording displays voltage values along the vertical axis and time along the

horizontal axis, producing a nearly real-time visualisation of current cerebral activity. The
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Figure 2.2: An example of action potential[148]

amplitude and frequency of EEG signals change from person to person depending upon their
cognitive state. Based on the frequency ranges brain waves are categorised into five types: delta,
theta, alpha, beta, and gamma[148]. Delta waves are the slowest of all brain waves which lie in
the range 0.5-4Hz. These are mainly present in EEGs of deep sleep and are most often found
in infants and young children. Suppression of this wave can lead to poor sleep and inability to
revitalise the brain[1]. The frequency of theta waves ranges from 4Hz to 7.5Hz and are associated
with drowsiness, deep meditation and daydreaming. Theta oscillations are prominent in infants
and young children but rarely observed in healthy adults[129]. Strong theta activity in a waking
adult may be caused by various pathological problems[148]. Alpha rhythms, which appear in
the frequency range 8Hz-13Hz, are normally associated with relaxed wakefulness. The alpha
frequencies transiently increase immediately after eye closure and are often attenuated with
eye opening[168]. Brain rhythms in the frequency range of 13-30Hz with a voltage less than
30uV are termed beta waves. Beta waves are the normal wake-up rhythm of the brain associated
with active thinking, attention, or solving specific problems. Rhythmical beta activity is mainly
found in the frontal and central regions[148]. The gamma band, the highest frequencies of EEG
typically includes frequencies above 30 Hz. Gamma waves are modulated by sensory input
and are associated with a broad range of cognitive phenomena such as working memory and
attention[74].

During physical motor execution and mental motor imagery, a relative power decrease/increase

can be observed in the electroencephalogram within a specific frequency band. This phenomenon
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is widely utilised for the purpose of brain-computer interfaces (BCI) and is known as Event-
related desynchronisation/synchronisation (ERD/ERS). ERD serves as an indicator of phasic
alterations in the synchronicity of cell populations, presenting a reliable marker for heightened
neuronal excitability within thalamocortical systems[167]. An experiment investigating the effect
of kinematic and kinetic changes in hand grasping movements on ERD strength found that
the strength of ERD could indicate the time differentiation of hand postures during the motor
planning process or the changes in proprioception arising from hand movements[127]. Another
research exploring deficits linked to the planning and execution of temporally cued movements,
specifically examining neural oscillatory changes in the alpha and beta bands, revealed that
the deceleration in motor reaction times observed in speech production and limb movement
among older adults was attributable to desynchronisation of pre-motor alpha and beta band

activities[78].

Gamma
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Figure 2.3: EEG rhythms[1]

2.3.3 EEG recording and artefacts

Richard Caton, a Liverpool physician, made the first attempt to record the electrical activity of
the animal brain with the help of a reflecting galvanometer. He published his results in 1875[152].
With the advancement of technology, recording systems were developed with electrodes and

needle-type registers. The multi-channel recording of EEG signals was made possible with the
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help of these and EEG waves were plotted on plain paper or paper with grid. Later, analog
to digital converters were introduced to digitise the signals for analysis in computer based
systems[148]. Current EEG recording systems involve different sets of electrodes and operational
amplifiers followed by filters. These electrodes are made up of conductive materials. The signals
collected via the sensor electrodes are stored in a computer for later analysis. In intracranial
EEG acquisition, needle electrodes are implanted under the scull. Scalp EEG acquisition systems
usually have Ag-AgCl disks placed on the scalp as electrodes[148]. Electrode caps are often used
for multichannel EEG acquisition. To preserve the quality of the recorded signal, the contact
impedance between the electrode surface and scalp must be at minimum. Skin preparations
are often carried out for this. A conductive gel or paste is used on the scalp to reduce the
contact impedance between the electrode surface and scalp[178]. The type of electrodes which
use conductive gel between the scalp and electrodes are termed wet electrodes. There is another
category of electrodes which does not use any conductive materials at the junction between
electrodes and scalp and is termed dry electrodes. Dry electrodes are easier to apply, however,
they are more susceptible to movement artefacts[137]. The signal quality is at risk when using
dry electrodes. Dry electrodes are suitable in experiments with longer duration since they provide
better stability. On the other hand wet electrodes produce good quality signals for shorter
duration[48].
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Figure 2.4: International 10-20 electrode positioning system[110]

The electrode placement on the scalp is standardised by the International Federation in
Electroencephalography and Clinical Neurophysiology which has defined the 10-20 electrode

placement system[71]. In this system, 21 electrodes are positioned on the scalp between the nasion
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and inion and between the auricular (ear) positions as shown in Figure 2.4. Nasion is the point
at the bridge of the nose and inion is the prominent bump on the back of the head representing
the lowest point of the skull[21]. Each electrode is represented with a unique letter which points
to the lobe where the electrode is located followed by a number. Electrodes on the left side of
the head are odd numbered and those on the right side are even numbered. 10-20 represents
the positioning of electrodes at standard intervals of 10 percent or 20 percent. To incorporate
additional electrodes the international 10-10 system is introduced which is an extension of the
10-20 electrode placement system. Here the additional electrodes are placed halfway between
the electrodes in a traditional 10-20 system[128]. This is illustrated in Figure 2.5. The mode of
recording can be either differential or referential. In differential recording mode signals from two
electrodes are fed into two inputs of the differential amplifier. On the other hand, in a referential
system, one or two electrodes are kept as a reference electrode[148]. An inactive site which is

maximally distant from the brain sources is normally used as the reference electrode[69].

Figure 2.5: 10-10 electrode positioning system[128]

A non invasive EEG acquisition system with g. GAMMA cap and a biosignal amplifier is
utilised in this study for the EEG signal acquisition. The electrode positions on the cap follow the
international 10-10 system and the g.LADYbird active electrodes are used for signal acquisition.
The right ear lob served as the reference electrode in this study.

There are person-related and system-related artefacts which corrupt the recorded EEG signal.
Body movement related artefacts, EMG, ECG, EOG, sweating, etc., are classified as person-related

artefacts. Power supply interference, impedance fluctuation, cable defects and interference from
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electrical components come under the system artefacts[148]. These artefacts are often removed in
the preprocessing stage to retain the quality of the signal. EEG has the potential to enhance our
understanding of human mental states, imagination and cognitive processing. The most common
application of EEG is in Brain Computer Interfaces (BCI) where real time EEG data is used for
controlling mechanical and electronic devices[160]. Research was conducted on the EEG to help
people with disabilities and motor activity impairment, such as directing electrical wheelchair
movement[121][158], recognising movement attempt in stroke patients[161], Post-stroke motor
rehabilitation[164][37], robotic rehabilitation[25][166][103] etc.

2.4 Electromyography (EMG)

Electromyography (EMGQG) is a sensing and diagnostic procedure that helps to explore muscle
activity and the nerve cells that control them. The basic theory behind EMG is that when
the contraction of muscles happens a burst of electrical activity is generated in the muscles
which can be recorded from the overlying skin areas. Human muscles are capable of contraction
and relaxation. Similar to nerve cells, muscle tissues are also capable of conducting electric
potentials which are called muscle action potential. A noninvasive electrode placed on the skin
or a needle electrode inserted in the muscle can detect a motor unit action potential (MUAP)
which is the summation of muscle fibre action potentials from all the muscle fibres of a single
motor unit[143]. When muscle fibres are at rest, the difference in concentrations of sodium
(Na*), potassium (K*) and chloride (C.~) on either side of the muscle membrane gives rise to
a voltage gradient (about -90mV). Under resting conditions, the concentration of Na* is lower
inside the membrane compared to outside. Conversely, for K* the inside concentration is higher
compared to the outside membrane[57]. When the muscle cells are excited by a stimulus, the
permeability of the muscle membrane changes and an influx of Na* happens. This leads to the
depolarisation of the membrane. This depolarisation is immediately restored by a backward
exchange of ions[92]. Depolarisation of the membrane by a certain threshold will lead to muscle
fibre action potential. An electric field will be created near each muscle fibre as a result of this
depolarisation-repolarisation process. While initiating a movement the central nervous system
activates muscles. Since a single motoneuron can stimulate multiple muscle fibres, the firing
of a motoneuron results in the activation of many muscle fibres. The combination of electrical
activities of all these muscle fibres results in the generation of a motor unit action potential
or MUAP[57]. The sequence of Motor Unit Action Potential (MUAP) in response to neural
stimulation constitutes the EMG signal[143].

A basic motor control mechanism schematic is shown in Figure 2.6. While initiating a
movement signals are generated from the primary motor cortex which influences different
neurons of the brain stem and spinal cord. A motor unit is composed of a-motoneuron and the

muscle fibre that it innervates[114]. When the central nervous system excites the a-motoneuron,
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Figure 2.6: Schematic of basic motor control mechanism[114]

it causes the transmission of the excitation along the motor nerve[92]. The firing pattern of
the motor unit is determined by the net current induced by various synaptic innervation sites.
Depending on the size of the muscle the number of MUs per muscle in humans ranges from about
100 to 1000[114]. The peak-to-peak amplitude of EMG ranges between +5mV and -5mV with
frequency ranges between 6 and 500Hz[92]. Surface EMG can be recorded by applying adhesive
electrodes to the skin and connecting these to a biosignal amplifier. Different factors affect the
quality of recorded EMG signal like the type of the detection surface, the electrode shape, the
distance between the electrode detection surface, and the placement of the electrode in relation to
the muscle’s motor points. Physiological, anatomical, and biochemical factors like blood flow, fibre
diameter, depth and location of active fibres also affect the EMG recording[143]. Technological
advancements in EMG recording and processing methods enabled the use of EMGs in a wide
variety of applications. EMG signals are extensively used in post-stroke rehabilitation by using
EMG-driven computer games[156], developing control models for upper limb orthosis[181],[145],

gesture classification[39][125], user intention detection[195], etc.

2.5 Fatigue

Fatigue is a common symptom experienced by individuals in both acute and chronic illnesses,
as well as in daily life. Defining fatigue has been a challenge for scientists, given the complex
interaction of biological processes, psycho-social phenomena, and behavioural manifestations.
Fatigue can be described as an ongoing sensation of exhaustion or weakness that can manifest
itself as either physical, mental or a blend of both. Fatigue can impair a person’s ability to think
clearly, concentrate, and make decisions[51]. Fatigue can cause muscle weakness, decreased

endurance, and slower reaction times, which can negatively affect physical performance[23].
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Fatigue can significantly impact a person’s ability to enjoy life and engage in normal activities,

leading to a reduced quality of life[64].

2.5.1 Physical fatigue

Physical fatigue or muscle fatigue is a common phenomenon that occurs when a muscle is
no longer able to maintain its contractile force or sustain its performance over time[49]. The
symptoms of physical fatigue can manifest themselves in a variety of ways, including weakness,
decreased coordination, and reduced physical performance. Physical fatigue can also cause mental
fatigue, making it challenging to concentrate or think clearly. Muscle fatigue is the outcome of
several physiological alterations in the active muscle and is usually mild or short-lived. Once
the exercise is terminated, the discomfort typically subsides[771[49]. The intensity and duration
of physical fatigue can vary depending on the type and intensity of the activity, muscle groups
involved, an individual’s fitness level, and their overall health status[186].

Muscle fatigue can be classified as temporary or chronic. Temporary muscle fatigue is often
caused by strenuous physical activities which will lead to the accumulation of intermediary
energy metabolism waste (e.g., lactate) in the intracellular space of working muscles or the
depletion of energy-rich compounds (e.g., muscle glycogen store). Chronic muscle fatigue can
result from various factors, including thinning of muscle tissues due to the presence of chronic
inflammation in cardiovascular and respiratory disorders, trauma, critical illness, and certain
medications[38]. Fatigue can have a significant impact on overt performance, causing the task
to be performed more slowly or even unsuccessfully. Additionally, fatigue can alter the neuro-
muscular activity required to perform the task. The standard approach for assessing muscle
fatigue involves temporarily halting the fatiguing activity and performing a brief maximum
contraction to determine the reduction in maximum force capacity. Additionally, EMG can serve
as a marker of muscle fatigue[193]. Muscle fatigue is a common symptom experienced by stroke
survivors. The diminished ability to enhance central excitability in response to an increased
cortical inhibition associated with the fatiguing contraction may contribute to central fatigue
observed in affected limb[89]. This type of fatigue may also be related to a rise in self-reported
fatigue experienced during the performance of daily activities. Fatigue experienced by stroke
survivors in the early post-stroke phase may be caused by biological factors. In contrast, the
causes of fatigue experienced in the later stages of stroke recovery may be more related to

psychological and behavioural factors[131].

2.5.2 Cognitive fatigue

Mental or cognitive fatigue refers to a reduction in cognitive abilities that occurs over time during
sustained cognitive demands. This can lead to difficulties in suppressing irrelevant informa-
tion during selective attention, weakened cognitive control, decreased high-level information

processing, as well as declining physical performance[187]. Cognitive fatigue can negatively
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impact productivity, increase accident risks, and reduce the quality of life in both normal and
clinical populations. Extensive research has been done in the areas of EEG and cognitive fatigue.
The effectiveness of EEG energy parameters as indicators of attention and alertness levels are
explored and found that EEG energy levels increase with an increase in cognitive load[154].
Mental fatigue can also be impacted by physical activities and physical activities speed up the
fatigue process[193]. A study of EEG and ERP (Event Related Potential) correlates of cognitive
fatigue during sustained mental work showed that time on task had a progressive influence on
frontal midline theta and parietal alpha activity[177]. Event-related potentials (ERPs) refer to
voltage changes in the ongoing EEG activity that are synchronised in time with sensory, motor,
and cognitive events[43]. Cognitive impairment and depression exhibit a relatively high preva-
lence subsequent to Transient Ischemic Attack (TIA) as well as minor stroke, which undergoes
a reduction over time. The frequency of cognitive impairment following TIA and minor stroke
was found to be influenced by the measurement tool employed[122]. EEG indicators of fatigue
during robot-assisted activities are contingent on whether the task is physically or cognitively

demanding and whether it involves the proximal or distal regions of the upper limb[47].

2.6 EEG-EMG coherence

Temporal and spatial relations among the cortical activities and voluntary or involuntary move-
ments can be understood with the help of simultaneous recording of electroencephalograms and
electromyograms|[155]. EEG signals reflect the collective activity of neurons in the brain and
EMG measures the collective firing of a motor unit. Consequently, EEG-EMG coherence is deemed
suitable for exploring the control of muscle activity by the cerebral cortex[106]. EEG-EMG coher-
ence is a measure of functional connectivity between the cortex and muscles during continuous
muscle contractions, which originates from the communication in corticospinal pathways between
the primary motor cortex and muscles[106].

Coherence is a measure of the temporal correlation between two signals at various frequencies.
The outcome is represented by a coherence spectrum ranging between 0 and 1 for each relevant
frequency, where a value of 1 implies a complete temporal correlation, whereas 0 indicates no
correlation[146]. For two time series signals x(¢) and y(¢), coherence is calculated by normalising
the square of the cross spectral density between signals x(¢) and y(¢) by the product of their
individual auto spectral densities. The mathematical expression for coherence Cxy(f) can be

represented as

|Pxy(f)|?
2.1 C - M
2.1 xy(f) Pxx(f)Pyy(f)
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where Pxx(f) and Pyy(f) are the power spectral densities of x(¢) and y(¢) respectively and Pxy(f)
is the cross spectrum for x(¢) and y(¢) at a given frequency f [118].

The level of coherence between cortical and muscle activities is subject to variation depending
on the extent of cortical engagement in distinct tasks. The coherence between EEG and EMG
in the beta frequency band (13-30 Hz) has been reported to be significant during visuomotor
tasks[86]. Significant gamma band coherence can be seen in dynamic movements and intense
hand muscle contractions[22][13]. Active exercises with movement intention can modulate the
coherence and mutual information between EEG and EMG[87]. Modulations of corticomuscular
coupling occur as a result of visuomotor skill learning, immobilisation, and development. This
suggests modifications in synchronisation between the cortex and peripheral neurons as part of
the motor adaptation process[136][109][70]. Another study uses corticomuscular coupling as a
way for classifying various grasps [34]. The results provide information about the synchronisation
between brain and muscles during motor activities. The work suggests that CMC can be used as

an effective tool for classifying different motor activities.

2.6.1 EEG-EMG coherence and fatigue

Fatigue is a complex construct that encompasses both physiological and psychological dimen-
sions. The extent of cortical centres’ involvement in inducing fatigue during voluntary motor
tasks or regulating muscle fatigue remains largely uncertain[201]. EEG-EMG coherence can
serve as a measure of the functional link between the cortex and muscles during fatigue. A
study of EEG-EMG coherence showed that fatigue enhanced the functional synchronisation
between the cortex and the muscles during an intermittent handgrip fatigue task[66]. Single
trial wavelet coherence analysis on the effects of muscle fatigue on corticomuscular coupling
provided information regarding dynamic adaptations of the brain and exhibited a reduction
in corticomuscular coupling[140]. Fatigue impacts the connection strength and topology of the
cortical-muscle network during isometric contraction at 30% maximal voluntary contraction, also
dynamic forces in fatigue lead to a shift from the beta band to gamma band[191]. The development
of muscle fatigue enhances the corticomuscular coupling during sustained submaximal isometric
contraction. Corticomuscular coherence can also be modulated by sensory feedback[179].

The effects of acute muscle fatigue on corticomuscular coupling remain an area of significant
controversy within the research literature. While some investigations have reported an increase in
corticomuscular coupling with fatigue, others have demonstrated a decrease in this phenomenon.
It is worth noting that the variability in the muscles studied across different investigations might
also influence corticomuscular coupling. Despite an increase in EEG and EMG power as a result
of fatigue, weakening of EEG-EMG coherence during sustained isometric elbow flexion at 30% of
MVC was observed in the beta band[194]. An investigation on the influence of physical activities
on mental fatigue found a reduction in beta band coherence[193]. Impaired functional coupling

between the brain and muscle signals was observed in patients who experience cancer-related
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fatigue compared to healthy participants[75]. Qian et al. [141] investigated the effects of force
load and muscle fatigue on the EEG-EMG coherence in different frequency bands during side
arm lateral raise tasks. They found that there is a significant reduction in gamma band coherence
area under muscle fatigue. They proposed that this effect can be removed by applying magnetic

stimulation.

2.6.2 EEG-EMG coherence and stroke

Despite the lack of a clear understanding of the physiological significance of corticomuscular
coherence, there is already evidence suggesting that abnormal coupling between the cortex and
muscles plays a role in the pathophysiology of movement disorders[151]. Zheng et al. investigated
the feasibility of reflecting the motor function improvement after stroke with the measurement of
CMC [188]. The study found that the beta-band CMC of the paretic limb increased after recovery
compared to the unaffected side. Chen et al. [31] performed a study on stroke patients and
found that the corticomuscular coupling gets affected in stroke patients compared to healthy
controls. They suggested that the gamma band coupling is linked to somatosensory tasks and
the beta band oscillations are associated with controlling and maintaining steady state force.
During movement, individuals who have suffered from a stroke exhibit significantly lower levels
of corticomuscular coherence compared to healthy controls in both the beta (20-30 Hz) and
lower gamma (30-40 Hz) frequency bands[50]. A study on EEG-EMG coherence during wrist
extension in patients who suffered ischaemic stroke showed a gradual increase of coherence over
time. It even reached a greater level than that seen in healthy participants[93]. Brain regions
in the contralesional hemisphere play a role in the activity of affected muscles after stroke
thereby supporting functional recovery[147]. A case study during an elbow flexion task shows an
increase in corticomuscular coupling accompanied by the motor function recovery of the paretic
limb[200]. An investigation on temporal dynamics of corticomuscular interactions in post-stroke
recovery found large corticomuscular coupling(CMC) amplitudes on the unaffected side in the
acute period compared to the chronic period [183]. Moreover, CMC amplitudes were larger on the
unaffected side compared to the affected side. Correlations have been observed between changes
in corticomotor connectivity and motor improvement at various stages of stroke. However, when
compared to clinical metrics, follow-up scores based on CMC have not demonstrated statistically

significant correlations[113].

2.7 EEG Microstates

Electroencephalography (EEG) microstates are brief periods of stable EEG topography that re-
flect the momentary functional organisation of the brain[20]. The concept of EEG microstates was
developed by Dietrich Lehmann and his team in the late 1970s to quantify the spatio-temporal
dynamics of the brain[91]. They suggested that the multichannel EEG recorded over the brain
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follows a stable map configuration for a short period of time. Within a defined period of consistent
configuration, the electric field’s strength undergoes fluctuations of increase and decrease, while
the topography itself remains stable. This observation, initially articulated by Dietrich Lehmann
and colleagues, posits that these intervals of stable electric field configurations reflect specific
stages or components of information processing, essentially serving as the fundamental elements
constituting the content of consciousness-referred to as "atoms of thoughts" and termed func-
tional microstates[117]. Changes in the scalp electric field configuration imply changes in the
distribution of underlying neural generators. This means that different microstate topographies
at any time reflect the neural network activity predominating at that time[196]. EEG microstate
analysis has been applied in clinical and cognitive research to explore altered brain activity
patterns associated with various neurological and psychiatric disorders.

EEG data collected from different electrodes on the human scalp can be viewed as a series
of maps of the momentary spatial distributions of electric potential[102]. The topography of
the electric field and the potential map’s configuration remain stable for a certain period before
abruptly transitioning to a new configuration. The Global Field Power (GFP), calculated as
the standard deviation of all momentary potential values across the map, provides a singular
numerical representation for each moment in time from multiple simultaneously recorded
electrode locations. At these specific time points of maximal global field power, the momentary
maps tend to exhibit consistent landscapes over several successive maps[101]. Sharp transitions
separate discrete segments of electrical stability maps. During a stable configuration period,
although the strength of the field may fluctuate, the topography of the potential map remains
unchanged[117]. The maps during periods of maximal global field power are selected for analysis,
utilising the locations of maximal and minimal values of potentials (extrema dipole) as descriptors
for the landscape (Figure 2.7). A series of "extrema dipole maps" are generated, one at each time
of maximal global field power which is presented in Figure 2.8. Maps exhibiting the same dipole
orientation are categorised under the same microstate. The stability of map topographies over
time in the spontaneous EEG is demonstrated in Figure 2.9.

The process of microstate analysis can be divided into two primary stages. The first step
involves the selection of a group of microstate topographies with the help of mathematical
clustering, and the second step entails re-expressing the initial data as an alternating sequence
of these microstate topographies[84]. Momentary spatial distribution maps at peak times of
global field power (GFP) are used for microstate analysis [150]. Optimal signal to noise ratio and
stable topography are obtained at the local maximum of GFP[198]. Global field power is used to
measure the strength of the scalp potential. The global field power (GFP) can be calculated as

k Vi(t) = Vipean(t 2’
(2.2) GFP(t) = \/Zl ( ® A ( ))

where V;(t) is the voltage at electrode i at time £, V,;,0qr(t) is the mean voltage across all
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Figure 2.7: Representation of a momentary map of the brain electric field using the "extrema
dipole." Left, 19-electrode array where the anterior row was at 40% nasion- inion, the posterior row
at the inion and interelectrode spacing was about equidistant on the head. Center, Interpolated
surface as equipotential areas white is more negative, black more positive. Right, Two extrema
in the array outline connected by a line that visualises the orientation of the " extrema dipole."
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Figure 2.8: Sequence of EEG maps presenting the spatial distribution of the extreme potential
values at maximal global field power. The number above each map gives the precise number of
global field power maxima. The number at the bottom shows a segment of similar EEG maps. All
the EEG maps between numbers 54 and 55 have the same orientation for dipole, hence belonging
to the same microstate[101].

"

electrodes at time ¢ and % is the number of electrodes[84]. A clustering algorithm is applied to
these EEG signals at the GFP peaks to produce a small number of cluster maps. The selection of
the number of maps is typically determined by a cross-validation criterion®, which is a measure

of fit[566]. The cross-validation criterion (CV), as introduced by Pascual-Marqui et al.[134], is

IThis is different from the cross validation used in machine learning.
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Figure 2.9: Demonstration of the stability of map topographies over time in the spontaneous EEG.
Top: 42-channel spontaneous eyes-closed EEG of 12 s duration. Middle: Succession of maps over
the 12 s. Only maps at GFP peaks are shown. Bottom: Only the positive and negative maxima
positions are shown and connected. Periods of stable map topographies are surrounded by boxes
and marked in gray[117].

associated with residual noise, aiming to achieve a minimized CV value.

C—1)2
C-K-1)°

(2.3) CV:#(

where o2 is an estimator of the variance of the residual noise calculated as:
N.T 7. )2

X XpXp— (al xn)

2
(2.4) o4 = NC-D

Here C is the number of EEG channels, N is the number of time samples, K is the number of

clusters (microstate classes), x,, is the n’th time sample of the recorded EEG, a}, is the prototypical

map for the k’th microstate cluster, /,, is the microstate label of the n’th EEG sample.
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After determining the cluster maps, they are fitted to the individual participant’s EEG data
to extract the different temporal parameters associated with each of them. Temporal parameters

of microstates that are commonly calculated are:
* Duration: the average duration that a given microstate remains stable
® Occurrence: the frequency of occurrence for each microstate independent of its duration

¢ Coverage: the fraction of total recording time for which a given microstate is dominant

Global Explained Variance: the amount of EEG data variance captured by the set of

microstate maps[116]

Microstate analysis results can be affected by different data acquisition strategies, preprocess-
ing methods, and smoothing parameters used. However, a study on the test-retest reliability on
microstate features revealed that the results remain highly stable, independent of the strategies
used to determine the cluster maps and the number of recording electrodes[84]. Remarkably, most
studies investigating resting-state EEG have identified the same four prototypical microstates
that account for the majority of the global topographic variance[85]. These microstate maps are

labelled as A, B, C and D and are presented in Figure 2.10.

Figure 2.10: Four microstate maps that commonly occur in literature[85]

L A4

2.7.1 EEG microstates and fatigue

The analysis of EEG microstates is highly relevant for investigating various diseases and changes
in behavioural states in humans. However, limited research has been conducted on the effects
of fatigue on microstates. An increase in the amplitude of microstate intensity is observed in
individuals when moving from alert to fatigued state[173]. The effects of mental fatigue induced
by continuous simulated flight multitasking on EEG microstate parameters are explored in
[104]. The study suggests that EEG microstates can detect the global brain network activation
related to mental fatigue. A decline in the mean duration, time coverage and global explained
variance of resting state microstates was observed in healthy individuals who participated in an

extreme mountain ultramarathon[163]. In a recent study examining the impact of acute motor

23



fatigue on large-scale brain functional networks, it was found that exhaustive exercises could
modulate resting state microstates[199]. Resting state microstate duration is altered by acute
exercise, and this effect lasts for a minimum of one hour after exercise[162]. This suggests that
microstate parameters could be regarded as an electrocortical indicator of exercise-related brain

modification.

2.7.2 EEG microstates and stroke

EEG microstates have shown significant potential for investigating neurological disorders such
as stroke. In stroke patients, the analysis of EEG microstates can provide important insights
into the extent and location of the brain damage and the changes that occur during the recovery
process[63]. A significant correlation between microstate parameters and clinical scales is ob-
served in stroke patients which suggests that microstate analysis of resting state EEG has the
potential to assist clinical and assessment applications[189]. Compared to healthy individuals
stroke patients exhibit significant changes in microstate parameters and each microstate class
was associated with a specific functional connectivity pattern[63]. EEG microstates analysis has
the potential to track brain patterns during BCI-aided stroke rehabilitation and the frequency
of occurrence of particular maps can serve as a reliable indicator of the proper execution of
the rehabilitation tasks[14]. An investigation on the ability of resting state EEG microstates
to predict recovery in acute stroke revealed alterations in microstate dynamics compared to
controls[197]. Also, the study demonstrated that preserved microstate duration in post-stroke
acute phase correlated with a better effective recovery. The dynamic pattern of scalp potentials
reflects the momentary state of global neural activity and could be indicative of alterations in

consciousness over time[60].

2.8 Rehabilitation Robotics

Repetitive, intensive, and goal-oriented rehabilitation can enhance motor function and cortical
reorganisation in stroke patients with both acute and chronic impairments. However, this recovery
process is generally slow and demanding, often necessitating considerable interaction between
one or more therapists and a single patient. The primary motivation for the development of
rehabilitation robotic devices is to automate interventions that are typically monotonous and
physically strenuous[83]. Robot-assisted therapy is increasingly becoming a part of rehabilitative
care following stroke. The main advantage of robot-assisted therapy is that quantitative feedback
on the performance of the patients can easily be implemented. Also, robot-assisted therapy
allows patients to use robotic systems at locations outside the rehabilitation hospital under the
supervision and/or tele-control of a therapist or physician [33].

Various research teams have created numerous robotic systems with the objective of improving

the rehabilitation of the upper limb. Charles et al. developed virtual reality (VR) simulations of
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rehabilitation tasks for the upper arm using a Leap camera [29]. The GENTLE/S project utilised
haptic and virtual reality technologies for neuro rehabilitation[108]. This framework is well-suited
for offering better rehabilitation therapy as it can be adapted to provide different levels of patient
engagement. The GENTLE/A rehabilitation system can offer adaptive robotic assistance in upper
limb rehabilitation with the help of haptic master robot[30]. A study which evaluated the efficacy
of robotic upper limb treatment found significant improvement in upper limb motor function in
participants with subacute stroke[7]. The Supervised Care and Rehabilitation Involving Personal
Tele-robotics (SCRIPT) project developed a hand/wrist rehabilitation device for home-based
therapy after stroke. The SCRIPT system provided two different interfaces for patients and
therapists and also enables therapists to remotely and indirectly monitor the progress of the
patient’s recovery[3].

EMG measurements from the upper limb muscles are reliable fatigue indicators for adaptive
robotic interaction in rehabilitation training[171]. The collection of kinematic data through mul-
tiple sensors during a robotic intervention can provide insight into the process of motor learning.
A study which utilised robot-assisted measurements to quantitatively evaluate the progress of
recovery helped to attain a better understanding of the rate of improvement in patients[36]. This
study has the potential to effectively plan and adjust rehabilitation strategies to enhance the
patient’s motor outcome. Incorporating robotic and device-based therapy into rehabilitation plays
a significant role in ensuring an adequate number of movement repetitions with personalised
feedback mechanisms. Robot-assisted therapy helps to increase the amount and intensity of upper
limb practice performed by stroke survivors in routine clinical practice[52]The patient-therapist
interaction, which includes both expertise and encouragement of active engagement, is a cru-
cial factor in ensuring compliance and successful rehabilitation. The integration of robot-based
therapy in neurorehabilitation helps therapists and physicians to understand the underlying
principles and mechanisms of motor learning to develop effective rehabilitation strategies that

can be adapted to each patient’s individual needs[149].

2.9 Nine Hole Peg Test

The Nine Hole Peg Test (NHPT) is a standardised assessment tool used to evaluate the fine motor
function and dexterity in the hands and fingers[112]. The test consists of a board with nine holes
and nine pegs that must be placed in the holes and then removed as quickly as possible with
one hand. Numerous studies in the existing literature have demonstrated that the Nine Hole
Peg Test (NHPT) is a dependable and valid tool for assessing finger dexterity[130][159][112].
Moreover, the test has been found to be effective in evaluating hand dexterity across different
populations with various medical conditions[65][32][79]1[24]. The NHPT is often used in clinical
settings to assess a person’s fine motor function over time, such as after an injury or illness, or to

evaluate the effectiveness of rehabilitation interventions.
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This study adapted the NHPT from Wade’s Nine-Hole Peg Test[185], which assesses the fine
motor skills of a stroke patient. The equipment used for this test includes nine wooden dowels, a
wood base with nine holes and a tray which holds pegs. Typically, the patient sits in front of the
apparatus and is asked to place each of the pegs, in turn, into each of the nine holes on the board.
An observer records the times from start to end but can stop at 50 seconds and record the number
of pegs placed. This test is sometimes employed by measuring the duration it takes for a patient
to insert and extract the pegs. Its accuracy and consistency have been evaluated and confirmed.
Typically, individuals without any impairments finish the assessment within 18 seconds.

A study of the haptic peg-in-hole test using Phantom Desktop 1.5 presented the concept that a
clinically validated test such as NHPT can be replicated using the haptic simulation[4]. Bowler et
al. designed a study to explore the efficacy of NHPT in three different methods: Real, Embedded
and Virtual [17]. They found that an embedded reality approach, where a physical rig and a
haptic device are present, may introduce new cognitive demands while providing more extensive
performance metrics. Lisa et al. designed a multimodal system which explored the use of haptic
technology for performing the Nine Hole Peg Test in visually impaired people[16]. This study
compared the NHPT performance of sighted and non sighted people and found that the virtual
haptic interface can aid non-sighted users to achieve the standard Wade’s peg-in-hole time of
healthy participants. Another study of the feasibility of using the virtual peg insertion test with
MS patients emphasises the potential of this test to evaluate upper limb motor function[95].
Studies investigating the use of haptic devices for administering the Nine Hole Peg Test have
demonstrated their potential in facilitating this assessment, yet none have investigated the
neural correlates associated with it. Acquiring the physiological data along with the kinematic
features provided by robotic devices will aid in giving more insight to optimise rehabilitation

strategies.

2.10 Chapter summary

Stroke rehabilitation aims to restore independence and improve the overall quality of life in stroke
patients. Repetitive training tasks in rehabilitation help in promoting neuroplasticity, which is
the brain’s ability to reorganise and form new neural connections. Through repetitive practice,
the brain can strengthen existing connections, create new pathways, and facilitate the recovery of
function. Robot-assisted therapy has emerged as a promising intervention capable of enhancing
the quantity of practice undertaken by individuals recovering from a stroke. Assessment is often
useful in therapy to guide and measure progress. Studies that utilised haptic technologies for
evaluating the outcomes of clinical assessments have as yet never explored the neurophysiological
correlates behind such assessments. The EEG collected from different parts of the brain provides
information related to neurological disorders. EMG signals collected from the muscles can be

used to understand the current physical state and the effort exerted by the participant during
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movements. Exploring the neurophysiological correlates related to clinical assessment tests
will have the potential to create better rehabilitation strategies. To the best of the author’s
knowledge, none of the past studies explored the neurophysiological correlates of the Nine Hole
Peg Test. Hence this research aims to explore the brain and muscle activations while performing

robot-mediated NHPT under fatigue conditions.
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CHAPTER

EXPERIMENT DESIGN

n experiment was designed to check how EEG-EMG coherence and EEG microstates vary

with physical fatigue while performing the NHPT using a haptic device. The experiment

looked at fatigue in the upper limb muscles of eight healthy participants. The study
was designed in such a way that EEG and EMG signals of participants are collected while they
perform NHPT using the haptic device Geomagic Touch. The ethics approval was obtained from
the University of Hertfordshire under approval reference: ECS/PGR/UH/04035.

3.1 Experiment Set up

The experiment setup included an EEG-EMG signal acquisition device (g.USBamp), EMG elec-
trodes, g. GAMMAcap, the haptic device Geomagic Touch which recreated the NHPT in a virtual

environment and a dynamometer. Figure 3.1 illustrates a participant performing the experiment.
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Figure 3.1: A participant performing experiment

NHPT was performed using the stylus of the Touch device. The physical rig was kept in front
of the participant, which was exactly mapped to a virtual rig on the LCD screen. There were nine
pegs and a peg board on the screen. A peg was attached to the end of the stylus with the help of a
rubber end cap. The stylus of the peg was shown on the screen as a small blue cone. Participants
can feel the objects on the screen by touching them using the blue cone. The participant has to
pick the pegs on the screen one by one and insert them in one of the holes. Because of the haptic
feedback, participants can feel the virtual pegs. Participants could pick the peg by pressing the
button on the stylus when the cursor is touching the peg. Once the peg is picked, the rendering of
the cursor changes to a white peg. The peg can be released to the hole by releasing the button.
The time at which each peg was picked and released was recorded as peg status. The haptic
Virtual reality environment for the experiment is presented in Figure 3.2. This was developed by
the author using OpenHaptics API. The virtual reality environment was generated using a C++
code executed on a Windows 10 (64-bit) system with Visual Studio 2017.

Kinematic data from Geomagic Touch and, EEG and EMG data from the participant were
logged during the experiment. The position, orientation, velocity, force, current time and status
of pegs that show which peg is picked were recorded in the servo loop of Geomagic Touch. These
data were logged at a frequency of 1KHz and were saved as text files. EEG and EMG data were
recorded at a frequency of 1200Hz and were saved as .mat files in the computer. These data were
time stamped. System clock timings were also logged with the help of the MATLAB Simulink
model. The author developed the MATLAB Simulink model for EEG and EMG data collection, as

well as the programs for kinematic data collection. Kinematic data collection algorithms were
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developed using C++ in Visual Studio 2017.

Figure 3.2: Haptic Virtual reality environment showing Geomagic Touch, NHPT physical rig
and the virtual rig on the screen. The blue cone on the screen represents the stylus of Geomagic
Touch.

3.1.1 EEG-EMG data acquisition

EEG and EMG signals from each participant were collected with the help of g USBamp. It is
a high-end biosignal amplifier which helps in the acquisition of any electrophysiological signal.
The amplifier has 4 potential separated groups with 4 input channels each. This allows to si-
multaneously record EEG, EMG, Electrooculogram and electrocardiogram without interference.
The amplifier can be connected directly to a PC or notebook with a USB connector without any
additional data acquisition device needed. The 4 groups of a single g USBamp was interconnected
to record 16 EEG channels with the same ground and reference potentials. A second g.USBamp
was used to record EMG signals from Flexor Carpi Radialis (FCR), Extensor Carpi Radialis (ECR)
and Extensor Digitorum (ED). An electrode cable with a clip lead was attached to sterile dispos-
able electrodes to measure EMG signals from the three upper limb muscles of the participants. A
g.USBamp with EMG electrodes is shown in Figure 3.3 and EMG electrode positions are shown
in Figure 3.4.
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Figure 3.4: EMG electrode positions Figure 3.5: g. GAMMAcap

To collect EEG signals from the brain a g GAMMAcap (Figure 3.5) was placed on the head of
the participant. In this experiment, the EEG signals were collected from the electrodes FP1, FP2,
F3, Fz, F4, FC3, FCz, FC4, C5, C3, C1, Cz, C2, C4, C6, and CP3. All electrodes were referenced
to the right earlobe, and FPz was used as ground. Active electrodes were used for collecting EEG
data and the only passive electrode was FPz, that is, ground. EEG electrode positions are shown
in Figure 3.9 which is based on the international 10-10 system. EEG electrodes were connected to
a biosignal amplifier with the help of g2 GAMMAbox which is an active electrode driver box. The
Simulink model for EEG-EMG data acquisition is shown in Figure B.1. EEG and EMG signals
were recorded with a sampling rate of 1200Hz. The g USBamp Simulink block helps to set the
data acquisition parameters like the master/slave configuration for biosignal amplifier, sampling
frequency, and notch filter. The collected EEG and EMG signals were saved as MATLAB (.mat)

data files for later processing. Figure 3.6 presents the block diagram for data acquisition.
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Figure 3.6: Blockdiagram for the EEG-EMG data acquisition. EEG data from 16 scalp electrodes
and EMG from 3 upper limb muscles are collected and saved as .mat files on the personal
computer. 'Key press’ data is collected to differentiate between different stages of experiment.

Anterior and posterior muscles of the forearm are shown in Figure 3.7 and Figure 3.8. In this

experiment, EMG signals were recorded from flexor carpi radialis, extensor carpi radialis and

extensor digitorum. These muscles were selected because the study assesses fine movements of

fingers and wrist.

Flexor carpi
radialis

Pronator
teres

Palmaris
longus

Flexor carpi
ulnaris

Figure 3.7: Muscles of anterior forearm[123]
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Nasion

Inion

Figure 3.9: EEG electrode positions

3.1.2 NHPT using Geomagic Touch

Geomagic Touch developed by 3D Systems was used to recreate NHPT in a haptic virtual
environment. It consists of a stylus, which is connected to a robotic arm, and a base that provides
stability. The Geomagic Touch device has six degrees of motion provided by six axis points.
Geomagic Touch enables the user to feel virtual objects by giving force feedback[176].

A C++ code running on a Windows 10 (64 bit) machine using Visual Studio 2017 was used
to configure the virtual reality environment and the Geomagic Touch. Kinematic data during
NHPT trials were logged to the computer. The Virtual Reality (VR) environment was developed
by the author with the help of OpenHaptics from 3D systems. Geomagic Touch with physical rig
for NHPT is shown in Figure 3.10. The virtual environment was set up such that the NHPT rig
on the screen is exactly mapped to the physical rig in front of the participant. The original NHPT
apparatus consists of a board with nine evenly spaced, holes arranged in a 3x3 grid and nine
pegs. The time taken to complete the task was recorded. Faster times suggest better fine motor
skills. In addition to recording the time taken for completing an NHPT, recreating the NHPT in a
haptic environment helps to record information regarding the subject’s movement, such as speed,
position, forces exerted, and orientation of the end effector. Earlier work from our group involving
haptic instruments for simulating the NHPT indicated the possibility of new cognitive demands
by the addition of haptic and virtual reality[4][18].
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Figure 3.10: Geomagic Touch with Rig

3.1.2.1 Clinically Approved Nine-Hole-Peg-Test

This study adapted the Nine-Hole-Peg-Test (NHPT) from Wade’s widely used concept[185], which
assesses the fine motor skills of a stroke patient. The equipment used for this test includes 9
wooden dowels, a wood base with 9 holes and a tray which holds pegs. Typically, the patient sits
in front of the apparatus and is asked to place each of the pegs, in turn, into each of the nine holes
on the board. An observer records the times from start to end but can stop at 50 seconds and
record the number of pegs placed. This test is sometimes employed by measuring the duration
it takes for a patient to insert and extract the pegs. Its accuracy and consistency have been
evaluated and confirmed. Typically, individuals without any impairments finish the assessment

within 18 seconds.

3.2 Experiment Protocol

Ten healthy right-handed participants with no previous injuries to the upper limb or brain were
recruited for the study. Participants were advised to wear a loose garment for the ease of fixing
the electrodes on the upper limb. The participant was asked to fill out a questionnaire at the
beginning of the experiment. Each participant’s weight, Body Mass Index (BMI), Visceral fat
classification, skeletal muscle percentage, and body fat percentage were measured before the
experiment using Omron digital weight scale. The Maximum Voluntary Contraction (MVC) of
each participant was recorded with the help of a hand grip dynamometer (Takei Grip Strength
Dynamometer). Participants were asked to perform MVC 4 times. Each MVC was performed by
having the subject increase their force from resting to their maximal level, with the maximal
force held for 3 s. The total duration of the experiment, including setup time, for one participant,

was 45-60 minutes.

34



At the beginning of the experiment, participants were allowed to have a practice run to get
familiarised with the haptic device.

Two sets of four-minute EEG recordings were taken, one at the beginning and one at the end
of the experiment, with each set comprising two minutes of eyes closed and two minutes of eyes
open. Simultaneously, EMG data from upper limb muscles were consistently collected throughout
the entire experiment, ensuring a comprehensive dataset for analysis. The participants were
instructed to stay focused and try to minimise eye blinks, swallowing or any other motions that
alter EEG recordings. Then participants were asked to perform two trials of NHPT followed by a
fatiguing exercise for the forearm. Once the participants get fatigued, they were asked to do the

next two trials of NHPT. The experiment flow is given in Figure 3.11.
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Figure 3.11: Experiment Flow

The fatigue exercise involved flexion and extension of the wrist using dumbbells. Participants
were asked to select one dumbbell from the set of weights provided. The fatigue exercise involved

the following:

¢ 12 repetitions of flexion and extension of the wrist using the selected weight while arm in

both supine and pronate position.
¢ A break of 30 seconds.

¢ 10 repetitions of flexion and extension of the wrist using the selected weight while arm in

both supine and pronate position.
¢ A break of 30 seconds.

¢ 8 repetitions of flexion and extension of the wrist using the selected weight while arm in

both supine and pronate position.

¢ A break of 30 seconds.
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If participants were not fatigued by this they were asked to continue flexion and extension

till they are fatigued. The exercise protocol is presented in Figure 3.12.

12 repetitions of
flexion and extension
of wrist using
dumbbell

10 repetitions of
flexion and extension
of wrist using
dumbbell

8 repetitions of
flexion and extension
of wrist using
dumbbell

If not fatigued
Break continue flexion and
30s extension of wrist till
fatigued

Figure 3.12: Exercise protocol to induce fatigue on wrist. Extension and flexion of wrist are done
in both supine and pronate positions.

There was no break given between the end of the dumbbell exercise and the start of trial 3,
however, 20 - 30 seconds elapsed between them during the experiment.

To assist the participant with various stages of the experiment, audio feedback was provided.
A questionnaire was given as part of this experiment. Participants were asked to fill out some
parts of the questionnaire at the beginning of the experiment. They were requested to update the
fatigue status before NHPT repl, after NHPT rep2, before NHPT rep3 and after NHPT rep4.

Kinematic data from Geomagic Touch and, EEG and EMG data from the participant were
logged during the experiment. Data regarding the position, orientation, velocity, force, current
time and status of pegs that shows which peg is picked were recorded in the servo loop of
Geomagic Touch. These data were logged at a frequency of 1IKHz and were saved as text files.
EEG and EMG data were recorded at a frequency of 1200Hz and were saved as .mat files in the
computer. These data were time stamped. System clock timings were also logged with the help of
Simulink model. To differentiate between the stages of the experiment author used a ’key press

’which was also recorded with the help of Simulink.
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CHAPTER

PRE AND POST FATIGUE EEG-EMG COHERENCE WHILE
PERFORMING ROBOT-ASSISTED NINE HOLE PEG TEST

he previous chapter introduced the experiment setup for gathering EEG and EMG data.

EEG signals from 16 electrode locations, the EMG from three upper limb muscles and

the kinematic data from Geomagic Touch were collected. The EEG reflects the collective
activity of neurons in different brain regions and EMG signals measure the collective firing of
motor units. Therefore EEG-EMG coherence is considered capable of exploring the mechanism
of the cerebral cortex’s control of muscle activity[106]. It provides insight into the interaction
between the cerebral cortex and the muscle tissue where the cerebral cortex sends commands
to the muscle tissue and receives afferent feedback from muscle contraction. Thus, it helps to
understand how the brain controls muscle movement and also the effects of muscle movement on
neural activity in the brain; hence it can provide more insights towards understanding fatigue
and its underlying mechanisms[106]. This chapter aims to explore how EEG-EMG coherence
varies from a pre fatigue state to post fatigue state. While numerous studies have examined
coherence under fatigue conditions, none have specifically analysed it during robot-assisted
NHPT performance. In this experiment, each participant did four trials of NHPT, two before
fatiguing exercise and two after fatiguing exercise. The EEG-EMG coherence was calculated
for NHPT trial 1 which is the first trial and NHPT trial 3 which is the trial just after fatiguing
exercise, to allow for observing the differences in coherence between these two phases. For ease

of reference, the NHPT trial will be referred to as trial throughout this chapter.
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4.1 Research Question

How does physical fatigue alter the coherence between EEG and EMG for healthy participants
while performing a robot-assisted NHPT?

4.2 Materials and Methods

The experiment was conducted with ten participants. Upon checking data quality, two partici-
pants’ data were removed because of corrupted EEG data recordings. Participants’ demographics
are presented in Table 4.1. Participants were at least 18 years of age (Mean+SD: 29.8+5.4 years)
with variable BMI (Mean+SD: 26+5.7). The BMI of the participants was recorded to check its
effect on fatigue development on the participants, as literature has shown an association between
obesity and self-reported fatigue[144]. Using the Simulink model shown in Figure B.1 recorded
EEG and EMG data were saved onto a computer as .mat files. These data were collected for the
whole experiment. A notch filter was used while configuring g USBamp for signal acquisition to
remove powerline interference at 50 Hz. The EEG and EMG data analysis was conducted offline
in MATLAB R2019a environment. Data were pre-processed and also segmented into four NHPT

trials so that coherence for each trial could be found.

Table 4.1: Participants’ Demographics

Subject Gender Age BMI
1 Male 25 22
2 Female 36 21
3 Male 27 25
4 Male 36 28
5 Female 31 32
6 Male 34 36
7 Male 28 25
8 Male 21 19

4.2.1 EEG data preparation

With the help of the g.tec acquisition system, EEG signals were recorded at a sampling rate of
1200Hz. This EEG data was continuous and needed to be segmented into different sections. 'Key
press’ data recorded with the help of MATLAB Simulink model was used to extract EEG data
corresponding to eye close and eye open at the beginning and end. Similarly, the time at which
each peg was picked and released was logged during the experiment with the help of Geomagic
Touch API. With the help of this time stamp data, the EEG for each trial was extracted separately
using the MATLAB algorithm.
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Figure 4.2: Filtered EEG signal: Basic FIR filter

Figure 4.1: Raw EEG signal (Subject 1)  in EEG lab toolbox was employed for filtering
the signal.

[ O e R e T N |
F4 WWWWWMW
Lo e e i
FCZ oo T e e N Nttt Pt

O Helh e

T T R
Lo B e i i R A
[ e e e I e i WIS
e e e o e et I NN it et NP bt P ]
G o o e b TN e s P i e
[ T e i A it
P om0 ot o o O st P e

- = ] Fpt *’MWW“UWWM
O _ ] Fp2 %W%WWM% W—*’Mﬂ

0 1 2 3 4

Figure 4.3: Independent components(IC) corresponding to muscle artefacts, eye blinks and line
noise are shown on the left and EEG signal after removing ICs on the right (Subject 1). ICs were
removed with the help of EEGlab toolbox.

The recorded raw EEG signal is shown in Figure 4.1. The raw EEG signals are often con-
taminated by different types of artefacts. These artefacts need to be removed before further
processing. The segmented EEG signals were passed through a band pass filter(0.5-60 Hz) to
remove high frequency noise and low frequency drifts. This filtered EEG is shown in Figure 4.2.
Ocular artefacts are a major source of artefacts in EEG. Eye movements and blinks generate these

artefacts. Independent Component Analysis (ICA) is a well known method used for removing
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EEG artefacts[80]. ICA is widely used to remove eye, muscle and line noise artefacts. ICA was
applied based on the assumption that the recorded EEG signal is a linear mixture of cerebral and
artefactual sources. The ICA algorithm developed by EEGlab was used in this project to remove
artefacts[45]. The ICA algorithm decomposes the source signal into independent components

(ICs) based on the assumption that
* Source signals are statistically independent from each other and instantaneously mixed.
¢ The dimension of the observation signal must be greater than or equal to the source signal.
* Sources are non-Gaussian or only one source is Gaussian[76].

After extracting ICs from the original signal, the original signal can be reconstructed by discarding
ICs corresponding to artefacts. With the help of EEGlab toolbox ICs were classified based on
the label. Typical labels include brain, eye, muscle, heart, line noise, channel noise and other.
This simplified the process of manually removing components corresponding to artefacts. This
clean EEG data after removing artefact ICs were used for calculating the EEG-EMG coherence.
Figure 4.3 shows ICA corrected EEG after removing 3 ICs from filtered EEG signal in Figure 4.2.

4.2.2 EMG data preparation

EMG signals from Flexor carpi radialis (FCR), Extensor digitorum (ED) and Extensor carpiradi-
alis (ECR) of participants were collected during the experiment. Both EEG and EMG signals were
collected at a sampling rate of 1200 Hz. While calculating EEG-EMG coherence both data must
have the same sampling rate. So it will be easier to implement the algorithm for coherence if both
signals are recorded with the same sampling frequency. Similar to EEG, EMG data also needs
to be segmented and preprocessed. Raw EMG signals were band pass filtered in the frequency
band 0.5-60 Hz. This band was selected for both EMG and EEG to help with analysing coherence
corresponding to different frequency bands of EEG. Different categories of EEG bands are delta
(0.5-4Hz), theta (4-7.5Hz), alpha (8-13Hz), beta (13-30Hz), and gamma (>30Hz)[148]. To compare
muscle activities of different individuals, a good practice is to normalise EMG signals[62]. The
maximum voluntary contraction (MVC) of each participant was measured at the beginning of the
experiment with the help of a hand grip dynamometer. Participants were asked to execute MVC
four times. Each MVC was performed by having the subject increase their force from resting to
their maximal level, with the maximal force held for 3s. To normalise, filtered EMG data was
divided by the RMS (root mean square) value of recorded MVC-EMG signals. With the help of
peg status data, EMG signals for each trial were separated. Raw and filtered EMG signals are

presented in Figure 4.4.
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Figure 4.4: EMG collected from Subject 1. A Butterworth filter with fourth-order was utilized to
filter the EMG data within the specified pass band of 0.5 to 60 Hz.

4.2.3 EEG-EMG Coherence

To measure the coupling between EEG and EMG signals, the magnitude squared coherence
between the two signals was calculated using Welch’s Periodogram method[120][31]. This gives
the correlation between the two signals, at different frequencies. If X and Y denote EEG and
EMG signals respectively, the magnitude squared coherence between them at a specific frequency
f, Cxy(f) is calculated as

|Pxy(f)I?
4.1 C - -
.0 )= PPy

where
Pxx(f) = 5 XN, X (X ()
and
Pyy() = 5 X3, Y(AY(f)
are the power spectra for X and Y at the same frequency, respectively.
Pxy() = % Zyz 1 XG(f )Yj*( f) is the cross spectrum for EEG and EMG at a given frequency
f. X;(f) and Y;(f) represents the fourier transforms of X and Y for a given segment number
j=1,2,...N. XJ’f‘(f) and Yj*(f) are the complex conjugates of X ;(f) and Y;(f) respectively[31].
While calculating coherence between EEG and EMG a window size of 1024 samples was
selected which provided a frequency resolution of 1.17. This value of frequency resolution ensures
that the coherence is calculated at increments of 1.17 Hz. The level of significance of the coherence

value is determined based on the confidence level (CL) [87], which is given by equation

(4.2) CL=1-(1-a)t1
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where « is the confidence interval of 95%, and L is the number of data segments used in the
calculation of coherence. The number of data segments was calculated by dividing the length of
the data by the window size.

The different steps involved in calculating the EEG-EMG coherence are presented in Fig-
ure 4.5. Since we were interested in corticomuscular coupling while performing upper limb
movements, the EEG electrodes from the motor area were used for finding coherence. C1, C3 and
CP3 were the EEG electrodes used for this analysis due to belonging to the contralateral sensory
motor area of the brain, which is involved in activating specific muscles for movements[141][179].
The coherence between the selected EEG electrodes and the FCR, ECR and ED muscles was

calculated. These muscles were selected as they contribute to wrist and finger movements.

Raw EEG Raw EMG
v A4
Filtering, ICA Separate FCR. ECR and ED

y Y
[Separate in to pre fatigue and post}

fatigue trials

‘ Filtering., Normalise with MVC ‘

¥ A 4
Separate C1. C3 and CP3 for pre Separate FCR, ECR and ED for pre
t fatigue and post fatigue trial J fatigue and post fatigue trials

Voo

Calculate coherence for pre fatigue and post fatigue trials

C1-FCR C3-FCR. CP3-FCR
C1-ECR C3-ECR CP3-ECR
C1-ED C3-ED CP3-ED

Figure 4.5: Steps involved in calculating coherence

Since the project aims to explore changes in corticomuscular coupling when a person performs
NHPT in pre and post fatigue states, only the trials corresponding to these states were taken for
further analysis. Thus, the analysis was performed for trial 1 and trial 3. Trial 1 was the first
trial when the participant is not fatigued yet and can therefore be referred to as pre fatigue trial.
Trial 3 was the trial just after the fatiguing exercise and can therefore be called the post-fatigue
trial. A MATLAB algorithm was developed for offline calculation of the EEG-EMG coherence. The

42



EEG data from electrode C1 of Subject 5 was corrupted and this data was not used for analysis.
The significant level of coherence for each trial for each subject was calculated using Equation 4.2
and is tabulated in Table 4.2.

Table 4.2: Significant coherence values for trial 1 and trial 3

Subject Triall Trial3
1 0.0437 0.0387
2 0.0279 0.0200
3 0.0472 0.0392
4 0.0479 0.0560
5 0.0450 0.0540
6 0.0223 0.0327
7 0.0264 0.0550
8 0.0245 0.0397

4.3 Results

Coherence values and corresponding frequencies for trial 1 and trial 3 were calculated with
the help of a MATLAB algorithm and were saved as Excel files for each participant. Figure 4.6
shows pre and post fatigue EEG-EMG coherence of a single participant. The coherence was
calculated between the EEG electrodes C1, C3, CP3 and EMG electrodes FCR, ECR and ED. The
pre fatigue coherence is plotted in pink and the post fatigue coherence is plotted in blue. The pink
dotted line corresponds to a significant coherence level of pre fatigue trial and the blue dotted
line corresponds to a significant coherence level of post fatigue trial. It can be seen that for this
participant the post fatigue coherence is much higher compared to the pre fatigue coherence.
Performing NHPT with the help of a haptic device requires attention and focus. Since delta
and theta frequencies of EEG correspond to deep sleep and drowsiness, respectively, the coherence
in these bands was not analysed. Alpha rhythms which are in the frequency range 8Hz-13Hz are
associated with relaxed wakefulness[148], whereas the experiment requires the participant to be
alert. Corticomuscular coupling was found for the alpha band and it is noted that the coherence
values observed between EEG and EMG were always well below the significant coherence values
calculated with the help of Equation 4.2. Thus, this band was also excluded from further analysis.
The pre fatigue and post fatigue coherence values corresponding to the beta band and gamma

band for each participant were separated and analysis was performed on them separately.

4.3.1 Beta Band Coherence

Beta rhythms of EEG are associated with focused attention[100]. These come in the range 13-
30Hz. The coherence values within this frequency range for each participant were separated

for both the pre fatigue and post fatigue trials and subsequently subjected to further analysis.
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Figure 4.6: Pre and post fatigue coherence for a single participant (Subject 7). Pre fatigue
coherence is plotted in pink colour and post fatigue coherence is plotted in blue colour. Significant
level of coherence is plotted in dashed lines.

Box plot for coherence in beta band between C1 and the muscles is presented in Figure 4.7. Pre
fatigue trial is shown with pink and post fatigue trial is shown with blue colour. The median
value of coherence between C1 and muscles ECR and FCR increased with fatigue whereas beta
band coherence between C1 and ED decreased with fatigue. Pre-fatigue coherence levels for the
C1-ECR and C1-FCR had similar median values. The post-fatigue coherence of the C1-ECR and
C1-FCR exhibits a similar pattern.

A box plot depicting coherence values within the beta frequency range between C3 and the
muscles is presented in Figure 4.8. Here the coherence increased with fatigue for all the muscles
which means the coupling between muscles and C3 became stronger as a result of fatigue. Similar
to the coupling between C1 and muscles, here also the median values of the pre fatigue coherence
values for C3-ECR and C3-FCR were close to each other. The median of pre fatigue coherence
values for C3-ED was slightly higher but still closer to other muscles’ coupling with C3. Post
fatigue coherence levels for C3-ECR, C3-FCR and C3-ED had similar median values.

A box plot for the coherence in beta band between CP3 and the muscles is presented in

Figure 4.9. Similar to C1 here also coupling between CP3 and ED decreased with fatigue where
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Figure 4.7: Boxplot showing pre and post fatigue coherence between EEG electrode C1 and
muscles ECR, ED and FCR in beta band for all the participants. Pre fatigue coherence is
presented in pink colour and post fatigue coherence is in blue colour.

as the other two muscles’ became strongly coupled with CP3 after fatigue.

The maximum coherence values calculated for each participant in the beta band for pre
fatigue and post fatigue trials are presented in Table 4.3. For trial 1 and trial 3 maximum
coherence was calculated between the EEG electrodes C1, C3, CP3 and the muscles FCR, ECR
and ED. The coherence values which are above the confidence level are shown in bold in the
table. The calculation of coherence between C1 and the muscles for subject 5 was excluded due
to insufficient quality of the recorded C1 values. The mean, standard deviation and median of
coherence values across the subjects for each EEG-EMG pair for pre fatigue and post fatigue
trials were also calculated. The average beta band coherence values for C1-FCR and C1-ECR
increased with fatigue, whereas fatigue caused a decrease in the average coherence value for
C1-ED. Increased coherence was observed between C3 and the muscles as a result of fatigue. Also,
the mean value of post fatigue coherence between C3 and FCR was higher than the coherence
between C3 and other muscles. The mean coherence values of CP3 with all the muscles increased
as a result of fatigue. Figure 4.10 shows the change in pre and post fatigue coherence for all the
subjects in the beta band. Trial 1 corresponds to the pre fatigue state and trial 3 corresponds to

the post fatigue state.

45



Pre fatigue
1000 M Post fatigue

0800

.0E00

Coherence

.0400

.0200 l

0000
ECR ED FCR

Figure 4.8: Boxplot showing pre and post fatigue coherence between EEG electrode C3 and
muscles ECR, ED and FCR in beta band for all the participants. Pre fatigue coherence is
presented in pink colour and post fatigue coherence is in blue colour.
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Figure 4.9: Boxplot showing pre and post fatigue coherence between EEG electrode CP3 and
muscles ECR, ED and FCR in beta band for all the participants. Pre fatigue coherence is presented
in pink colour and post fatigue coherence is in blue colour. ’o’ presents the outlier in data.
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A paired sample t-test was conducted with the help of SPSS, to compare the EEG - EMG
coherence in pre and post fatigue conditions in the beta band. The output of the t-test showed
that there is a significant increase in coherence between C1 and FCR in the beta band with a
p-value of 0.041. The output of paired sample t-test performed on coherence between C1 and
muscles is presented in Table 4.4. None of the other EEG-EMG pairs showed any significant
changes. The t-test results for other EEG-EMG pairs are added in Appendix B.

Table 4.4: Paired sample t-test performed on pre and post fatigue EEG EMG coherence pairs in
beta band. Trial 1 corresponds to pre fatigue coherence and trial 3 corresponds to post fatigue
trial. There was a significant difference in pre and post fatigue C1-FCR coherence with p-value
0.041.

Paired Samples Test
Paired Differences
95% Confidence Interval of
Std. Std. Error the Difference Sig. (2-
Mean Deviation Mean Lower Upper t df tailed)
Pair 1 |C1-FCR_trial1 -
C1-FCR trial3 -0.020514 | 0.020858 | 0.007884 -0.039805 -0.001224 -2.602 6 0.041
Pair 2 |C1-ECR._trial1 -
C1-ECR trial3 -0.002786 | 0.028422 | 0.010742 -0.029071 0.023500 -0.259 6 0.804
P C1—ED_tr!a|1 3 0.000943 | 0.015141 0.005723 -0.013060 0.014946 0.165 6 0.875
C1-ED_trial3

4.3.2 Gamma Band Coherence

Gamma waves are the fast oscillations of the brain which occur at frequencies of more than 30Hz.
These waves are related to cognitive functioning, learning and information processing[1]. From
the calculated coherence values of all the participants, the maximum coherence value correspond-
ing to gamma frequencies for each participant was separated and tabulated in Table 4.5. The
coherence was calculated between EEG electrodes C1, C3, and CP3 and the muscles FCR, ECR
and ED for pre fatigue and post fatigue conditions. The coherence values which are above the
confidence level are shown in bold in the table. The mean, standard deviation and median of
coherence values across the subjects for each EEG-EMG pair for pre fatigue and post fatigue
trials were also computed.

The mean value of coherence in the gamma band for C1-FCR and C1-ED increased after
fatigue. Contrarily, fatigue caused a reduction in coherence between C1 and ECR. A similar
pattern can be observed for C3 and CP3. Coupling between C3, CP3 and the muscles FCR and ED
improved after fatigue, whereas there was a reduction in coupling with ED. A stronger coupling
can be observed between FCR and the brain signals after fatigue, where it reached 0.8 for one
participant.

Box plots for the coherence in gamma band for each of the EEG electrodes are shown in
Figure 4.11, Figure 4.12, and Figure 4.13. The pre fatigue trial is shown with pink and the post

fatigue trial is shown with blue colour. The outliers present in the coherence values make it
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Figure 4.11: Boxplot showing pre and post fatigue coherence between EEG electrode C1 and
muscles ECR, ED and FCR in Gamma band for all the participants. Pre fatigue coherence is
presented in pink colour and post fatigue coherence is in blue colour. The outliers in the data are
represented by o’ and **’ and corresponding case number is shown next to it.

harder to understand the box plot. A paired sample t-test performed to compare the pre and post

fatigue EEG-EMG coherence in gamma band cannot find any significant differences.
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Figure 4.12: Boxplot showing pre and post fatigue coherence between EEG electrode C3 and
muscles ECR, ED and FCR in Gamma band for all the participants. Pre fatigue coherence is
presented in pink colour and post fatigue coherence is in blue colour. The outliers in the data are
represented by ’o’ and * and corresponding case number is shown next to it.
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Figure 4.13: Boxplot showing pre and post fatigue coherence between EEG electrode CP3 and
muscles ECR, ED and FCR in Gamma band for all the participants. Pre fatigue coherence is
presented in pink colour and post fatigue coherence is in blue colour. The * mark represents the
outliers present in the data and corresponding case number is shown next to it.
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4.3.3 Subjective measures of fatigue and performance time

During the experiment, the forearm fatigue status of each participant was recorded. Participants
were asked to update their fatigue status on a scale of 1 (indicating not fatigued), to 10 (indicating
extremely fatigued), before trial 1, after trial 2, before trial 3 and after trial 4. The participants
were asked to perform three sets of wrist flexion and extension as explained in section 3.2. It
was expected that the participant would become fatigued by the third set of exercises. However,
none of the participants reported fatigue after the three sets. Thus, they were asked to do extra
repetitions of flexion and extension until they felt fatigued. The fatigue score of each participant

is shown in Table 4.6. This table indicates that all participants reported fatigue before trial 3.

Table 4.6: Self-reported Fatigue status of each participant. The fatigue score is collected on a
scale of 1-10 where 1 indicating not fatigued and 10 indicating extremely fatigued.

Subject Before Triall After Trial2 Before Trial3 After Trial 4

1 1 2 8 7
2 1 1 8 8
3 1 2 8 9
4 1 1 8 6
5 1 2 8 8
6 1 4 9 9
7 1 2 8 7
8 1 3 8 4

Table 4.7 shows the time taken for each trial which is recorded with the help of Geomagic
Touch API. A paired sample t-test was done between trial 1 and trial 3 and it was found that the
time taken for post fatigue trial is not statistically different from the time taken for pre-fatigue
trial (p-value 0.366).

Table 4.7: Time taken for different trials of NHPT in seconds

Subject Trial 1 Trial 2 Trial 3 Trial 4

1 67 58 78 67

2 90 118 127 102

3 54 31 65 37

4 53 49 46 37

5 56 57 47 46

6 114 86 79 69

7 96 62 47 55

8 104 69 64 56
Mean 79.25 66.25 69.125 58.625
(SD) (24.59) (26.15) (26.95) (21.29)
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4.3.4 Kinematic Data analysis

Kinematic data, including stylus position, orientation, velocity, force, current time, and peg status
indicating the selected peg, were recorded in the servo loop of Geomagic Touch. These data, logged
at a frequency of 1KHz, were saved as text files. Peak velocities in both pre-fatigue and post-
fatigue trials were determined and compared with coherence values. The trajectory of each peg
transfer in these trials was also analyzed, and the Root Mean Square Error (RMSE) for each peg
transfer was computed. Correlation analyses were conducted between maximum coherence and
maximum RMSE, as well as between maximum coherence and peak velocity in both beta band
and gamma band. Notably, a significant negative correlation was identified between pre-fatigue
C1-FCR coherence in the beta band and RMSE (p-value 0.021). Furthermore, significant negative
correlations were observed between RMSE and pre-fatigue C1-ED coherence (p-value 0.017) and
pre-fatigue C3-ED coherence in the gamma band (p-value 0.016). The correlation analysis was
performed using IBM SPSS and the results are presented in Table 4.8 and Table 4.9. A 3D plot

presenting the trajectory of a single peg transfer is shown in Figure 4.14.

Table 4.8: Correlation Analysis of EEG-EMG Coherence in beta band with Motor Performance
Metrics. The figure illustrates the relationship between EEG-EMG coherence and two key motor
performance metrics: Root Mean Square Error (RMSE) and Velocity. * indicates significant
correlation with p<0.05

TRIALL TRIAL 3

c1-Fcr|c1-ECR] C1-ED [ c3-FCR[c3-ECR] €3-ED [cP3-FCREP3-ECH CP3-ED| C1-FCR[C1-ECR| C1-ED | c3-FCR]C3-ECR] C3-ED [cP3-FCRCP3-ECHCP3-ED

Pearson
Velocity | correlation

0.291 | -0.442| 0.128 | -0.221 | -0.412| 0.23 |-0.177 | -0.221| 0.449 | 0.398 | 0.37 | 0.332 | 0.264 | 0.199 | -0.044 | 0.286 | 0.099 | 0.276

p value 0.527 | 0.32 | 0.784 | 0.589 | 0.311 | 0.584 | 0.675 0.6 | 0.264 | 0.376 | 0.414 | 0.467 | 0.527 | 0.637 | 0.918 | 0.492 [ 0.815 | 0.508

Pearson
RMSE | correlation

-.831* | -0.046 | -0.225 | -0.649 | -0.071 | -0.581 | -0.643 | -0.168 | -0.688 | -0.315 | -0.262 | -0.076 | -0.31 | -0.5 |-0.341|-0.387(-0.629 | 0.034

p value 0.021 | 0.922 | 0.628 | 0.081 | 0.867 | 0.131 | 0.085 | 0.69 | 0.059 ] 0.491 | 0.57 | 0.871 | 0.455 | 0.208 | 0.409 | 0.344 | 0.095 | 0.937

Table 4.9: Correlation Analysis of EEG-EMG Coherence in gamma band with Motor Performance
Metrics. The figure illustrates the relationship between EEG-EMG coherence and two key motor
performance metrics: Root Mean Square Error (RMSE) and Velocity. * indicates significant
correlation with p<0.05

TRIALL TRIAL 3
C1-FCR|C1-ECR| C1-ED | C3-FCR|C3-ECR] C3-ED |CP3-FCRCP3-ECH CP3-ED| CL-FCR|C1-ECR| C1-ED |C3-FCR|C3-ECR| C3-ED CP3-FCRCP3-ECHCP3-ED)
P
) arsen | 5,195 | -0.025 | 0.542 | -0.195 | 0.029 | 0.492 | -0.195 | 0.081 | 0.525 | 0.356 | 0.43 | 0.461 | 0.369 | 0.218 | 0.481 | 0.378 | 0.356 | 0.462
Velocity | correlation
pvalue | 0.675 | 0.958 | 0.209 | 0.644 | 0.945 | 0.216 | 0.643 | 0.85 | 0.181 | 0.434 | 0.335 | 0.298 | 0.368 | 0.603 | 0.228 | 0.356 | 0.387 | 0.25
P
€ArSON | 0.006 | 0.414 | -.845* | -0.224 | 0.362 | -.805* | -0.204 | 0.336 | -0.534 | -0.087 | -0.278 | -0.051 | -0.026 | -0.511| 0.11 |-0.034|-0.366| 0.11
RMSE correlation
pvalue | 0.989 | 0.356 | 0.017 | 0.594 | 0.378 | 0.016 | 0.629 | 0.415 | 0.092 | 0.852 | 0.546 | 0.914 | 0.951 | 0.195 | 0.796 | 0.937 | 0.373 | 0.795

4.4 Discussion

Alterations in corticomuscular coupling when a person was performing a haptic Nine Hole Peg

Test before and after fatigue conditions were explored in this chapter. NHPT is a standardised test

55



-20
\
N 30 P o \_
T - v \ *
-40 y * :
100\ /"0 .
\ N4 -
Vo —\
50 \ ’.‘}lf
\ O
"'\
_\\
0\
i
\ -
\\ - _'\___T__T__t__T__‘\_ A
\ \
y o0 4:10 \2[} 0 20 40 60 80 100 120 140

Figure 4.14: Trajectory plot for a single peg transfer for Subject 1. Trajectory plotted in blue
corresponds to trajectory of peg transfer in pre fatigue trial and in orange corresponds to trajectory
of peg transfer in post fatigue trial. ’*’ represents the positions of pegs and ’o’ presents the positions
of holes.

to measure fine motor dexterity whose outcome is just the time taken for completion of the test.
Our analysis detailed in the chapter provides more insights into the background physiological
changes in a person while carrying out NHPT. The study mainly focused on the coupling between
the signals from the forearm muscles and the motor cortex. The EEG-EMG coherence is commonly
used to measure the coupling strength between the brain and muscles.

The EEG-EMG coherence values during a pre-fatigue stage (trial 1) and a post-fatigue
stage (trial 3) are compared here. The EEG-EMG coherence was calculated for these two trials
and the beta band and gamma band coherence values were separately observed and assessed.
The analysis showed an increase in corticomuscular coupling with fatigue in both bands. The
increased EEG-EMG coherence suggests that the functional coupling between the brain and
muscles becomes stronger with fatigue in healthy participants. This is in agreement with previous
studies of corticomuscular coupling[170][86][190]. The increase in EEG-EMG coherence indicates
that as a person is fatigued a larger number of neurons will fire, which will recruit more motor
units to cope with fatigue. A study exploring the short-term impacts of muscular fatigue on the
organization of the sensorimotor area[170] proposed an increase in cortico-muscular coherence
indicating an elevated level of coordination between the synchronized firing of motor cortical

neuronal pools and muscle motor units. The fatiguing activity involved a voluntary maximum
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isometric contraction of Extensor Communis Digitorum (ECD), held for a minimum of 2 minutes.
Coherence was computed during a non-fatiguing motor task involving isometric contraction of
20-35% of MVC force (sub-maximal voluntary contraction). The coherence in the aforementioned
study was found between EEG electrodes C3, C4 and ECD. However in the current research
coherence was calculated between C1, C3, CP3 and muscles FCR, ECR and ED. Additionally, this
study’s experiment delved into coherence during human-robot interaction.

Studies already showed that the beta band coherence is dominant during the weak-to-
moderate contraction and that the EEG-EMG coherence shifts to the gamma band during very
strong contraction[119]. The degree of association between the brain and muscles during arm
movement increased during active movements with intention[87].

When a person is performing NHPT after fatigue, they need to take more effort physically
and mentally to continue the task. The beta and gamma bands relate to the alert states of the
human brain. Here we are working with motor areas of the brain where beta activity is known to
be generated, and gamma activity is involved in cognitive motor tasks[170]. The dominance of
both beta band and gamma band coherence indicates their potential importance in regulating
motor tasks in the presence of fatigue.

The FCR and ECR muscles became strongly coupled with the brain regions C1, C3 and CP3
in the beta band after fatigue. This increase in coherence values with fatigue could indicate
heightened neural synchronisation in these muscle groups, potentially related to increased motor
unit recruitment. A paired sample test performed to compare the pre and post fatigue coherences
found a significant increase in coherence between C1 and FCR in the beta band. Furthermore,
FCR is showing a stronger coupling with EEG than other muscles. This could be because of
the specific neural pathways associated with this muscle. The coupling between ED and EEG
signals from C3 and CP3 became stronger after fatigue. However, the reduced coupling between
C1 and ED muscle after fatigue could indicate reduced neural synchronisation, possibly due to a
reduction in the number of active motor units or changes in the neural pathways responsible for
coordinating the movement. This suggests that the cortical control of muscular activity for ED
might shift from the C1 region to the C3 and CP3 regions after fatigue.

The analysis of gamma band coherence indicates a clear increase in coherence. There are
studies which suggest that visual stimuli can increase the gamma activity[81]. In the given
experiment the subjects needed to perform the NHPT in a virtual environment which required
attention, learning and processing. When a person who is already fatigued is asked to perform a
task which needs some cognitive work that may trigger EEG activity in the gamma band which
will in turn recruit more motor neurons which in turn excite more muscle fibres. The coupling of
FCR and ED with the EEG signals under consideration increased with fatigue in the gamma
band. Also, much higher coherence values are observed between the FCR and EEG electrodes.
The higher coherence values between FCR and EEG electrodes might imply increased neural

synchronisation in the cortical regions responsible for generating the movements. Additionally,
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the observed changes may reflect compensatory mechanisms in response to the development of
fatigue. The post fatigue coherence value for FCR with EEG electrodes for Participant 3 is well
above the rest of the values. Table 4.6, indicating that this participant reported an increase in
fatigue score after trial 4 which highlights that the recovery time for this participant from fatigue
was longer compared to the other participants. This leads to the conclusion that the fatigue on
the forearm might have caused a substantial increase in the high frequency contractions of FCR.

ECR exhibited an increase in post fatigue coherence in the beta band while a decline in
post fatigue coherence was observed in the gamma band. This decrease in coherence in the
gamma band between ECR and EEG signals after fatigue might indicate alterations in the neural
pathways responsible for coordinating movement in the high frequency range. This could be due
to a reduction in the number of active motor units or changes in the neural processing of muscle
activation during fatigue.

When attention is divided between a motor task and another simultaneously performed task,
the level of significant beta range synchronisation decreases below the confidence level[94]. This
might be the reason why the occurrence of coherence values above the confidence level is more
prominent in the gamma band compared to the beta band. Previous studies already found that
the EEG power increases with fatigue[2]. We argue that even though the focus is on physical
fatigue, the individual is also experiencing mental fatigue as the virtual environment is imposing
cognitive demands on the participants. The corticomuscular coupling might be affected by the
cognitive load as well.

Except for three participants, all the other participants completed trial 3 in less time compared
to trial 1. However, the interesting fact was that all these participants reported fatigue on their
wrists after the dumbbell exercise. The reason for the reduction in completion time may be that
familiarisation with the haptic NHPT might have helped the participants complete the task in a
lesser time.

A correlation analysis between motor parameters and the coherence values suggest a strong
negative correlation between certain coherence values and RMSE during trial 1. However, it
is important to note that the low number of samples used in this study poses a challenge in
achieving statistical significance. Despite the limitations, the observed negative correlation
offers valuable insights into potential associations between coherence and motor performance,
warranting further exploration with larger sample sizes for conclusive results.

The complex interplay between fatigue and coherence values suggests that this measure may
be a valuable tool for assessing the neural correlates of muscle fatigue and motor function. It is
important to note that these findings are frequency-specific and may differ across different cortical
regions involved in motor control and performance. These findings highlight the importance of
considering the frequency-specificity of coherence measures and the role of different cortical
regions in motor control and performance. Further research is necessary to fully understand the

implications of these changes for fatigue-related impairments in motor function.
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4.5 Chapter summary

This chapter discussed the changes in corticomuscular coupling while performing the Nine Hole
Peg Test using a haptic device under fatigue. It was found that the EEG-EMG coherence increased
with fatigue. It was also found that when the person is performing NHPT, EEG-EMG coherence
is mainly found in gamma band and beta band, both in pre fatigue and post fatigue conditions.
Coherence changes specifically to the beta band and gamma band are also seen. The analysis
showed that the coherence increases in both of these bands. However, the results were not able to
be supported statistically because of the small number of participants.

The experiment was conducted on healthy participants. However, we argue that our approach
could be valuable in real application scenarios for example with stroke patients with reduced
physical and cognitive strengths due to the neurological condition. Our approach provided an
observation of fatigue and its neural correlates during the performance of a task specific to the
assessment of fine motor dexterity. However, the performance of the NHPT task mainly improved
with repetition and did not suffer from fatigue. We argue that this could be very different in stroke
patients where additional physical and neural capacity may be restricted due to their condition.
Also, our approach had a limited cognitive load, due to the use of a virtual environment, but we
did not gather subjective feedback on the state of mental fatigue, which limits our conclusion
regarding the extent of cognitive fatigue during experiment phases. Future studies would benefit
from separate physical and cognitive fatiguing elements, thus allowing the separate observation

of such impacts on neural correlates presented by parameters such as coherence.
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CHAPTER

IMPACT OF FATIGUE ON MICROSTATE PARAMETERS DURING
EXECUTION OF A HAPTIC NINE HOLE PEG TEST AND PHYSICAL
EXERCISE

hapter 4 explained the changes in EEG-EMG coherence while performing NHPT under
fatigue conditions. This chapter will look into the effect of fatigue on brain activity
at millisecond levels which are better captured by the microstates. The literature has
already established that the brain electrocortical activity increases after fatiguing physical
exercise[40]. It will be interesting to investigate the changes in EEG microstates when a person
performs a fatiguing exercise. The majority of microstate studies have been conducted on EEG
data obtained during resting state conditions. Here an attempt is made to conduct microstate
analysis on resting state EEG data as well as on the EEG measured while performing a task

with fine motor control requirements and a physical exercise.

5.1 Research Question

Does fatigue impact EEG microstate parameters while interacting with a robotic rig and physical

exercise?

5.2 Materials and Methods

The experiment setup and EEG acquisition are detailed in chapter 3. With the help of the g.tec
acquisition system EEG signals were recorded at a sampling rate of 1200Hz. This EEG data
was continuous and needed to be segmented into different sections. The recorded EEG data was
stored as .mat files in the computer. 'Key press’ data recorded with the help of MATLAB Simulink
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model was used to extract EEG data corresponding to eye close and eye open at the beginning
and end. Similarly, the time at which each peg was picked and released was logged during the
experiment with the help of Geomagic Touch API. A MATLAB algorithm was employed which
utilised this time stamp data to separate EEG for each trial of NHPT. Processing algorithms for
EEG were developed using MATLAB R2019A. The calculation of microstates was performed with
the help of the Microstate EEGlab toolbox.

5.2.1 EEG Microstates

The experiment was conducted on ten participants, but five participants’ data were excluded
because the EEG collected from some of the electrodes for these participants had high levels of
noise which made it unsuitable for further processing. To conduct the microstate analysis, it is
imperative to ensure that EEG data from all channels are available for each participant in the
study. Hence only five participants’ data were used for microstate analysis. Subject demographics
are presented in Table 5.1. Participants were at least 18 years of age (Mean+SD: 31.8+5.02 years)
with variable BMI (Mean+SD: 26.4+6.02). The BMI of the participants was recorded to check its

effect on fatigue development on the participants.

Table 5.1: Demographics of participants

Subject | Gender | Age | BMI
1 Male 25 22
Female | 36 21
Male 36 28
Male 34 36
Male 28 25

O x| | DN

Microstates were found for the resting state data at the beginning and end of the experiment.
Also, microstates were found for pre fatigue trial (NHPT trial 1), dumbbell exercise and post
fatigue trial (NHPT trial 3). For ease of reference, the NHPT trial will be referred to as trial
throughout this chapter. EEG microstate analysis was performed with the help of the Microstate
EEGLAB toolbox in MATLAB R2019a[138]. The main part of the microstate analysis is to
segment the EEG recordings into quasi-stable states using a clustering method. EEG microstates
are called stable states since the brain’s electric field configuration remains stable for a short
period of time. Different clustering methods can be employed to find the EEG microstates.
Modified K means clustering which has been widely employed in different studies was used in
this project to find microstates[184][5]. In the modified K means clustering method, an initial
set of K individual maps is randomly selected to serve as cluster templates. Subsequently, an
iterative optimisation process is employed, wherein these template maps are refined to better
align with the data. This iterative procedure involves repeatedly assigning all individual maps to

their most similar template map and updating the template maps based on the first principal
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component of the assigned individual maps until a convergence criterion is met[134]. The main

advantage of using modified K means clustering is that it ignores the polarity of EEG topography,

leaving the overall symmetry of the potential topography as the feature to be clustered[184]. The

steps involved in the microstate analysis are shown in Figure 5.1.

Recorded multi-channel

EEG

)

v

Filtering
ICA

Finding GFP peaks

h 4

Segmentingto
microstates using
Modified K-means

Selecting optimum
numberof
microstate clusters

Backfitting cluster maps
to original EEG

H

Calculate Microstate
statistics

Occurrence
Duration
Coverage
GEV

Figure 5.1: Flow diagram showing different steps in microstate analysis

Microstates were calculated for three phases of the experiment

* Resting state: EEG measured during eye close at the beginning and end were used for this

analysis.

e NHPT trial: EEG data collected during the first peg transfer in trial 1 and trial 3 were used

for this analysis.

* Dumbbell exercise: Here EEG data corresponding to the first set of repetitions and extra

repetitions each participant made at the last during the exercise were used.

A two-step clustering was performed to find the microstate maps. Initially, clustering was

performed on each participant’s data, followed by a subsequent clustering process across all

subjects included in the study[41]. First eye close data at the beginning and end was taken.

Each data was segmented into 20 sets of 2s epochs. All 16 electrodes were used for finding

EEG microstate topographies. For microstate analysis, topographies at maximal potential field

strength are considered. The strength of the scalp potential can be quantified using global field

power. The global field power (GFP) can be calculated as
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k Vi t _Vmean t 2
(5.1) GFP(t)z\/Z‘( ® 7 ©)

where V;(t) is the voltage at electrode i at time ¢, V.4, () is the mean voltage across all
electrodes at time ¢ and % is the number of electrodes[84].

The optimal signal to noise ratio and stable topography are obtained at the local maximum of
GFP[198]. Hence in the first step global field power of all aggregated data sets were generated.
For each EEG data segment, 1000 randomly selected GFP peaks were used for segmentation.
EEG maps that correspond to GFP peaks were submitted to modified K-means clustering for
generating microstate prototypes. While performing the clustering the polarity of the maps was
ignored. Microstate prototypes were sorted by decreasing global explained variance. The number
of random initialisation was set to 50 and the maximum number of iterations was set as 1000. A

cross validation criterion was used as a measure of fit for selecting the best segmentation.
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Figure 5.2: Measures of fit plotted for the different microstate segmentations. CV and GEV are
used as measures of fit since they are polarity invariant. The optimal number of clusters reflects
a trade-off between the goodness of fit and the complexity of clusters.

Most of the literature predefined the number of microstates as four which previously has been
reported as able to explain more than 70% of the total topographic variance[84]. However, in this
project, the number of microstates was selected based on the evaluation of prototype topographies
and measures of fit. Since we are not considering the polarity of the EEG data, polarity invariant
measures of fit Global explained variance (GEV) and cross-validation criterion (CV) were used
for selecting the optimum number of microstate topographic clusters. Selecting the appropriate
number of clusters involves a clear trade-off between achieving a good fit and managing the
complexity introduced by a high number of microstates in the segmentation process. A low value

of CV is desirable since it is a measure of residual noise. GEV becomes larger as the number of
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clusters increases. Measures of fit plotted for the different microstate segmentations is presented
in Figure 5.2. Here number of clusters was selected as three since it has the lowest CV value.
The microstate clusters obtained at the individual level were then again clustered to get the
global microstate maps[11]. Three distinct microstates were observed for the resting state, NHPT
trial and exercise EEG. These global microstate maps were backfitted to original EEG data to
find microstate parameters[41]. After backfitting, microstate labels were smoothed temporally to
remove small segments of unstable topography. For each microstate class, different microstate
parameters were calculated from the backfitted EEG data. Microstate parameters were found
for each participant before and after fatigue. The temporal parameters of microstates that were
calculated in this project are the duration, occurrence, coverage and global explained variance.
The duration of a microstate is the average time for which a given microstate remains stable
whenever it appears. The coverage of a microstate is the fraction of the total recording time when
the given microstate is dominant. The occurrence is the average number of times per second a
microstate is dominant [85]. The global explained variance (GEV) quantifies the extent to which

the clustering of microstates describes the given dataset[198].

5.3 Results

The EEG data were recorded continuously throughout the entire experiment, and the microstate
analysis was performed for three specific conditions: one during rest, another during the per-
formance of the NHPT task and a third during dumbbell exercise. For the analysis of resting
state data, EEG during eye close at the beginning and end of the experiment was used. To find
microstates while performing NHPT, EEG for the first peg transfer during trial 1 and trial 3 was
used. Microstates for dumbbell exercise were found by analysing EEG data corresponding to the
first set of repetitions and the extra repetitions each participant made during the exercise. Three
distinct microstates were observed for each of these conditions. These microstates are presented

in Figure 5.3.

5.3.1 Resting state microstates before and after fatigue

At the beginning and the end of the experiment, a two-minute resting state EEG was collected
from the participants by keeping their eyes closed. This EEG was used to find any changes in
microstate parameters because of fatigue. As detailed in section 5.2.1, the global microstate maps
were backfitted to each 2s data segment used for clustering and microstate parameters were
found by averaging. Three microstates, A, B and C, were observed for this data. The microstate
parameters derived from the resting state data are presented in Table 5.2. It can be seen that the
occurrence of microstate A increased for all subjects except subject 4. For microstates B and C,
the occurrence increased for three subjects and decreased for two subjects. At the same time, the

duration of microstate A increased for all subjects except subject 4. The duration of microstate B
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Figure 5.3: Microstates observed for resting state, NHPT trial and dumbbell exercise

increased for three subjects and decreased for one subject. The duration of microstate C decreased
for all subjects. Figure 5.4 and Figure 5.5 show the changes in microstate occurrence and duration

with fatigue.

Table 5.2: Pre and Post fatigue Resting state microstate parameters.

Subject | Microstates Occurrence Duration(ms) Coverage(%) GEV
Pre | Post | Change Pre Post | Change | Pre | Post | Change | Pre | Post | Change
A 4.32 | 4.57 1 78.34 | 150.32 i 34 64 i 0.17 | 0.36 1
1 B 4.12 | 3.10 ! 77.74 | 57.16 ! 32 | 18 ! 0.15 | 0.07 l
C 4.35 | 2.85 | 80.18 | 61.47 | 35 | 18 ! 0.19 | 0.08 |
A 2.00 | 2.42 i 49.68 | 54.79 i 10 | 13 i 0.03 | 0.03
2 B 4.72 | 4.45 | 101.05 | 140.23 i 47 | 60 i 0.18 | 0.21 1
C 4.77 | 3.55 | 92.85 | 76.75 ! 43 | 27 ! 0.17 | 0.07 |
A 0.57 | 1.30 i 40.00 | 44.26 i 3 6 i 0.00 | 0.01 1
3 B 4.20 | 4.60 i 123.88 | 106.72 | 48 | 46 | 0.17 | 0.13 |
C 4.25 | 4.47 i 119.89 | 119.71 | 49 | 48 ! 0.18 | 0.15 |
A 1.15 | 0.62 | 72.49 | 30.90 | 11 3 ! 0.02 | 0.01 |
4 B 2.37 | 3.57 1 116.21 | 116.41 1 27 | 41 i 0.07 | 0.14 1
C 2.45 | 3.67 1 402.22 | 165.44 | 62 | 55 ! 0.25 | 0.25
A 0.95 | 2.30 1 47.18 | 64.40 1 6 15 i 0.01 | 0.03 1
5 B 2.75 | 3.75 1 60.34 | 74.45 i 17 | 28 i 0.03 | 0.08 1
C 3.62 | 4.30 1 233.95 | 145.44 ! 77 | 56 ! 0.32 | 0.26 !

1 and | indicates an increase and decrease of microstate parameters respectively

The coverage of microstate A increased for all subjects except subject 4. The coverage of mi-
crostate B increased for three subjects and decreased for two subjects. The coverage of microstate
C decreased for all the subjects. Changes in coverage for resting state microstates are presented
in Figure 5.6. The global explained variance of microstate A increased for all subjects except
subject 4. GEV of microstate B increased for three subjects and decreased for two subjects. GEV
of microstate C decreased for four subjects and remained unchanged for one subject. Figure 5.7

exhibits the changes to the global explained variance due to fatigue for resting state EEG.
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A paired-sample t-test was employed to assess the impact of fatigue on microstate parameters.
The analysis revealed a statistically significant decrease in both the coverage (p = 0.027) and
Global Explained Variance (GEV) of microstate C (p = 0.046). The results of t-test performed on

microstate C is presented in Table 5.3.
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Figure 5.4: Microstate parameter: Changes in the occurrence of resting state microstates A, B,
and C from pre fatigue to post fatigue
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Figure 5.5: Microstate parameter: Changes in the duration of resting state microstates A, B, and
C from pre fatigue to post fatigue
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Figure 5.6: Microstate parameter: Changes in the Coverage of resting state microstates A, B, and
C from pre fatigue to post fatigue
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Figure 5.7: Microstate parameter: Changes in the GEV of resting state microstates A, B, and C
from pre fatigue to post fatigue
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Table 5.3: Paired sample t-test performed on parameters of Resting state microstate C. A signifi-
cant decrease in coverage and GEV is observed with p<0.05.

Paired Samples Test
Paired Differences
o, . i -
std. Std. Error 95% Confidence Interval of the ¢ df Slg.- #2‘
Mean L Difference tailed)
Deviation Mean
Lower Upper
o Pre -
Pairl | TEMCEITET 645000 | 1.19013 | 0.53224 | -1.35774 1.59774 0.225 4 0.833
Occurrence_Post
pair2 |DurEtionPre- ) 05600 | 98.16792 | 43.90203 |  -49.83557 193.94757 1.641 4 0.176
Duration_Post
pair3 |Coverage_Pre- 12.400 | 8.173 3.655 2.252 22.548 3.392 4 0.027
Coverage_Post
. GEV_Pre -
Pair 4 = 0.05774 0.04506 0.02015 0.00179 0.11369 2 865 4 0.046
GEV Post

5.3.2 NHPT trial microstates

The microstates were found when a person performs the first peg transfer in trial 1 and trial
3. Trial 1 was the first trial when the participant is not fatigued yet. Trial 3 was the trial just
after the fatiguing exercise and can therefore be called the post-fatigue trial. Three microstates
were observed in the task EEG and named MS1, MS2 and MS3 in order to distinguish them from
the resting state microstates. Just like for the resting state microstates here also the microstate
parameters, occurrence, coverage, duration and GEV were calculated and tabulated. Table 5.4

details the pre-fatigue and post-fatigue values of the microstate parameters.

Table 5.4: Pre and post fatigue NHPT trial microstate parameters.

Subject | Microstates Occurrence Duration(ms) Coverage(%) GEV
Pre | Post | Change Pre Post | Change | Pre Post | Change Pre Post | Change
MS1 0.81 | 1.52 1 78.89 65.56 | 6.40 | 10.00 1 0.0023 0.02 1
1 MS2 1.08 | 1.28 1 48.96 | 61.98 1 5.30 | 8.82 1 0.0035 | 0.01 1
MS3 2.16 | 3.31 1 409.69 | 266.01 ! 88.30 | 81.19 ! 0.63 0.38 !
MS1 0.29 | 0.67 1 3.46* 1.76* ! 100 | 98.29 ! 0.69 0.81 1
2 MS2 0 0.33 1 0 25.69 1 0 1.72 1 0 0.0011 1
MS3 0 0 0 0 0 0 0 0
MS1 1.86 | 1.00 ! 492.02 | 975.00 1 91.68 | 97.79 1 0.81 0.87 1
3 MS2 0.53 | 0.50 ! 7542 | 44.17 ! 4.02 | 221 ! 0.0023 | 0.0015 !
MS3 1.06 0 ! 40.42 0 ! 4.30 0 ! 0.0054 0 !
MS1 2.67 | 2.62 ! 154.72 | 399.78 1 42.45 | 73.67 1 0.30 0.61 1
4 MS2 2.67 | 2.24 ! 258.64 | 102.69 ! 49.31 | 24.67 ! 0.33 0.07 !
MS3 1.00 | 0.25 ! 69.21 | 33.13 ! 8.23 | 1.66 ! 0.02 | 0.0007 !
MS1 392 | 1.31 ! 189.08 | 703.75 1 74.13 | 92.45 1 0.41 0.75 1
5 MS2 1.18 | 1.31 1 39.72 | 57.50 1 4.67 | 7.55 1 0.01 0.01 1
MS3 3.92 0 ! 54.08 0 ! 21.20 0 ! 0.05 0 !

fand | indicates increase and decrease of microstate parameters respectively
*Duration of MS1 for subject 2 is in seconds

For MS1 the occurrence increased with fatigue for two participants and decreased with
fatigue for three participants. The Occurrence of MS2 increased with fatigue for three subjects
and decreased with fatigue for two subjects. MS3 exhibited an increase in occurrence for one
subject and a decrease in occurrence for three subjects. The changes in occurrence and duration

while the participant transitions from a pre fatigue state to post fatigue state are presented in
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Figure 5.8 and Figure 5.9.

The duration of MS1 increased with fatigue for three subjects and decreased for the other
two. The coverage of MS1 increased for all subjects except one. The global explained variance of
MS1 increased with fatigue for all subjects. For MS2 all the parameters increased with fatigue
for three subjects and decreased with fatigue for two subjects. No MS3 was observed for subject
2. In the other four subjects, the duration, coverage and GEV decreased with fatigue for MS3.
The alterations in coverage and GEV for trial microstates are illustrated in Figure 5.10 and
Figure 5.11. A paired-sample t-test was conducted to assess potential differences in NHPT
trial microstate parameters before and after fatigue. However, the analysis did not reveal any

statistically significant differences.
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Figure 5.8: Microstate parameter: Changes in the occurrence of NHPT trial microstates from pre
fatigue to post fatigue trials. Trial 1 is the pre fatigue trial and trial 3 is the post fatigue trial.
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Figure 5.9: Microstate parameter: Changes in the duration of NHPT trial microstates from pre
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100

a0

60

Coverage

S

40

20

\

MS2

—_

Subject
MS3 =

—_2
_3
—

—5

=

[¥%)

Trial

=

3
Trial

Trial

Figure 5.10: Microstate parameter: Changes in the coverage of NHPT trial microstates from pre
fatigue to post fatigue trials. Trial 1 is the pre fatigue trial and trial 3 is the post fatigue trial.
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Figure 5.11: Microstate parameter: Changes in the GEV of NHPT trial microstates from pre
fatigue to post fatigue trials. Trial 1 is the pre fatigue trial and trial 3 is the post fatigue trial.

5.3.3 Microstates while performing dumbbell exercise

After two trials of NHPT, the participants were asked to perform a dumbbell exercise involving
flexion and extension of the wrist. The principal aim of this exercise was to induce muscle fatigue
in the forearm. Each participant did three sets of repetitions with a 30 seconds break. The first
set had 12 repetitions of flexion and extension of the wrist followed by 10 repetitions which in
turn followed by 8 repetitions. It was expected that the participant would get fatigued by the
third set of exercises. Since none of the participants reported fatigue after the three sets, they
were asked to perform extra repetitions of flexion and extension until they felt fatigued. EEG
data were collected throughout this entire duration.

Microstate analysis was performed on the EEG data collected during the first set of repetitions
and the extra repetitions, that is, at the beginning and end of the exercise. Three microstates P, Q,
and R were observed. The microstate parameters found at the beginning and end of the dumbbell
exercise are tabulated in Table 5.5. The changes in microstate parameters while transitioning
from the beginning of the exercise to the end of the exercise are presented in Figure 5.12,
Figure 5.13, Figure 5.14 and Figure 5.15.

The microstate parameters observed at the start and end of the dumbbell exercise did not
demonstrate any noticeable pattern. A paired-sample t-test was conducted to assess potential
differences in microstate parameters at the start and end of the exercise. However, the analysis
did not reveal any statistically significant differences. The coverage of microstate R for all

participants except subject 4 decreased at the end of the exercise. Microstate R was not present
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for subject 1 at the end of the exercise. In comparison to other participants, subject 4 exhibited
a greater alteration in microstate parameters. A paired-sample t-test was conducted to assess
any significant changes in the microstate parameters at the beginning and end of the exercise.

However, the analysis did not reveal any statistically significant differences.

Table 5.5: Dumbbell microstate parameters at the beginning and end of the exercise.

Subject | Microstates Occurrence Duration(ms) Coverage(%) GEV
Start | End | Change | Start End | Change | Start | End | Change | Start | End | Change
P 3.50 | 3.78 i 198.55 | 165.01 | 66.84 | 59.85 ! 0.365 | 0.307 !
1 Q 3.11 | 3.72 1 107.47 | 118.02 1 32.98 | 40.15 1 0.188 | 0.218 1
R 0.06 | 0.00 | 3.70 0.00 | 0.19 | 0.00 ! 0 0
P 1.44 | 1.50 i 100.64 | 72.39 | 11.82 | 12.85 1 0.013 | 0.012 |
2 Q 2.67 | 2.50 | 457.02 | 404.38 | 79.43 | 79.07 ! 0.171 | 0.249 i
R 1.39 | 1.44 i 47.10 | 49.68 i 8.75 | 8.08 | 0.006 | 0.005 |
P 2.67 | 2.22 | 109.89 | 123.98 i 29.18 | 28.35 | 0.034 | 0.043 i
3 Q 2.83 | 2.78 | 109.94 | 162.68 i 28.56 | 40.03 1 0.037 | 0.067 i
R 3.11 | 2.78 | 140.56 | 113.29 | 42.26 | 31.62 | 0.064 | 0.065 i
P 1.33 | 0.39 | 94.24 | 68.12 | 14.43 | 5.67 | 0.029 | 0.014 |
4 Q 2.78 1 0.78 ! 179.08 | 171.23 | 42.80 | 15.88 ! 0.133 | 0.056 !
R 2.67 | 1.28 | 207.06 | 658.60 i 42.77 | 78.45 1 0.222 | 0.463 i
P 0.67 | 1.11 i 38.43 | 47.50 i 3.85 | 5.80 1 0.001 | 0.005 i
5 Q 2.94 | 3.39 i 179.13 | 153.87 | 49.16 | 49.79 1 0.142 | 0.132 |
R 3.17 | 3.33 i 159.91 | 143.21 | 46.99 | 44.41 | 0.123 | 0.109 |
land | indicates increase and decrease of microstate parameters respectively
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Figure 5.12: Microstate parameter: Changes in the occurrence of microstates P, Q, R from the
beginning to the end of the dumbbell exercise.
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Figure 5.13: Microstate parameter: Changes in the duration of microstates P, Q, R from the
beginning to the end of the dumbbell exercise.
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Figure 5.14: Microstate parameter: Changes in the coverage of microstates P, Q, R from the
beginning to the end of the dumbbell exercise.
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Figure 5.15: Microstate parameter: Changes in the GEV of microstates P, Q, R from the beginning
to the end of the dumbbell exercise.

5.3.4 Subjective measures of fatigue and performance time

The forearm fatigue status of each participant was recorded during the experiment. Participants

were asked to update their fatigue status on a scale of 1 (indicating not fatigued), to 10 (indicating

extremely fatigued), before trial 1, after trial 2, before trial 3 and after trial 4. The fatigue score

of each participant is shown in Table 5.6. This table shows that all participants reported fatigue

after the dumbbell exercise, but the reduction of scores from before trial 3, to after trial 4, for

participants 1, 3 and 5 could indicate an adjustment to the task complexity.

Table 5.6: Self-reported Fatigue status of each participant. The fatigue score is collected on a
scale of 1-10 where 1 indicating not fatigued and 10 indicating extremely fatigued.

Subject Before Triall After Trial2 Before Trial3 After Trial 4

1

T W N

O S Sy WY

2
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Table 5.7 shows the time taken for each trial which was recorded with the help of Geomagic

Touch API. A paired sample t-test was performed between trial 1 and trial 3 and it was found

that the time taken for post fatigue trial is not statistically different from the time taken for
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pre fatigue trial (p-value 0.608). However, given the small number of samples, looking at the
individual values for trial 1 versus trial 3, two participants (Subject 1 and Subject 2) showed an
increase in completion time while the remaining participants showed an improvement in the

peg-placement and task completion.

Table 5.7: Time taken for each trial of NHPT in seconds

Subject | Triall | Trial2 | Trial3 | Trial4
1 67 58 78 67
2 90 118 127 102
3 53 49 46 37
4 114 86 79 69
5 96 62 47 55
Mean 84 74.6 75.4 66
(SD) (21.59) | (27.85) | (32.99) | (23.81)

5.4 Discussion

Changes in EEG microstates when performing an embedded reality NHPT, pre and post fatigue
were explored here. The analysis identified microstates during the performance of a NHPT and
detailed the changes to these microstates after a fatiguing exercise. Here an attempt was made to
explore how physical fatigue alters the microstate parameters like occurrence, coverage, duration
and GEV.

Multiple studies in the field of microstates found that the optimal number of maps across
subjects is four[116]. An overview article[116] discussing the application of EEG microstates
to investigate the temporal dynamics of brain networks depicted the topography of the four
microstate maps identified across various independent studies. They claim that numerous
experimental and clinical studies adhered to the initially established number of clusters, which
was four as determined by Koenig et al[90]. The rationale behind this choice was to maintain
consistency with the prevailing approach adopted in the majority of earlier studies. However, in
our study, the polarity invariant measures of global explained variance and cross validation were
used to determine the optimum number of microstates. Three distinct microstates were found
for resting state data and NHPT trial data. Microstates B and C found in this study resembled
resting state microstates B and A in the literature[116][85].

It was found that with fatigue all the parameters of microstate A increased for all subjects
except one. The coverage of microstate C decreased for all subjects, which implies that fatigue
made microstate C less dominant and increased the occurrence of other microstates. It could be
seen that reduction in coverage of microstate C was compensated by the increase in the coverage
of microstate B or A. A study exploring the effect of acute exercise fatigue on large-scale brain

functional networks[199] found that the duration and occurrence of a particular resting state
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microstate (microstate C in the literature) were significantly higher after exhaustive exercise.
This is in line with the result obtained for microstate A in the current research. The current
research, however, centers on fatiguing exercise specifically targeting the forearm, in contrast to
the study paradigm in the aforementioned research, which involved exercise on a treadmill. Also
the methodology used in this study involves interaction with a robotic device.

Three microstates were observed in the EEG while performing NHPT trials. The microstate
parameters were determined for transferring the first peg in pre-fatigue and post-fatigue trials
(trial 1 and trial 3). MS3 was not present for one subject and, for all the other subjects, the
coverage of MS3 decreased. This implies that new neural correlates were introduced with fatigue
which reduced the coverage of MS3. While the coverage of MS3 decreased, the coverage of MS1
increased, which means that the fatigue caused changes in brain signals which created more
MSI1. A similar trend could also be seen in the GEV values. For MS1, GEV increased which was
compensated by a decrease in GEV of MS3. The duration of MS1 was very high compared to the
other microstates and it could be seen that its duration sometimes reached seconds. For subject
2 the duration of MS1 was in the order of seconds because only that particular microstate was
present in the pre-fatigue trial, and in the post-fatigue trial, MS2 was present for a very short
duration.

Looking at the microstates for the dumbbell exercise, it could be seen that the neural assem-
blies present for the fatiguing exercise are entirely different from those of the NHPT trial. This
means the cognitive demand for NHPT introduces the activation of brain areas different from
those of the dumbbell exercise. This observation is supported by the examination of subject scores
for fatigue and completion times for pre and post fatigue trials. An analysis of microstates during
the dumbbell exercise showed a reduction in coverage of microstate R for all participants except
one. However, none of the other parameters showed any noticeable pattern. An interesting finding
with dumbbell microstate parameters was that for subject 4 a greater alteration in microstate
parameters was observed compared to other participants. From Table 5.1 it was observed that the
BMI of subject 4 is well above that of other participants. The significant differences in microstate
parameters observed for this participant could be related to their body mass index, as literature
has shown an association between obesity and self-reported fatigue[144]. Participant 4 had
offered a maximum subjective score of fatigue before NHPT trial 3, indicating that his high BMI
potentially heightened his susceptibility to fatigue during the experiment.

Comparing the microstate analysis performed for three phases of the experiment, that is,
resting state, NHPT trial and dumbbell exercise, it was observed that the coverage of some
microstates is affected by fatigue in all the cases. The coverage of microstate C of resting state,
MS3 of the NHPT trial and microstate R of dumbbell exercise all decreased as a result of fatigue.
The GEV and duration followed a similar trend for resting state microstate C and NHPT trial
microstate MS3. However, no noticeable trend was observed in dumbbell exercise microstates.

A paired-sample t-test employed to assess the impact of fatigue on microstate parameters for
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resting state, NHPT trial and dumbbell exercises found a statistically significant decrease in both
the coverage (p = 0.027) and Global Explained Variance (GEV) of resting state microstate C (p =
0.046) suggesting the influence of fatigue on the observed alterations in coverage and GEV. None
of the other microstate parameters showed any significant changes. Nevertheless, it is crucial to
acknowledge that the limited sample size utilised in this study presents a hurdle in attaining
statistical significance.

Subject scores for fatigue for participants 1, 3 and 5 were reduced after trial 4, and there was
an improvement in NHPT performance from trial 3 to trial 4. From Table 5.6 it can be seen that
NHPT alone induces fatigue for subjects 1,4 and 5 after trial 2. However, looking at the trial
time there was a reduction in trial time for these subjects which indicates NHPT performance
improvement. This could indicate that while participants worked harder, and perceived to work
harder, they actually improved their performance score as indicated by the reduction in peg
placement time.

When comparing the time between trial 1 and trial 3, it can be seen that participants 1 and
2 took more time to complete NHPT when fatigued. Completion time for trial 3 was less for
participants 3, 4, and 5 compared to trial 1, despite reporting fatigue following the dumbbell
exercise. These observations can indicate that physical fatigue alone does not impact NHPT
performance. This could be because these participants did not find the NHPT task challenging
and haptic/visual assistance given to these tasks provided a good medium for reducing their
completion time despite fatigue in their wrists. It could also be possible that the NHPT task
involves a different neural assembly compared to the assemblies needed for the wrist exercise.
Furthermore, it is possible that the participants’ fitness level could impact their recovery from
fatigue. Participant 4 who had a higher BMI increased his fatigue level by performing NHPT
alone compared to others. Comparing Table 5.1 and Table 5.6 it can be seen that participants
with better BMI recovered soon from fatigue except for participant 2.

No MS3 was present for participant 2 while the NHPT trial time was more for each trial
compared to others. Also, this participant struggled a lot to place the pegs in the hole during the
experiment. This suggests that cognitive fatigue might also have an impact on MS3. Coverage
of MS3 for all other participants decreased after fatiguing exercise which shows the impact of

physical fatigue on microstates.

5.5 Chapter summary

This chapter investigated the changes in EEG microstates while a person performed a haptic
Nine Hole Peg Test, before and after fatigue conditions. Also, EEG microstate analysis was
performed on resting state EEG data and dumbbell exercise EEG. The main goal of the study
was to observe differences in resting state and task performance microstates and to observe

the changes due to a physically fatiguing dumbbell exercise. We observed these differences, as
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highlighted by the topological maps, but also observed changes in the microstate parameters.
Although the experiment was conducted on healthy participants, we contend that our method-
ology has potential benefits in practical settings, such as with stroke patients who may have
decreased physical and cognitive abilities as a result of their neurological condition. Our method-
ology yielded an assessment of fatigue and its associated neural correlates during the execution of
a task designed to evaluate fine motor dexterity. An improvement in the performance of the NHPT
task is observed with repetition. However, the situation may differ significantly for individuals
who have suffered a stroke, as their medical condition may impose restrictions on both their
physical and neural capabilities. Furthermore, a larger sample size for this experiment could

have potentially provided stronger statistical evidence to support the results.
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CHAPTER

CONCLUSIONS AND FUTURE WORK

6.1 Conclusions

Stroke rehabilitation is a comprehensive and multidisciplinary approach that plays a crucial
role in the recovery process after a stroke. By focusing on physical, cognitive, emotional, and
social aspects, rehabilitation aims to improve the overall quality of life for stroke survivors. Early
intervention, repetitive and targeted interventions, and a holistic approach play an important
role in the success of stroke rehabilitation. These approaches promote neuroplasticity and help
individuals to regain their functional ability. Fatigue is often associated with chronic conditions
such as stroke, and acts as a hindrance towards intensive and repetitive training.

Neural correlates of stroke often involve changes in the brain activity within the motor cortex,
sensory regions, and areas responsible for motor planning and execution. Improvements in motor
function and recovery have been associated with better sensory feedback modulation and better
brain-muscle coordination. Based on the negative impact of fatigue, by exploring the neural
correlates of fatigue, researchers can gain insights into the mechanisms underlying the formation
of fatigue and its subsequent prevention in order to optimise recovery. As the study of neural
correlates is performed at individual level, this allows for the development of more targeted and
individualised rehabilitation approaches.

Rehabilitation robotics provides interactive tools with the aim to tailor the therapy to each
individual’s specific needs. It provides the opportunity for high-intensity and repetitive training,
which has been shown to enhance motor re-learning and functional recovery. Robot-assisted
rehabilitation helps in tracking and analysing a patient’s performance during therapy sessions,

providing personal feedback which can facilitate the recovery process. Combining knowledge of
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fatigue with repetitive training is expected to provide an opportunity for a more intensive and
personalised therapy, that can stimulate neuroplasticity and is expected to promote functional
recovery.

Through an extensive review of the literature, as detailed in chapter 2, on EEG-EMG coher-
ence and EEG microstates in the context of fatigue and stroke rehabilitation, the work in this
thesis offered a comprehensive overview of the topic for present and future researchers in the
field. The literature review revealed the research gap, that the neural correlates of fatigue in
rehabilitation require further research. Moreover, to the author’s knowledge, neural correlates
related to the standardised assessment tool for fine motor control, the Nine Hole Peg Test (NHPT)

have not yet been explored.

6.2 Key Findings

The main hypothesis behind this research was:

"Fatigue can be detected and assessed by analysing alterations in neurophysiologi-
cal parameters during interaction with a robotic rig and physical exercise".

This led to two research questions and an experiment was designed and conducted with
healthy participants to analyse the EEG-EMG coherence and EEG microstates while interacting
with a robotic rig and physical exercise. The experiment allowed us to monitor EEG and EMG
prior to, during and after two interactions consisting of a haptic dexterity test and a physical
dumbbell exercise.

Research question 1 was formulated as:

"How does physical fatigue alter the coherence between EEG and EMG for healthy
participants while performing a robot-assisted NHPT?"

To address this research question, EEG-EMG coherence was calculated between three EEG
electrodes C1, C3 and CP3 and three upper limb muscles FCR, ECR and ED during pre fatigue
and post fatigue trials of NHPT. Alterations in coherence specifically to the beta band and gamma
band were explored. The analysis showed an increase in corticomuscular coupling with fatigue
in both of these bands. This suggests that when a person becomes fatigued, there is a greater
activation of neurons, leading to the recruitment of more motor units in order to compensate
for the fatigue. This is in agreement with previous studies of corticomuscular coupling[66]1[190].
Conversely, a previous study reported weakening of functional coupling between the brain and
muscles as a result of fatigue[194][140]. The difference in results may be due to the difference
in methodologies and the muscles involved in the study[106]. Muscle dependency on EEG-EMG
coherence is already explored in past and found that corticomuscular coherence differs among
muscles[180]. Increased physical and mental effort is needed to sustain the task performance
while performing NHPT after fatigue. The beta and gamma bands relate to the alert states of

the human brain. The dominance of both beta band and gamma band coherence indicates their
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potential importance in regulating motor tasks when confronted with fatigue.

FCR showed better coupling with EEG in both frequency bands after fatigue. Post fatigue
coupling between ECR and EEG electrodes improved in the beta band whereas decreased in
the gamma band. The coupling between ED and brain signals increased in both bands except
with C1 in the beta band. Gamma band coherence values were much higher compared to beta
band values. Past studies demonstrated a shift of corticomuscular coherence from beta band to
gamma band under the influence of muscle fatigue[191]. The results suggest that when muscles
get fatigued motor cortex enhances communication in the gamma band to cope with it. Also,
the results highlight the frequency specificity of coherence measures and the role of different
cortical regions in motor control and performance. All participants reported fatigue on their
forearm after the dumbbell exercise. However, when considering NHPT completion time, except
for three participants, all others completed NHPT trial 3 in less time compared to trial 1. A paired
sample t-test performed between pre and post fatigue trial times found no statistically significant
difference (p-value 0.366). This indicates that physical fatigue alone is not impacting the NHPT
performance. Familiarisation with the haptic NHPT might have also helped the participants
complete the task in a lesser time.

Research question 2 was formulated as:

"Does fatigue impact EEG microstate parameters while interacting with a robotic
rig and physical exercise?"

EEG microstate analysis was performed on data collected during three stages of the experi-
ment: one during rest, another during the performance of the NHPT task and a third during the
dumbbell exercise. Three distinct sets of microstates were found for each of these stages. Two
microstates observed during the resting state resembled that in the literature. Alterations in
parameters were observed for resting state and task microstates. The coverage of microstate C,
which is a resting state microstate, decreased for all the subjects with fatigue. All the parameters
of microstate A increased for all subjects except one. The coverage of MS3, which is a microstate
observed during the NHPT trial, decreased with fatigue for all subjects except one for whom
MS3 was not present. GEV and duration followed a similar trend to that of coverage. Coverage of
microstate R of dumbbell exercise decreased when moving from the beginning of the exercise to
the end of the exercise. However, none of the other parameters for dumbbell microstates showed
any noticeable patterns among the subjects. The coverage of microstates measures the percentage
of the total time during which a specific microstate is dominant. It reflects the dominance of
underlying neural generators[197]. Analysis of microstate parameters showed that coverage
of certain microstates was impacted by fatigue in all the three stages under consideration ie.
resting state, NHPT trial and dumbbell exercise. This implies that fatigue caused inhibition
of neural activations in certain areas of the brain which in turn reduced the coverage of some
microstates. This is in line with a previous study on the impact of exhaustive exercises on resting

state large-scale brain networks[199].
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A greater alteration in microstate parameters was observed with one participant who had a
higher BMI compared to others. The literature already showed a positive correlation between BMI
and self-reported fatigue[144] which highlight the fact that microstate parameters might differ
in people with different BMI. Despite all the participants reporting fatigue on their forearm after
dumbbell exercise, the performance time obtained from NHPT completion of some participants
improved after fatigue. This could indicate that while participants worked harder, and perceived
to work harder, they actually improved their performance score as indicated by the reduction
in peg placement time. This suggests that physical fatigue had minimal influence on NHPT
completion time.

The microstates observed for dumbbell exercise were different from those observed for the
NHPT trial or resting state. This indicates variations in neural assemblies associated with differ-
ent physical states of an individual. This suggests that specific patterns of neural connectivity
and information processing are involved in the execution of different motor tasks or engagement
in different physical states. These findings highlight the dynamic nature of the brain and its
ability to adapt and reorganise its neural networks in response to different physical demands.
This is in line with our observation in corticomuscular coherence where it was observed that
increased neural recruitment happened in an effort to recruit additional motor units to cope with
fatigue. The differences in microstates and increase in EEG-EMG coherence collectively suggest
that fatigue induces changes in the neural assemblies and functional connectivity in the brain.
These changes reflect the adaptive response of the brain to the increased physical and mental

effort exerted by individuals to sustain motor task performance under fatigue.

6.3 Contribution to Knowledge

By researching the neurophysiological correlates of fatigue in the robot-assisted NHPT and
physical exercise, this research aims to contribute to the development of more effective reha-
bilitation strategies. The findings of this study have the potential to help in the design and
implementation of targeted interventions to alleviate fatigue and enhance motor function in
clinical and rehabilitative settings. Analysis performed in chapter 4 suggested an enhancement in
corticomuscular coupling with fatigue. The results demonstrated stronger coupling in the gamma
band compared to the beta band. This leads to the conclusion that gamma band coherence has a
better potential to identify fatigue in robot-assisted NHPT. This result can be further extended to
robot-assisted training exercises too. The results also demonstrated the difference in coupling
between different upper limb muscles and the motor cortex, in the context of the task set for this
experiment. Upper limb muscle FCR demonstrated better coupling with the motor cortex which
establishes the importance of this muscle in the functional coordination of fine motor activities.

Exploring the effect of fatigue on microstate parameters established the potential of mi-

crostate parameters as biomarkers of fatigue. Analysis in chapter 5 demonstrated that physical
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fatigue did not affect the NHPT performance as some participants reporting physical fatigue
improved performance during the NHPT trials. However, alterations in microstate parameters
were observed after the physical fatigue. A decline in the coverage, duration and global explained
variance of some microstates was observed as a result of fatigue. The findings also shed light on
the compensatory mechanism that the brain uses to maintain motor function as fatigue sets in.
The analysis also suggested a potential effect of BMI on microstate parameters while performing
physical exercises as greater variations in microstate parameters were observed in a participant
with high BMI.

The research work presented in this thesis has also contributed towards the following publi-

cations:

e Meethal, S.A., Steuber, V. and Amirabdollahian, F., "Analysis of EEG Microstates During
Execution of a Nine Hole Peg Test". ACHI 2023, The Sixteenth International Conference
on Advances in Computer-Human Interactions, Venice, Italy, April 24 -28, 2023

e Meethal, S.A., Steuber, V. and Amirabdollahian, F., "Evaluation of Cortico Muscular Cou-
pling while Performing Haptic NHPT under Fatigue Conditions". (submitted to IEEE
ROMAN 2023)

* Meethal, S.A., Steuber, V. and Amirabdollahian, F.," Impact of Fatigue on Neural Correlates
during Robot-Assisted NHPT and Physical Exercise" (in preparation)

6.4 Limitations and Future Work

The study encountered several limitations due to the COVID-19 pandemic. The primary impact
of COVID on the research was the need to halt the experiments due to safety concerns of the
researcher as well as the participants. The experiment methodology required close interaction
between the researcher and participants for collecting EEG and EMG data. The ongoing pandemic
and associated limitations restricted the designing and implementation of further experiments.
This led to a small sample size which constrained the possibility of considering statistical power
and generalisation of our findings. Increasing the number of participants would allow for a more
comprehensive understanding of the results obtained in this study.

The increase in EEG-EMG coherence with fatigue during robot-assisted NHPT highlights the
complex interplay between the brain and muscles during prolonged periods of physical activity.
Further research is needed to fully understand the mechanisms underlying these changes and to
develop effective fatigue management strategies. Only sixteen electrodes were used for collecting
EEG data from participants. Even though the literature established the reliability of microstate
analysis using as less as eight electrodes, one possible limitation of this study is the absence of
EEG signals collected from the parietal area. Expanding the number of electrodes will provide

more detailed spatial information regarding brain activity which might benefit in better results
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for microstates. Also, our methodology involved the utilisation of a virtual environment, which
induced some cognitive load. However, we did not collect any subjective feedback regarding the
level of mental exhaustion experienced during the experiment phases, thereby restricting our
ability to draw definitive conclusions about the extent of cognitive fatigue. To improve the efficacy
of the study, it would be beneficial to introduce distinct practical elements that induce physical
and cognitive fatigue, respectively. This would permit a separate evaluation of the impact of each
of these factors on the neural correlates indicated by microstate parameters.

This research showed that fatigue can be detected and assessed by analysing alterations in
neurophysiological parameters during interaction with a robotic rig and physical exercise. The
analysis and findings presented in this thesis lead to various potential directions of research.
The present study looked at the neural correlates related to haptic NHPT and physical exercise.
This concept can be further expanded to rehabilitation training involving robotic devices. The
current study was performed with healthy participants. The methodology presented in this
thesis can be extended to stroke patients who may have decreased physical and cognitive
abilities as a result of their neurological condition. Previous studies show that the microstates
parameters observed for patients with different neurological conditions like multiple sclerosis,
stroke and Parkinson’s disease differ from healthy controls[8] [63][42]. A recent study on cancer
patients revealed the weakening of functional corticomuscular coupling during voluntary motor
activity associated with cancer-related fatigue[75]. Alterations in corticomuscular coupling were
suggested in stroke patients compared to healthy controls[93][61][50]. Our study was conducted
with healthy participants who managed to recover from fatigue and demonstrated brain signal
adaptation in response to increased physical demands. The logical next step is exploring the
neural correlates in a sample of individuals recovering from stroke and other neurological
conditions, but also in populations suffering from chronic fatigue, thus to observe how limitations
imposed by chronic conditions impact neural correlates and to further formulate how these
correlates can be used as indicators to direct therapy and treatment.

As the study focused on healthy participants, the methodology applies to diverse domains. The
findings contribute to injury prevention by pinpointing and addressing potential risks linked to
inappropriate exercise intensity. Furthermore, they facilitate the fine-tuning of training intensity,
empowering runners to boost their fitness effectively while reducing the risk of injuries due to
excessive exertion. A study explored the correlation between time-frequency domain indexes
derived from surface electromyography (EMG) signals of specific muscles, heart rate, exercise
intensity, and subjective fatigue found that the physiological indicators selected in that study
are limited[28]. The findings from this research offer an improved indicator for the detection of
fatigue. The methodology can also be extended to detect fatigue in older people since facilitating
safe exercise is vital for the strength training in aged population.

A possible future study is to analyse the kinematic features of Geomagic Touch to detect the

onset of fatigue. The neural correlates identified in this thesis can be used to design algorithms
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which can help in adaptive upper limb rehabilitation training. The algorithm used for EEG-EMG
coherence in this study has the potential to be used in adaptive rehabilitation training studies.
However further works needs to be done to improve the algorithm for EEG microstate analysis,

related to the extent of processing and preparation, to be used in an adaptive environment.
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Research Questionnaire 1

Research Questionnaire

Thank you for participating in the study. Please circle the corresponding fatigue level. The answers will be
anonymous and will only be used for the experimental result analysis.

About you
1. Subject ID:
2. Your name:
3. Age: _____ years.
4. Gender: 0O Male O Female
5. Dominant Arm: 0O Right Handed O Left Handed

MVC measurement:
Hand Grip 1:
Hand Grip 2:
Hand Grip 3:

Hand Grip 4:
Before NHPT Repl:

6. Current Level of Muscle Fatigue on a scale of 1 to 10:
(1:Not fatigued 10: extremely fatigued.)

After NHPT Rep2:

7. Current Level of Muscle Fatigue on a scale of 1 to 10:
(1:Not fatigued 10: extremely fatigued.)

Before NHPT Rep3:

8. Current Level of Muscle Fatigue on a scale of 1 to 10:
(1:Not fatigued 10: extremely fatigued.)

After NHPT Rep4:

9. Current Level of Muscle Fatigue on a scale of 1 to 10:
(1:Not fatigued 10: extremely fatigued.)



Research Questionnaire 2

10. Would you like to write some more lines on how you felt about the experiment?. Do you
have any suggestions on how to improve the experiment?




Research Questionnaire

Experiment Measures (To be entered by the principal investigator)

11. Height: _ cm.

12. Weight: ______ Kg.

13. Body Mass Index:

14. Visceral Fat Classification:
15. Skeletal Muscle Percentage:
16. Body Fat Percentage:



APPENDIX

APPENDIX B

Paired sample t-test on trial time for trial 1 and trial 3

Paired Samples Test

Faired Differences
95% Confidence Interval ofthe

Std Error Difference
Mean Std. Deviation Mean Lower Upper t df Sig. (2-tailed)
Pair1  Triall - Trial3 B.600 34624 15.484 -34.391 51.591 555 L]
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Paired sample t-test on coherence in beta band

Paired Samples Test
Paired Differences
95% Confidence Interval of
Std. Std. Error the Difference Sig. (2-
Mean Deviation Mean Lower Upper t df tailed)
Pair 1 |C3-FCR._trial1 - o ”
C3-FCR trial3 -0.015163 | 0.027867 | 0.009853 | -0.038460 0.0081353 -1.539 7 0.168
Pair 2 |C3-ECR_trial1 -
C3-ECR trial3 -0.014250 | 0.027886 | 0.009859 | -0.037563 0.0090631 -1.445 7 0.192
Fair s CS'ED—T.HEH - | -0.009838 | 0.023885 | 0.008445 | -0.029806 0.0101307 -1.165 7 0.282
C3-ED_trial3

Figure B.2: Paired sample t-test performed on pre and post fatigue coherence between C3 and
muscles in beta band. Trial 1 corresponds to pre fatigue coherence and trial 3 corresponds to post
fatigue trial. No significant difference in pre and post fatigue coherences.

Paired Samples Test
Paired Differences
95% Confidence Interval

Std. Std. Error of the Difference Sig. (2-
Mean Deviation Mean Lower Upper t df tailed)

Pair 1 CP3-FCR_trial1 -
CP3-FCR trial3 -0.017688 | 0.030977 | 0.010952 |-0.043585| 0.008210 |-1615 7 0.150
Pair 2 ECR_tr!aH- -0.006638 | 0.034293 | 0.012124 [-0.035307| 0.022032 | -0.547 7 0.601

ECR_trial3

Pair 3 CP3-ED_Trial1 -

CP3-ED trial3 -0.005688 | 0.025226 | 0.008919 [-0.026777| 0.015402 | -0.638 7 0.544

Figure B.3: Paired sample t-test performed on pre and post fatigue coherence between CP3 and
muscles in beta band. Trial 1 corresponds to pre fatigue coherence and trial 3 corresponds to post
fatigue trial. No significant difference in pre and post fatigue coherences.
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Paired sample t-test on coherence in gamma band

Paired Samples Test

Paired Differences
95% Confidence Interval of the
Std. | Std. Error Difference Sig. (2-
Mean Deviation Mean Lower Upper t df tailed)
Pair 1 C1_FCR._trial1 -
C1 ECR trial3 -0.113143 | 0.278413 | 0.105230 | -0.370632 0.144346 -1.075 6 0.324
Pair 2 C1_ECR_trial1 - .
C1 ECR trial3 0.012357 | 0.058963 | 0.022286 | -0.042175 0.066889 0.554 6 0.599
o C1_ED_tr!aI1 : -0.042300 | 0.102753 | 0.038837 | -0.137331 0.052731 -1.089 6 0.318
C1_ED trial3

Figure B.4: Paired sample t-test performed on pre and post fatigue coherence between C1 and
muscles in the gamma band. Trial 1 corresponds to pre fatigue coherence and trial 3 corresponds

to post fatigue trial. No significant difference in pre and post fatigue coherences.

Paired Samples Test
Paired Differences
95% Confidence Interval Sig. (2-
t df ;
Mean o b of the Difference tailed)
Deviation Mean
Lower Upper

. C3_FCR._trial1 - =

Pair 1 C1 ECR trial3 -0.094475 | 0.255468 | 0.090322 | -0.308052 0.119102 -1.046 7 0.330
) C3_ECR._trial1 -
Pair 2 €3 ECR triald 0.022463 | 0.063133 | 0.022321 | -0.030318 0.075243 1.006 7 0.348
Pair 3 CS—ED—U!EH | -0.032700 | 0.093164 | 0.032938 | -0.110587 0.045187 -0.993 7 0.354
C3 _ED trial3

Figure B.5: Paired sample t-test performed on pre and post fatigue coherence between C3 and
muscles in the gamma band. Trial 1 corresponds to pre fatigue coherence and trial 3 corresponds
to post fatigue trial. No significant difference in pre and post fatigue coherences.

Paired Samples Test

Paired Differences
95% Confidence Interval of t df Sig. (2-
Mean St.d'. o the Difference tailed)
Deviation Mean
Lower Upper
. CP3_FCR_trial1 -
Pair 1 CP3 EOR trial3 -0.094238 | 0.264139 | 0.093387 | -0.315063 | 0.126588 -1.009 7 0.347
; CP3_ECR_trial1 -
Pair 2 CP3 ECR irial3 0.019100 |0.057467 | 0.020318 | -0.028944 | 0.067144 0.940 T 0.378
: CP3_ED_trial1 - .
Pair 3 CP3 ED trial3 -0.028188 |0.089710| 0.031717 | -0.103187 | 0.046812 -0.889 7 0.404
Figure B.6: Paired sample t-test performed on pre and post fatigue coherence between CP3 and

muscles in the gamma band. Trial 1 corresponds to pre fatigue coherence and trial 3 corresponds
to post fatigue trial. No significant difference in pre and post fatigue coherences.
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Paired Samples Test

Paired Differences

- N . )
Std. Std. Error 95% Conﬁde.nce Interval of . o Slg.. {2‘
Mean L the Difference tailed)
Deviation Mean
Lower Upper

Occurrence_Pre -
Pair 1 - -0.44400 | 0.68730 | 0.30737 -1.29739 0.40939 -1.445 4 0.222
Occurrence_Post

Duration_Pre -

Pair 2 -11.39600 | 40.62725 | 18.16906 | -61.84139 | 39.04939 | -0.627 4 0.565
Duration_Post

pair3 |OVerEBEFrE- | 00 | 14086 | 6282 -24.841 10.041 1,178 4 0.304
Coverage_Post

) GEV_Pre -

Pair 4 = -0.04088 | 0.08051 | 0.03600 | -0.14084 0.05908 1135 4 0.320
GEV_Post

Figure B.7: Paired sample t-test performed on parameters of Resting state microstate A. No
significant difference in pre and post fatigue microstate parameters.

Paired Samples Test

Paired Differences

- N . )
Std. Std. Error 95% Conﬁde.nce Interval . o Slg.. {2‘
Mean L of the Difference tailed)

Deviation Mean

Lower Upper

Occurrence_Pre -
Pair 1 - -0.26200 | 0.917859 | 0.41049 | -1.40171 0.87771 -0.638 4 0.558
Occurrence_Post

Duration_Pre -

Pair 2 -3.15000 | 24.50813 | 10.96037 | -33.58086 | 27.28086 | -0.287 4 0.788
Duration_Post

pair3 |coverage Pre- 4400 | 12137 | 5428 | -19.470 10.670 -0.811 4 0.463
Coverage_Post

) GEV_Pre -

Pair 4 = -0.00564 | 0.06138 | 0.02745 | -0.08185 | 0.07057 | -0.205 4 0.847
GEV_Post

Figure B.8: Paired sample t-test performed on parameters of Resting state microstate B. No
significant difference in pre and post fatigue microstate parameters.
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Paired Samples Test

Paired Differences
95% Confidence Interval of t df Sig. (2-
Mean St_d'_ Std. Error the Difference tailed)
Deviation Mean
Lower Upper
Pairq |OCCUMENCE Pre- | ia00 | 132493 | 059253 | -1.15911 213111 0.820 4 0.458
QOccurrence Post
Pair2 |Duration_Pre - 94.18400 | 922.63941 | 412.61689 | -1051.42414 | 1239.79214 | 0.228 4 0.831
Duration_Post
pair3 |Coverage_Pre- 1150800 | 13.24157 | 592181 | -27.94958 493358 -1.943 4 0.124
Coverage Post
) GEV_Pre -
Pair 4 - -0.1677400 | 0.1476667 | 0.0660386 | -0.3510925 | 0.0156125 | -2.540 4 0.064
GEV_Post

Figure B.9: Paired sample t-test performed on parameters of NHPT task microstate MS1.

significant difference in pre and post fatigue microstate parameters.

Paired Samples Test

Paired Differences
95% Confidence Interval t df Sig. (2-
Mean St_d'_ Std. Error of the Difference tailed)
Deviation Mean
Lower Upper
Pair  |OCCUMENCe Pre - 604000 | 029309 | 013107 | -040392 | 032392 | -0305 4 0.775
QOccurrence Post
Pair2 |Duration_Pre - 26.14200 | 75.87089 | 33.93049 | -68.06416 | 12034816 | 0770 4 0.484
Duration_Post
pair3 |Coverage_Pre- 366600 | 11.90432 | 532377 | -11.11516 | 18.44716 | 0.689 4 0.529
Coverage Post
) GEV_Pre -
Pair 4 - 0.0510400 | 0.1183414 | 0.0529239 | -0.0959003 | 0.1979803| 0.964 4 0.389
GEV_Post

No

Figure B.10: Paired sample t-test performed on parameters of NHPT task microstate MS2. No
significant difference in pre and post fatigue microstate parameters.

Paired Samples Test

Paired Differences
95% Confidence Interval t df Sig. (2-
Mean St_d'_ Std. Error of the Difference tailed)
Deviation Mean
Lower Upper
Pair 1 |DCCUTENCE Pl 01600 | 188280 | 084201 | -142180 | 325380 | 1.088 4 0.338
Occurrence_Post
Pair2 |Duration_Pre - 54.85200 | 5352668 | 23.93786 | -1161015 |121.31415| 2291 4 0.084
Duration_Post
Pair3  |COVErAOEPIE - | s aasn0 | 707860 | 356814 | 207075 | 1774275 | 2196 4 0.093
Coverage Post
) GEV_Pre -
Pair 4 - 0.0649200 | 0.1080244 | 0.0483100 | -0.0692100 | 0.1990500 | 1.344 4 0.250
GEV_Post

Figure B.11: Paired sample t-test performed on parameters of NHPT task microstate MS3. No
significant difference in pre and post fatigue microstate parameters.
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Paired Samples Test
Paired Differences
95% Confidence Interval of the t df Sig. (2-
Mean St.d'. Std. Error Difference tailed)
Deviation Mean
Lower Upper

Pairq |Occumence Pre -l 10500 | 056720 | 025370 -0.58239 0.82639 0.481 4 0.656
Occurrence_Post

Paira | DUEUONPIE - | 15 05000 | 2262481 | 1011812 |  -15.14242 41.04242 1.280 4 0.270
Duration_Post

Pair3 | COVerAGEFIE | 5 20000 | 485175 | 216977 -3.30425 8.74425 1.254 4 0.278
Coverage_Post

Pair 4 R 0.012200 | 0.027124 | 0.012130 | -0.021479 0.045879 1.006 4 0.371
GEV_Post

Figure B.12: Paired sample t-test performed on parameters of Dumbbell exercise microstate P.
No significant difference in pre and post fatigue microstate parameters.

Paired Samples Test
Paired Differences
95% Confidence Interval of t df Sig. (2-
Mean St.d'. Std. Error the Difference tailed)
Deviation Mean
Lower Upper
Pair |OCCUMENCe Pre | 50500 | 104126 | 046567 | -1.06089 1.52489 0.498 4 0.644
Occurrence_Post
Pairy | DUEUONPIE - | 40500 | 3056823 | 1769545 | 4463845 | 5362245 0.254 4 0.812
Duration_Post
Pair3 | COVerAGEFE |y 50500 | 1496121 | 669085 | -16.97479 | 2017879 0.239 4 0.823
Coverage_Post
Pair 4 GEV_Pre -1 010200 | 0057864 | 0025877 | -0082047 | 0061647 | -0394 4 0.714
GEV_Post

Figure B.13: Paired sample t-test performed on parameters of Dumbbell exercise microstate Q.
No significant difference in pre and post fatigue microstate parameters.



Paired Samples Test
Paired Differences
95% Confidence Interval t df Sig. (2-
Mean St_d'_ Std. Error of the Difference tailed)
Deviation Mean
Lower Upper
Pair 1 |JCCUTENCEPIE | (01000 | 062843 | 028104 | -048630 | 109430 | 1117 4 0.326
Occurrence_Post
Pairp  [DUEIONPrE - g4 59000 | 207 29866 | 92 70678 | -338.68528 | 17610528 | -0.877 4 0.430
Duration_Post
Pair3  |COVErAOEPIE - 405000 | 18.02846 | 806257 | 2670529 | 18.06529 | -0536 4 0.620
Coverage Post
) GEV_Pre -
Pair 4 - -0.045400 | 0.109514 | 0.048976 | -0.181379 | 0.090579 | -0.927 4 0.406
GEV_Post

Figure B.14: Paired sample t-test performed on parameters of Dumbbell exercise microstate R.
No significant difference in pre and post fatigue microstate parameters.
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APPENDIX

APPENDIX C

Pre and post fatigue coherence of participants

C1 c3 CP3 — Pre fatigue
— Post fatigue
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Figure C.1: Pre and post fatigue coherence for Subject 1. Pre fatigue coherence is plotted in pink

colour and post fatigue coherence is plotted in blue colour. Dashed lines represent significant
coherences.
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Figure C.2: Pre and post fatigue coherence for Subject 2. Pre fatigue coherence is plotted in pink
colour and post fatigue coherence is plotted in blue colour. Dashed lines represent significant
coherences.
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Figure C.3: Pre and post fatigue coherence for Subject 3. Pre fatigue coherence is plotted in pink
colour and post fatigue coherence is plotted in blue colour. Dashed lines represent significant

coherences.
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Figure C.4: Pre and post fatigue coherence for Subject 4. Pre fatigue coherence is plotted in pink
colour and post fatigue coherence is plotted in blue colour. Dashed lines represent significant
coherences.
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Figure C.5: Pre and post fatigue coherence for Subject 5. Pre fatigue coherence is plotted in pink
colour and post fatigue coherence is plotted in blue colour. Dashed lines represent significant
coherences.
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Figure C.6: Pre and post fatigue coherence for Subject 6. Pre fatigue coherence is plotted in pink
colour and post fatigue coherence is plotted in blue colour. Dashed lines represent significant
coherences.
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