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ABSTRACT

The rising prevalence of neurodegenerative diseases such as dementia
and Parkinson’s disease poses a critical challenge as the global pop-
ulation continues to age. Enhancing cognitive reserve through cog-
nitive training, particularly via neurofeedback (NFB), has become a
promising strategy to counteract cognitive decline. This thesis presents
a comprehensive study on the development and evaluation of a novel
NFB training system designed to enhance attention in healthy adults.
The system leverages event-related potentials (ERPs) and iterative
learning control (ILC) to dynamically personalise task difficulty, thereby
optimising training efficiency and engagement.

The research is underpinned by extensive data collection, involv-
ing a large-scale clinical trial with a significant sample size of healthy
adult participants. The trial rigorously tested the system efficacy, pro-
viding robust evidence of its effectiveness. Participants were divided
into groups, with one group receiving ILC-adapted training and oth-
ers following traditional or random difficulty protocols. The results
demonstrate that the ILC group not only completed the training more
rapidly but also achieved substantial improvements in attention, vali-
dated by both behavioural metrics and neurophysiological markers.

Further investigations within this thesis address the system practi-
cality, including studies on reducing the number of EEG electrodes to
improve usability. The potential transferability of attentional improve-
ments to motor skill acquisition in surgical training is also explored,
revealing insights that guide future research in this domain.

In conclusion, this thesis contributes significantly to the field of
cognitive training by showcasing the potential of ERP-based NFB sys-
tems in enhancing attention through large-scale, real-world clinical
trials. The findings open new avenues for applying such systems
in broader cognitive training and rehabilitation contexts, with rec-
ommendations for future studies to explore long-term impacts and
cross-domain applicability.
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INTRODUCTION

1.1 motivation and objectives

The global population is aging rapidly. In 2022 nearly 19% of people
living in Europe and North America were 65 years old or older, a
gure projected to rise to almost 27% by 2050[1]. This demographic
shift is not con ned to speci ¢ regions but is a global trend, with over
16% of the world population expected to be over 65years old by 205Q
up from less than 10% in 2022[1]. Aging is often accompanied by an
increased prevalence of diseases that impair cognitive abilities, such
as dementia and Parkinson's disease. The incidence of these condi-
tions, and the associated burden on individuals, families, and society,
has already increased and is expected to continue growing in tandem
with the aging population [ 2, 3]. While signi cant research efforts
are focused on disease-modifying treatments that aim to slow, halt,
or reverse the progression of such diseases, most current therapies
primarily focus on symptom management [ 4, 5].

Given the challenges of treating these progressive diseases, and the
anticipated rise in their occurrence, there is a growing emphasis on
prevention strategies, aimed at promoting healthy aging. These strate-
gies include lifestyle factors like physical activity, smoking abstinence,
alcohol consumption reduction, and social engagement [6]. A key
concept in healthy aging and the prevention of cognitive decline is
cognitive reserve, which refers to the ability of the brain to adapt and
maintain function, despite damage or disease [ 7]. Cognitive reserve is
in uenced by both genetic and environmental factors, including ed-
ucation and lifestyle choices [7]. Regular participation in cognitively
stimulating activities has shown promise in enhancing cognitive re-
serve and reducing the risk of developing dementia later in life [ 6].

One method for intentionally boosting cognitive reserve is cog-
nitive training. This involves a series of tasks designed to enhance
speci ¢ cognitive functions such as memory, attention, and problem-
solving skills. Research has demonstrated the effectiveness of cogni-
tive training in both preventing and treating diseases like dementia
[8] and Parkinson's [ 9]. Beyond healthy aging, cognitive training can
be bene cial for individuals in professions or activities requiring high
levels of cognitive functioning, such as surgery [ 10|, military [ 11], and
athletics [12].

Neurofeedback (NFB) training, a form of cognitive training using
brain-computer interfaces (BCIs), where users receive real-time feed-
back based on their brain activity, allowing them to self-regulate this
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activity, has shown promising results [ 13, 14]. However, there are
concerns about the ef cacy of NFB training due to a lack of large-
scale and well-controlled clinical trials [ 15]. Furthermore, the use of
NFB training is mostly limited to lab environments [ 16]. Factors such
as long setup and training times, along with high associated costs,
present signi cant barriers to its practical application in real-world
settings [17].

Building on the potential of NFB-based cognitive training, and ad-
dressing current challenges in this eld, this research aims to develop
and evaluate an accessible, and effective, NFB training system. The
objectives of this project are to:

» Demonstrate that NFB training can effectively improve cogni-
tive function in healthy adults through rigorously designed clin-
ical trials, providing robust evidence of its ef cacy.

« Enhance the ef ciency of training, enabling faster cognitive im-
provements, through the use of iterative learning control (ILC)
to dynamically adapt task dif culty based on user performance.

« Ensure practicality and usability by minimising the number of
electrodes required, thereby reducing setup time and making
the system more scalable and user-friendly.

» Demonstrate the applicability of the system in real-world envi-
ronments.

Ultimately, the goal is to create an NFB training system that can be
easily deployed as an intervention in real-world settings.

1.2 main contributions

This thesis makes the following key contributions, some of which are
tied to speci ¢ research questions:

« Development of a novel NFB training system: A system de-
signed to enhance attention in healthy adults. This system uses
event-related potentials (ERPS), instead of the typical frequency
bands for NFB, and employs an ILC controller to optimise task
dif culty. The controller automatically adjusts the task dif culty
based on user performance, accommodating changes due to fac-
tors such as learning effects or fatigue.

» Rigorous evaluation of ILC-controlled training:  The effective-
ness of ILC-controlled training is rigorously evaluated through
simulations and a large-scale clinical trial involving a substan-
tial cohort of healthy adults. Although the trial did not involve
patients, it was registered as a clinical trial because it adhered
to the strict protocols of intervention-based research. The study
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systematically tested neurofeedback training interventions to as-
sess their effects on cognitive function, aligning with formal clin-
ical trial criteria. This registration ensured transparency, ethical
oversight, and adherence to trial design standards, thereby rein-
forcing the reliability and generalisability of the ndings.

— Research Question 1: Can ILC enhance the ef ciency of
NFB training to improve attention in healthy adults?

¢ Reduction of electrodes: Several studies are conducted to ex-
plore and enhance the system practicability by reducing the
number of electrodes required for training. This reduction not
only minimises setup time and cost but also enhances user com-
fort, making the system more accessible and feasible for use in
real-world contexts beyond laboratory settings.

— Research Question 2: How does the number of electrodes
affect the usability, accuracy, and effectiveness of the NFB
system?

< Exploration of training transfer effects:  The impact of the train-
ing on motor skill acquisition and retention in surgical trainees
is investigated, successfully demonstrating the deployment of
the NFB system in a large scale, real-world setting.

— Research Question 3: Can attentional improvements gained
from NFB training transfer to motor skill learning?

» Contributions to open science: The studies described in this
thesis generated substantial datasets comprising 151 NFB ses-
sions with 132 participants. These sessions include EEG signals
recorded from a wide variety of settings, with electrode con gu-
rations ranging from 4 to 32 electrodes, and environments span-
ning from shielded rooms to typical of ce settings. Where par-
ticipants consented to further use of their data, these datasets
will be made available in online repositories to facilitate fu-
ture research. Additionally, the code used for the experiments
is freely available to support future research and foster trans-
parency.

1.2.1 List of Publications

This section lists the publications that resulted from the work de-
scribed in this thesis.

1.2.1.1 Journal Publications

* In Preparation:

— Noble, S.C., Rente, M.N., Ward, T., Morris, S., Ringwood,
J.V,, "Evaluating the effect of P300-based neurofeedback on
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surgical training”, IEEE Transactions on Neural Systems and
Rehabilitation Engineering

— Rente, M.N., Noble, S.C., Ward, T., Ringwood, J.V., Morris,
S., "Investigating the use of cognitive simulation and neu-
rofeedback training for improving retention of motor skills
in surgical training”, Surgical Innovation

— Noble, S.C., Ward, T., Ringwood, J.V., "Investigating the ef-
cacy of P 300-based neurofeedback training with minimal
electrode sets",IEEE Transactions on Biomedical Engineering

— Noble, S.C., Ward, T., Ringwood, J.V., "Multi-Condition
EEG Dataset from Neurofeedback Training with a P 300
Speller", Data in Brief

¢ Published:

— Noble, S.C., Woods, E., Ward, T., Ringwood, J.V., "Acceler-
ating P300-based neurofeedback training for attention en-
hancement using iterative learning control: A randomized
controlled trial," Journal of Neural Engineeringrol. 21, no. 2,
026006 2024

— Noble, S.C., Woods, E., Ward, T., Ringwood, J.V., "Adap-
tive P300-based brain-computer interface for attention train-
ing: Protocol for a randomized controlled trial,” JMIR Re-
search Protocolsol. 12, e46135 2023

1.2.1.2 Conference Publications

¢ In Press:

— Noble, S.C., Ward, T., Ringwood, J.V., "Assessing the im-
pact of environment and electrode con guration on P 300
speller performance and EEG signal quality,” Proc. 2024
IEEE International Conference on Engineering in Medicine and
Biology (EMBC), Orlando, FL, USA2024

¢ Published:

— Noble, S.C., Ward, T., Ringwood, J.V., "Comparing the ef-
fect of electrode selection on P300 speller performance,"
Proc.2023IEEE International Conference on Systems, Man, and
Cybernetics (SMC), Honolulu, HI, USA2023

— Noble, S.C., Ward, T., Ringwood, J.V., "A phenomenologi-
cal model of cognitive performance as a measure of atten-
tion in a P300-speller task,” Proc. 2022 IEEE International
Conference on Systems, Man, and Cybernetics (SMC), Prague,
Czech Republj022
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1.3 thesis outline

This thesis is organised into four parts. The rst part includes this in-
troduction, along with a literature review and technical background,
providing the necessary context for the rest of the thesis. In Chapter 2,
attention as a cognitive function is explored, along with how it can be
trained using NFB. Different types of NFB and methods for task dif -
culty adaptation are also discussed. Chapter 3 introduces ILC, which
is used in this thesis to adapt task dif culty in NFB training.

The second part of the thesis details the core developmental work,
including system development, modelling, and control design, as de-
scribed in Chapter 4.

The third part presents the experimental work, encompassing data
analysis and experimental studies, which are discussed in Chapters
5, 6, and 7.

The fourth and nal part of the thesis provides the conclusions in
Chapter 8.
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NEUROFEEDBACK TRAINING FOR ATTENTION
ENHANCEMENT

2.1 introduction

NFB training is a method of closed-loop brain training where individ-
uals learn to modulate their brain activity through real-time feedback
based on that activity. It relies on neural plasticity, the ability of the
brain to change its structure, as well as operant conditioning, a learn-
ing process driven by (positive or negative) reinforcement [ 18].

Speci cally, in NFB training, a person's brain activity of interest is
measured with one or more of the neuroimaging methods explained
in the following paragraph. This measured brain activity is used to
provide feedback to the person, who attempts to control it by self-
regulating their brain activity, thus creating a feedback loop. Over
time, this self-regulation can lead to a change in brain patterns and/or
behaviour [18]. An illustration of this feedback loop, showing differ-
ent neuroimaging methods and feedback modalities, is provided in
Figure 2.1.

Figure 2.1: Neurofeedback (NFB) loop with possible feedback modalities,
neuroimaging methods and brain activity measurements. Taken
from [ 19].
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There are generally ve different neuroimaging methods used for
NFB, which are used on their own, or combined for multi-modal NFB
systems [19]:

» Electroencephalography (EEG) and Magnetoencephalography
(MEG): Non-invasive methods that measure the cortical electri-
cal and magnetic activity of the brain, respectively, through the
skull. These methods have high temporal resolution but rela-
tively low spatial resolution.

» Electrocorticography (ECoG): An invasive method that improves
spatial resolution by measuring electrical activity directly from
the brain's cortex.

» Functional magnetic resonance imaging (fMRI) and Functional
near-infrared spectroscopy (fNIRS): Methods that detect oxy-
genated and deoxygenated blood within the brain, offering greater
spatial resolution but low temporal resolution.

EEG-NFB is the most commonly used modality and was the rst
modality to be used for NFB. The emergence of EEG-NFB began in
the 196G and 197Gs. Kamiya [19] was the rst to demonstrate the
learned control of brain waves through reward. Concurrently, Ster-
man [20] applied NFB training to treat seizure disorders in cats, and
later humans. Despite facing criticism and a decline in research dur-
ing the 197Gs, interest in EEG-NFB has resurged due to advancements
in BCI technologies [15]. Today, EEG-NFB is utilised for treating var-
ious mental and mood disorders, such as schizophrenia, depression,
dementia, ADHD, and in cognitive rehabilitation after brain injuries
or stroke [13].

However, EEG-NFB is not limited to individuals with cognitive
de cits; it also offers potential bene ts for healthy individuals, such
as enhancing cognitive skills [ 14] or motor performance [ 21].

This thesis focuses on using EEG-NFB for attention enhancement.
The fundamentals of EEG are introduced in Section 2.2. Attention is
further described in Section 2.3, with explanations of its importance,
neural substrates, and correlates. The different types of EEG-NFB are
described in Section 2.4, focusing on how they modulate the neural
substrates and correlates of attention. An overview of common per-
sonalisation methods in EEG-NFB is provided in Section 2.5, before
concluding the chapter in Section 2.7.

2.2 electroencephalography

EEG is a method to measure the electrical activity of the brain. This is
done by attaching electrodes to certain locations on the scalp [22]. The
International 10-20 system was previously the standard for electrode
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placement. However, it has been modi ed to accommodate more elec-
trodes and is now referred to as the 10-10 system [23]. This system
can be seen in Figure2.2. Electrodes are usually not in direct contact
with the scalp, so an electroconductive gel is applied to bridge the
gap. The measured electrical activity is then ampli ed by the EEG
ampli er. The output of this ampli er is a time-series of voltage for
each electrode R2.

Figure 2.2: Electrode placement according to the 10-10 system. Taken from
[23.

Various features are extracted from these time-series. The most im-
portant for EEG-NFB are spectral features (the amplitude of EEG sig-
nals at different frequencies), slow cortical potentials (SCPs), which
are direct current (DC) shifts in EEG signals, and patterns occurring
in response to stimuli or events, known as ERPs. These features will
be discussed in more detail in Section 2.2.1, Section 2.2.2, and Sec-
tion 2.2.3, respectively.

2.2.1 Spectral Features

EEG signals are often analysed in the frequency domain, where differ-
ent frequency bands and their associated behaviours or psychological
states are de ned. These bands are called EEG rhythms.

The most well-known rhythm is the alpha rhythm, observed in re-
laxed but awake states, particularly with eyes closed. The low-frequency
delta rhythm is associated with deep sleep, but also cognitive process-
ing, and is often observed in ERP studies. The theta rhythm is typi-
cally associated with drowsiness, and high activity in this rhythm
is considered abnormal when resting. However, theta activity is also
associated with attention and working memory. The beta rhythm is
most commonly observed in frontal regions and is associated with
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cognitive processing and the sensorimotor system. The high-frequency
gamma rhythm in temporal regions is associated with memory [ 24].

An overview of EEG rhythms with their frequency bands, location,
and associated state is given in Table2.1.

Table 2.1: EEG rhythms and their associated behaviour or psychological

state.
Rhythm Band (Hz) Location Behaviour /
Psychological State
Delta <4 variable deep sleep,
cognitive processing
Theta 4-7 frontal and drowsiness,
temporal attentional
processing
Alpha 8-13 occipital and mentally inactive
parietal but awake
Beta 1325 frontal and central sensorimotor
functions, cognitive
processing
Gamma >25 temporal memory processes

2.2.2 Slow Cortical Potentials

SCPs are relatively slow DC shifts in EEG signals that occur in re-
sponse to stimuli. They can last from several hundred milliseconds to
several seconds. Negative SCPs are associated with cognitive process-
ing, while positive SCPs re ect an attenuation of cortical excitability,
which is often observed in behavioural inhibition [ 25)].

2.2.3 Event-Related Potentials

ERPs, formerly known as evoked potentials (EPs), are brain signals
that occur in response to stimuli or events. They are commonly used
as a tool to study the mind and brain in cognitive psychology and
neuroscience, as well as in BCls P6).

An ERP signal usually consists of several (overlapping) ERP com-
ponents, which are in the form of a positive or negative voltage peak
happening a certain time after the stimulus onset, although there are
some anticipative ERP components that occur pre-stimulus. The nam-
ing convention for ERPs is P for a positive peak and N for a negative
peak, followed by either the number of the peak in the waveform, i.e.
P1 for the rst peak and P 2 for the second peak, or the latency in mil-
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liseconds, i.e. the P300is a positive peak that occurs approximately
300ms after the stimulus onset [ 26).

Different components, which are distinguished by their polarity, la-
tency, and source in the brain, are associated with different cognitive
processes. It should be noted that the same label for a component can
refer to different cognitive processes, depending on the source of the
component and the sensory modality, i.e. visual or auditory. However,
this mostly affects early components [ 26].

Since all brain activity that is not in response to the given stimu-
lus or event is considered noise in the ERP signal, it is important to
improve the signal-to-noise ratio (SNR) to obtain a clear ERP wave.
This is typically achieved by averaging the ERP signal over several
trials [ 22]. Machine learning algorithms are commonly used for ERP
classi cation and can nowadays achieve over 90% accuracy even with
single trials [ 27, 28], although classi cation performance is highly de-
pendent on EEG signal quality.

An overview of common (visual) ERP components is presented in
the following paragraphs.

An early visual ERP component is the P100. It usually occurs 100
ms to 130 ms after a visual stimulus and is modulated by selective
attention and arousal [ 29].

The P100is often followed by the N 100 component, which re ects
spatial attention and discriminative processing in the brain. It consists
of several subcomponents that typically happen between 100 ms and
200 ms post-stimulus [ 29]. One of the subcomponents is the N170
labelled as such due to its latency of usually around 170 ms. The
N 170is evoked by face perception [30].

Later visual components are often observed due to the so-called
oddball paradigm. In the oddball paradigm, a frequent stream of
common stimuli is interspersed with infrequent, uncommon stimuli,
or target stimuli, that the participant was told to attend to. While the
P200 with a typical latency of approximately 200 ms is not as well
understood as some other components, it is believed to occur in re-
sponse to the oddball paradigm with simple targets [ 31].

Several components are grouped together and commonly referred
to as the N200 component. The anterior N 200, also known as N2b,
re ects response inhibition in the go/no-go paradigm, where a but-
ton press is required for one type of stimulus (go) but not for another
(no-go) [32]. It also re ects the detection of a mismatch of attended
stimuli. The posterior N 200, which is also called N 2c, usually occurs
in response to the oddball paradigm [ 33].

Similarly to the N 2, the P3 can also refer to several components
depending on the source of the component. While the so-called P 3a,
which originates in frontal brain regions, and the P 3b, which is mostly
observable in parietal brain regions, both respond to stimulus changes,
i.e. the oddball paradigm, the P 3b is only elicited if these changes are
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task-relevant. The general labels P3 and P300usually refer to the P 3b
[33].

A subset of ERPs are steady-state visual evoked potentials (VEPS).
They occur when stimuli are presented at a fast rate and the brain
activity starts to synchronise with the stimulus frequency. Thus, the
steady-state response consists of two sine waves, one at the stimulus
frequency and another, less dominant, one at twice the stimulus fre-
quency [34]. Due to their robustness against noise, steady-state VEPs
are particularly valuable for BCI applications.

Another type of VEP commonly used in BCI systems is the code-
modulated VEP. Code-modulated VEPs use uniquely coded visual
sequences that allow for rapid and accurate detection of user inten-
tions [35]. For diagnostic purposes, motion-onset VEPs are often em-
ployed; these occur in response to the onset of motion within a visual
stimulus and typically include components such as the P 100 N200,
and P200([36].

The error-related ERP is a negative peak following an incorrect re-
sponse, also known as the error-related negativity (ERN). Notably,
this component is response-locked, occurring a speci c time after an
incorrect response, rather than being stimulus-locked. The ERN is
usually followed by a positive wave, which peaks approximately 400
ms after the incorrect response. This is called the error positivity ( Pe).
It is only present when the participant is aware of the error, whereas
the ERN occurs regardless of the participant's awareness [37].

2.3 attention
2.3.1 Importance of Attention in Cognitive Functioning

This thesis focuses on the cognitive ability of attention. Attention is a
fundamental cognitive ability, crucial for effective functioning in daily
life. It underlies the ability to focus on speci c tasks, lter out irrel-
evant information, and manage multiple tasks simultaneously. This
ability is fundamental for learning, memory, and overall cognitive
performance. Attention is particularly important in various daily ac-
tivities, such as driving, where the ability to selectively focus on the
road and ignore distractions is vital for safety. In academic and pro-
fessional settings, attention facilitates absorbing and applying new
information, problem-solving, and critical thinking.

Attention is de ned as the selectivity of processing and can be clas-
si ed into selective and divided attention. Selective attention is the
ability to focus on one stimulus while ignoring other stimuli, whereas
divided attention is the ability to focus on more than one stimulus at
once, in other words, multi-tasking [ 38].

Attention can be bottom-up, driven by external stimuli, such as
a loud noise that demands immediate attention, or top-down, where
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attention is controlled voluntarily based on the goals of the individual
[39].

However, attention is not a static ability and can be affected by
both normal aging and various diseases and conditions. Age-related
cognitive decline often includes a reduction in attentional capacity,
making it harder for older adults to concentrate and lter out dis-
tractions. Diseases and conditions such as dementia, stroke, attention
de cit hyperactivity disorder (ADHD), and autism spectrum disor-
ders can signi cantly impair attentional processes [ 40]. For instance,
individuals with ADHD may struggle with sustained selective atten-
tion [41], while those with autism might nd it challenging to shift
attention between tasks [42]. Stroke and dementia patients may expe-
rience de cits in both selective and divided attention, affecting their
ability to process information and respond to environmental stimuli
effectively [40Q].

Given its crucial role and the widespread impact of attentional
de cits, enhancing attention through targeted interventions is essen-
tial. This thesis focuses on attention enhancement because improving
this cognitive ability can signi cantly bene t individuals at all stages
of life.

2.3.2 Neural Substrates and Correlates of Attention

Attention is a complex cognitive function supported by various brain
regions and networks. Understanding its neural substrates and corre-
lates aids in developing targeted interventions to enhance attentional
capacities. This section explores networks of brain regions that under-
lie attention (neural substrates) and neurophysiological markers that
are associated with attention (neural correlates).

Figure 2.3: Brain regions involved in the dorsal attention network (DAN),
shown in blue, and the ventral attention network (VAN), shown
in orange. Adapted from [ 43].
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2.3.2.1 Dorsal Attention Network

The dorsal attention network (DAN) is involved in all forms of selec-
tive attention. It mainly includes the frontal eye eld (FEF), a brain
region responsible for voluntary eye movement, and the intraparietal
sulcus (IPS), a brain region responsible for perceptual-motor coordi-
nation, which are shown in blue in Figure 2.3 [44].

2.3.2.2 Ventral Attention Network

The ventral attention network (VAN) is another network associated
with attention. While the DAN is always active in selective (visual)
attention, the VAN is suppressed during top-down attention and ac-
tive in bottom-up attention. It includes the temporoparietal junction
(TPJ), involved in information processing, and the ventral frontal cor-
tex (VFC), associated with decision-making. These regions are illus-
trated in orange in Figure 2.3 [44].

2.3.2.3 EEG Rhythms

The main EEG rhythm associated with attention is the alpha rhythm.
Decreased alpha activity is hypothesised to re ect attention directed
towards external stimuli [ 45]. This suppression of alpha activity has
been found to correlate with the amplitude and latency of the P 300
ERP [46]. Conversely, increased alpha activity has been observed in
internally directed attention, such as during mental imagery or arith-
metic [45)].

High theta rhythm activity is associated with inattentiveness, while
high beta activity re ects focused attention [ 47].

High-frequency EEG rhythms (beta and gamma) are believed to be
related to stimulus selection, which is necessary for selective attention
[48].

2.3.2.4 Event-Related Potentials

While there are no ERPs that are directly elicited by attention, several
are modulated by it. These include the P 100, N100, N200, and P300,
previously discussed in Section 2.2.3. Speci cally, the amplitude of

these components is ampli ed with increased attention [ 49].

24 types of eeg-neurofeedback

This section provides an overview of the different types of EEG-NFB
reported in the literature. While EEG-NFB is applied across a range
of areas, including treatments for mental health conditions such as
schizophrenia, depression, and anxiety, as well as for pain manage-
ment and epilepsy [50], this section focuses speci cally on applica-
tions designed to enhance attention. The majority of literature in this
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area focuses on using NFB to treat ADHD, e.g. [51-54]. However, it
has also been applied to other clinical populations, such as those with
mild cognitive impairment (MCI) [ 55, 56] or stroke [57], as well as
healthy populations, e.g. [ 58-60].

The most popular type of EEG-NFB is rhythm-based. This means
that the target for self-modulation is at least one EEG rhythm, dis-
cussed in Section2.2.1. This type is explained further in Section 2.4.1.

Another type of EEG-NFB used to enhance attention, though less
frequently than rhythm-based NFB, is SCP-based NFB. SCPs have
been explained previously in Section 2.2.2. This type of NFB is dis-
cussed in Section2.4.2.

Lastly, an emerging type of EEG-NFB is ERP-based, where the
target of self-modulation is a speci c ERP component instead of a
rhythm (see Section 2.2.3 for details on ERPSs). This type of EEG-NFB
is discussed in Section2.4.3.

2.4.1 Rhythm-Based

The most commonly used NFB target for attention enhancement is
the downregulation of the theta-beta ratio (TBR), aiming to increase
beta rhythm activity while simultaneously decreasing theta activity.
As discussed in Section 2.3.2.3, low theta and high beta activity have
been associated with attention, making the TBR an obvious target.
The TBR protocol is sometimes accompanied by the downregulation
of higher frequencies to improve the speci city of the NFB protocol
[51, 61, 62).

Other targets for rhythm-based NFB include the up- or downregu-
lation of activity in the alpha rhythm, treated in [ 63-65] and [66-69],
respectively. Upregulation of the beta rhythm is also a popular pro-
tocol for attention training [ 56, 69, 70, sometimes accompanied by
the simultaneous downregulation of alpha activity [ 55, 71]. The theta
rhythm on its own has also been targeted, with speci ¢ protocols for
both upregulation [ 72, 73] and downregulation [ 74].

Numerous studies have applied the TBR protocol to treat ADHD
in both children and adults, e.g. [ 51-53]. These studies have reported
positive effects on symptoms that were maintained up to 25 months
later [51, 52], as well as task performance in cognitive/attentional
tests [53, 54]. Improved performance in cognitive tasks has also been
observed following a single session of alpha downregulation NFB in
adults, with and without ADHD [ 68]; and in children with ADHD
following a course of alpha upregulation [ 75|, as well as with beta
upregulation [ 69, 72], and theta upregulation [ 72].

The TBR protocol has also been applied to child epilepsy [61], as
well as to stroke patients [57], both with improved task performance
in cognitive tests. Cognitive functioning, including attention, has been
successfully improved in the elderly, with and without MCI, using
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beta upregulation [ 56, 70] and theta upregulation [ 73]. All discussed
rhythm-based protocols have also been used to enhance cognitive abil-
ities in healthy children and adults, e.g. [ 58, 59, 64, 67, 73, 76].

Studies using these protocols often report EEG changes in one or
more of the targeted rhythms, e.g. [51, 57, 74], with some observing
changes in non-targeted rhythms [ 63, 77, 78]. These changes are often
only observed in experimental groups, and not control groups that
receive sham-NFB, where feedback is not based on the participant's
own brain activity as they believe, but rather based on recorded or
simulated signals (e.g. [51]). However, participants in these sham-
control groups often experience the same behavioural outcomes as
the experimental groups (e.g. [52]), which has led to the ef cacy of
NFB being questioned and criticised as potentially being a placebo
effect [79].

To address this, researchers commonly employ rigorous study de-
signs to distinguish genuine NFB effects from placebo responses. These
include using active control tasks, blinding participants to group al-
location, and incorporating objective outcome measures (both brain
activity and behavioural measures). Such strategies enhance the relia-
bility of NFB ndings by helping to rule out placebo-driven improve-
ments and strengthen the case for NFB ef cacy [80].

One older study also observed an increased P300amplitude follow-
ing TBR-NFB [60], while another reported increased P 300 and N 100
amplitudes following alpha downregulation [ 68]. An fMRI study ob-
served changes in gray and white matter, in brain regions associated
with the DAN, following NFB training with a beta upregulation pro-
tocol [76]. Similarly, Ros et al. [67] observed changes in the connectiv-
ity of brain regions associated with the VAN following just a single
half-hour alpha downregulation NFB session.

Rhythm-based NFB protocols have several notable strengths that
contribute to their widespread use and established presence in the
literature. One major strength is their extensive validation through
numerous studies, which have demonstrated their ef cacy in enhanc-
ing cognitive performance and attention across diverse populations.
This extensive research base provides a solid foundation for the con-
tinued application and re nement of these protocols.

Another key strength is the inherent exibility of rhythm-based
NFB. Since EEG rhythms are always present in brain activity, train-
ing can be adapted to various tasks and feedback mechanisms. This
exibility allows practitioners to tailor interventions to speci ¢ cogni-
tive goals or individual needs, enhancing the practical applicability
of NFB in both clinical and non-clinical settings.

However, rhythm-based NFB also has its weakness. One signi cant
limitation is the xed nature of the rhythms typically used in these
protocols. These standard rhythms may not be optimal for every in-
dividual, as individual differences in EEG spectra can in uence the
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effectiveness of the training. Research has shown that individualising
the target rhythms for NFB can lead to better outcomes, suggesting
that more personalised approaches may be necessary to maximise
ef cacy [ 69, 81].

2.4.2 Slow Cortical Potential-Based

SCP-based NFB targets the up- and downregulation of SCPs, typically
with a 50/ 50 split. SCP has not been used as extensively as rhythm-
based NFB, with some applications in epilepsy and migraines [ 82].
For attention, it has been used to treat people with ADHD, with some
studies reporting improved symptoms and performance in cognitive
tasks [83, 84], while others did not nd improvements to be superior

to control groups [ 85-87].

Some studies report a change in SCPs following NFB training [ 84,
88|, while some observed a decrease in FBB00 amplitude which is be-
lieved to re ect the adaptation to the given task, leading to reduced
attentional processing being required [ 85, 88]. One study observed in-
creased activation in the prefrontal cortex, following SCP-based NFB
training, but also saw this change in the control group, who received
electromyography (EMG)-based NFB training [ 83].

2.4.3 Event-Related Potential-Based

Given the relevance of ERPs like the P300 and N 200 to attention, as
discussed in Section 2.3.2.4, their potential as biomarkers for condi-
tions such as ADHD [89], and evidence suggesting that ERPs are
modi able via NFB training as mentioned in Section 2.4.1, it is logi-
cal to consider targeting ERPs for self-modulation directly. However,
while rhythm-based EEG-NFB is well established, there has been less
research on the use of ERP-based NFB training. Rieger et al. 90] in-
vestigated the use of the N100, an auditory ERP component associ-
ated with attention, for NFB treatment of hallucinations in individu-
als with schizophrenia, but did not nd the training to be effective.
Musso et al. [9]] successfully used NFB based on the auditory P300
for language training in patients with aphasia. Mismatch negativity
(MMN), a subcomponent of the auditory N 200 was used as the tar-
get in NFB for working memory training in patients with subjective
cognitive decline [92).

Fouillen [93] used P300-based video games for attention training
in children with ADHD. While she found improved symptoms that
were maintained 2 months post-training, this was also the case in
the control group who played the same game with gaze-based feed-
back. However, only the NFB group maintained improved task perfor-
mance in cognitive tests at the 2-month follow-up. Li et al. [ 94] used
a P300-based video game for cognitive training in healthy adults and
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reported improved P 300 amplitude and latency post-training, as well
as decreased alpha activity. Both Jacoby P5] and Arvaneh et al. [ 96]
used a P300 speller, traditionally a BCI used for communication, for
cognitive training in healthy adults. These studies reported improved
performance in cognitive tasks [ 96], as well as increased 300 ampli-
tudes [95, 96] and decreased alpha activity [96]. Arvaneh et al. [96]
did not observe these training effects in the control group, which com-
pleted the P300speller training without receiving feedback.

Another study later reported that a single session of P 300-based
NFB training with a variation of the P 300 speller leads to changes in
gray matter in brain regions that are associated with the DAN and
sustained visual attention [ 97], further supporting the use of ERP-
based NFB training for attention enhancement.

ERP-based NFB has several notable strengths. One major strength
is the well-researched nature of ERPs and their close association with
speci ¢ cognitive processes, such as attention and working memory.
This allows for highly targeted interventions that can speci cally ad-
dress de cits in these cognitive areas. The personalisation aspect is
another signi cant advantage, as ERP-based NFB typically involves
creating a personalised classi er for each individual, which could in-
crease the speci city and effectiveness of the training.

However, there are also weaknesses associated with ERP-based NFB.
A signi cant limitation is the xed nature of the scenarios required to
elicit ERPs, such as the oddball paradigm for P300, which makes the
training less exible compared to rhythm-based NFB. Additionally,
while ERP-based NFB shows promise, there is relatively less research
on its use compared to rhythm-based NFB, resulting in fewer estab-
lished protocols and less evidence to support its widespread appli-
cation. Furthermore, the high speci city of ERP-based NFB, while a
strength, can also be a weakness as the training may become too nar-
rowly focused, potentially overlooking broader cognitive processes
that are important for overall cognitive function. Lastly, due to the
repetitions required to accurately measure ERPs, the feedback fre-
guency is slower compared to rhythm-based or SCP-based NFB. The
importance of feedback frequency has been demonstrated in [98],
showing that more frequent feedback leads to greater training effects.

25 personalisation of eeg -neurofeedback

Personalisation of NFB can be achieved in several ways. As discussed
in Section 2.4.1, targeted rhythms can be personalised based on an
individual's baseline brain activity and needs. This section, however,
focuses on the personalisation of task dif culty.

Adjusting the task dif culty ensures that participants continuously
work harder to receive positive feedback. This can be achieved by
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directly adjusting the threshold needed for positive feedback or by
modifying task conditions.

Personalising feedback thresholds or task dif culty is crucial be-
cause participants' con dence in their ability to control the signal
and their motivation signi cantly in uence NFB outcomes [ 18]. Both
overly easy (consistently good feedback) and overly dif cult (consis-
tently bad feedback) training can negatively impact motivation and
the overall effectiveness of the training.

In rhythm-based and SCP-based NFB, threshold adjustments are
typically made according to speci c rules, such as adjusting the thresh-
old to maintain an 80% reward rate [61, 85], or by a certain percent-
age after two successful trials [66, 99]. These threshold adjustments
are often done manually and sometimes not reported in studies, even
though they might signi cantly impact training ef cacy.

In ERP-based training, task dif culty adjustments, similar to these
rule-based threshold adjustments, have been reported [93].

Jacoby P9 reported a performance plateau after three sessions of
P300speller training, hypothesising that the task might not be engag-
ing enough to maintain participant motivation. Arvaneh et al. [ 96]
addressed this issue by progressively reducing the number of repe-
titions based on participants' performance, to maintain engagement.
Notably, reducing the number of repetitions in ERP-based training
increases feedback frequency, aligning the training more closely with
the real-time nature of rhythm-based NFB, which is bene cial for
learning and maintaining participant engagement [ 98].

Outside the context of NFB training, several methods adapt the
P300 speller to each individual, often referred to as early stopping.
These methods continuously assess the probability of each stimulus
being the target for each repetition and terminate once this proba-
bility surpasses a speci ¢ threshold [ 100, 10]] or stabilises, i.e. when
additional repetitions no longer provide new information [ 102. Early
stopping adapts the speller to the user's brain signals in real-time,
which can reduce both task duration and mental fatigue by avoiding
unnecessary repetitions. However, in contrast to the approach used by
Arvaneh et al. [ 96], early stopping methods prioritise operational ef -
ciency rather than fostering cognitive engagement, as Arvaneh et al.'s
approach does by intentionally reducing repetitions to challenge par-
ticipants. This deliberate increase in task dif culty, even at the cost of
initial performance dips, is designed to drive attention enhancement
and sustained learning over time.

2.6 challenges and limitations of eeg -neurofeedback

Despite the promising results demonstrated by various NFB train-
ing methods, as discussed in previous sections, the practical use of
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NFB remains limited [ 16]. Several factors contribute to the lack of
widespread, real-world applications of NFB.

Firstly, there are concerns about the ef cacy and NFB-speci c treat-
ment effects due to a lack of large-scale, well-controlled studies. Specif-
ically, the absence of double-blind, sham-controlled clinical trials is a
signi cant issue [ 15]. Most NFB research comprises small exploratory
studies rather than rigorously designed randomised controlled trials,
limiting the strength of evidence for NFB interventions [ 21]. To ad-
dress this, recent guidelines and recommendations within the NFB
community have called for well-designed, rigorously analysed stud-
ies to adequately evaluate the ef cacy of NFB interventions [ 80].

While the lack of double-blind, sham-controlled studies is a signi -
cant issue in NFB research, it is also one that poses considerable prac-
tical and ethical challenges. In the case of this thesis, double-blinding
was not feasible as the project was conducted primarily by a single re-
searcher, making it dif cult to implement a double-blind design. Ad-
ditionally, a sham-control group was not included, as obtaining eth-
ical approval for a sham condition involving deception would have
been particularly challenging. These factors often contribute to the
limited implementation of such rigorous designs.

Secondly, there is a lack of research investigating the transition
from laboratory research to real-world application of NFB interven-
tions [16]. While some studies have shown that NFB can be applied
in real-world contexts [ 103 104, these studies are few, and compre-
hensive investigations into real-world deployment are needed.

Signi cant barriers to the real-world applicability of BCls, includ-
ing NFB, are the long training times required before achieving ad-
equate control or good performance, which increases the cost of in-
terventions and can negatively impact user motivation [ 17]. Motiva-
tion is a critical factor in the success of NFB training, as it directly
in uences engagement and outcomes [18]. Additionally, the time-
consuming setup of wet electrode EEG systems, along with the typ-
ically user-unfriendly software, requiring expert operation, further
limit the usability and applicability of NFB in non-laboratory settings

[17].
2.7 summary

This chapter explores NFB, EEG, attention, and its neural substrates.
Initially, it introduces the concepts and history of NFB. The section on
EEG explains the technology and the signi cance of different brain
wave patterns in relation to cognitive functions.

Attention is then discussed, emphasising its importance in cogni-
tive functioning and detailing its neural substrates and correlates. Key
brain networks involved in attention, such as the DAN and VAN, are
examined along with neurophysiological markers of attention.
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The chapter reviews different types of EEG-NFB, focusing on rhythm-
based and ERP-based NFB methods. Rhythm-based protocols, target-
ing the TBR, alpha, beta and theta rhythms, are well-studied and have
been used to enhance cognitive performance and attention across var-
ious populations, including individuals with ADHD, stroke patients,
and healthy adults. Despite their ef cacy, limitations such as the xed
nature of rhythms are noted.

ERP-based NFB, targeting specic ERP components such as the
P300, offers a more personalised approach. Although promising, with
studies showing cognitive improvements and neural changes, ERP-
based methods are less exible and not as extensively researched as
rhythm-based protocols. The need for speci ¢ scenarios to elicit ERPs
and slower feedback compared to rhythm-based methods are among
the limitations.

Personalisation of NFB is also discussed, highlighting the impor-
tance of adjusting feedback thresholds and task dif culty to maintain
participant motivation and engagement.

In conclusion, while ERP-based NFB holds potential for enhancing
cognitive functions, particularly attention, current evidence is insuf -
cient for its widespread application, and practical use is limited. The
challenges identi ed include the lack of well-controlled, large-scale
studies, limited research on real-world applications, and the practical
issues of system setup and training duration.

To address these challenges, this thesis focuses on demonstrating
the applicability of ERP-based NFB in practical settings. By conduct-
ing rigorously controlled studies, this research aims to provide robust
evidence for the ef cacy of ERP-based NFB in enhancing attention.
The use of ILC is explored to optimise training ef ciency and reduce
the time required to achieve meaningful results, making the system
more suitable for real-world use. Additionally, the thesis investigates
ways to streamline the system setup by reducing the number of elec-
trodes, thereby enhancing usability and scalability. These efforts aim
to bridge the gap between laboratory research and real-world appli-
cations.

By directly addressing these limitations, this thesis seeks to estab-
lish a robust foundation for the practical application of ERP-based
NFB, paving the way for its broader adoption in various real-world
contexts.
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ITERATIVE LEARNING CONTROL

3.1 introduction

As discussed in Chapter 2, ERP-based NFB training has shown promise.
However, a signi cant usability issue with NFB in general is the long
training time to see results. This issue is exacerbated in ERP-based
NFB due to the trial averaging needed for robust detection of ERPs.
Not only does trial averaging slow down the training, but it also sig-

ni cantly reduces the feedback frequency, possibly making it chal-
lenging for users to recognise and adjust their brain activity effec-
tively. As mentioned in Section 2.5, the number of trials in ERP-based
systems can modulate task dif culty. Personalising task dif culty in
NFB training, which can signi cantly improve motivation and user
engagement, by adapting the number of trials may therefore acceler-
ate the training and increase feedback frequency.

In this thesis, ILC is explored as a means to adapt task dif culty
in ERP-based NFB training, potentially enhancing its ef ciency and
usability. ILC is a control technique designed to learn from past ex-
periences, speci cally applied to repetitive systems, where the same
task is repeated multiple times, with each repetition referred to as
a run. Its inherent feedback structure allows it to naturally adapt to
small system changes. NFB training similarly involves task repetition
within a system that is inherently complex and time-varying due to
factors such as learning and fatigue, changes to which ILC can effec-
tively adapt. Due to its learning capabilities, ILC can automate task
dif culty adaptation, reducing the need for human intervention to
manually adjust task conditions, thereby further enhancing system
ef ciency and usability.

Inspired by the need for precision in industrial robots performing
repetitive pick-and-place tasks, ILC was independently developed by
Uchiyama [105 and Arimoto et al. [ 106 in the late 197G and 198Gs.
ILC assumes perfect repetition of tasks and aims to eliminate tracking
errors over multiple runs by considering past inputs and errors to de-
termine the new input for the next run, thus learning from previous
experiences. Initially used in industrial robotics and semiconductor
manufacturing [ 107], ILC has found applications in the biomedical
world, including exoskeleton control [ 10§ and stroke rehabilitation
[109.

ILC can be generally described by

Uk+1() = flex+1(), k- s(),uk (), ..ui- v()), 3.1
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where k = 1,2,...,,N is the run index, ug is the inputin run k and e
is the error between the referencer and the output yy [110, i.e.

e()=r()- yk(). 32

s and v in Equation (3.1) determine the order of the ILC algorithm.
For instance, in a rst-order algorithm, both s and v are unity, mean-
ing that the algorithm relies solely on information from the most re-
cent run [110. On the other hand, higher-order ILC algorithms incor-
porate data from multiple previous runs [ 107. The control law can be
based exclusively on historical data, known as previous-cycle learn-
ing, or it might include the error from the current run, referred to
as current-cycle learning. Some approaches even combine past and
current run data [ 107], or use predictions of future errors [ 110.

First-order, previous-cycle, ILC is the most common and often takes
the form of Equation ( 3.3) [111]:

Uk+1(t) = Ui (t) + f(ex (t + 1)), 33

where t is discrete time and k is the run number.
In comparison, typical feedback control can be expressed like this:

u (t) = fex(t- 1)). 3.4)

The primary aim of ILC design is to eliminate the tracking er-
ror ex(t), meaning the control input uy should be adjusted so that
limyg, 1 ex = 0[114. This process is referred to as convergence of the
tracking error. For ILC to successfully converge, it typically requires
that the reference signal remains constant across all runs, each run
has the same nite length, and the initial conditions are reset identi-
cally at the beginning of each run [ 11(. However, some algorithms
have been developed that relax one or more of these constraints, of-
fering more exibility in certain applications [ 112-114].

There are a number of ways to determine the function f in Equa-
tions (3.1) and (3.3). ILC algorithms can use a model of the system,
or can be data-driven, meaning they do not require (accurate) knowl-
edge of the underlying system. An overview of these algorithms is
presented in Section 3.2. Common application areas of ILC, both in
the industrial and biomedical domains, are discussed in Section 3.3.

3.2 types of iterative learning control algorithms

This section provides a broad overview of various ILC update laws,
distinguishing between classes of algorithms.

As the name suggests, in model-based ILC, the update law is de-
rived from the system model. Considering the equation

y = Gu, 3.5
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where G is a linear model of the system, this means that the update
law makes use of G in some way. In Equation (3.5), G is a general
system mapping that transforms the input u to the output y. While G
could be a speci c transfer function or a super-vector form of a state-
space model [110, here it is used as a generic placeholder to illustrate
the concept of input-output transformation. The exact nature of G is
not speci ed as it is meant to represent a variety of possible system
dynamics.

Fundamentally, model-based ILC algorithms use the inverse of G
or an approximation thereof [ 111]:

Uks1(t) = u(t)+ G~ tec(t+ 1), (36)

where is a constant learning gain. Since G transforms u from in-
put to output space, G ! transforms the error e from output to input
space. Assuming that the system model is perfect, G is invertible, and

= 1, model inverse-based ILC algorithms would lead to the elimi-
nation of the tracking error from the rst run. However, in practice,
this ideal set of conditions is rarely met [ 111]. Model inverse-based
ILC can achieve fast convergence with an accurate system model, al-
though determining the model inverse is not always possible [ 111].

On the other hand, model-free algorithms do not require an ex-
plicit system model, making them more exible but sometimes less
precise. One of the simplest, and rst, model-free ILC algorithms is
the Arimoto algorithm:

Uk+1(t) = uk(t) + e (t+ 1), 3.7)

where is a constant [10§. This P-type algorithm was popular due to
its simplicity, however, monotonic convergence of the tracking error is
not guaranteed [115. This means that the tracking error may increase
before it decreases. Other algorithms may also use the derivative
and/or integral of the error to create PD- and PID-type algorithms
[107]. The performance of these model-free algorithms is highly de-
pendent on the choice of

The most popular class of ILC algorithms is based on optimisation.
In optimal ILC, ug+1 is determined by minimising a cost function
that uses predictions of the error for different inputs or controller
parameters. This means that these algorithms do not directly use a
system model in the update law, but require a model to make predic-
tions. One popular optimal ILC algorithm is norm-optimal iterative
learning control (NOILC):
]

J+1(Uk+1) = ek 12+ Zjjuks1 - ukii®, (3.8)

where is a constant [111]. Similarly, in parameter-optimal iterative
learning control (POILC), a cost function is minimised to determine
in Equation (3.7) for each run [110Q,

F+1( k+1) = Jiek+ 1jj2+ ZJJ k+ 1jj2- (3.9)
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POILC solves the problem of asymptotic convergence in the classic
Arimoto algorithm [ 110.

In data-driven ILC, a system model is estimated based on input-
output relationships observed in previous runs [ 116. This estimated
model can then be employed in optimal ILC algorithms (e.g. [ 117),
leveraging the convergence properties of these algorithms without
requiring a pre-de ned system model.

The choice of algorithm depends on whether a system model is
available or can be determined, the level of uncertainty, the presence
of disturbances, and the speci c requirements of the control system.

Model-based ILC algorithms typically achieve strong performance
with monotonic convergence, making them particularly valuable in
applications requiring high precision. Although ILC can handle some
degree of model uncertainty, signi cant uncertainties may substan-
tially impair the controller effectiveness. In contrast, model-free ILC,
while potentially less accurate than model-based approaches, offers
the advantages of reduced complexity and easier implementation.

3.3 typical applications of iterative learning control

While ILC was inspired by industrial robots carrying out pick-and-
place tasks and initially found application in manufacturing, its appli-
cation areas today are widespread. This section will give an overview
of how ILC has been used in industrial and biomedical domains.

3.3.1 Industrial Applications

In the industrial sector, ILC has been used extensively in robotics
[107]. Robotic systems often have very complex dynamics that are dif-
cult to model accurately, making ILC an attractive choice for repet-
itive tracking tasks. ILC has been applied to control actuators in var-
ious robot types, including robotic arms [ 118, wheeled robots [119,
and gantry robots [ 120.

Another common application area is batch processes, where high
precision is required in the presence of model uncertainties and dis-
turbances. Examples of batch processes where ILC has been applied
include injection moulding, where a speci ¢ velocity pro le must be
maintained [ 121, 122, and the motion control of wafer scanners [ 123.

ILC has also been applied to urban traf c management, speci cally
for controlling traf c signals [ 124, 125. Another example of ILC appli-
cations are the control of autonomous vehicles [126 and trains [ 127,
129.
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3.3.2 Biomedical Applications

ILC is also widely used in the biomedical domain, particularly in
training and rehabilitation, where repetitive tasks are common. These
systems, which include medical devices interacting with human users,
often change over time due to factors like learning and fatigue. ILC
can naturally adapt to these variations. Additionally, model-free and
data-driven ILC does not require detailed system knowledge, an im-
portant feature in the biomedical domain where system models can
be highly complex and dif cult to identify.

The main application of ILC in the biomedical domain is the con-
trol of functional electrical stimulation (FES) for rehabilitation. In FES,
the nerves in the body are stimulated with electrical impulses to trig-
ger muscle movements. This stimulation has been shown to be effec-
tive for rehabilitation of paralysis or weakness and gait assistance in
patients following stroke or spinal cord injury [ 129. ILC algorithms
have been used to control the intensity of FES for upper [130, 13]]
and lower [ 132 limbs.

In a related eld and drawing on the initial application area of
industrial robotics, ILC has been used for robotic rehabilitation [ 133
134).

3.4 summary

ILC has traditionally been applied to perfectly repetitive tracking
problems, where it learns from past runs to eliminate tracking er-
rors over time while adapting to minor system changes. Due to its
learning abilities, ILC can achieve good control performance without
requiring an accurate system model. Although initially used in in-
dustrial processes, ILC has also found applications in the biomedical
eld, particularly in rehabilitation. These application areas share the
challenge of dealing with highly complex, repetitive, systems where
developing precise models is dif cult, and where dynamics often
vary between runs.

As discussed in Chapter 2, the ef cacy of NFB training may be
signi cantly in uenced by task dif culty, which should therefore be
carefully controlled. Given the parallels between NFB training and
applications that are typically targeted for ILC, it makes sense to use
ILC to adapt task dif culty, even though NFB is not a trajectory track-
ing problem. This approach leverages the feedback mechanism inher-
ent in ILC to adaptively adjust training parameters, ensuring that the
training remains challenging yet achievable.

While model-based ILC algorithms typically lead to better control
performance, the complexity involved in modelling an NFB training
system makes a model-free approach more suitable for this novel ap-
plication. A model-free algorithm is also less complex, which can im-
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prove the usability and acceptability of the system. The development
and evaluation of an ILC controller for task dif culty adaptation are
discussed in the next chapter.
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DEVELOPMENT OF AN ADAPTIVE P 300-BASED
NEUROFEEDBACK TRAINING SYSTEM

4.1 system overview

As discussed in Chapter 2, ERP-based NFB training remains under-
explored, despite promising evidence of its effectiveness. The P300
speller, in particular, appears to be an ef cient tool for P 300-based
NFB, enhancing attention in healthy adults [ 95, 96].

In this thesis, the use of ERP-based NFB for attention enhancement
in healthy adults, using a P 300speller and ILC for the personalisation
of task dif culty, is investigated. This chapter provides an overview
of the NFB system, as illustrated in Figure 4.1, and describes its de-
velopment.

Figure 4.1: Overview of the neurofeedback (NFB) training system.

The system comprises three main components:

e« The human: The person undergoing NFB training is an inte-
gral part of the system. They perform a task while their EEG is
recorded, and feedback is provided based on this data.

e The P300speller: The P300speller serves simultaneously as the
training task and feedback mechanism. A brief explanation of
how a P300speller works and how it can be used for NFB train-
ing, along with an overview of possible design choices, is pro-
vided in Section 4.2. This section also outlines the development
of the speller.

e The controller: The ILC controller adapts the training dif culty
based on the user performance. A model of performance in the
P300speller is developed to facilitate controller design, enabling
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simulation testing. The model and controller development are
detailed in Section 4.3.

42 p300 speller design and implementation

The P300 speller is a widely used BCI application that uses the P 300
component. Farwell and Donchin [ 135 developed the P300speller in
the 198G as a communication tool for individuals with severe paraly-
sis, including patients with locked-in syndrome. The speller functions
like an on-screen keyboard, presenting the user with a grid of sym-
bols, such as letters and numbers, where each symbol in the grid
is highlighted or ashed. These ashes typically occur per row and
column in the grid. The user focuses on the symbol they wish to se-
lect, generating a P300 wave when the target symbol is ashed. In
this thesis, the user is instructed to select a speci c letter, which is
highlighted in blue, by counting every time the letter is ashed. This
method is known as copy-spelling. Figure 4.2 shows what the P300
speller looks like.

(@) (b)

Figure 4.2: Screenshots of B0O0Ospeller used in this thesis. (a) The previously
selected letter is highlighted in grey, regardless of whether it was
correct or not, while the next target letter is highlighted in blue.
(b) Row 5 is being ashed, indicated by an increase in font size
and a change in font colour to white. The previous and current
target letters, as well as previously selected letters, are displayed
at the bottom of the window.

To enhance the SNR of the ERP, each symbol in the grid is ashed
multiple times, allowing the EEG signals to be averaged across all
ashes. This averaging process improves the reliability of the recorded
signals, facilitating a more accurate evaluation of the P 300 response.
EEG signals, in response to each ash, are called trials. Target trials
refer to EEG signals associated with the ashes of the row and col-
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umn containing the symbol the user wants to select. This means that
for each ash, per row and column, there are 2 target trials. Nontar-
get trials refer to EEG signals corresponding to the ashes of all other
rows and columns, resulting in 10 nontarget trials for each ash per
row and column.

Figure 4.3 shows the mean EEG response to target and nontarget
trials for four different individuals. Both types of trials result in oscil-
lations, representing steady-state VEPs due to the ashes. However,
target trials result in higher amplitude oscillations. These higher am-
plitudes correspond to the P 300 (positive amplitudes) and N 200 (neg-
ative amplitudes) components.

(@) (b)

(c) (d)

Figure 4.3: Example of EEG responses to target and nontarget trials in the
P300 speller for four different individuals from the study de-
scribed in Chapter 5. The x-axis represents time from stimulus
onset (0 ms) to 550ms.

Traditionally, the number of ashes per row and column is xed.
However, as discussed in Section2.4.3, the P300speller has been used
as an NFB training tool, with the number of ashes serving as the task
dif culty parameter of the speller [ 96, 98]. This section discusses the
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possibilities of turning a P 300 speller into an NFB tool, and how it
was implemented.

4.2.1 Design Choices

By de nition, in NFB training, the user is provided with feedback
based on their real-time brain activity. While not necessarily a require-
ment of NFB training, as seen in Section 2.5, training dif culty is often
adapted. Therefore, to turn a P300speller into an NFB training tool, it
is necessary to extract some output from the P300speller that re ects
user brain activity. This output is then used to provide feedback to
the user and to adapt the conditions of the spelling task to modulate
its dif culty. Several possible outputs and task conditions are consid-
ered, and the bene ts and drawbacks of each are discussed in the
following sections.

4.2.1.1 Possible Outputs

There are two possible types of metrics to use for feedback: the user
performance and their brain signals. The performance in the P 300
speller is measured by spelling accuracy, which is the percentage of
correctly identi ed letters in a run. A run in the P 300 speller is de-
ned as any sequence of letters or symbols spelled in one go, which
could be a few letters, a word, or a sentence. In the remainder of this
thesis, a run is always a single word. The bene ts of using spelling
accuracy are its ease of calculation and interpretability. As a standard
metric in the P 300 speller, spelling accuracy is well-documented in
the literature. However, spelling accuracy only indirectly re ects the
user P300 wave and may be in uenced by external factors, such as
movement artifacts. For example, a user might subconsciously move
their head every time the target letter ashes, which could be detected
by the EEG system.

Regarding brain signals, there are four main metrics considered:
P300 amplitude, P 300 latency, total power, and alpha power. P 300
amplitude is positively correlated with cognitive abilities [ 46]. While
P300 amplitude is commonly used as a strength metric, P 300 ampli-
tude calculation is not well-de ned. Some approaches measure the
voltage difference between the baseline and peak within a speci ed
time window, while others use the voltage difference between the
positive and negative peaks. Variations in the de nition of the base-
line and the chosen time window can greatly affect the results [ 26].
Total power, which quanti es EEG signal strength across all rhythms
within a speci ed time window, provides an alternative that can indi-
rectly indicate P 300 strength without requiring peak de nition. How-
ever, like P300 amplitude, total power remains sensitive to specic
signal processing choices.
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P300 latency is the time between stimulus onset and the point at
which the maximum positive amplitude peak occurs within a speci-
ed time window. Again, the choice of an appropriate time window
is crucial but not well-de ned. Similar to P 300 amplitude, latency is
known to correlate with cognitive abilities [ 46)].

The nal brain signal metric considered is alpha power, represent-
ing the strength of EEG signals in the alpha rhythm. Although alpha
power is associated with attentional engagement and correlates with
the P300[48], it is not directly targeted by the P 300 speller, and thus
changes in alpha power may not reliably re ect training progress. For
this reason, alpha power is less suitable as a feedback metric in the
context of the P300 speller.

Given the lack of clear standards for calculating P 300 amplitude
and latency, the sensitivity of all brain signal metrics to speci ¢ sig-
nal processing steps, and the established ef cacy of spelling accuracy
as feedback in ERP-based NFB studies 96, 98], it was decided to use
spelling accuracy. The objectivity and simplicity of spelling accuracy
will facilitate the design of an adaptation algorithm that is computa-
tionally ef cient and interpretable.

Nevertheless, all brain signal metrics discussed here will be em-
ployed in subsequent sections to assess underlying brain processes
and cognitive engagement during training. These metrics provide
complementary insights into the brain's response, allowing a more
comprehensive evaluation of training effects.

4212 Possible Task Conditions

There are two possible task conditions that potentially modulate dif-
culty: the timing of ashes and the number of ashes. Both condi-
tions theoretically affect P 300 strength, meaning that when these are
adjusted, the user must improve their focus to maintain performance,
thereby enhancing attention. The conditions also make the training
more fast-paced, which may help keep users engaged.

By adjusting the inter-stimulus interval (1SI), which is the time be-
tween ashes, or by reducing the number of ashes, the target-to-
target interval (TTI), i.e. the time between target stimuli, is modi ed.

It is known that increasing the TTI increases P 300 strength [46]. Con-
versely, decreasing the TTI may reduce P300 strength. The ISl is usu-
ally a xed parameter of the P 300 speller, so it is unclear how the
ISI should be adapted based on the user's performance. Additionally,
the ISl is limited to a few hundred milliseconds, making it uncertain
whether changing the timing of the ashes would suf ciently alter
P300 strength.

Reducing the number of ashes decreases the SNR, since there are
fewer trials to average, in addition to decreasing the TTI. Unlike tim-
ing adjustments, changing the number of ashes is more straightfor-
ward, with a clear range and minimum step size. Evidence suggests
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that adapting the number of ashes in uences the ef cacy of NFB
training using a P 300speller [98].

Changing the number of ashes to adapt the speller dif culty is
an obvious choice, as it potentially modulates the P 300 strength in
two ways: by decreasing the SNR, and the TTI. It is also a preferable
choice, as it is more clearly de ned, and there is supporting evidence
for its use in modulating task dif culty [ 96].

4.2.2 Implementation

An open-source software platform for BCI applications, OpenViBE
[136, is used to implement the P 300speller. The software comes with
two versions of a P300 speller. The only difference between the two
versions is the use, or absence, of a spatial lter. The standard version
of the OpenVIiBE P300 speller does not use a spatial lter; instead,
it uses all EEG channels directly for target classi cation. In contrast,
the xDAWN P 300 speller uses the xXDAWN spatial Iter to reduce
the incoming EEG channels to a prede ned number of components
[137). The spatial Iter is designed to optimise the SNR in ERPs. It
uses the covariance matrices of the signal (in this case, target trials)
and noise (nontarget trials) to calculate spatial Iters that are linear
combinations of the EEG channels [137]. Modi ed versions of both of
these spellers are used in this thesis. How the spellers work, and the
modi cations, are brie y outlined in this section.

Both versions of the speller use a linear discriminant analysis (LDA)
classi er to distinguish between target and nontarget trials [ 13§. In
this implementation, the trials are 600 ms long, starting with stimu-
lus onset. This classi er is trained for each user at the start of every
experimental session, using EEG signals from two calibration runs.

In OpenVIBE default P 300 spellers, each individual trial is classi-
ed as either target or nontarget, before voting is conducted to select
the row and column with the most target classi cations. However, in
other speller implementations, and more commonly, trials are rst av-
eraged, and only then classi ed into target and nontarget rows and
columns. Since this is the more common classi cation approach in a
P300 speller, the code is modi ed to re ect this. In this classi cation
approach, the average of all trials is calculated for each row and col-
umn, before each row and column is classi ed as target or nontarget.
The row and column with the highest probability of belonging to the
target class are then selected, even if the probability is below 50%.

Additionally, OpenVIiBE default P 300 spellers do not calculate the
spelling accuracy at the end of a run. Spelling accuracy calculation
is implemented, as spelling accuracy is needed for feedback and the
task dif culty adaptation module. The spelling accuracy is calculated
by checking whether the selected row and column match the actual
target row and column, and increasing a counter if they do. At the
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end of a run, the count of correct letters is divided by the total letter
count to get the spelling accuracy for that run.

Finally, to facilitate comparison of the task dif culty adaptation
module developed in this thesis with an existing approach [ 96], spelling
accuracy must be calculated for each number of ashes up to the one
actually used. This is referred to as cumulative spelling accuraadwn this
thesis. This means that classi cation and subsequent spelling accu-
racy calculation need to be performed using only the rst 12 trials (2
target and 10 nontarget trials), then the average of the rst 24 trials,
and so on, until the average of all trials is used.

4.3 development of task difficulty adaptation module
4.3.1 Model and Simulation of Performance in 860 Speller

This section details the development of a phenomenological model
of performance in a P300 speller. This model is created to facilitate
easy and frequent testing of the controller, described in Section 4.3.2.
Testing the controller through human experiments would be imprac-
tical and could lead to biased comparisons due to unavoidable con-
founders. Therefore, developing a model and using simulation is the
preferred approach.

Another reason for the model development is that ILC can be model-
based, as discussed in Chapter3. Having a system model therefore
opens up the possibility of using it in the controller.

To understand the behaviour that should be modelled, the dataset
described in Section 4.3.1.1 is analysed. The model structure is then
explained in Section 4.3.1.2, followed by an overview of the model
training process in Section 4.3.1.3. The simulation developed using
this model is outlined in Section 4.3.1.4.

4.3.1.1 Overview of the Training Dataset

The Akimpech dataset [139 is a publicly available dataset containing
raw EEG data from 30 healthy individuals who completed several
runs of a P300speller task, along with classi er weights.

The experiments consisted of four sessions. In the rst session,
three runs were completed without feedback to collect calibration
data. In the second session, all participants copy-spelled the word
“SUSHI” with 15 ashes per row and column. In the third session, all
participants completed three free-spelling runs with 15 ashes, allow-
ing them to choose which words to spell. In the fourth session, both
the number of runs and the number of ashes varied for each partici-
pant. The number of letters spelled in each of these free-spelling runs
ranged between 2 and 15. Some patrticipants did not participate in the
fourth session, resulting in a range of 4to 11runs across participants
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in sessions two to four. Only data from sessions two to four are used
in this analysis, as the rst session did not include feedback.

9 of the 30 participants in the dataset are excluded due to poor
or incomplete data. The remaining 21 participants are split into 16
training and 5 validation participants.

The cumulative spelling accuracy is calculated for each participant.
Figure 4.4 shows the mean spelling accuracy, termed J;, for all partic-
ipants in the rst 4 runs.

Figure 4.4: Mean spelling accuracy, J;, for all participants, over the rst 4
runs.

Ji1 represents the absolute performance of a participant. However,
in NFB training, absolute performance is not the primary focus. For
this reason, spelling accuracy is divided by the number of ashes,
denoted as J, = J;=f, where f is the number of ashes. J, indicates
performance relative to task dif culty and is the metric targeted for
maximisation during training. The mean J, for all participants, over
the rst 4runs, is shown in Figure 4.5.

Figure 4.6 illustrates the progression of J, for participant 20 over
all runs, depicting the participant's learning curve. This learning evo-
lution is what the phenomenological model aims to capture.

Based on the observations from this dataset, the following behaviours
are identi ed:

« Behaviourl: If performance is perfect and task dif culty remains
constant, then performance does not change. While long-term
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Figure 4.5: Mean spelling accuracy per number of ashes, J,, for all partici-
pants, over the rst 4 runs.

Figure 4.6: Example progression of J, over all runs. The sequence of ashes
used is speci ed at the top of the gure. The absolute spelling
accuracy, J;, for each run is given in brackets.
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factors like fatigue or loss of motivation might eventually alter
performance, this behaviour holds for the few runs simulated.

< Behaviour2: If performance is not perfect with a constant dif -
culty level, performance typically improves.

< Behaviour3: Changes in task dif culty impact performance.

Additionally, it is assumed that there exists an optimal task dif -
culty level that challenges the individual without causing excessive
frustration [ 140. Therefore, Assumptionl posits that performance im-
provement is maximized at this optimal task dif culty and decreases
as the actual task dif culty deviates further from this optimal level.

4.3.1.2 Model Structure

The proposed model tracks the progression of participant performance
(in terms of spelling accuracy per number of ashes) over P 300speller
runs, representing the participant learning curve during training. Spelling
accuracy per number of ashes can be viewed as an indirect measure
of participant attention level, or overall cognitive ability.

The model is de ned by the following equation:

b(k)= k- D)+ e (k- )+ t (k), 4.1

where J (k) is the spelling accuracy achieved in run k divided by the
number of ashes f(k) used inrun k. and are parameters deter-
mined in Section 4.3.1.3. e(k) represents the error in a run, de ned as

1- Ji(k)

e(k) = k)

4.2)
and t (k) is the change in task dif culty in run k relative to the
optimal task dif culty, de ned as

f(k- 1)- f(k)

L= oGk o)- )

4.3)

fO is the optimal task dif culty, which is de ned as the number of
ashes that maximises J (k- 1).

This model satis es Behaviourl since e(k - 1) and t (k) are zero
if the performance in run ( k- 1) is perfect and the task dif culty
does not change. Behaviour®2 and 3 are satis ed due to the inclusion
of the second term, e(k - 1), and the third term, t (k), respectively.
Finally, Assumptionl is addressed by incorporating f° in t (k). The
model thus ful lls all the behavioural requirements identi ed in Sec-
tion 4.3.1.1.
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4.3.1.3 Parameter Estimation

The parameters and in Equation (4.1) are estimated using least-
squares, subject to the constraint that the maximum possible spelling
accuracy is 100%. The parameter values obtained using least-squares
are listed in Table 4.1.

Table 4.1: Estimated model parameter values.

Parameter Value

1
0.068

Figure 4.7 shows the model t for all participants in terms of mean-
squared error (MSE) and the coef cient of determination ( R?), which
assesses how well the model explains variance in the data. Figure 4.7b
excludes the R? scores for participants 5, 6 and 12to allow for a better
scale. TheR? values for these participants are - 0.3333 - 8.6550and
- 1.0313 respectively.

(a) (b)

Figure 4.7: Model t for all participants. (a) Mean-squared error (MSE). (b)
Coef cient of determination, RZ. Participants 5, 6 and 12 are ex-
cluded to allow for better scale.

An average MSE of 0.00150n the training data, and 0.0011on the
validation data, is achieved. The average R® on the training data is
5.42% (83.75% when the same participants as above are excluded)
and 94.15% on the validation data.

This discrepancy between the R? score on training and validation
data can be explained by the fact that the randomly selected valida-
tion participants performed reasonably well in the P 300 speller task,
whereas some training participants, particularly participants 5, 6, and
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12, performed poorly. This suggests that the model is good at captur-
ing strong performance, but struggles to simulate poor performance.

Figure 4.8 shows the actual data and the simulated learning curve
of validation participants 8 (second-best model t in terms of MSE)
and 17 (worst model t in terms of MSE). The best validation partic-
ipant (index 10) is not shown because they only completed the rst
four runs with a constant number of ashes and 100% spelling accu-
racy, leading to perfect model t by default.

Figure 4.8: Model output and measured data of validation participants 8
and 17. The sequence of ashes used is speci ed at the top of the
gure.

While the model can accurately simulate the learning curve of par-
ticipant 8, there is a larger error in the last three runs for participant
17. However, the model still captures the overall trend of the learning
curve.

4.3.1.4 Simulation

This section outlines the development of a performance simulator
in a P300 speller using the model described in Section 4.3.1.3. The
simulation is developed to enable quick and easy testing, and initial
tuning, of the controller, described in Section 4.3.2.

For the simulation, noise, characterised by the residuals in J; from
the model described in Section 4.3.1.3, is added to the model to en-
sure that different runs of the simulation are unique and to represent
the inter- and intra-participant variations in performance observed
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in reality. Figure 4.9 shows a histogram of the residuals for both the
training and validation data. As can be seen, the distributions for
both the training and validation data are similar, with most residuals
centered around zero. Several different distributions are tted to the
histogram of the residuals to model the noise. It can be seen that a
Cauchy distribution models the residuals most accurately.

Figure 4.9: Histogram of model residuals ( J;, %) with possible distributions.
The Cauchy distribution is therefore chosen for the simulation,
with the following speci cation:

1
(1+(Z0)2)

f(x) = 4.9
where Xg is the location parameter, de ned as the peak of the distri-
bution, which in this case is 0, and s the scale parameter, de ned
as the half-width at half-maximum, which is 5.06 for the distribution

of the residuals. The equation for the Cauchy distribution therefore

becomes:

1
5.06 (1+(s%5)%)

f(x) = 4.5)
To implement a simulation, an arbitrary starting run with 10 ashes
and a J; performance per ash, as shown in Table 4.2, is de ned. This
performance is chosen to resemble the mean curve observed in the
Akimpech dataset. 10 runs are then simulated using the model de-
scribed in Section 4.3.1.3 with additive noise drawn from the Cauchy
distribution (Equation ( 4.5)) to determine performance in a given
run. This simulation is then used for the design of an ILC controller
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and subsequent evaluation of different task dif culty adaptation ap-
proaches, discussed in Section4.3.2.

Table 4.2: Starting performance in simulation.

Number of ashes Spelling accuracy

0.4
05
0.6
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4.3.2 lterative Learning Controller Development

As discussed in Section 3.4, using ILC to adapt the task dif culty in
NFB training is a logical approach. As mentioned in Section 4.2.1, the
number of ashes per row and column is chosen as the task dif culty
parameter in the P300 speller, which is adapted based on spelling
accuracy. Recalling the typical framework of ILC:

Uk+1 = Uk + 0 (&), (4.6)

this means that the input u represents the number of ashes, and
the error e represents the percentage of incorrect letters in a run, i.e.
ex = 1- Jix. 9 (e) therefore is the change in number of ashes
based on the error. Unlike traditional ILC, both u and e are scalars.

This section describes the development of the ILC controller for
task dif culty adaptation, as well as the results of a comparison to an
existing approach and random dif culty levels.

4.3.2.1 Control Design

The rst step in the control design is de ning the requirements. If
a person performs very well during training, the training should be-
come more dif cult, as strong performance could indicate that they
are not suf ciently challenged. In the context of the P 300 speller, this
means that if the spelling accuracy is high, the number of ashes
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