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Resumo 

Considerando os efeitos do AVC no tecido cerebral e o comprometimento motor correlato, o 

emprego da reabilitação com realidade virtual (RV) pode ser um aliado na ativação 

neuroplástica. Uma nova abordagem RV para a detecção de atenção e imersão, através de 

biopotenciais é apresentada com base nas características dos sinais elétricos cerebrais e sinais 

eye-tracking neste estudo. Com vista à demanda competitiva de atenção em nosso cotidiano e 

a identificação de processos neurais nos sinais de EEG associados a ela, além da disponibilidade 

de dispositivos portáteis baseados em biopotenciais, torna-se possível interpretações por 

métricas na caracterização da atenção, imersão e concentração do usuário baseadas em 

parâmetros extraídos do sinal de EEG e monitoramento eye-tracking (ET). Dados de ET foram 

monitorados como potenciais relacionados à fixação do olhar. Em relação às bandas de 

frequência do EEG relacionadas com a atenção nas formas de imersão e concentração, como 

métricas da rede cerebral por meio de densidade espectral de potência, as áreas frontal e parieto-

occipital foram ativadas nas bandas θ, α e β. A assimetria frontal alfa foi investigada, resultando 

em mudanças significativas nos estados de imersão, em comparação com o estado de 

relaxamento. Áreas específicas do cérebro e bandas de frequência foram analisadas: análise 

frontal de EEG, bem como índices relacionando razão entre bandas de frequência de muitos 

canais de EEG foram usados para investigação de concentração em duas tarefas de atenção 

diferentes. Um maior nível de atenção reflete um aumento no potencial teta (θ) nos eletrodos 

frontais e, nos eletrodos parietais, um aumento no potencial em relação ao ritmo alfa (α).  Como 

direções futuras, indicamos um maior número de pacientes na investigação, uso de novas 

características de resposta do sinal cerebral, como tempo de reação e investigações em tempo 

real através das métricas estabelecidas neste trabalho.  

 

  



     

Abstract 

Considering the effects of stroke on brain tissue and related motor impairment, the use of 

rehabilitation with virtual reality (VR) can be an ally in neuroplastic activation. A new VR 

approach for detecting attention and emotion through biopotentials is presented based on the 

characteristics of brain electrical signals and eye-tracking signals in this study. With a view to 

the competitive demand for attention in our daily lives and the identification of neural processes 

in the EEG signals associated with it, in addition to the availability of portable devices based 

on biopotentials, it becomes possible to capture by attraction in the characterization of attention, 

immersion, and concentration of the User tracked on parameters extracted from the EEG signal 

and eye-tracking (ET) monitoring. ET data were monitored as potentially related to gaze 

fixation. Regarding the EEG frequency bands related to attention in the forms of effort and 

concentration, as metrics of the brain network through power spectral density, the frontal and 

parieto-occipital areas were activated in the θ, α, and β bands. The alpha frontal asymmetry was 

investigated, it had significant changes in the immersion states, compared to the relaxed state. 

Specific brain areas and frequency bands were surveyed: frontal analysis of EEG as well as 

indices relating ratios between frequency bands of many EEG channels were used to investigate 

concentration in two different attentional tasks. A higher level of attention reflects an increase 

in theta potential (θ) in the frontal electrodes and, in the parietal electrodes, an increase in 

potential relative to the alpha rhythm (α). As future considerations, we indicate a greater number 

of patients in the investigation, and use of new brain signal response characteristics, such as 

reaction time and real-time thinking through resistances in this work.  
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VR systems are helpful in exposing the user, or patient, in case of an exergame/serious 

game, to punctual and constant stimuli, varying its intensity. Thus, the increase in attention can 

change and when monitored, can supply individual 's information modulated per those stimuli. 

The combination of EEG signals monitoring and eye-tracking signals have been alternative as 

non-invasive, portable solution in monitoring processes in neuroscience. Growing equipment 

popularization and low-cost ones (compared to lab solutions) is a strategy applied in situations 

that mimic daily conditions in use of therapy (KHOKALE et al., 2023). 

The VR system that is developed for therapy/physiotherapy purposes, with ludic features, 

manipulated by a patient with specific protocol, can be agreed as a serious game. A patient 

stricken per cerebrovascular accident (CVA), can enjoy serious game features in search for a 

quality-of-life improvement, associating a more pleasurable one activity practice of regular 

physiotherapy (KHOKALE et al., 2023). Serious game use in the context of therapy and 

rehabilitation was recently quite explored at lab practice, each turn more into clinical practice. 

Cerebrovascular Accident (CVA), or Stroke, is the second biggest cause of death today 

in the world (11.8%), ahead only is ischemic heart disease (FEIGIN; NORRVING; MENSAH, 

2017). Together with the advances in the quick and careful interventions, deaths relative to 

stroke have decreased. However, the post-stroke outcomes are diverse, for example elevated 

individuals’ disability, depression, anxiety, vascular cognitive impairment (VCI) and severe 

fatigue, generating challenges that prevent the full recovery of the individual, generating low 

functional rehabilitation and compromising quality of life. Associated with this, only 19% of 

those affected have access to a rehabilitation program (KATAN; LUFT, 2018). 

Therefore, this study goal is to characterize EEG and eye-tracking signals patients 

affected per cerebrovascular accident (CVA), inducing upper limb commitment, that also 

complain of difficulty in paying attention in daily activities. The present study relates current 

research and band ratios assessment methodologies through the EEG signal in the context of a 

VR system  - serious game/exergame aimed to treat at the therapy level of stroke survivors - 

and eye-tracking signals.  

 

1.1 THESIS RELEVANCE 

 

Identifying adequate process measures to study and better understand cognitive processes 

is a central point of research in neuroscience. Especially non-invasive solutions, and low-cost 
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ones, have increased the capability of doing research outside laboratory conditions, mimicking 

daily activities, and finding new perspectives for improving people’s quality of life.  

Using EEG wearable with 8 channels, for analyzing EEG frequency band power, and eye-

tracking device, this thesis uses recent lean technologies (customer-value focused approach) 

and strategies, working with physiological measures, in a state of art proposal, regarding the 

recent literature, in a VR context. 

Analyzing eye-tracking data and EEG data simultaneously in one study is due to provide 

further insights into the sensitivity of these measures to assess mental processing demands in 

the context of a free-viewing task, in different demands of attention. Finally, the combined 

recording of eye-tracking and EEG data allows to additionally analyze the EEG data fixation-

related in certain areas of interest (AOIs), which might be in general a promising methodology 

for studying the EEG in complex, multimedia task materials (SCHARINGER, 2018). 

In this thesis we wanted to describe the outcomes of metrics in fixation-related EEG 

frequency power analysis in different attention states, and present reproducibility of the 

methodology in the context of VR systems, showing statistical relevance and comparison. Our 

focus is on collaborating with the immersive virtual reality approach to post-stroke 

rehabilitation therapies. As (SCHARINGER; SCHÜLER; GERJETS, 2020) describes, 

fixation-related EEG data analysis has been proposed as a promising methodology to study the 

EEG in free-viewing situations, yet most studies so far focused on the time-domain, that is on 

fixation-related potentials and not on the frequency domain. As this, fixation-related frequency 

band power analysis may be more explored.  

This thesis is divided in 6 sections/chapters. Chapter 1 presents the general idea of this 

thesis work, introducing terminologies that will be defined in Chapters 2 and 3. Chapter 2 gives 

the idea of how EEG signals are formed and recorded in a non-invasive approach. Chapter 3 is 

based on a published work by the author of this Thesis, 

https://doi.org/10.3389/fphys.2021.727840. Chapter 4 shows each step used to investigate 

attention, through EEG and eye-tracking, in the context of a specific VR system. Chapter 5 

presents the results found. Chapter 6 discusses and make final considerations. References are 

added at the end of each Chapter. 
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The brain is a paired structure, which corresponds to the right and left hemispheres, each 

relating to the opposite side of the body. The surface of the hemisphere (most superficial layer) 

is called cortex, which receives information from the skin, eyes, ears, and other receptors 

located generally on the opposite side of the body and is divided into six layers, which add up 

to 1 cm thick, called neocortex (Figure 2). Each hemisphere consists of several layers, where 

the outermost layer is a dense collection of nerve cells called gray matter, 1.5 to 4 mm thick, 

formed by neuron cups, neuroglial cells, and unmyelinated nerve fibers (WEBSTER; 

NIMUNKAR; CLARK, 2010). 

The brain and its main functions can be divided by regions, which are called cerebral 

lobes, see Fig. 2.2. There are four lobes located in the cerebral cortex: frontal, parietal, occipital 

and temporal lobes, named after the corresponding skull bones. There is also the insula lobe, 

internal to the parietal, frontal and temporal lobes. The insula/insular lobe is a hidden portion 

of the cerebral cortex that can be visualized by delicately pulling apart the margins of the lateral 

fissure (BEAR, 2013). 

 

Fig. 2.1.2. Lobes of the brain. [Source]: translated from (BEAR, 2013) 

 

Another way of dividing the cerebral cortex is into three types of functional areas, the 

primary, secondary, and association areas. The cortical areas responsible for basic functions are 

called primary motor or sensory areas. Secondary areas are located next to each primary area 

and receive afferent projections from the corresponding primary areas and the thalamus. They 

are responsible for integrating the original signal from the primary areas with the information 

received from the thalamus, to refine the input from the primary area. 
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The association areas, on the other hand, are cortical areas that integrate, process, and 

analyze different types of stimuli that reach the brain, and are involved in mediating higher 

cognitive functions, one of the most important being the prefrontal cortex area. 

The various areas, called Brodmann areas, differ in microscopic structure and function. 

Visual areas are found in the occipital lobe, somatosensory areas in the parietal lobe, 

auditory areas in the temporal lobe. The sensory information analysis areas, motor control areas, 

are in the frontal lobe. Associative areas of the cortex being those that are not directly involved 

with motor or sensory functions, see Fig. 2.1.3. 

 

 

 

Fig. 2.1.1 Major sensory, motor, and associative cortical areas. [Source]: translated from (BEAR, 
2013). 
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2.2 Basic Functional Unit 

 

Two major categories of cells in the nervous system are: neurons and glia, among which 

there are many types of cells that differ in structure, chemistry, and functionality. Although 

there are approximately equal numbers of neurons and glial cells in the adult human brain 

(about 85 billion each), neurons are responsible for most functions unique to the nervous 

system. It is the neurons that sense changes in the environment, communicate these changes to 

other neurons, and direct the body's responses to these sensations. Glia, or glial cells, contribute 

to neural functions primarily through their insulating, supportive, and nurturing effect on 

neighboring neurons (BEAR, 2013). 

Most cells are 0.01 to 0.05 mm in size. The neuron has distinct regions, a central region 

contains the nucleus of the cell and is called the soma. The thin tubes radiating from the soma 

(cell body) are the neurites, subdivided into dendrites and axons. Dendrites can reach up to 2 

mm in length, while axons can travel great distances in the body, reaching more than one meter 

in length (BEAR, 2013). 

Neurons can be classified according to the number of neurites or the aspect of the 

dendrites, among other classifications (types of connections and length of the axon). Two large 

classes are differentiated in the cerebral cortex, stellate cells – star-shaped – and pyramidal cells 

– pyramidal in shape (Fig. 2.2.1) and uniformly positioned perpendicular to the cortical surface. 

This characteristic is differential so that the postsynaptic potential, to be seen in the next topic, 

can be added, and recorded by EEG electrodes on the scalp.  

 

Fig. 2.2.1 Classification of neurons based on the structure of the dendritic tree. [Source]: translated 
from (BEAR, 2013)  
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Fig. 2.2.2 presents a schematic drawing of a typical pyramidal cortical neuron. Bodies of 

this cell type are commonly triangular, with the base downward and the apex toward the cortical 

surface. The pyramidal neuron usually has a unitary axon, which emerges from the inner surface 

of the cortex with the projection of its fibers to other areas of the cortex, or other structures of 

the brain. Often their axons send branches back, as feedback, to the cellular region where they 

first originated (WEBSTER, NIMUNKAR AND CLARK, 2010). 

 

Fig. 2.2.2 Electrogenesis from the field of cortical potentials to a network of excitatory inputs in the 
apical dendritic tree of a typical pyramidal cell. The resulting current flow moves like waves between 

synaptic buttons. [Source]: (WEBSTER; NIMUNKAR; CLARK, 2010) 

 

2.3 ACTION POTENTIAL 

 

The signal that carries information along the nervous system is called an action potential. 

From the cellular and resting point of view (resting potential condition), the interior of the 

neuronal membrane is negative in relation to the external environment. In the action potential, 

there is a rapid inversion of this state, with the internal environment becoming more positive in 

relation to the external environment. The action potential is also called a spike potential, nerve 

impulse or discharge (BEAR, 2013). 

The action potential generated in a portion of the membrane is constant in size and 

duration and does not decrease as it propagates down the axon. It is the frequency and pattern 

of action potentials that constitute information to be transferred from one location to another. 
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Its properties and characteristics are universal to the animal kingdom, as can be seen in Fig. 

2.3.1. 

 

Fig. 2.3.1 Action potential phases and characteristics. [Source]: 
[https://www.moleculardevices.com/applications/patch-clamp-electrophysiology/what-action-potential], access on June 28, 2023. 

Fig. 2.3.1 represents a graph of the membrane potential against time. There are 

identifiable parts, shown in Figure 6: 1. The onset phase, 2. the ascending phase – rapid 

membrane depolarization – which allows the internal membrane potential to reach the 

maximum peak value of 40 mV, with influx of Na+. Failed depolarizations happen due to not 

reaching the threshold level. When there is the overdrive spike, the interior of the neuron is 

positively charged relative to the outside. 3. In the descending phase – rapid repolarization of 

the inner medium of the membrane – the inner medium becomes more negative than the resting 

potential, when K+ ions come outside. 4. In the next phase – post potential hyperpolarization or 

undershoot – there is a gradual restoration of the 5. resting potential. From start to finish, this 

event lasts about 2 milliseconds (ms), and the stimulus generating the action potential must 

overcome a threshold for the onset of depolarization (BEAR, 2013).  

Under normal conditions, the action potentials conducted by axons in the cortex 

contribute very little to the integrated surface potential because there are many axons in the 

cortex that are going in different directions and that depolarize asynchronously. Consequently, 

the temporal and spatial influence on the field potential at the cortical surface is neglected. 

When there is a synchronous response to cortical inputs/stimuli, it is called an evoked potential, 

and it has a relatively large amplitude. Synchronicity of adjacent fiber and cortical neuronal 

activity is the biggest factor influencing the magnitude of the surface potential that can be 

recorded with scalp electrodes (WEBSTER, NIMUNKAR AND CLARK, 2010). 
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Unipolar field potentials recorded in cortical layers reveal that surface cortical potential 

is increased by the 'network' effect of postsynaptic potentials from cortical cells, as shown in 

the pyramidal cell polarization in Fig. 2.2.2. This network of potentials can be excitatory or 

inhibitory - changing only the polarity of the dipole shown in Fig. 2.2.2 - and recorded directly 

below the electrode or at some distance from it. The potential change recorded at the surface is 

measured by this network of falling potentials between the surface location and the distance 

from the reference electrode. This network could have a resultant of zero, nullified by a closed 

field effect (WEBSTER; NIMUNKAR; CLARK, 2010). 

Since this is an ordered and symmetrically fitted cortical surface with specific types of 

cortical cells, the recorded cortical electrical change may create a situation of open field 

potentials, which is favorable for detecting postsynaptic depolarizations. Pyramidal cells make 

this situation possible, as they are oriented vertically, with their long apical dendrites arranged 

parallel to each other. Thus, potential changes in one part of the cell relative to another part 

create a measurable current movement on the cortical surface, which is illustrated in Fig. 2.2.2 

(WEBSTER, NIMUNKAR AND CLARK, 2010). 

On the other hand, the non-pyramidal cells of the neocortex do not contribute 

substantially to surface recordings. This dipole relationship in the pyramidal cell, between 

dendrite and soma, dependent on excitatory or inhibitory stimulus, is what constantly alters the 

current dipole, where variations in dipole orientation and density produce fluctuations that 

resemble waves in the surface field potential. The recording of these fluctuating signals is given 

by electrodes on the scalp and originate the electrocardiogram, a signal that will be discussed 

in the next topic. The sum of negative dendritic activity, relative to the cell, it becomes excitable 

and depolarized. When positive, the cell is hyperpolarized and less excitable (WEBSTER, 

NIMUNKAR AND CLARK, 2010). 
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2.4 ELECTROENCEPHALOGRAM 

 

The electroencephalogram is used to non-invasively diagnose brain injuries and tumors, 

just as it is used in neuropsychological research. Electroencephalograms are usually recorded 

from the scalp, which means that underlying brain cortical electrical activity must pass through 

the meninges, pia and dura mater, cerebrospinal fluid, skull, and scalp. When the ion waves hit 

the electrodes, the voltage difference between the electrodes can be measured by a voltmeter. 

Accounting for these voltages over time results in the EEG tracing, which is a 2D representation 

of the conduction volume, which is 3D. It is estimated that each of the EEG electrodes sees a 

solid angle adding up the activity of about 6 cm² of underlying cortex, with a significant number 

of thousands of cells in synchrony, indicating the behavior of cortical neurons (OLEJNICZAK, 

2006). 

Considerable attenuation and spatial averaging of the brain signal occurs due to various 

structures that electrical activity must travel through. The highest brain potential recorded on 

the scalp is approximately 150 µV peak. The standard for EEG recording via scalp electrodes 

is 10-20 – recommended by the International Federation of Societies for 

Electroencephalography and Clinical Neurophysiology, with positioning relative to anatomical 

landmarks of the skull and 10% or 20% intervals, see (NORTHROP, 2003) and Fig. 2.4.2. 

Different devices for EEG recording can vary from 1 to 32 electrodes across the scalp, and a 

total of 128 towards the face. The electrodes are the initial element for recording these 

biopotentials, as this is where the transduction of the ionic signal into an electrical one takes 

place. The electrodes must have metallic components and can have two main formats – disk or 

pins – and provide signal transduction with or without the help of conductive gel. The disc-
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shaped electrodes, Fig. 2.4.1 are generally made of AgCl (silver chloride) and positioned with 

the help of a conductive gel at the electrode-skin interface. 

 

Fig. 2.4.1 Recording of brain electrical activity with an EEG electrode. The small electric fields are 
produced by electric dipoles in the pyramidal cells, in a postsynaptic depolarization. [Source]: 

translated from (BEAR, 2013) 

 

Fig. 2.4.2 International electrode positioning system, 10-20, with its traditional 19 electrodes. For 
referential (unipolar) recording, atria A1 and A2 are used as reference [Source]: (MARCUSE; 

FIELDS; YOO, 2015) 
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Typical EEG signals have frequencies in their spectrum corresponding to specific 

activities. Its characteristics can be seen in the Fig. 2.4.3 and Fig. 2.4.4, and it is possible to see 

that they are stochastic signals – they do not repeat themselves as a function of time. A complete 

EEG signal recording system comprises electrodes positioned on the scalp, connected to the 

amplification and filtering unit, subsequent analogue-digital conversion, signal processing, and 

recording or demonstration of the signal in real time. The signal/noise ratio of the EEG signal 

is relatively low, it is also subject to a strong attenuation at the skin-electrode interface, due to 

the impedance that characterizes it, in addition to the half-cell potential of the electrodes, which 

demands that computational algorithms assist in the process extraction of EEG signals and their 

possible characteristics of interest (WEBB, 2018). The removal of noise from the EEG signal 

in each channel (electrode) and its correlation with other channels, can generate information on 

the interactions of different areas of the brain, which can be observed by investigating the EEG 

rhythms. 

 

 

Fig. 2.4.3 (a,b) Characteristic EEG signals from two electrodes positioned at different physical 
locations on the scalp (c) Summed EEG frequency spectrum of all scalp areas for a typical EEG 

[Source]: (WEBB, 2018) 
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Fig. 2.4.4 Schematic example of EEG waveforms in different frequency bands [Source]: (WEBB, 
2018) 

EEG signal rhythms are correlated with certain behavioral states and pathologies. Brain 

rhythms are categorized into five most analyzed bands, depending on their frequencies, they 

are: the delta (δ), theta (θ), alpha (α), beta and gamma (γ) bands. The gamma band (γ) will not 

be addressed in this work, as it is a very high frequency range, normally associated with 

neuroscientific investigations, but which requires high precision from recording devices. 

Traditionally, the rhythms are described as follows, presenting the main associated behaviors. 

Delta (δ) rhythms are slow, with high amplitude and frequencies below 4 Hz, normally 

only observed in children and adults who are in a state of deep sleep. A large detection of delta 

activity in awake adults is abnormal and is often associated with neurological disease. Delta 

waves originate in the thalamus or the cortex (WEBB, 2018). 

Theta rhythms (θ) have high amplitude, low frequency, with a defined band of 4.1 to 

7.9Hz. It occurs in small amounts in a normal waking adult, in a state of meditation and problem 

solving, as well as in large amounts it is associated with neurological diseases. A greater amount 

of these waves is seen in young and older children, and adults in a light sleep state. The theta 

band is associated with a wide range of cognitive processes (WEBB, 2018). 

Alpha (α) rhythms occur at a frequency of 8 to 13 Hz. They are found in almost all normal 

people when they are in a state of wakefulness, creativity, concentration and in a state of 

relaxation. It is measured over the occipital region of the brain, primarily reflecting visual 

processing and memory retrieval. Its amplitude is high when the eyes are closed and body 
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relaxation, and it is attenuated when the eyes are open and when performing mental tasks 

(WEBB, 2018). 

Beta (β) rhythms are found between 13.1 and 30Hz and are registered by the frontal and 

contralateral regions of the brain. Beta waves are characterized by a symmetrical distribution 

at the peaks of their waveform when there is no motor activity, and it becomes asymmetrical – 

desynchronized – with low amplitude during movement (WEBB, 2018). 

 

Table 2.4 Brain Waves features 

Brain 

Wave 
f (Hz) A (µV) Description 

Delta 1 – 4 20-200 
Predominant in the deep sleep state, loss of bodily awareness, 
dreamless sleep, unconscious 

Theta 4.1 – 8 10 
Found in the sleep state and in tasks that do not require 
concentration, such as automatic tasks. Reduced consciousness, 
dreams, light sleep 

Alpha 8.1 – 13 20-200 
Physically and mentally relaxed, state of attention, conscious, super 
learning. The occipital, parietal and frontal areas have the greatest 
amplitudes. 

Beta 13.1 – 30 5-10 

State of alert with attention to an external stimulus or concentrated 
on a task that requires reasoning, focus. It presents a lower 
amplitude than alpha oscillations and it is commonly found in the 
parietal and frontal lobes. 

Gama 32 – 100 5-10 
Observed in synchrony with visual information, whether 
consciously or not. Waves are prominent at 40Hz and associated 
with sensory processes in the visual cortex. 

A: amplitude; f: frequency. 

 

2.5  CEREBROVASCULAR ACCIDENT / STROKE 

Stroke is one of the major causes of death and disabilities in the world and the reason for 

116.4 million disability-adjusted life-years (DALYs) (MAROTTA et al., 2020). The Global 

Burden of Diseases, Injuries, and Risk Factors Study reports that, in 2016, stroke was 

responsible for 5.5 million deaths globally. The great challenge of the survivors of stroke is to 

address the long-term consequences as sensory, motor, cognitive, and visual impairments. 

These neurological deficits are the main rehabilitation targets since these reduce the ability of 

individuals to perform activities of daily living (ADL) (KATAN; LUFT, 2018). 

The most common involvement caused by stroke and the most widely reported is motor 

damage. This may be noted as loss of muscle control function, or limitation in mobility. 

Therefore, several new models of rehabilitation for motor recovery, such as robotic therapy and 

non-invasive brain stimulation, have been developed based on clinical studies and science, with 
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the aim of characterizing brain remodeling, due to the process of neuroplasticity - the brain's 

ability to adapt to environmental pressure, experiences and challenges, including brain damage 

(YUAN et al., 2021). 

Stroke survivors’ manifest deficits in physical functions, e.g., motor impairment in up to 

80% of cases, associated with disability in language, sensory, behavioral, and visual functions, 

dysphagia and cognitive domain (difficulty in intellectual capacity, memory, attention, 

orientations, awareness). The location of the brain damage, its extent and the amount of the 

recovery are key-points in the stroke’s final outcome (LANGHORNE; BERNHARDT; 

KWAKKEL, 2011). 

The use of brain-computer interfaces (BCI) has been applied for post-stroke 

rehabilitation. Most studies report patients who actively operated devices, performing robotic 

movements, for example, with the help of this interface to promote their rehabilitation. The use 

of BCI implies modifying the patient's neuronal activity, under the effect of progressive 

practice, with certain feedback or reward. It is estimated that changes in cortical activation 

patterns remain in the patient, when they perform similar activities, even after cessation of 

therapy activities (Yuan et al., 2021). In a current review, it was found that the use of short-

term therapies with devices, immediately after the end of the intervention, is significantly more 

effective than the control interventions in post-stroke upper limb rehabilitation (MANSOUR et 

al., 2022). 

Recording the EEG signal in this context has proven to be a prominent tool that offers a 

more direct measurement of the electroencephalographic signal with greater temporal 

resolution to explore the dynamics of brain processes. Effective connectivity developed from 

Granger causality theory can be derived from the EEG signal (YUAN et al., 2021). This type 

of connectivity theory reveals directed information flowing from one region to another and 

asserts directed information and correlation between brain areas. EEG can be applied to 

estimate functional and effective connectivity. Functional connectivity is defined as a statistical 

interdependence between spatially distant neurophysiological regions, usually measured by 

correlation, coherence and information theory (CAO et al., 2022). 

Generally, EEG data can be used either for evaluating the presence of neural plasticity in 

stroke patients before and after neurobehavioral treatment or as neurofeedback for brain-

computer interface (BCI) systems. Indeed, the most common brain signal activity (EEG 

rhythms) used with BCI paradigms in stroke patients is related to motor planning and execution. 

During a motor attempt, the temporal pattern of the Alpha rhythm (8–12 Hz) over the 



     

17 
 

sensorimotor cortices desynchronizes. This rhythm is considered an indirect indication of the 

action observation network and reflects the general sensorimotor activity. When these EEG 

signatures change in the Beta rhythm (12–30 Hz) in the form of event-related 

desynchronization, they indicate that motor action is executed (ARCURI et al., 2021). 
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states of concentration and immersion through the EEG signal. In concentration, subjects 

should focus on a red dot in the center of the screen, while in immersion they should focus on 

playing a VR game. The beta waves rose in both the concentration and immersion states in the 

frontal and occipital lobes, increasing further in immersion. The alpha waves showed only 

decay at rest times, in both concentration and immersion states, between tasks. Factors that call 

the individual’s visual attention, causing fixation-related potentials (FRPs), were not 

investigated in that work, any intention existed to assess the individual’s eye-tracking data 

during recording of the EEG signals. 

To allow more immersion into VR systems, the individual’s immersion process in the 

virtual environment is the individual’s presence in the virtual environment. This is possible 

through an avatar, which is defined as a direct extension of ourselves as they are a close 

resemblance of what we experience in the real world (WALTEMATE et al., 2018). Games are 

the main way to explore the individual’s presence in the virtual environment. More focused on 

medical attention, exergames (VR-based exercises) have been a recent investigation into the 

approach of VR technologies, scientific investigation of physiological signals and therapies, 

often using avatars. 

Virtual reality (VRs) systems can be classified according to its type of interaction with 

the user, allowing levels of immersion, into desktop-based VR systems, semi-immersive and 

fully immersed VR systems. These differences are necessary in the classification of immersive 

VR environments, since the user, when watching a 2D or 3D video, without controlling the 

virtual environment, in a passive way, is not facing an immersive environment – non-immersive 

VR, or desktop-based VR systems. Semi immersive VR devices, or distributed VR systems, 

allow a mixed view of the virtual environment, as with the use of 3D glasses, or controlling a 

desktop-based system. In the fully immersed VR system, the immersion device must be an 

HMD or be placed in a cave automatic virtual environment (CAVE), which is a room covered 

by screens on all walls (LI, Gang; ZHOU; et al., 2020). 

As presented at the end of Chapter 2, new technologies, such as virtual reality (VR), have 

been developed to enhance reorganization of the neuromotor ways and reduction of motor 

disability. Thanks to the distinctive characteristics of the surroundings created by the VR system 

and the multiple sensor-based interactions between the subject and the system, a virtual scenario 

can be perceived as a realistic experience. In a virtual environment, the therapist can build, 

adjust, and propose exercises that in conventional practice are unsafe, difficult to realize or too 

expensive. Moreover, due to the possibility of a gamification of the therapy, patients show more 
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authors demonstrated that these results were also correlated with minor cognitive deficits in 

memory, attention, visual perception capacity and problem solving.  

(LIN et al., 2021) demonstrated an improvement in the VR mirror therapy group 

regarding total score and hand component. Immersive virtual reality treatment has great 

potential in motor stroke rehabilitation and can offer additional benefits in comparison with 

standard therapy. Upper limb deficits are a common consequence of stroke: over 80% of stroke 

survivors have an upper limb dysfunction, e.g., spasticity, dystonia, muscle contracture, loss of 

strength and dexterity, decreased active joint range of motion, lack of precision and bi-manual 

coordination (DEMECO et al., 2023). Five typical arm spasticity patterns are shown in Fig. 

3.2.2, as elucidated by (DOUSSOULIN et al., 2020). A global movement is addressed in the 

Free to Fly exergame to rehabilitate the typical spasticity patterns. 

 

Fig. 3.2.2 Prevalence of Spasticity and Postural Patterns in the Upper Extremity Post Stroke 

3.3 EYE-TRACKING 

The use of technologies, such as an eye-tracking device (eye-tracker) can help in the 

composition of individual behavior metrics and physiological data, so that the researcher learns 

about cognitive processes and other information processing skills, in different contexts: reading, 

educational research, level of attention and visual behavior in interaction with a VR system 

(LEE; ANDERSON, 2001). 

Several metrics can be extracted from subject eye-tracking. Natural eye movement 

tracking called eye-gaze, blinks, smooth eye movement tracking, rapid eye movement tracking 
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between two fixation points called saccade, pupil dilation data, fixation-related potential signal 

and time on a particular activity or region, and time data under an area of interest (AOI), when 

using systems limiting the individual's field of view. In the studies by (LIM; YEO; YOON, 

2019; VARELA CASAL et al., 2019), biomarkers are deduced from eye-tracking information. 

The individual's attention is calculated from measurements of the fixation time on a target in 

the center of the screen to which he is exposed. 

Approaches on eye-tracking metrics date back to the beginning of the 20th century, where 

the corneal reflex method was created, and it is based on the use of the eyeball as a spherical 

pattern that rotates like the center of a circle, and the reflex point is always fixed (LI, 

ZHAOWEI; GUO; SONG, 2021). This was the first eye-tracker to generate data in two 

dimensions (x,y), developed by Stratton and used for studies of illusions, aesthetics and object 

perception (STRATTON, 1906). Applied to the study of relevant tasks and ocular focus as an 

attention strategy, the first evidence with an eye-tracking experiment dates back to 1999 by 

(HAIDER; FRENSCH, 1999). 

A very common commercial device for recording eye-tracking is the Tobii® 

(https://www.tobii.com/) eye-tracker, which has several versions, and nowadays afford many 

devices options. Its overall technology allows tracking the main variables of interest in eye-

tracking: heat map, area of interest, saccade occurrence, fixation time and duration, among 

others. While the system is quite stable and does not change the measurement variables due to 

changes in the user's head, wearing specific clothes or glasses, blinking or problems with the 

user experience.  

For processing gaze data, an open-source solution is OGAMA (VOSSKÜHLER et al., 

2008), which is a gaze data analytic tool to collect a large body of records consisting of fixation 

points linked by paths. Heatmaps, scan-paths, transition matrices, fixation metrics and charts of 

AOIs provide useful visualization techniques to support insight discovery from gaze data. 

However, they always provide a partial information between the visualization of the raw data, 

often dense and complex, and a given level of abstraction which gives a specific point of view 

of the data. Because of that, merging eye information and EEG data, may lead to new 

perspectives. 

Specifically, to fixation time and duration data from eye-tracking, the fixation-related 

potentials on EEG may allow promising combination of EEG and Eye-tracking data, giving an 

improved overview of the interaction. It has been only recently studied and can be observed 

through combined analysis of EEG and Eye-tracking recordings. Fixation-related Potentials 
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(FRPs) are a subcategory of event-related potentials (ERPs) that rely on eye-fixation based 

events to give context to brain activity. This type of ERP is time-locked to the onset of an eye 

fixation. This characteristic aligns these events with the underlying cognitive processing which 

occurs during visual exploration. This subsequently allows to inspect said cognitive processes 

as they relate to the examined visual information (WOBROCK et al., 2020). 

FRPs have been generally studied in very controlled environments, proposing artificial 

and curated stimuli to the users during interaction. Yet, these potentials lend themselves to an 

enhanced evaluation of brain activity in a wide variety of more natural scenarios, indicating 

free-viewing approaches to be successful. Indeed, the additional recording of eye movements 

allows for the monitoring of where and how the user attention is allocated with respect to the 

manipulated system (WOBROCK et al., 2020). 

Both eye-tracking (ET) and electroencephalography (EEG) have a rich history of 

experimental paradigms and results that have revealed much about the workings of visual 

perception. Studies are increasingly combining these two techniques into what we will refer to 

as ET-EEG experiments. Where eye movements (EMs) offer a close insight into the temporal 

and spatial allocation of attention, EEG is informative about what happens in the brain before, 

during, and after the eyes land on a certain region of a stimulus. EEG-only paradigms often 

require observers to not move their eyes and not blink during trials. Such paradigms without 

eye movements (static EEG experiments) often aim to infer the workings of perception in 

everyday life. But eye movements are abundant in everyday tasks. Allowing eye movements in 

experiments is a natural step towards studying these processes in ways that generalize better to 

situations outside the lab (CORNELISSEN; SASSENHAGEN; VÕ, 2019). 

3.4 EEG FEATURES IN ATTENTION ALLOCATION AND GAMES 

In the context of cognitive neuroscience, attention is one of the three cognitive control 

abilities (the other two are working memory and goal management) (GAZZALEY; ROSEN, 

2016). The EEG signal extracted from the scalp surface can be divided into frequency bands, 

which have stochastic characteristics of similar amplitude and frequency. The different bands 

of brain frequencies carry information about the states of individuals. For the same individual 

and between individuals, the amplitudes and occurrence of rhythms activity can vary greatly. 

The use of EEG-based devices has become popular with the advancement of EEG 

wearable devices, as it lowers the cost of capturing EEG signals and allows its use in 

uncontrolled environments, as well as in non-medical environments, with the most popular 
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being the Neurosky ®, OPENBCI® and Emotiv ®, which generate measurements of ratios and 

frequency bands of brain waves. BCIs or BMIs, by definition, are interfaces that use brain 

signals to control close-loop systems in real time. The variability of the inter- and intrapersonal 

EEG signal has generated, over several decades, discomfort for scientific purposes. Only in the 

last decade, with the advancement of technology and the advent of low-cost portable EEG 

wearable device, it has been possible to popularize the capture of the EEG signal in various 

non-laboratory contexts and generate comparative patterns between experiments from pre-

defined levels and scales by these equipment (SOUZA; NAVES, 2021). 

Regarding brainwave bands, the increase in α – alpha waves (low alpha 8–11 Hz and high 

alpha 11.1–13 Hz) has been the main physiological indicator of low anxiety state, especially 

high alpha (LI, Gang; HUANG; et al., 2020) which indicates also cognitive idleness, being a 

marker of external stimuli suppression capable of reorienting the individual’s attention 

(VORTMANN; KROLL; PUTZE, 2019). In this sense, there is an indicator of the alpha wave 

arousal on the top-down attention direction (external stimulus oriented), a restorative process 

that reduces anxiety and fatigue. The individual’s immersion in environments that encourage 

contact with nature, with the intention of transmitting tranquility, relaxation, and increased 

meditation activity, increases the power of alpha waves (GRASSINI et al., 2019). 

Event-related potentials (ERPs) are brain electrical potentials, associated with the 

individual’s internal and external stimuli. Therefore, they can be the result of external or internal 

stimuli attention, in terms of attentional orientation (LINDSAY, 2020). ERPs can be the result 

of cognitive processes, but are also easily affected by mood and emotion, and are analyzed with 

a focus on time-domain monitoring of the EEG signal at a specific interval after the source 

stimulus. Since signal to noise ratio (SNR) of EEG measurements is relatively low, data from a 

single stimulus presentation usually do not allow inferences about the stimulus related activity 

of interest. So, ERPs specifies an important role averaging the EEG signal/specific band around 

a stimulus. The trigger for the primary stimulus is a crucial factor in understanding these 

potentials, which are validated in terms of their amplitude and latency measures and may be an 

intra- or inter-individual assessment. 

Prominent FRP components might represent in relation to cognitive processing. Each 

component considers the aspects of processing associated mainly with reading. The earliest 

effect observed is a positive visually evoked response that originates from the occipital regions 

of the scalp with a peak at approximately 100 ms after fixation onset on a written word. This 

visually evoked response, once labelled ‘lambda wave’, is now considered the equivalent of the 
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P1 component. The P1 component is followed by the N1 component, a negative potential which 

is largest over left occipital, parietal and temporal areas of the scalp, with a peak approximately 

200 ms after fixation onset (DEGNO; LIVERSEDGE, 2020). Fig. 3.4.1 shows waveforms that 

might (ideally) be revealed if deconvolution processes are applied successfully to an average 

FRP data stream recorded across two successive fixations regarding reading process. The word 

“carrot” and then on the word “juice” are targets as the sentence “John made a very tasty carrot 

juice with fresh carrots yesterday” is read (DEGNO; LIVERSEDGE, 2020). 

Following the N1 component, a P2 component has also been observed. This positive 

potential is observed first over anterior and central areas of the scalp between approximately 

140–280 ms after fixation onset, being modulated by semantic relatedness and word 

predictability (DEGNO; LIVERSEDGE, 2020). 

 

Fig. 3.4.1 The solid black line represents the waveform and components (i.e., P1, N1, P2, N2, P300, 
N400, P600) that result from processes associated with the fixation on pre-targets. Dashed line 

continues what should be for targets (DEGNO; LIVERSEDGE, 2020). 
 

A variety of spectral characteristics/dynamic variables can be extracted from the EEG 

signal as indicative of cognitive variation, which provide satisfactory measures and 
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classification of cognitive workload. The EEG signal features shows that most investigations 

of mental load/arousal/attention allocation are by means of the maximum, ratio or averaged 

power spectral density (PSD) over theta, alpha and beta bands, mainly (BIOULAC et al., 2019; 

LIM; YEO; YOON, 2019; MAGOSSO et al., 2019; MATTHEWS et al., 2015; YIN; ZHANG, 

2014; YU et al., 2015). 

The EEG frequency band power, and more specifically the EEG theta (4–6 Hz) frequency 

band power at frontal electrodes and the EEG upper alpha (10–13 Hz) frequency band power 

at parietal electrodes have been shown to be sensitive for measuring mental processing demands 

in a variety of different tasks, so far predominantly in highly controlled task settings of basic 

research, as described by (SCHARINGER; SCHÜLER; GERJETS, 2020) with examples. 

Increased mental processing demands typically result in increased EEG theta power at frontal 

electrodes and decreased (upper) alpha power at parietal electrodes. A (relative) increase in 

frequency band power is typically termed event-related synchronization (ERS), a (relative) 

decrease in frequency band power is termed event-related desynchronization (ERD). One 

prominent way to express changes in EEG frequency band power (with respect to a baseline) 

is the use of the ERD/ERS%-measure (PFURTSCHELLER; LOPES DA SILVA, 1999). 

ERD/ERS%-values are calculated using the following formula: ERD/ERS% = 100 * (frequency 

band power condition -frequency band power baseline) /frequency band power baseline. In 

principle, three different baseline-selections are possible for calculating ERD/ERS%-values: a) 

using a pre-stimulus baseline, b) using a separate condition as baseline (e.g., a rest baseline), or 

c) using a whole trial condition-average baseline (COHEN, 2014). The ERD/ERS%-values are 

calculated separately for each electrode and each frequency band. Depending on the concrete 

selection of the baseline for calculating ERD/ERS%-values and ERS (or ERD) might not 

always be associated with a positive (or negative) sign as originally defined by (NEUPER; 

PFURTSCHELLER, 2001). ERD and ERS are not explored in results of this study, besides it 

can be inferred by increasing and decreasing of EEG bands over the scalp. 

In the context of VR systems, some findings are pointed out, and compared in this study 

in the discussion section:  

• for different levels of a game, no significant differences were found in α and β 

waves for the subjects’ brainwave power data (COENEN et al., 2020), while 

(COWLEY; RAVAJA, 2014) identified decreased delta power and relatively 

balanced fronto-hemispheric alpha power in the five analyzed levels;  
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• for different cognitive load demands in the game, as learning increases, the best 

predictors are frontal alpha power and alpha and delta ERSPs, but not P300 

(MATHEWSON et al., 2012);  

• it is estimated that a higher level of attention reflects an increase in the theta 

potential (θ) in frontal electrodes and, in parietal electrodes, an increase in the 

potential relative to the alpha rhythm (α) (TREJO et al., 2015). 
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Brain waves were measured using an Ultracortex ‘Mark IV’ EEG wearable device, 

from OpenBCI®. There were 8 channels, and the Fp1, Fp2, F3, Fz, F4, C3, C4, and Pz 

positions were measured based on the 10–20 system, connected to the OpenBCI Cyton 8-

channel conditioning Board, with a sample rate of 250 Hz (ADS1299 chip, ~1GΩ input 

impedance, promoting impedance matching with the skin). The channels of the electrodes 

were numbered sequentially, starting from 1 for Fp1 to 8 for Pz. Two reference 

electrodes/ear clips were attached to the ear lobes. Dry pin (spikey) electrodes were used 

(Fig. 4.1.1 A), made of plastic with a metallic print cover on the pins, installed in 

Ultracortex nodes with hair, positioned in the 3D laboratory printed cap (Fig. 4.1.1 D), 

Fig. 4.1.1. To reduce discomfort, 5 comfort units (Fig. 4.1.1 C), that have springs, and 2 

flat unit electrodes (Fig. 4.1.1 B) are used in no hair parts, distributed over the wearable, 

weighting it equally. Then, a battery pack is placed on the head, right upon the Cyton 

board site.  

 

Fig. 4.1.1 Spikey units, Flat units, comfort units, and 3D printed parts of Ultracortex IV 

Mark wearable device/ “headset”. [Source]: 

{https://shop.openbci.com/collections/frontpage/products/ultracortex-mark-iv?variant=43568381966}, accessed on 

June 28, 2023. 

Fig. 4.1.2 shows the connection of each component. Tobii® Eye-tracker 4C was 

used to register ET information, i.e. x,y positioning list of the eye on the screen (1600x900 
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pixels). The role screen was the AOI in this experiment. The physiological signals are 

recorded one time, synchronized later with the EEG signal by a timestamp log, in an 

offline fashion. Both signals are recorded in the same machine. ET approaches 1) 

Constant recording during the three tasks at 60 Hz. The eyes' position in a 2D VR 

environment and their direction are registered in an x,y matrix. 2) The time and timestamp 

measurements are registered for the attentional tasks for each trial. 

 

Fig. 4.1.2 Study framework components 

A method based on the recording of the resting state eye open and closed has been 

presented in their study. From the five different frequency bands, we consider only three 

bands: theta, alpha, and beta. This choice has been motivated by the fact that delta bands 

are more presented in the deep sleeping state, which is not the case in this study, and that 

the gamma bands tend to be more affected by noise (e.g. electrical noise having a 

frequency of 60 Hz) and are also merge with beta band in several studies, their 

contribution being minors. This methodology merges aspects from (DELVIGNE et al., 

2020; LIM; YEO; YOON, 2019) works. 

A VR Environment was developed at NTA-UFU, an assistive technology laboratory 

inside UFU. This VR Environment checked for VR exergame characteristics, developed 

for upper limb rehabilitation purposes (TANNUS DE SOUZA et al., 2021), achieving 

good tracking accuracy, simplified use, and practicality to patients and professional 

assistance, greater accessibility than commercial solutions, in a low-cost tracking system 

fashion, using the webcam from the laptop. See Fig. 4.1.3 to visualize the colored ball, 

the tracked part to control the exergame, to maximize the fruits gained by the avatar. 

Griping the colored ball, the patient practices the claw and hold move, and a global arm 
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move directs the avatar through the desired path, which is a comfortable VR beach view, 

where the avatar must catch as many fruits as it can.  

The role patient’s play was to achieve rehabilitation’s movements in a non-

conservative fashion. The VR environment was designed as in the (TANNUS DE SOUZA 

et al., 2021) work, called FreeToFly, developed in Unity® 3D platform, with minor 

modifications to elucidate each part of the stimulation phase. This approach meets some 

comments from (DEMECO et al., 2023) work, as (ÖGÜN et al., 2019) work. In the 

experimental protocol consisting of some games, but not targeting specific function of the 

upper limb: grip function, hand, and forearm movement to handling items and complete 

complex gesture. 

 

Fig. 4.1.3 Screen view with feedback sight  

The experiments were conducted in the order of Eyes Closed (EC), REST, SelAT, 

and SusAT, Fig. 4.1.4. REST state is a concatenation of Eyes Open rest state and RV 

Immersion with no command over the avatar. These two moments were summed up after 

evaluation of ET and EEG signal data, by their similarity. The state’ duration was then 

improved merging those experimental phases. 
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Fig. 4.1.4 Study framework detailing preparation phase and the stimulation phase in each state. 
Red parts form REST state, RV Immersion + Selective Attention constitutes SelAT state and RV 

Immersion + Sustained Attention constitutes SusAT state 

In this environment, a 1 min task (REST) is performed, as well as, 2 minutes 

attention tasks duration: 

• relaxation (REST) 

• selective attention (SelAT) 

• sustained attention (SusAT) 

The attention states had no longer duration due to reported arm pain/tiredness from 

patients during pilot studies. The patients were seated 60 cm from the laptop screen, legs 

should touch the floor at a 90º angle at the knee joint. Each participant performed 3 trials, 

concluded 3 times the stimulation phase detailed in Fig. 4.1.4. At the end of the trials, the 

patient answered the translated and validated Brown attention-deficit disorder scale 

(BADDS) for use in Brazil (KAKUBO et al., 2018).  

BADDS is a self-report questionnaire that is used for screening adults with a 

possible case of ADHD. The questions in BADDS are not driven in terms of inattention-

hyperactivity-impulsivity symptoms, but instead assess functional impairment in five 

areas, through 40 questions. These five areas are as follows (KAKUBO et al., 2018): 

1. organizing and prioritizing work and activation for work; 

2. focusing on tasks, sustaining this focus and shifting attention to tasks; 

3. regulating alertness and sustaining effort, and the ensuing processing speed; 

4. managing frustration and modulating emotions; and 

5. using working memory and accessing recall. 

Each question has a possible score from 1 to 4. The higher the cluster score and 

overall score are, the higher the risk is that the individual has ADHD. All individuals who 

complete the BADDS questionnaire are classified into three groups: i) possible, but 

unlikely to have ADHD, if the score is less than 40; ii) possible, but unconfirmed ADHD, 

if the score is between 40 and 54; and iii) highly likely but unconfirmed ADHD, if the 

score is above 55 (KAKUBO et al., 2018). 

ASRS is currently the most accepted and most widely used self-report questionnaire 

for screening for ADHD symptoms (KESSLER et al., 2007). The questionnaire asks 

directly about the existence of inattention-hyperactivity-impulsivity symptoms. It 

consists of 18 questions, with scores for each question ranging from 0 to 4. Zero means 

that no symptoms were present within the last six months, while 4 indicates that all 
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symptoms were present within the last six months. The composite scores of this 

questionnaire, similarly to BADDS, classifies patients into categories depending on the 

risk of ADHD. Patients with scores between 0 and 16 are considered to be individuals 

with an unlikely risk of having ADHD; patients with scores between 17 and 23 are 

considered to be individuals with a likely chance of having ADHD; and finally, 

individuals with scores of 24 and over are considered to present a high likelihood of 

having ADHD (KAKUBO et al., 2018). Only one patient in our case study presented 

score over 24 for ASRS and score 44 for BADDS, i.e. signs of ADHD. The author decides 

to work with only this data for feature extraction in this study. 

To assess attention, visual stimuli related to the environment appear: fruits falling 

from the sky and landing in a place indicated by large colored circles. The patient is asked 

to look in its direction without moving the head. The difference between the second and 

third task is the apparition of a combination of right and wrong stimuli: in the selective 

attention task, the patient can only grab bananas, and he is instructed to do so. In the 

sustained attention, only one type of stimulus appears, i.e., any grabbed fruit works. The 

time elapsed between the target apparition and the moment at which the participants take 

the target was not measured, it varies greatly and was not a good attention variable, as 

well as a button register made at each fruit catch. The signal from analog register spoiled 

some EEG data/added artifacts to it. 

4.2 OGAMA MEASUREMENT 

Eye-tracking data, using an x,y matrix followed by time information were the input 

data for OGAMA calculations. Some detections are specified as follows. 

Fixation detection. The fixation calculation is done using the fixation detection 

algorithm published by LC technologies (www.eyegaze.com/doc/ 

FixationSourcecode.htm). It is a dispersion-type algorithm with a moving window 

(SALVUCCI; GOLDBERG, 2000). The source code is ported to C# and added a time 

estimation support, but the working principle is not changed (VOSSKÜHLER et al., 

2008). This is described in the source code documentation: 

“The function detects fixations by looking for sequences of gaze-point 

measurements that remain relatively constant. If a new gaze point lies within a 

circular region around the running average of an on-going fixation, the fixation is 

extended to include the new gaze point. (The radius of the acceptance circle is the 

http://www.eyegaze.com/doc/
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above user specified maximum distance.) To accommodate noisy measurements, a 

gaze point that exceeds the deviation threshold is included in an on-going fixation 

if the subsequent gaze point returns to a position within the threshold. If a gaze 

point is not found, during a blink for example, a fixation is extended if a) The next 

legitimate gaze point measurement falls within the acceptance circle, and b) There 

are less than the above minimum numbers of samples of successive missed gaze 

points. Otherwise, the previous fixation is considered to end at the last good gaze 

point measurement. (source code description, www.eyegaze.com 

/doc/FixationSourcecode.htm)” 

Prior to the fixation calculation, the fixation detection algorithm applies a two-step 

filter. In the first step, empty values are ignored in the calculation. This is necessary 

because of the different sampling rates of the gaze and mouse data. The second step is to 

omit samples with both x- and y-coordinates equal to 0, which often marks the eye-tracker 

output during a blink, and to omit samples that lie out of the screen. 

In the experimental settings, one must specify two parameters for this algorithm: 

(1) the maximum distance (in pixels) that a point may vary from the average fixation 

point that is still considered to be a part of the fixation, and (2) the minimum number of 

samples that defines a fixation. Depending on the experimental sampling rate and the 

research domain, these highly interdependent parameters must be chosen carefully 

(VOSSKÜHLER et al., 2008). 

The attention maps are calculated as aggregated Gaussian distributions of each 

fixation in a stimulus slide. The summed Gaussian distributions are then overlaid on the 

original stimulus slide. Doing this allows a quick visualization of a landscape of visited 

and unvisited locations on the stimulus slide. The attention map calculation uses a two- 

dimensional Gaussian kernel with an editable size to enable adjustable smoothing of 

fixation distribution landscapes. With a mean value of μ=0, a standard deviation of σ, and 

an isotropic distribution, the Gaussian kernel is given by the following formula 

(VOSSKÜHLER et al., 2008): 

𝑓(𝑥, 𝑦) = 𝑒−𝑥2+𝑦22𝜎22𝜋𝜎2  𝑥, 𝑦 ∈ [−𝑠, 𝑠]  (1) 

The standard deviation is internally set to σ= s/5. Each value of this template kernel 

is multiplied for each fixation with a factor that is given by the duration of the fixation. 

http://www.eyegaze.com/
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This factor represents the weighting of this fixation. All multiplied kernels in a trial are 

then added to a stimulus-sized array at the positions of the respective fixations. Finally, 

the whole array is normalized. The result is a stimulus-sized height map or landscape. 

This landscape can be easily transformed into a color map by a predefined or custom 

gradient. The user can choose the subjects to include in the calculation along with whether 

the calculation should be based only on the first or on all fixations. Thus, one can easily 

answer questions like “Where does the average subject have its first look?” and “What 

locations of the stimulus are not noticed by the average subject?” (VOSSKÜHLER et 

al., 2008).  

4.3 SIGNAL PROCESSING 

A study flowchart overview is seen in Fig. 4.3.1. 

 
Fig. 4.3.1 Study flowchart 

 

4.3.1 FILTERING THE DATA 

The Fig. 4.3.1 shows graphical explanation of the meaning of cutoff frequencies, 

pass band, stop band, as well as transition bands. 
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Fig. 4.3.1.1 Filter types and frequency response. [Source]: 
https://eeglab.org/tutorials/05_Preprocess/Filtering.html 

In the default Windowed Sinc filter, EEGLAB® (DELORME; MAKEIG, 2004), 

used in this thesis, the start values there for the filter order: two times the cutoff frequency 

for highpass and bandpass (for cutoff < 2Hz). 20 to 40% of cutoff frequency for lowpass 

and 1 to 5 Hz for line noise bandstop. The basic rule is to have the transition band as wide 

(roll-off soft) as possible to avoid artifacts but separated from the signal of interest. 

To remove linear trends, it is desirable to highpass filter the data. Highpass filtering 

the data at 1 Hz is recommended to obtain good quality ICA decompositions (KLUG; 

GRAMANN, 2021). Lowpass filtering high-frequency noise is also necessary in our EEG 

signal, limiting the passband from 1Hz to 30 Hz. EEG data were preprocessed offline in 

MATLAB (R2019a, Mathworks, Natick, MA, United States) using the EEGLAB toolbox 

(version March 3rd, 2023, Swartz Center for Computational Neuroscience, San Diego, 

CA, United States) and its extensions in combination with some custom MATLAB and 

Python (Jupyter Lab) scripts. 

Data is fragmented into the sections indicated by each moment of the phase 

stimulation, in all 3 trials performed by the patient. Thus, artifacts and transition data 

between activity blocks were removed. The data were pre-processed in a few steps in 

EEGLAB®: (1) high-pass filter at 1 Hz (the standard EEGLAB windowed sinc FIR filter 

from the Firfilt plug-in (v2.6) with a cut-off frequency of 1 Hz was used and parameters: 

ripple 0.0022, transition band 30 Hz and sampling frequency 250 Hz, order: 414 (onepass-

zerophase, hamming-windowed sync FIR cutoff (- 6 dB) 1 Hz, transition width 2.0 Hz, stopband 
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0-0.0 Hz, passband 2.0-125 Hz max. passband deviation 0.0022 (0.22%), stopband attenuation -

53 dB); (2) The signal was low-pass filtered at 30 Hz by the Short IIR filter, EEGLAB®, 

with causal analysis marked (to aid in future connectivity analysis) - LPF has cutoff of 

30.0 Hz, transition bandwidth of 1.0 Hz and its order is 11.0, removing the line noise; (3) 

Light cleaning the data – only 2nd option by Clean RAWdata and ASR analysis 

(ANDREAS EDGAR KOTHE, 2016), with removal of bad channels with many artifacts 

and reconstruction of continuous data, with minimum correlation of close channels 

adopted at 0.8. In the reconstruction of continuous data places, 'boundary' events are 

demarcated in place of the removed data; (4) The signal was re-referenced by averaging 

and interpolating the removed channels through spherical interpolation; (6) The data were 

then analyzed by independent components (ICA), runica method in the EEGLAB 

toolbox, with 'pca', -1 (due to component added by averaging the signal); (7) ICA was 

labelled, flagged and removed (8) The 2 final Steps of Clean RAWdata and ASR were 

performed; (9) Epochs extracted, [-1 2]ms interval, based on fixation events, with no 

baseline removal. See Fig. 4.3.1.2. 

 

Fig. 4.3.1.2 Preprocessing and feature extraction flowchart 

For EEG Epoching, Fixation-related potential (FRP) duration was defined as the 

duration post a gaze between saccades and EEG data was used as threshold for data 

extraction and the following classification. Epoch quantity varies among trials and states. 
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To assess the influence of different threshold on the classification, we have also used 200 

ms to 500 ms as fixation interval with a step of 50 ms as threshold for the epoch extraction.  

4.3.2  FEATURE EXTRACTION FROM EEG SIGNAL 

The cleaned EEG signals are analyzed for spectral analysis using the fast Fourier 

transform (FFT). An epoch length of 3 s, equivalent to a 0.5-Hz resolution, is used for 

auto-spectral and cross-spectral analysis over the frequency range of 1–30 Hz for every 

epoch. The epoch length is then analyzed by advancing a 0.5-s sliding window, i.e. ~85% 

overlap between adjacent windows. The absolute power computed for all the frequency 

bands of interest (theta (4–8 Hz), alpha (8–13 Hz), beta (13–30 Hz)) is used to extract 

features such as relative power, relative power ratio, absolute power, and amplitude 

asymmetry. It is calculated as average power of a signal in a specific frequency range, 

using both Welch and the Multitaper spectral estimation methods. 

To compute Power Spectral Density (PSD) Welch's periodogram, averaging 

consecutive Fourier transform of small windows of the signal, with overlapping is 

applied. The Welch's method improves the accuracy of the classic periodogram. The 

spectral content of the EEG changes over time, constantly modified by the neuronal 

activity at play under the scalp. To return a true spectral estimate, a classic periodogram 

requires the spectral content of the signal to be stationary (i.e. time-unvarying) over the 

time period considered. This does not happen in EEG, the periodogram is generally biased 

and contains too much variance. By averaging the periodograms obtained over short 

segments of the windows, the Welch's method allows to drastically reduce this variance 

(VALLAT, 2018). This comes at the cost, however, of a lower frequency resolution. 

Indeed, the frequency resolution is defined by: 𝐹𝑟𝑒𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 = 𝐹𝑠𝑁 = 𝐹𝑠𝐹𝑠𝑡 = 1𝑡    (2) 

where Fs is the sampling frequency of the signal, N the total number of samples and 

t the duration, in seconds, of the signal. For example, to use the full hypothetical length 

of data (30 seconds), the final frequency resolution is 1/30=0.033 Hz, which is 30 

frequency bins per Hertz. By using a 4-second sliding window in the code, the frequency 

resolution is reduced to 4 frequency bins per Hertz, i.e. each step represents 0.25 Hz 

(VALLAT, 2018). 
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For the calculations done in this work, the compound Simpson's rule was used – 

Midband power, computing Absolute power: the area is decomposed into several 

parabolas and then summed the area of these parabolas. This can also be done using a 

trapeze (trapezoidal rule) or a rectangle (as in Matlab's bandpower function), but the 

parabola usually gives better estimates. 

Comparing the Multitaper Method and Welch's Method, the results are very similar 

with signals with a good signal-to-noise ratio, the case of this study. If the signal is too 

noisy, Multitaper always provides a more robust spectral analysis than the Welch method. 

As the presented signal is pre-processed in several steps, the results are quite alike 

between the two methods. The signal has an excellent signal to noise ratio. One advantage 

of the Multitaper method compared to the Welch method is that it is not necessary to 

specify a window duration as it will basically calculate the periodogram across the entire 

signal. See Fig. 4.3.2.1, as example of absolute power for theta band and two methods 

comparison, graphics help with (VALLAT, 2018) code. Welch’s method Absolute Power 

(AP) is 6.156 uV² and Multitaper’s method Absolute Power (AP) is 5.203 in this example. 

 

Fig. 4.3.2.1 Welch and Multitaper Methods comparison 

The relative power (RP) is derived from the absolute power of the frequency bands, 

i.e. as the power in a specific frequency band divided by the total power as shown in Eq. 

(2). Relative power is computed for all five frequency bands across 8 electrodes, 6 

electrodes removing bad channels, giving rise to a total of 18 features (three frequency 
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bands × 6 electrodes). These features are computed for the selected subject and at every 

level of the experiment. 𝑅𝑃 = 𝑃𝑜𝑤𝑒𝑟 𝑖𝑛 𝐵𝑎𝑛𝑑𝑇𝑜𝑡𝑎𝑙 𝑃𝑜𝑤𝑒𝑟      (3) 

The relative power ratio indicates the dominance of a frequency band over another. 

In this study, four ratios between the powers of three frequency bands, i.e. theta/alpha 

(immersion index), beta/theta, theta/beta, and (SMR + Mid-β)/T – concentration index –

, being SMR (12-14.99 Hz), Mid-β (15-19.99 Hz), from (LIM; YEO; YOON, 2019) work, 

are calculated across every electrode. The ratios are restricted to the three most studied 

frequency bands. In this manner, a total of 24 ratios (four relative power ratios × 6 

electrodes) for a patient at all phases/states of the experiment – REST, SelAT and SusAT. 

The asymmetry is a connectivity measure that reflects the relative stimulation 

between two brain locations. The alpha asymmetry was addressed in this work, as FAA 

index – frontal alpha asymmetry –, it is a plugin from Michael’s work 

(https://zenodo.org/badge/latestdoi/64396201). It is determined by considering the 

difference between the amplitude of the signals that are normalized to the sum of their 

amplitudes, as shown in Eq. (3), where M and N are the instantaneous amplitudes of the 

given signals. 𝐴𝑠𝑦𝑚𝑚𝑒𝑡𝑟𝑦 = 𝑀−𝑁𝑀+𝑁        (4) 

Frontal alpha asymmetry (FAA) refers to a difference in brain activity between the 

right and the left prefrontal cortices of the brain, and can be measured with a difference 

score between corresponding right and left electrode sites on an EEG device 

(KROGMEIER; COVENTRY; MOUSAS, 2022). FAA reflects the difference between 

the log alpha power density in the corresponding regions of the two hemispheres. Thus, 

the higher the FAA scores, the lower the amount of alpha activity and the relatively higher 

activity in the left hemispheres for a particular region. Although studied much less 

frequently in older adults, relatively greater left frontal activity in this age group has been 

linked to facets of well-being including life satisfaction, autonomy and engagement 

(ALLEN et al., 2004). While, reduced FAA relates to current and remitted depression in 

adults, and is seen in offspring of mothers with depression as young as three months, 

suggesting a potentially transmittable mechanism of depression risk (HILL et al., 2020). 
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4.3.3 STATISTICAL ANALYSIS 

All ANOVAs tests were carried out in STATISTICA®, v. 7 (STATSOFT., 2004), 

after normality test confirmation. For post-hoc pairwise comparisons (t-tests, two-tailed) 

of the ANOVA all p-values were Bonferroni-Holm corrected for multiple comparisons. 

Tukey’s test was taken too. Level of significance was set at α= .05 for all analyses and 

partial eta-square (𝜂𝑝2) is reported as a measure of effect size for the ANOVAs. 
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• Duration (s): duration of the trial, it may vary in case of data loss; 

• Gaze fixations (n): number of gaze fixations identified by OGAMA; 

• Gaze fixations frequency (n/s): number of fixations per second in the trial; 

• Fixations duration mean (ms): average time of fixations duration; 

• Average Saccade Length (px): average path length, in pixels, between two 

fixation points; 

• Average Saccade Velocity (px/s): average path length over time, in pixels per 

second, between two fixation points; 

• Fixation/Saccade ratio: number of fixation vs saccade. 

Table 5.1 – Eyetracking data from all trials 

Trial 
ID 

Duration 
(s) 

Gaze 
Fixations 
(n) 

Gaze 
Fixations 
freq. 
(n/s) 

Fixations 
duration 
mean (ms) 

Average 
Saccade 
Length (px) 

Average 
Saccade 
Velocity 
(px/s) 

Fixation/ 
Saccade 
ratio 

REST – trial number 

1 65.549 122 1.861 438.279 175.116 2.109 815.726 

2 65.980 153 2.319 320.333 185.227 2.041 742.816 

3 41.605 99 2.379 309.737 215.810 2.012 737.027 

Mean 57.711 
(±13.95) 125 (±27.09) 2.186 

(±0.28) 
356.116 
(±71.35) 

192.051 
(±21.18) 

2.054 
(±0.05) 

765.190 
(±43.86) 

SelAT – trial number 

1 119.377 328 2.745 283.674 132.886 2.591 779.422 

2 118.967 320 2.670 243.606 193.367 2.232 655.257 

3 119.942 313 2.609 274.236 191.716 2.288 715.646 

Mean 119.429 
(±0.49) 320 (±8) 2.675 

(±0.07) 
267.172 
(±20.95) 

172.656 
(±34.45) 

2.370 
(±0.19) 

716.775 
(±62.09) 

SusAT – trial number 

1 120.952 352 2.910 262.721 151.955 2.323 764.584 

2 120.933 334 2.762 265.629 160.180 2.089 733.629 

3 119.956 312 2.600 273.589 177.598 2.139 711.594 

Mean 120.614 
(±0.57) 333 (±20) 2.757 

(±0.15) 267.313 (±5.62) 163.244 
(±13.09) 

2.184 
(±0.12) 

736.602 
(±26.62) 

 

The hypotheses are as follows for the one-way ANOVA. All variables were tested 

among themselves. 

H0: There is no difference between the variables for the states (REST and 

SelAT/SusAT). 

H1: There is an increase in the analyzed variable in the states of attention when 

compared to the state of REST. 

The obtained values reject the null hypothesis, accepting, only for the number of 

gaze fixations and gaze fixations frequency variables, the alternative hypothesis (there is 

a difference between the means). The alpha value chosen a priori informs that the 
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probability obtained in the comparison between the means by Tukey's test must be equal 

to or less than 0.01, so that the difference is statistically significant. The number of 

fixations and the gaze fixations frequency is smaller among the states of REST and both 

attention (selective and sustained), when comparing the states of attention between 

themselves, no significant difference occurs. 

The two-factorial repeated-measures ANOVAs that were conducted on the gaze 

fixations (n) data, Fig. 5.2, revealed for the REST state a main effect of gaze fixations (n), 

F = 173.87, p = .0008. No main effect of the trial was observed, F = 3.073, p =.1558. 

Post-hoc pairwise comparisons of the main effect of states indicated a minor gaze 

fixations number for the REST as compared to both, the SelAT (p = .022), and the SusAT 

(p = .030) states.  

 

Fig. 5.2 Gaze fixations box plots for states 

 

The two-factorial repeated-measures ANOVAs that were conducted on the gaze 

fixations frequency (n/s) data, Fig. 5.3, revealed that the F-test is significant between 

states (F = 7.32, p = 0.047), which did not occur with the trials (F = 0.05, p = 0.9507). 

The comparison between the means of the states shows significant differences between 

states REST vs. SelAT and REST vs. SusAT, which was not observed between states SelAT 

vs. SusAT. It can be concluded, therefore, that state REST referring to the 3 trials presented 

a smaller number of gaze fixation/s, consequently rejecting the null hypothesis between 

the states in pairs but accepting it regarding the trials. 
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Fig. 5.3 Gaze fixation frequency box plots for states 

The two-factorial repeated-measures ANOVAs that were conducted on the average 

saccade length (px) data, Fig. 5.4, revealed that the F-test is significant across trials (F = 

13.288, p = 0.018), and across states (F = 7.628, p = 0.044). The comparison between the 

means of the states shows significant differences between states REST vs. SelAT and REST 

vs. SusAT, which was not observed between states SelAT vs. SusAT, as expected. The 

comparison between the means of the trials shows significant differences between trials 

1 vs. 2 and 2 vs. 3, which was not observed between trials 1 vs. 3. The average saccade 

length decreases as states go on. It can therefore be concluded that the REST referring to 

the 3 trials presented a higher average saccade length, consequently rejecting the null 

hypothesis among the states and among the trials. 

 

Fig. 5.4 Average saccade length box plots for states 
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The two-factorial repeated-measures ANOVAs that was conducted on the 

fixation/saccade ratio data, Fig. 5.5, revealed that the F-test is significant between states 

(F = 7.1545, p = 0.049), which did not occur with the trials (F = 2.5077, p = 0.1970). The 

comparison between the means of the states shows significant differences between the 

states REST vs. SelAT and REST vs. SusAT, which was not observed between states SelAT 

vs. SusAT, as expected. It can therefore be concluded that the REST state referring to the 

3 trials presented a higher value, thus rejecting the null hypothesis among the states, but 

accepting to trials. 

 

Fig. 5.5 Fixation/Saccade box plots for states 

 

5.2 PSD AND INDEXES 

Figures 5.6 and 5.7 show the Fourier transformation result for the mean absolute 

power of the Theta, Alpha, and Beta bands of the patient for each channel for the 3 trials, 

as descriptive analysis. It shows the values for the REST, SelAT, and SusAT states of each 

band. Figure 5.8 shows the relative powers of the Theta, Alpha, and Beta bands for the 

REST, SelAT, and SusAT states. Figure 5.9 shows the Concentration, T/A, and B/T ratios 

of the absolute powers for the REST, SelAT, and SusAT states. There are REST, SelAT, and 

SusAT states for each band, and the mean absolute power, mean relative power and mean 

ratios of the 3 trials in each channel are compared between the SelAT and SusAT states 

and the REST state. Channels 1-6 are, respectively, Fp1, Fp2, F3, Fz, C3 and C4. Pz and 

F4 were excluded due to artifacts and bad SNR ratio for many trials. 
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Fig. 5.6 Absolute mean power for 3 trials, at each band, for each channel 
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Fig.5.6 shows the Absolute Power for each EEG Frequency band. Alpha band 

demonstrates the narrowest variation, showing the lower amplitudes. The Alpha band 

decreases in the attention states compared to the rest state; however, the decrease in the 

SelAT state is a bit more pronounced. An increase of Theta in the frontal region can be 

seen for SelAT and SusAT, situations of mental load change, as described in (YIN; 

ZHANG, 2014) 

The ANOVA one-way t-test was conducted for p=0.05 to test the difference among 

channels regarding only Absolute Power measures. All channels are statistically different 

among them, except 3 vs 4 and 5 vs 6, for Theta Absolute Power. For Alpha power, 

ANOVA did not work due to outliers. For Beta power, channels 1 vs 2, 1 vs 3, 2 vs 3 and 

5 vs 6 did not present significant statistical difference. 
 

Fig. 5.7 Absolute mean power for 3 trials. Box plot variation for 6 channels 
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Fig. 5.8 Relative power (RP) for each band and each channel 
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Fig. 5.9 T/A, B/T and Concentration indexes for each channel 
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One-way repeated measures ANOVA Repeated Measures ANOVA (RMA) is the 

extension of the paired t-test, used in the following analysis. RMA is also referred to as 

within-subjects ANOVA or ANOVA for paired-samples. Repeated measures design is a 

research design that involves multiple measures of the same variable taken on the same 

subject either under different conditions or more than two time periods. In paired samples 

t-test, compared the means between two dependent groups, whereas in RMA, compared 

the means between three dependent groups, the occurrence in this study. 

The hypotheses are as follows: 

H0: there is no difference between the analyzed index for the states (REST and 

SelAT/SusAT). 

H1: there is a decrease in the analyzed index in the states of attention, when 

compared to the state of REST. 

F(states) = 32.794 is highly significant (p = 0.0017), for 5 degrees of freedom in 

SelAT, just as F(states) = 7.396 is highly significant (p = 0.0246), 5 degrees of freedom 

in SusAT, rejecting the null hypothesis and accepting the alternative. The calculated 

concentration index is lower in attention states (SelAT and SusAT) compared to REST, 

Fig. 5.10. It is an inconsistent result, as seen in (GA; CHOI; YOON, 2015), mainly in 

frontal area. 

 

Fig. 5.10 Concentration index scatter plot for each state 

 

F(states) = 28.394 is highly significant (p = 0.0021), for 5 degrees of freedom in 

SelAT, rejecting the null hypothesis and accepting the alternative. On the other hand, 

F(states) = 4.114 is not significant (p = 0.0741), for 5 degrees of freedom in SusAT, 

accepting the null hypothesis and rejecting the alternative. The calculated B/T index is 
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smaller in the SelAT attention state only, compared to REST, Fig. 5.11. As indicative of 

inhibitory processes, it is interesting to be smaller at attentional states (PICKEN et al., 

2020). This index is used as concentration index in (LIM; YEO; YOON, 2019), being 

smaller in REST states, contrary to this study. 

 

Fig. 5.11 B/T index scatter plot for significant states 

F(states) = 12.5945 is highly significant (p = 0.0088), in SelAT, rejecting the null 

hypothesis and accepting the alternative. F(states) = 5.1067 is significant (p = 0.0367), in 

SusAT, rejecting the null hypothesis and accepting the alternative. The calculated T/A 
index is higher both in the SelAT and SusAT attention states, compared to REST, Fig. 5.12. 

 

Fig. 5.12 T/A index scatter plot for significant states 

T/A as immersion index, shows the significant increase in α and θ, as well as the 

significant decrease in β are indicative of fatigue (JAGANNATH; 

BALASUBRAMANIAN, 2014), or, in the case of this study, more attention allocation in 

states SelAT and SusAT.  As a good indicative of immersion, it increases in attention states, 
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such as in (LIM; YEO; YOON, 2019) work. Change occurs in states SelAT and SusAT 

compared to the REST state in a general overview of indexes. 

FAA index indicates that greater left relative to right prefrontal cortical activity is 

associated with increased approach motivation, defined as an organism’s tendency to 

approach or expend energy in order to go toward stimuli rather than away (HARMON-

JONES; GABLE, 2018). FAA was calculated within the state interval. No significant 

statistical differences were found in our data, comparing all Fp1-Fp2 FAA values in all 

states and trials, see Table 5.2. A state Eyes Closed (EC) was measured too, to understand 

the “Berger effect” - when observers open their eyes, the amplitude of EEG oscillations 

in the alpha band (8–13 Hz) decreases significantly – and compare with the open eyes’ 

states. 

Table 5.2: FAA index values calculated from trials and states 

n IC components Final channels Channels FAA FAA – 8-13Hz 

REST – T1 
5 Fp1 Fp2 F3 Fz F4 C4 Fp1 – Fp2 0.4192 

F3 – F4 2.1355 
EC – T1 
5 Fp1 Fp2 F3 Fz F4 C4 Fp1 – Fp2 1.1664 

F3 – F4 2.5342 
SelAT – T1 
3 Fp1 Fp2 F3 Fz C4 Fp1 – Fp2 0.6934 

Fz – F3 1.5082 
SusAT – T1 
2 Fp1 Fp2 F3 Fz C4 Fp1 – Fp2 0.3677 

Fz – F3 1.4187 
REST – T2 
2 Fp1 Fp2 Fz C4 Fp1 – Fp2 0.4993 

Fz – Fp2 1.3580 
EC – T2 
3 Fp1 Fp2 F3 Fz C4 Fp1 – Fp2 0.5731 

Fz – F3 1.5406 
SelAT – T2 
3 Fp1 Fp2 Fz C3 C4 Fp1 – Fp2 0.7700 

Fz – Fp2/Fp1 0.9327/0.8097 
C3 – C4 1.5236 

SusAT – T2 
4 Fp1 Fp2 Fz C3 C4 Fp1 – Fp2 1.8902 

Fz – Fp2/Fp1 1.7527/1.8042 
C3 – C4 1.3039 

REST – T3 
4 Fp1 Fp2 F3 F4 C3 C4 Fp1 – Fp2 0.1547 

F3 – F4 1.2960 
C3 – C4 1.0965 

EC – T3 
3 Fp1 Fp2 F3 C3 C4 Fp1 – Fp2 0.4143 

C3 – C4 1.4914 
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SelAT – T3 
3 Fp1 Fp2 F3 C3 C4 Fp1 – Fp2 0.5235 

C3 – C4 1.1662 
SusAT – T3 
4 Fp1 Fp2 F3 C3 C4 Fp1 – Fp2 0.8513 

C3 – C4 0.7493 

 

 

Fig. 5.13 FAA index all trials and states 

 

Fig. 5.14 FAA index box plots 

Alpha power is inversely related to cortical activity (ALLEN et al., 2004), a higher 

alpha power from the right electrode would indicate lower cortical activity from the right 

electrode. So, higher FAA indicates less alpha power activity, Fig. 5.13 and Fig. 5.14. 
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FAA index is in accordance with (KROGMEIER; COVENTRY; MOUSAS, 2022) 

work, the intra-subject observation resulted in FAA increase over more engaged/attention 

state situation. Although, no significant difference was found, and in the first trial SusAT 

did not show the higher FAA value, the last two trials showed FAA increase in situations 

that demand more attention allocation (SelAT and SusAT). 

5.3 TOPOPLOTS 

 Fig. 5.15 shows averaged topography over time. Subtracted individual subject 

mean spectrum. There is no significant statistical difference among trials in each state, as 

detailed in Fig 5.16. 

 

 

Fig. 5.15 Example of ERP comparison and Bonferroni correction among 3 trials for a state. All 
states compared among themselves through trials showed no significant differences 

 

Fig. 5.16 Topoplots - All ERPs over time [-100 200]ms, in each state and trial. All spectrum [4 
30]Hz is represented in this activation overview 
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5.3.1 REST 

 

 

 

Fig. 5.17 Detailed REST state overtime for subtracted mean spectrum. The 
activation scale shows the average values for RMS µV potentials 

 

At each ERP, shown in Fig. 5.17 over time, [-100 200]ms more activated areas are 

noticed at 200ms. It happens due to fixation event effects. 
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Fig. 5.18 Detailed REST IC components and main contributions over the 
spectrum. Each line is a channel 

 
IC components were run with pca analysis, Fig. 5.18. All IC decomposition 

represented good visualization of the signal, seen to be originated from a single brain 

area, from a single equivalent dipole, where the scalp map is smoother. This guarantees 

good quality of input data, after also removing large erratic artifacts, removing bad 

channels, and filtering with high-pass slow drifts. Going through the topoplots, after bad 

IC components removed, seen in Fig. 5.18, it is possible to notice that IC components 

vary less between trials 1 and 3. The main activation is in the occipital area. Alpha 

activation is in the fronto-parietal and central areas. Fronto-parietal areas also show theta 

activation. 1 and 2 IC components in the trials refer mainly to saccade components, even 

after bad IC removal. 
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Fig. 5.19 REST - ERP and Spectrum average of all channels for trials 1, 2 and 3 

 
Looking at averaged channels ERP, it is possible to notice that around 100 ms, P100 

is shown, Fig. 5.19. Around 200ms a new rise is up to happen. 

 
Fig. 5.20 image with each feature stacked on top of each other 

ERP image shows immediately all the components and have an idea of activity of 
each component, Fig. 5.20. 

 
Fig. 5.21 ERP of individual channels, REST state and numbered trials 
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Pronounced negative peaks can be seen in F3 and C3 channels only in REST state, 
Fig. 5.21. 

 

 
Fig. 5.22 REST - Spectrum average of all channels for trials 1, 2 and 3. Topoplots of each 

EEG band showing location of channels and related activation. No relevant difference can be 
seen over the spectrum, among trials for each EEG band. ERPs of each trial are similar among 

themselves 
 

From Fig. 5.22, bilateral occipital alpha – mainly trial 1 –, frontal midline theta – 

mainly trial 3 – and occipital central theta – mainly trial 2, can be notice in each distinct 

trial. No similar occurrence happens in the trials. 
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5.3.2 SELAT 

 

Fig 5.23. Detailed SelAT state overtime for subtracted mean spectrum. The activation 
scale shows the average values for RMS µV potentials 

 

At each two points of epochs, shown in Fig. 5.23 over time, [-100 200]ms more 
activated areas are noticed at 200ms. It happens due to fixation event effects. 
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Fig. 5.24 Detailed SelAT IC components and main contributions over the spectrum. Each 
line is a channel 

 

Going through the topoplots, after bad IC components removed, seen in Fig. 5.24, 

it is possible to notice that IC components vary less between trials 2 and 3. The main 

activation is in the occipital area. Alpha activation is in the fronto-parietal area. Fronto-

parietal areas also show theta activation.  

 

Fig. 5.25 SelAT - ERP and Spectrum average of all channels for trials 1, 2 and 3 
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Looking at averaged channels ERP, it is possible to notice that around 200 ms, a 

peak is pronounced, although very smaller than REST state, Fig. 5.25. 

 

Fig. 5.26. SelAT - ERP image with each feature stacked on top of each other 
 

 

Fig. 5.27 of individual channels, SelAT state and numbered trials 
 

No relevant peaks can be seen in any channels or any state, Fig. 5.27. 
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Fig. 5.28 SelAT - Spectrum average of all channels for trials 1, 2 and 3. Topoplots of each 
EEG band showing location of channels and related activation. No relevant difference can be 

seen over the spectrum, among trials for each EEG band. ERPs of each trial are similar among 
themselves 

 

From Fig. 5.28, bilateral occipital alpha – mainly trial 1 –, frontal midline theta – 

mainly trial 3 – and occipital central theta – mainly trial 2, can be notice in each distinct 

trial. No similar occurrence happens in the trials. The brain activation areas are very 

similar between states REST and SelAT, also the amplitude of activation. 
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5.3.3 SUSAT 

 

Fig. 5.29. Detailed SusAT state overtime for subtracted mean spectrum. The 
activation scale shows the average values for RMS µV potentials 
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Fig. 5.30 Detailed SusAT IC components and main contributions over the 
spectrum. Each line is a channel 

 

Going through the topoplots, after bad IC components removed, seen in Fig. 5.30, 

it is possible to notice that IC components vary a little bit among all 3 trials. The main 

activation is in the occipital area. Alpha activation is in the fronto-parietal areas. Fronto-

parietal areas also show theta activation, mainly seen in occipital area.  

 

 

Fig. 5.31 SusAT - ERP and Spectrum average of all channels for trials 1, 2 and 3 
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Looking at averaged channels ERP, no peak around 100 or 200 ms is pronounced, 

although more like SelAT state than REST state, Fig. 5.31. 

 

 

Fig. 5.32 SusAT - ERP image with each feature stacked on top of each other 
 

ERP image shows more features, variations, in SusAT, than the other states, Fig. 

5.32. 

 
Fig. 5.33 ERP of individual channels, SusAT state and numbered trials 
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Looking at averaged channels ERP, a peak around 200 ms is pronounced, both in SelAT and 

SusAT states, Fig. 5.33. 

 

 

 

Fig. 5.34 SusAT - Spectrum average of all channels for trials 1, 2 and 3. Topoplots of each 
EEG band showing location of channels and related activation. No relevant difference can be 

seen over the spectrum, among trials for each EEG band. ERPs of each trial are similar among 
themselves 

 

From Fig. 5.34, bilateral occipital alpha – mainly trial 1 –, frontal midline theta – 

mainly trial 3 – and occipital central theta – mainly trial 2, can be notice in each distinct 

trial. No similar occurrence happens in the trials. The brain activation areas are very 

similar between states REST and SelAT, also the amplitude of activation. 
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• θ/ α, or T/A, ratio is a good indicative of immersion, it increases in 

attention states, such as in (LIM; YEO; YOON, 2019) work. Change occurs 

significantly in states SelAT and SusAT compared to the REST state. 

• Regarding the frequency bands related to mental effort/attention 

allocation, in an EEG study, frontal areas were activated in δ, θ, α, and β bands, 

while parietal-occipital areas were activated in θ, α, and β bands 

(DIMITRAKOPOULOS et al., 2023). Delta band was not evaluated in this study. 

• In an EEG experiment, evaluating brain networks, it was found to affect 

functional connections between Fz and parietal areas in the high alpha band, while 

frontal theta activity was found to be highly associated with mental workload 

(DIMITRAKOPOULOS et al., 2023). It goes in agreement with this study, for the 

alpha band in Fz, but also C3 channels. About frontal theta, it increases in the frontal 

area through the attentional states in this study too. 

• Avoid overprocessing EEG signals, avoiding inputting new biases. 

• Improvement of actual free-viewing approaches through EEG band 

analysis and ET data. 

• Vary methodologies to study attention allocation in immersion and 

concentration states, besides different cognitive load conditions may obtain more 

results of attention allocation in brain signals out of different triggers. 

A positive, effortlessly relaxed mental state may be best for neurofeedback 

interaction in BCIs as a biomarker (FRIEDRICH et al., 2014). This approach is 

accomplished using the exergame like in this study. 

Considering that the participant’s motivation, locus of control as well as empathy 

levels can play a role in BCI performance (FRIEDRICH et al., 2014), a greater focus on 

participant characteristics would inform both neurofeedback success rates with 

experimental BCIs, and design techniques for future BCI experiences as we have shown 

in this study. 

In future work, it is important to explore BCI usage in an environment outside the 

university or departmental setting, with the goal of investigating a more diverse group of 

stroke patients. A replication of this study using a medical-grade EEG device may also 

allow learning more about patients’ engagement/attention allocation success during VR 

interaction. Other suggestions can be made: 



 

70 
 

• Inter-subject FAA correlations analysis can be made to evaluate better FAA 

index, as shown in (KROGMEIER; COVENTRY; MOUSAS, 2022). 

• A follow-up study could examine experimental components individually, 

to understand the influence of each component, in a more robust scenario.  

• Test in 3D environments. (BERGER; DAVELAAR, 2018) examined 

attentional control in their BCI system and determined that participants had a higher 

learning rate for increasing attention in their 3D environment than in their 2D 

environment. 

• The role of some topographic evaluations, as well as indexes, are not 

robust in the present study and should be investigated in future work. Our study 

contributes to the goal of presenting a new methodology, in a concise manner (few 

channels, few patients) in an enjoyable, and motivating way, applied to a VR system 

for rehabilitation, while investigating experimental techniques which engage 

participants during a VR interaction, capturing data to evaluate attention allocation. 

• Connectivity evaluations, as well as merged time-frequency analysis may 

allow new outcomes to apply in this context. 
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