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Abstract

Electroencephalography (EEG) records the electrical activity of the brain, which can be
decoded and processed to understand the physical and psychological state of individuals to
improve the quality of life in both healthy and clinical populations. EEG signals are used to
detect abnormalities of the brain in routine clinical practice, as well as for neurofeedback, or
to control external devices or applications, such as controlling an exoskeleton, as is the case in
Brain-Computer Interface (BCI) systems.

Extensive research has been conducted in the field of BCI, with a notable focus on Motor
Imagery (MI) in recent years. Despite significant advancements in algorithmic development,
the accuracy rates of these systems persistently lag expectations. This discrepancy underscores
a notable gap in the literature, wherein insufficient attention has been directed toward
elucidating the cognitive mechanisms that underpin effective mental imagery. Hence, there is
a clear need for further studies aimed at discerning the cognitive processes associated with
enhanced MI performance, thereby addressing this critical shortfall in current research.

To address the aforementioned challenges, the first part of the dissertation explores the
most popular approaches and best practices for designing and implementing cognitive gaming
interventions that combine BCI systems with Virtual Reality (VR). It focuses on interventions
that target cognitive skills related to perception, visuospatial attention, and visuospatial
memory. To this purpose, the techniques and algorithms that are commonly used for data pre-
processing, feature extraction, and classification in such interventions were reviewed. Issues
related to BCI-VR Cognitive Gaming were discussed, including the BCI paradigms, the action

tasks and environments, user characteristics, algorithms, channels, accuracy, and the most



prominent findings. Furthermore, the current challenges, limitations, future research
directions, and potential commercial applications of BCI-VR in cognitive gaming were
investigated. The second part of the dissertation introduces a novel BCI framework combined
with VR gaming having the potential to advance human-computer interaction by providing
immersive and intuitive control mechanisms. This part of the study aimed to evaluate the
performance of BCI-VR in a goalkeeper gaming task and explore the influence of cognitive
abilities on BCI performance using Motor Imagery. Forty-four healthy volunteers participated
in the study who carried out a BCI-VR Goalkeeper task and underwent a left-hand versus
right-hand movement imagery task while wearing a VR headset. Twenty-two participants
carried out the Flanker task and the Spatial Cueing task and another twenty-two participants
carried out the Mental Body Rotation (MBRT) and Spatial Orientation (SOT) tasks. Six
classification algorithms were employed for offline and real-time analysis. The Random
Forest algorithm exhibited the highest accuracy rates both offline (Mean accuracy rate =
82.4%) and in real-time (Mean accuracy rate = 71.6%). Results from the Flanker task revealed
a significant positive correlation between the mean accuracy for the congruent trials of the
Flanker task and the mean offline RF classification accuracy in the BCI-VR Goalkeeper task,
(r(22) = .46, p = .03). Additionally, High Achievers in the BCI-VR Goalkeeper task had
higher benefits from attentional cues in service of perception than from attentional cues in
service of visual working memory (VWM), (F(1,20) = 9.09, p = .007, n2 = .07). These
findings suggest the impact of cognitive abilities on BCI-VR performance and emphasize the
need to consider cognitive mechanisms and develop cognitive training interventions to
enhance humans to produce appropriate EEG patterns while improving BCI accuracy. Further
research should explore other cognitive factors and strive to improve the usability and
effectiveness of BCI-VR systems for real-world applications. Overall, the current findings
contribute to advancing BCI technology and its potential for neurorehabilitation, assistive

technologies, and gaming entertainment.
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Iepidnyn

H mlextpoeykeparoypapic (EEG) xoataypdper tqv miextpiky JSpootnpoTnTo. TOL
€YKEPAAOV, M omoia umopel vo amokmdtkomomOel kot vo voPAndel oe enelepyacio v va
KatavonBel 1 ELOIKY Kot YoXoAOYIKY KATAGTAGN TOV ATOU®V Yid T BEATiOON TG TOdTNTOG
fong 1600 og vyieic 600 kot og KAvikovug TAnfucspovc. Ta onpata EEG ypnoyomolovvran
Yo TNV OVIXVELGT OVOUOADV TOV EYKEQPAAOL GTI GUVNAOT KAVIKT TPOKTIKY, KAO®DS Kot yio
VELPOOVASPACN 1 YO TOV EAEYYO EEMTEPIKMV GLUOKEVAV 1 EPOPLOYDV, OTMG O EAEYYOG EVOG
eEmokeletol, Omw¢ ovpuPaivel oto cvotiuate Aemagnc Eykepdlov-YmoAoyioty (Brain
Computer Interfacing (BCI)).

Ta televtaio xpovia €xel deEaybel extevig Epguva otov Topén Tov BCI, pe a&loonueinm
eotioon otig Kivnukég Ewoveg (Motor Imagery (MI)). TTapd ti¢ onuavtikég mpoddov otny
aAyopOKY] avATTLEY, TO TOGOGTA AKPIPELNG AVTOV TOV GUGTNUATOV VOTEPOVY CTLOVTIKA
oTIg TPOGdoKieg nag. Yrapyet évo a&loonueimto kevo ot PifAloypagia, 6mov dev éxel dobel
EMOPKNG TPOGOYN OTNV UEAETN TG ATOCOAPIVIONG TOV YVOCTIKOV UNYOVIGU®V oV oTnpilovv
TNV OMOTEAEGLOTIKY Voep Kivnom. Q¢ €k ToHTOV, VIAPYEL GOPNG OVAYKN Y10 TEPULTEP®
UEAETN TOV YVOOTIKOV dlepyaciav mov oyetilovrol ue v Peitiopévn amddoon ywoo MI,
avTHETOTILOVTOG £T61 ALTO TO KPiolo BEpa otV TpEYOVCa EPEVVAL.

Mo v avtipetdnion tov Tpoavapepfelcmy TPoKANcGE®MY, TO TPAOTO UEPOG TNG daTpPng
OlEPELVA TIG IO ONUOPIAELS TTPOCEYYIoEIS KOl TIC BEATIOTES TTPAKTIKEG Y10l TO GYEOUO KoL
NV EQAPUOYT YVOOTIKOV Topeufdoewy pe T yprion moyvidiov (gaming) mov cvvévdlovv
ovotnuota BCI pe Ewovikny Ilpaypotwotnta (VR). To pépog ovtd emkevipdvetal og

TOPEUPACELG TTOV GTOXEVOVV GE YVMOOTIKEG OeE10TNTEG TOL GyeTiovTal Ue TNV avTidnym, v



OTTIKOYMPIKN TPOGOYN Kol TNV OTTIKOY®PIKN pviun. ['a 1o okond avtd, avabewmpnOnkav ot
TEYVIKEG KOL Ol 0Ayopldpol mov ypnoiponotovvioar cuvibog yoo v wpoenelepyacio
dedopévav, v eSoymyn YOPAKTNPIOTIKOV Kol TNV Ta&vounon oe TEToleg mapeUPAoEls.
Svinmnkov  qtqpoata mov  oyetiCovtan  pe 1o Ivootikd  Tloyvidt  BCI-VR,
ocoumeptropPavopéveoy tov mopaderypdtov BCl, tov epyacidv kol tov mepiPoarlidviov
OpdoNnc, TOV YOPUKTINPLOTIKOV TOV XPNOTOV, TOV 0AYopiBumv, ToV Kavaldv, g akpifelag
BCI ko1 tov mo onuoviikev evpnudtov. Emmiéov, diepeuvinkay ol Tp€yovceec TpoKANGELS,
Ol TEPLOPIGLOL, 01 LEAAOVTIKEG EPELVNTIKES KATEVOVVGELS Kot Ot TOAVES EUTOPIKES EPAPLOYES
10V BCI-VR y10 yvootikd mayvidio gaming.

210 0e0TEPO UEPOC NG OwTpiPrg slodyetan €va véo mhaicio BCl oe cuvovaoud ue
wayvidie VR mov éyovv 1 duvatdtnta vo mpowbnicovv v aAiniemidpaon avOpmmov-
VTOAOYIGT TAPEXOVTAS EUPLOIGTIKOVC Kot SocHNTIKOVG UNYOVICUOVG €AEYYOV. AVTO TO
PEPOg TG HEAETNG eixe ¢ otdyo va afloloynoet v amodoon tov BCI-VR oe
OpacTNPOTNTO TOLYVIOIOD TEPUATOPVANKO KOl VO SIEPEVVIIOEL TNV ETPPOT] TOV YVOOTIKOV
wavottov oty anddoon BCl ypnowonoidviag MI. Zapdvio técoepic vylelg eBehovtég
ovupeteiyav ota mewpdpota BCI-VR Goalkeeper kot vrofAndnkav oe o dpactnpotro
vogpnc kivnong aplotepol Evavtt 0e€lov yeptov. Eikoot 600 GUUUETEYOVTEG TPAYLOTOTTOINGAY
mv epyacia Flanker xor v epyacio Spatial Cueing kot dAlot gikoot 300 GLUUETEXOVTEG
npaypotomoinoav tig epyacieg Mental Body Rotation (MBRT) o Spatial Orientation (SOT).
'E&L aAyopiBpot tavounong ypnotporonkay yio avaivon oe un apoypotikd (offline) kot
og mpaypatikd ypovo (real-time). O aiydpiBpog Random Forest mapovoioce ta vynidtepa
T0G00TH akpifelag t0c0 oe un mpaypotikd ypovo (Méon akpifelo = 82.4%) OG0 kal €
npaypotikd ypdvo (Méom axpifera = 71.6%). Ta amoteréopata and v epyacio Flanker
amokaAvyay uio Oetikn cvoyétion petald g uéong axkpifelag Yo TIC avTioToeC OOKLUES
¢ epyaciog Flanker kot tng péong axpifelog tagvounone g epyaciog TEPUATOPOAKO,
BCI-VR, cg un mpaypotikd ypoévo, (r(22) = .46, p = .03). Emnpodcbeta, ta dtopa pe
pueyodvtepn oamodoon (High Achievers) oty epyocio teppotopoiake BCI-VR  giyav

UEYOADTEPO OPEAT OO TO OMUASIN TTPOGOYNG TOL GYETILOVTAL e TNV avTIANYT EVOVTL TV



cuvONuUdTOV TPocoyNg mov oyetilovion pe v omTiky uviun epyosioc (VWM), (F(1,20) =
9.09, p = .007, n2 = .07). Avtd 10, EVPNUATO VTOSEIKVOOVY TOV OVTIKTUIIO TOV YVOOTIKOV
wavottov oty arddoon BCI-VR kai toviovv v avdykn vo Anebodv voyrn yvootikol
Unyovicpol ko va avortuyfodv mapepfAcels YVOoTIKNG EKTAidELONG Y10 VO EVIGYVGOVV TOVG
GUUUETEXOVTEG VO TTapayovy katdAAnAa potifa EEG Bedtidvovtag mapdiinia v axpifeia
BCI. Tepartépm épevva Ba mpémet va S1EPELVIGEL AALOVS YVOGTIKOVG TOPAYOVTIEG LE OKOTO
vo. BEATIDGEL TN YPNOTIKOTNTO KOl TNV OmOTEAEGUOTIKOTNTA TV cvothudtov BCI-VR yia
EQOPUOYES TPOAYULOTIKOD KOoUov. Xuvoyiloviag, o TpEYOovVTIo EVPUOTA GUUPAAAOVY oTNV
npodbnon g teyvoroyiog BCl kot tov duvatotitov g Y VELPOOTOKATAGTAOT,

VITOGTNPIKTIKEG TEYVOAOYIES KOl YOYOy®Yio UE TN YP1OT TOLYVIOIDV.

Méprog Xartliapog — Iavemotio Konpov, 2024
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Chapter 1

Introduction

1.1 Problem Statement

Electroencephalography (EEG) records the electrical activity of the brain, which can be
decoded and processed to understand the physical and psychological state of individuals to
improve the quality of life in both healthy and clinical populations. EEG signals are used to
detect abnormalities of the brain in routine clinical practice, as well as for neurofeedback, or
to control external devices or applications, such as controlling an exoskeleton [1], as is the
case in Brain-Computer Interface (BCI) systems. This sensing and control interaction using
brain signals, known as Brain-Computer Interface (BCI), is relevant to critical healthcare
applications such as rehabilitation after stroke [2].

A typical BCI system is composed of six basic processing components as shown in Fig. 1:
(1) raw EEG signal acquisition, (2) pre-processing of EEG signal for background noise
cleaning, (3) extraction of specific application features from the clean data and selection of
more discriminative features, (4) classification of the selected features, (5) decision making
linked with device and command, and (6) application execution and feedback to the user Fig.
1. These processing components are present in all categories of BCI systems, namely, Active,
Reactive, and Passive systems (see TABLE 1).

EEG-based Motor Imagery (MI) signals have been used in various healthcare
applications, such as neurological rehabilitation [3], [4] restoration of lost or reduced limb
function by controlling an exoskeleton [5], [6] replacement of robotic wheelchair gait function
for people who cannot walk [7], [8], [9] and cursor control [10], [11]. MI-EEG signals,

however, are complex and have high-dimensional structures. Thus, advanced machine



learning algorithms are required to process and decode them. This study aimed to investigate

the performance of M1 BCI combined with a virtual reality (VR) gaming task.

2. Pre- 3. Feature
Processing Extraction

4. Classification
. )
Brain
Computer o 0%
Interface ) o
G
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P> |

6. BCI 5. Device

Application Command

Fig. 1. Main components of a BCI-VR Gaming system. (1) raw EEG signal acquisition, (2)

pre-processing of EEG signal for background noise cleaning, (3) extraction of specific
application features from the clean data and selection of more discriminative features, (4)
classification of the selected features, (5) decision making linked with device and command,
and (6) application execution and feedback to the user.

Typical machine learning approaches have been widely used to classify MI-EEG data.
These methods usually process the MI-EEG signal in 3 phases: pre-processing, feature
extraction, and feature classification. In the pre-processing phase, selected channels related to
MI are filtered in the frequency range of interest, and the noise is removed. In feature
extraction, various techniques have been proposed to extract task-related MI features from
high-dimensional EEG signals. MI features fall into three categories, depending on the
domain in which the data are processed: temporal features, spatial features, and spectral
features. Temporal features are extracted in the time domain at different time points or during

different time blocks, such as mean, variance, etc. [12]. Spatial features aim to identify
4



features from specific electrode locations on the scalp, such as common spatial patterns
(CSPs) [13]. CSP and its derivatives (Sparse CSP [14], Stationary CSP [15], divergence CSP
[16], probabilistic CSP [17], and filter bank CSP (FBCSP) [18]) are the most common feature
extraction methods for MI-EEG data [18], [19], [20], [21], [22]. Spectral features include
either frequency domain features or time-frequency features. In the classification phase,
several classifiers were used to classify the generated MI features into separate M1 tasks [23],
such as Support Vector Machine (SVM) [24], Linear Discriminant Analysis (LDA) [22], and
the Bayesian classifier [18]. Although there has been significant improvement in conventional
MI-EEG signal classification methods, these methods are still plagued by major difficulties.
First, EEG signals are easily affected by many noise sources (e.g., computers, sounds,
lighting, electricity, internet, etc.). These artifacts, combined with channel correlation, subject
dependence, and high dimensionality of EEG signals make the interpretation and
classification of brain signals extremely difficult [25]. Therefore, it is critical to develop a
more stable and holistic MI-EEG BCI framework that can operate in various scenarios and
automatically extract distinct features from challenging MI-EEG data. Additionally, feature
extraction relies heavily on human experience in a particular area. For example, basic
biological expertise is necessary to analyze the state of Ml tasks via EEG signals. Although
human experience can help in some respects, in more general cases, it is insufficient.
Therefore, an automated approach to feature extraction is required. In recent years, Neural
Network methods [2], [6], [67], have been used to address the difficulties associated with
EEG classification for MI. Unlike conventional Machine Learning approaches, Neural
Networks can automatically learn complex high-level and latent features from raw MI-EEG
and eliminate the need for pre-processing and time-consuming feature extraction.
Nevertheless, it seems that the focus on improving the algorithms is not satisfactory.
There appears to be a further need to investigate the human characteristics that must govern a
person to operate a BCI system with satisfactory accuracy. Moreover, it is no coincidence that

one of the many problems preventing BCIs from practical and, by extension, commercial



adoption is the variation in performance between the population and the closely related BCI-
illiteracy phenomenon, which shows that around 15-30% of the population cannot develop the
ability to control BCI systems based on Motor Imagery or Event-Related Potentials, such as
the P300 wave [26]. On the other hand, there is evidence against BCI illiteracy, at least in
Steady-State Visual Evoked Potentials (SSVEPS), which operate more robustly even after
very short training [27]. Most research in the field of BCls has focused on advances in signal
processing, feature extraction, and classification [28]. However, a trend in recent BCI research

highlights the importance of the human-facing side of the BCI [29], [30], [31], [32], [33].

TABLE 1
BCI SYSTEMS CATEGORIES [37]
BCI Description
Category
Active Controlled by the user through a specific mental task performance.
Reactive Brain activity is modulated in reaction to an external stimulus given by the BCI
system.
Passive Simply monitor brain activity of the user, without requiring the user to perform any

mental task or to achieve a certain goal.

1.2 Contribution

The first contribution of the dissertation explores the most popular approaches and best
practices for designing and implementing cognitive gaming interventions that combine BCI
systems with VR. It focuses on interventions that target cognitive skills related to perception,
visuospatial attention, and visuospatial memory. To this purpose, the techniques and
algorithms that are commonly used for data pre-processing, feature extraction, and
classification in such interventions were reviewed. Issues related to BCI-VR Cognitive
Gaming were discussed, including the BCI paradigms, the action tasks and environments, user
characteristics, algorithms, channels, accuracy, and the most prominent findings. Furthermore,
the current challenges, limitations, future research directions, and potential commercial

applications of BCI-VR in cognitive gaming were investigated.



The second contribution of the dissertation introduces a novel BCI framework combined
with VR gaming having the potential to advance human-computer interaction by providing
immersive and intuitive control mechanisms. Furthermore, the role of cognitive skills in BCI-
VR Gaming was investigated aimed to evaluate how it affects BCI-VR performance and
explore the influence of cognitive abilities on BCI using Motor Imagery. Forty-four healthy
volunteers participated in the study who carried out a BCI-VR Goalkeeper task and underwent
a left-hand versus right-hand movement imagery task while wearing a VR headset. Twenty-
two participants carried out the Flanker task and the Spatial Cueing task and another twenty-
two participants carried out the Mental Body Rotation (MBRT) and Spatial Orientation (SOT)
tasks to investigate the impact of cognitive abilities in a BCI-VR control application. Six
classification algorithms were employed for offline and real-time analysis. Six classification
algorithms were employed for offline and real-time analysis. The Random Forest algorithm
exhibited the highest accuracy rates both offline and in real-time. Results from the Flanker
task revealed a positive correlation between the mean accuracy for the congruent trials of the
Flanker task and the mean offline classification accuracy in the BCI-VR Goalkeeper task.
Additionally, High Achievers in the BCI-VR Goalkeeper task had larger benefits from
attentional cues in service of perception than from attentional cues in service of visual
working memory (VWM). These findings suggest the impact of cognitive abilities on BCI-VR
performance and emphasize the need to consider cognitive mechanisms and develop cognitive
training interventions to enhance humans to produce appropriate EEG patterns while
improving BCI accuracy. Further research should explore other cognitive factors and strive to
improve the usability and effectiveness of BCI-VR systems for real-world applications.
Overall, the current findings contribute to advancing BCI technology and its potential for

neurorehabilitation, assistive technologies, and gaming entertainment.
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1.4 Structure of the dissertation

In Chapter 2, an introduction of the brain anatomy, the main BCI principles, and the state-
of the-art techniques and algorithms that are most widely used in BCI-VR systems are
presented. Then, in Chapter 3, we review popular EEG-based BCI applications related to BCI-
VR Gaming and Cognition, and we summarize the various challenges and discuss future
directions related to BCI and VR. In Chapter 4, we delineate the methodology and procedural
framework utilized throughout the experimental procedures with participants. Additionally,
we elucidate the five tasks administered to the participants. In Chapter 5, we undertake an
analysis of the BCI framework based on MI, which was deployed to manage the BCI-VR
Goalkeeper task. Furthermore, we evaluate both the merits and drawbacks of the classification
algorithms employed in this context. Chapter 6 presents the results of the BCI-VR
experimental procedures. Chapter 7 covers the discussion of the results and comparing them
with findings from equivalent studies for comprehensive analysis and contextualization. In the
final chapter, we summarize the concluding remarks of this study and outline potential future

directions.
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Chapter 2

BCI Enabling Concepts

2.1 Brain anatomy

2.1.1 Cerebral Cortex
The cerebral cortex, the outer layer of the brain, is a highly intricate structure comprised

of four lobes (see Fig. 2) and divided into two hemispheres, as illustrated in Fig. 3. Each lobe
is teeming with millions of connections that intricately shape various functions, making the
cortex a remarkably complex entity. The two hemispheres of the brain, while sharing certain
activities, predominantly govern activities of the opposite side of the body [35], [36].

In the majority of individuals, the left hemisphere (LH) holds dominance, orchestrating
activities on the right side of the body. This phenomenon largely accounts for the prevalence
of right-handedness. The LH excels in practical domains, displaying prowess in logic,
mathematics, and analytical reasoning. Moreover, it spearheads fundamental cognitive
processes such as reading, writing, and arithmetic, often referred to as the 3 "R's.
Additionally, the LH plays a pivotal role in linguistic tasks, overseeing spelling, grammar, and
verbal memory storage [35] (see Fig. 3).

Conversely, the right hemisphere (RH) showcases its expertise in creativity, perception,
and visual-spatial processing. It demonstrates proficiency in tasks requiring non-verbal
communication and the recognition of familiar landscapes. Due to the LH's dominance in
most individuals, the RH typically assumes the role of the non-dominant hemisphere and
tends to govern artistic endeavors [35], [36]. Emotions and musical comprehension
predominantly reside within the domain of the LH, while the RH facilitates intuitive insights.

However, it is essential to note that logical reasoning primarily pertains to the LH [36].

10



In instances where the distinction between the dominant LH and non-dominant RH is less
clear, certain challenges may arise. Two notable disorders that can manifest under such
circumstances are dyslexia and stuttering [35] (see Fig. 3).

Disruptions to the delicate balance of cortical function can have profound clinical
ramifications, giving rise to a myriad of neurological disorders. Dysfunctions within the
frontal lobe may precipitate deficits in impulse control, emotional regulation, and attentional
processing, culminating in conditions such as attention-deficit hyperactivity disorder (ADHD)
or frontal lobe epilepsy [35], [36]. Similarly, lesions affecting the temporal lobe can lead to
impairments in memory consolidation, language comprehension, and facial recognition,
hallmark features of temporal lobe epilepsy and Alzheimer's disease [35], [36]. Understanding
the intricate interplay between cortical regions is paramount for elucidating the
pathophysiology of these disorders and devising targeted therapeutic interventions [35], [36].

In summary, the cerebral cortex stands as a testament to the brain's remarkable
adaptability and complexity. Through its intricate network of specialized regions and
hemispheric interactions, the cortex serves as the nexus of human cognition, mediating our

perceptions, thoughts, and actions in the ever-unfolding tapestry of consciousness.
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Fig. 2. Major structures of the Cerebral Cortex. The cerebral cortex, an intricate web of neural
tissue that envelops the brain's surface, serves as the epicenter for higher cognitive functions
and complex behaviors. Comprising four distinct lobes—frontal, parietal, temporal, and
occipital—the cortex orchestrates a symphony of neural activity, intricately weaving sensory,
motor, and cognitive processes into the fabric of consciousness.

Available on: https://gbi.ug.edu.au/files/33952/Brain-lobes-traditional-QBI-sm.jpg
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Fig. 3. Cerebral Cortex functions simplified. The left hemisphere serves as the neural hub for
speech, analysis, logic, reading, writing and computations. In contrast, the right hemisphere,
often relegated to a supporting role, excels in visuospatial processing, emotional perception,
creativity, rhythm, imagination, daydreaming, and holistic thinking.

Available on: https://www.centurymedicaldental.com/wp-content/uploads/2022/01/L eft-and-

Right-Hemisphere-of-the-Brain.jpg.webp

2.1.2 Frontal lobe
The frontal lobe is responsible for immediate and sustained attention, emotional and

behavioral control, working memory, social awareness, empathy, time management,
organizing, character, executive planning, and motivation [35], [36]. It identifies problems and
may send them to other brain regions for a solution [35], [36]. The EEG placement locations
of the frontal lobe are the frontal poles — Fpl, Fp2, Fpz, and the frontal — Fz, F3, F4, F7, F8

[35].
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2.1.3 Parietal lobe
When the frontal lobe detects a problem, it is likely to send it to the parietal lobe for a

solution. Complex grammar, sentence construction, the naming of objects, and mathematical
processing can be traced to the left parietal lobe [35]. Spatial recognition, map orientation,
and recognition between left and right are all functions of the right parietal lobe. The right
parietal lobe is also responsible for analyzing the surroundings and it is involved in attention,
body scheme, body image, the physical act of dressing, face recognition, and music [35], [36].
The parietal lobe plays a role in the attentional system and in feeling and displaying emotion.
Generally, the parietal lobe is the area of sensory perception and is responsible for spatial
processing and for solving mathematical and geometrical problems [35], [36]. The EEG

placement locations of the parietal lobe are Pz, P3, P4 [35].

2.1.4 Temporal lobe
The temporal lobe encapsulates the auditory cortex near the amygdala which involves

emotions and the hippocampus which involves the memory, as such it’s very crucial to the
memory-making process, especially verbal memories [35], [36]. Moreover, the left temporal
lobe is associated with word recognition, memory, learning, and a positive mood. The right
temporal lobe is associated with facial recognition, stress, and sense of direction, and music.

The EEG placement locations of the temporal lobe are T3, T4, T5, and T6 [35].

2.1.5 Occipital Lobe
The occipital lobe is directly connected to the visual cortex and helps to locate objects in

the environment. Moreover, it is responsible for the visual field, identification of the objects,
and color recognition [35], [36]. It’s also associated with reading, writing, and spelling but the
amygdala is necessary as well, to which some connections extend. The EEG placement

locations of the occipital lobe are Oz, O1, and O2 [35].

2.1.6  Sensory and Motor (Sensorimotor) Cortex
The sensorimotor cortex is located between the parietal and frontal lobes [36]. The motor

cortex is in front of the somatosensory cortex and within the frontal lobe. The somatosensory

14



cortex is behind the motor cortex and within the parietal lobe [35]. The sensory and motor
cortex extend deep down to the left and right temporal lobes in the lateral sulcus. It divides the
frontal and parietal lobes and coordinates sensory-driven movement [35]. Our character can
be translated by the movements of our hands and feet, but also by the wider movement of our
body. From the Greek root soma, for the body, the somatosensory system is responsible for
the external sensations of touch, pain, temperature, and the internal sensations of joint position
[35]. Motor cortex functions have been associated with skilled movements and smooth
repetitive operations such as typing, playing musical instruments, writing, fluent speech, and
operating complex machinery [35], [36]. It’s the connecting node between the voluntary
muscles of the brain and the body. The brain wave, sensorimotor rhythm (SMR), is named
after this cortex. Additionally, the sensorimotor cortex helps the cerebral cortex to encode
both physical and cognitive tasks. The EEG placement locations of the somatosensory motor

cortex lobe are C3, C4, and Cz [35].

2.2 EEG Principles

2.2.1 EEG Acquisition
Electrode placement on the scalp is guided by our knowledge of the functions of the four

lobes of the cerebral cortex [36]. Most commonly, electrode placement is performed
according to the international 10-20 system that labels the electrodes based on positions over
the frontal, parietal, temporal, and occipital lobes, indicated by the letters F, P, T, and O
respectively (see Fig. 4) [35], [36]. According to the international 10-20 system, each point on
the cerebral cortex is assigned a letter and a number. Thus, electrodes with odd numbers
represent the positions of the left side of the brain and electrodes with even numbers represent
the positions of the right side of the brain [36]. The positions in the midline are indicated by z

(zero) instead of a number.
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Fig. 4. The international 10-20 system labels the electrodes based on positions over the

frontal, parietal, temporal, and occipital lobes, indicated by the letters F, P, T, and O

respectively.

Available on: https://info.tmsi.com/hs-fs/hubfs/Blogs/0.1%20The%2010-20%20System/the-

10-10-system-new.webp?width=911&height=462&name=the-10-10-system-new.webp

2.2.2 EEG frequency bands

EEG records the electrical brain activity produced from the different structures of the

brain. More specifically, it measures voltage fluctuations coming from the ionic flows into the

brain neurons [35], [36]. EEG signals recorded from the brain are divided into specific ranges

that are more prominent in certain states of the brain [35]. EEG frequency bands are

associated with specific brain activity as depicted in TABLE 2.

2.2.2.1 Delta (0.5-4 Hz)

Delta are the slowest, highest amplitude brain waves and are associated with deep sleep

and are therefore highly localized in infants [35], [36]. Delta waves are strong brain waves but

low frequency waves (see Fig. 5). They are produced during meditation and dreamless sleep.

Delta waves are associated with external awareness and are the source of empathy. This deep

sleep is necessary for the body to heal and regenerate [35].
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2.2.2.2 Theta (4-8 HZ)
Theta waves usually have a sinusoidal or a square top rhythm and may be rhythmic or

arrhythmic (see Fig. 5). Theta waves occur most often when we sleep and especially when we
are dreaming [35], [36]. Theta is associated with creativity and spontaneity, and also with
distractibility inattention, and daydreaming [36]. Theta may reflect depression, anxiety, and
other emotional disorders. In theta, the senses are isolated from the external world and

focused on signals originating from inner consciousness [35].

2.2.2.3 Alpha (8-12 HZ)
Alpha waves are slower and larger, and they have a sinusoidal rhythm (see Fig. 5). Alpha

waves normally range from 9-12 Hz during wakefulness and drop to 8Hz or less, during
drowsiness [35]. Sometimes activity between 9-11 Hz is not alpha activity, but it is called
"mu" rhythm. It got its name because the waves look like a Greek 'w' [35]. Alpha rhythm is
associated with the inaction of the optical system, increases with closed eyes, and decreases
with open eyes. This phenomenon is known as alpha blocking. Alpha blocking refers to the
sharp decrease in alpha when the eyes are open [35], [36]. If the amplitude of alpha waves
decreases with closed eyes, indicates "drowsiness” of the individual. On the other hand, "mu"
waves do not change when eyes are open and can be found only in the sensorimotor cortex or
rarely in the parietal lobe [35], [36]. Alpha is prominent in the parietal, temporal and occipital

lobes and is associated with meditation and calmness [35].

2.2.3.4 Sensorimotor rhythm (12-15 or 12-16 Hz)
Sensorimotor rhythm (SMR) also called “low beta”, dominates only in the sensorimotor

cortex (sensorimotor strip), C3, Cz, or C4 and may reflect a state of being internally oriented
[35], [36]. When the brain is in a resting state and the body is not moving SMR increases. In
contrast, when the body is moving the amplitude of SMR decreases [35]. During sleep, the
EEG becomes more irregular and SMR appears at 12-14 Hz, as a result, the stimulation is

more difficult [35].
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2.2.2.5 Beta (12-30 Hz)
Beta waves are small but faster brainwaves and are divided into low beta and high beta.

Low Beta 12-18 Hz is associated with problem solving, decision making, attention, judgment,
analytics, and active thinking [35], [36]. High Beta 18-30 Hz is associated with alertness,
mental activity, and agitation [35]. Beta frequency band is higher in adults than in children
and increases during drowsiness [35], [36]. However, it does not respond when the eyes are
open or closed [35]. Beta bandwidths are defined in several different ranges. For example,
some researchers define beta as 13-30 Hz. Others define beta as 12-38 Hz, or 13-21 Hz.

Therefore, when referring to beta waves it is important to document the frequency range.

2.2.2.6 Gamma (>30 Hz)
Gamma waves are the fastest and most subtle brainwaves and modulate perception and

consciousness [35], [36]. Synchronous bursts of 40 Hz activity have been found in people
during problem solving tasks [35]. The 40 Hz rhythm is all over the scalp and not in a specific
location [35], [36]. It helps in learning and organizing the brain. It is activated when the brain
needs to carry out some tasks and remains dormant when there is no specialized task to carry
out [35], [36]. Gamma works during cognitive mechanisms in the individual. Gamma
synchronization is related to cognitive processing and appears to be an important coding
mechanism in various processes related to brain organization [35]. Additionally, High Gamma

is associated with cognitive tasks such as reading, speaking, listening, and memory [35], [36].
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Fig. 5. The 5 main types of brainwave frequencies. Delta are the slowest, highest amplitude
brain waves and is associated with deep sleep and is therefore highly localized in infants.

Theta waves usually have a sinusoidal or a square top rhythm and may be rhythmic or
arrhythmic. Alpha waves are slower and larger, and they have a sinusoidal rhythm. Beta
waves are small but faster brainwaves. Gamma waves are the fastest and most subtle
brainwaves and modulate perception and consciousness.

Available on: https://debugai.io/assets/img/research/bci2.jpg
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TABLE 2
EEG FREQUENCY BANDS [35], [36]

Band Frequency Activity
(H2)
Delta 0.5-4Hz Deep sleep, no focus, unconscious.
Theta 4-8Hz Deep relaxation, internal focus, meditation, intuition

access to the unconscious. Material such as imaging,
fantasy, dreaming.

Low Alpha 8-10Hz Wakeful relaxation, consciousness, awareness without
attention or concentration, good mood, calmness.

High Alpha 10-12 Hz Increased self-awareness and focus, learning of new
information.

Low Beta 12-18 Hz Active thinking, active attention, focus towards problem
solving, judgment and decision making.

High Beta 18- 30 Hz Engagement in mental activity, alertness and agitation.

Low Gamma 30-50 Hz Cognitive processing, senses, intelligence, compassion,
self-control.

High Gamma  50-70Hz Cognitive tasks: memory, hearing, reading and speaking.

2.3 BCI Principles

2.3.1 Categories of BCI Technologies

2.3.1.1 Active BClIs
In active BCls, the individual voluntarily performs a specific mental task that produces a

specific pattern of electrical activity in the brain that can be detected and classified by the
system to send a command to an external device [37]. One of the most common mental tasks
is hands motor imagery. The person imagines that he is moving his upper body without any
physical movement or muscle activation. Imagining the movement of the left versus right
hand corresponds to different activations of primary somatosensory and motor cortical areas

so that they can be detected and categorized for controlling an application or device.

2.3.1.2 Reactive BCls
In a reactive BCI, the individual’s brain activity is modulated in response to an external

stimulus presented to the user [37]. A widely used paradigm of reactive BCI is steady state
visual evoked potentials (SSVEP) where external LED light stimuli are flickering at different

frequencies [48]. Each external stimulus corresponds to a different command. The users must
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direct their attention to the stimulus of their choice and the BCI system detects the flickering
frequency reflected in the EEG giving the corresponding command.

It is important to note that the distinction between reactive and active BCI in the literature
is misleading in that the term “reactive” implies a passive user [35], [37]. In reactive BCls the

user is quite active, for example directing or maintaining attention to the stimuli.

2.3.1.3 Passive BCls
Passive BCls are one of the most promising systems in recent years. A passive BCI

monitors the user’s brain activity without requiring the user to perform any task [36], [37].
Among the most recent developments in the field of passive BCls are emotional BCls that
detect emotional states [35], [36]. The innovation in these systems is in the support and
assistance to the individual in his/her daily life. For example, the system can adjust the room
temperature depending on the user’s discomfort. Also, such systems can recommend specific
movies based on the user’s emotions such as a comedy when the person is sad or a telling of a
joke. It could also lower the difficulty level in a game when it detects that the user is frustrated

or bored and introduces more engaging elements.

2.3.2 Types of BCI in VR Gaming
Depending on the recording method, BCI can be categorized into invasive or non-invasive

systems. Invasive BCI requires implanting microelectrode arrays to the brain to record the
activity of neurons directly. In contrast, non-invasive BCI records electrical activity with
electrodes placed on the scalp. Non-invasive BCI is used more often to detect a variety of
control signals, including Slow Cortical Potentials (SCP), Steady-State Evoked Potentials
(SSEP), Motor Imagery (MI), Error Potentials (ErrP), and the P300 Evoked-Related Potential
(ERP)[38]. In the BCI-VR, the most commonly used control signals are the P300, the Ml, and
the SSVEP [39].

There are 2 types of BCI systems, dependent and independent. Dependent BCI systems
need some form of motor control by the subject. Ml-based BCI is a good example of a
dependent BCI system that has been used extensively. In contrast, independent BCI systems
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do not need any form of motor control, which is ideal to use with stroke patients and other
patients with severe motor deficits. For example, an SSVEP-based independent BCI system
allows the user to produce binary responses (e.g., yes vs. no) without a motor response [40].
Finally, a BCI system can be synchronous or asynchronous. In synchronous BCI, the user
is prompted by the system to perform an interaction within a certain time span. Conversely, in
the case of asynchronous BCI, the user sends commands through mental thinking throughout
the experience to interact with the system. Synchronous BCI is not as user-friendly as

asynchronous BClI, but it can be designed more easily [23], [41].

2.3.3 EEG Control signal paradigms
The most widely used EEG-based BCI-VR systems are classified into four basic

paradigms according to the procedure the brain waves are extracted. These are: (a) Motor
Imagery (MI), (b) Positive 300 (P300), (c) Steady-State Visual Evoked Potentials (SSVEP)

and (d) Hybrid signals [23] (see also TABLE 3).

2.3.3.1 Motor Imagery (MI)
In the MI paradigm the user sends a command to an external device by imagining moving

a limb without performing any physical activity. This is made possible by detecting EEG
activity in the somatosensory motor cortex and generating discriminant patterns in the brain
signals. The most detectable activities in the somatosensory motor cortex that are
distinguishable in the EEG signal correspond to the left vs. right hand movement, foot
movement, and tongue movement [42]. Both the physical and the imagined limb movement
generate a unique pattern in the alpha and beta bands, more specifically in the “mu” and
“SMR” signals [43], [44]. SMR signals are encapsulated in the alpha (mu) (9 - 11 Hz), beta
(13 - 30 Hz), and gamma (> 30 Hz) frequency bands [43], [44]. These patterns are reflected
with a power decrease termed “event-related desynchronization” (ERD) that correlates with
the preparation of movement [45], or with a power increase termed ‘“event-related
synchronization” (ERS) that indexes a resting state [46]. Notably, research has shown that Ml
generates the same pattern in the motor cortex during the execution and the imagination of the
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movement [47]. ERD / ERS models are localized because of the somatotopic arrangement that
exists in the motor cortex. For example, the representation in the upper limb area is on the
mantle of the motor cortex and followed by lateralization [48], which makes spatial
discrimination easy among left-hand and right-hand EEG patterns.

The most important electrodes that can detect distinct patterns in the somatosensory motor
cortex are C3, C4, and Cz. In the upper limbs, there is an evident contralateral dominance for
left-right limb recognition [49], [50]. The presence of contralateral and ipsilateral variations in
mu activity are used as distinct signatures in BCI to discriminate left-hand and right-hand
movements (see Fig. 6) [51]. In contrast, left and right foot MI discrimination does not rapidly
evolve because the locations of the areas of the somatosensory cortex that correspond to the
left and right foot are very close to each other. Furthermore, the foot motor area is located
deep in the sensorimotor cortex, making it difficult to differentiate the nearly identical EEG
activity from the left and the right foot. [48]. Therefore, although studies have used MI-based
BCI using feet, they generally did so without discriminating across the left and right sides

[52], [53] (see also Fig. 6).
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Imagined Movements Goalkeeper Actions

Left Hand

Right Hand

Fig. 6. An example of an Ml-based BCI system. The left column shows the movements that
the users imagine, without any physical movement or muscle activation to send a command to
the VR Goalkeeper avatar, to move his corresponding hand. The right column shows the

commands given for the hand movement of the VR Goalkeeper in the game.

2.3.3.2 Positive 300 (P300)
The visual P300 is one of the most popular examples of EEG-based BCI systems,

especially in the most modern implementations of BCI-VR gaming. BCI systems with P300
are based on sequential flashing stimuli, such as symbols, letters, or objects. In 1988, Farwell
and Donchin pioneered the use of the visual P300-BCI [54] creating what is today known as
the P300 Speller. The P300 is obtained by analyzing event-related potentials (ERP). An ERP
is generated by averaging the EEG signal, locked to a particular event such as a visual
stimulus presented on a screen. The P300 is produced as a response to infrequently presented
stimuli that are recognized by the user. It is a positive peak in the EEG ranging from 5 to 10
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microvolts in size that appears around 300ms after the onset of the event [55] (see Fig. 7). The
most common locations of the recording electrodes for measuring the P300 are in midline
electrodes Pz, Cz, and Fz. The most important advantage of using P300-based BCI systems is
that most users can generate the P300 with high accuracy and with almost no training.
Therefore, the participant can rapidly and easily use the system to handle an application. The
disadvantage of P300-based BCI systems is that the tasks they rely on are attentionally
demanding and thus elicit fatigue to the users [55]. In addition, given the visual nature of the
tasks, users with vision impairments often have difficulties using the system and produce

rather poor results [56].

241428 ¢
2
¢

Fig. 7. An example of a 6x6 symbol P300 matrix based BCI system. The user wants to write
the letter "O" by focusing on the letter. The system recognizes the correct letter because of the

positive peak generated in the EEG signal 300ms after the flash [55].

2.3.3.3 Steady-State Visual Evoked Potentials (SSVEP)
The SSVEP is another popular visual paradigm in BCI [57]. In SSVEP, users direct their

gaze to flickering stimulations, a task that requires good attention control as shown in Fig. 8.
The most important locations for the recording electrodes are in the occipital lobe and
particularly locations O1, 02, and Oz. Focusing on the flickering stimulus generates an EEG
pattern whose frequency correlates with that of the stimulus. To produce the stimulus, light-
emitting diodes (LED) are often used. Typically, multiple flickering stimuli with distinct
flickering frequencies that represent different commands are presented to the user. The

stimulus that matches the pattern of EEG activity is then selected and the command associated
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with it is executed. The SSVEP has many advantages. One notable advantage is that because
the stimuli are exogenous, it can be used without user training. Stimuli can flash at many
different frequencies, allowing the user to give different commands to the external device. In
addition, the SSVEP frequencies can be more reliably classified than the ERP. However, as
with the P300, this paradigm causes fatigue to users, especially when using stimuli with low
flickering frequencies [58]. This paradigm is also not suitable for the visually impaired as it
entails gaze movement. That said, Min et al. [59] have recently proposed a new SSVEP
paradigm that uses a grid-shaped line array that is gaze-independent.

Finally, it should be noted that, along with the SSVEP, several similar approaches can be
found in the Steady State Evoked Potential (SSEP) family: steady-state somatosensory evoked
potentials (SSSEP), steady-state auditory evoked potentials (SSAEP) [60], and hybrid SSSEP-

P300 applications [61].

SCORE: 153

Fig. 8. SSVEP paradigm: The user moves the game character by focusing on the
corresponding flickering lights. By focusing on the left flickering light, the EEG signal

reflects the 14Hz stimuli and the system triggering a movement to the left [58].
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TABLE 3

SUMMARY OF FEATURES OF DIFFERENT NEURAL MECHANISMS

EEG Paradigm Ml P300 SSVEP
Nature ERD/ERS ERPs SSEP
Advantages Does not require any Almost no training Almost no training needed

external stimulation.
Free will operation

needed

Disadvantages Requires training

Requires external
stimulation. Could
provoke tiredness in
users.

Requires external
stimulation. Could
provoke tiredness in users.

Accuracy 65 -70%

6X6 symbol matrix 90%

90%

Training Time 10-30 mins

5 mins

5 mins

2.4 BCI Techniques and Algorithms

2.4.1 Pre-processing strategies

One of the biggest challenges in EEG-based BCI applications is that background noise

must be eliminated before performing the analysis. Noise can be caused by both exogenous

and endogenous factors. Exogenous factors include televisions, mobile phones, computers,

lighting fixtures, etc. Endogenous factors include movement, respiration, skin resistance

fluctuations, or other bioelectrical potentials, such as electromyographic (EMG) activity,

electrocardiographic (ECG) activity, electrooculographic (EOG) activity, etc. [62]. Therefore,

one needs to clean the raw EEG to better suit the requirements. To achieve this, a variety of

pre-processing methods can be applied [63], [64], [65], [66], [67], including:

¢ Notch filtering at 50 or 60Hz (depending on geographic location) to remove power line

noise.

o High pass filtering with a low cut-off frequency to erase the drift of the baseline.

e Band pass filtering to pick the appropriate bands.
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e Epoching the continuous data to extract segments, time-locked to an event, in specific
time-windows.

o EEG amplitude clipping to force the EEG signal into a specific range.

e Cancelling bad trial samples from the EEG.

¢ Normalizing the data to zero mean and unit variance using z-scores to accelerate
convergence and not get stuck in local minimums.

o Down-sampling to accelerate the calculations and reduce the memory.

e Selecting key electrode positions according to the goal of the application.

o Rejecting artifacts using thresholding techniques such as Independent Component

Analysis (ICA) [192] or Principal Component Analysis (PCA) [193].

2.4.2 Feature extraction

After the pre-processing that cleans up the signal, the most important features in the EEG
signal must be extracted. The most commonly used EEG feature types in BCI systems are
statistical, manually-selected, and data-driven adaptive features [68]. The selection of a toolset
for dealing with features is a very critical process because of the high complexity and
dynamical structure of the EEG signal [69]. There are various ways to achieve feature
extraction in the time domain, frequency domain, time-frequency domain, and spatial domain.
Extracting features that depend on temporal information only, results in rejecting spectral
information. On the other hand, extracting features in the frequency domain only, results in
rejecting temporal information.

Two effective techniques for feature extraction are the Discrete Wavelet Transform
(DWT) [194] and the Wavelet Packet Decomposition (WPD) [194]. These methods can
decompose the EEG signals at multiresolution and multiscale, which is useful as important
information in the EEG signal is conveyed in different frequency bands. Moreover, they can
extract dynamic features, which is very important given the non-stationary and non-linear

nature of the features [70], [71].

28



Furthermore, time-frequency based methods are highly beneficial when analyzing EEG
signals, as they are extremely dynamic. Spatial domain methods and frequency domain
methods can be blended to extract more distinct features leading to increased classification
accuracy. For better feature extraction, the selection of the most efficient electrode positions,
is very important. This can be achieved by setting weights using spatial domain methods [67],
[72]. Commonly, high-dimensional features are extracted from the EEG signal. Because of
this, statistical transformation methods like PCA and ICA are used for feature selection and
dimensionality reduction. However, these methods are computationally expensive and can
reduce classification accuracy [67], [73].

To address the problem of high dimensionality, Evolutionary Algorithm (EA)
optimization techniques for feature selection from large feature sets are used [74]. Using filter
bank approaches, such as the Common Spatial Pattern (CSP), has had a major impact on
feature treatment in EEG data [75] and is considered to be one of the most powerful feature
extraction techniques widely used in BCI [76]. This method uses a spatial filter that changes
the brain signals in a single space where the variation of a feature set is maximized, while
lower variation is observed in the rest of the feature set. The CSP approach may not
accomplish adequate performance because of the optimal frequency band for each individual.
Therefore, selecting an optimized filter band can improve performance. However, selecting
the optimal sub-band through pure CSP may take much time [77]. Also, the CSP algorithm
has many different variants that are characterized by enhanced performance in BCI systems
such as the Adaptive Composite Common Spatial Pattern (ACCSP) and the Self Adaptive
Common Spatial Pattern (SACSP) algorithms [78].

Feature extraction methods that are based on Neural Networks (NN) utilize a framework
that combines all three phases of feature extraction, selection, and classification in a single
pipeline. Despite the long training phase in NN, new invisible data can be analyzed as soon as
the network parameters are defined [79]. This results in more effective computations, which in

turn extract better features leading to higher classification accuracy.
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Finally, it is worth noting that although many researchers skip the feature selection phase,

systems using the selection phase seem to achieve greater accuracy [35].

2.4.3 Classification

2.4.3.1 Conventional Machine Learning
The k-Nearest Neighbors (k-NN) algorithm [195] is a well-known non-parametric

classification method. In k-NN, the input data corresponding to the different classes create
unique groups in the feature space. Adjacent groups are classified together and are defined as
neighbors. A distance metric is then used as a measure of similarity of feature vector test
among the features of all the classes [79]. The main factors governing the k-NN algorithm are
the set of neighbors and the type of distance measurements. k-NN algorithms are not so
widespread in the community of BCI because they are very sensitive to the dimensionality of
the feature vector [80]. However, when used in low-dimensional feature vectors systems, k-
NN can be of great value. Notably, k-NN generates strong outcomes when blended with
effective feature selection or feature reduction algorithms.

The Linear Discriminant Analysis (LDA) [98] is another approach that relies on finding
the linear patterns of feature vectors that express the corresponding features of the signal. The
LDA algorithm separates the classes representing different objects by using hyperplanes. The
isolating hyperplane is achieved by searching for the projection that maximizes the distance
among the means of the classes and minimizes the interclass variance [81]. The LDA has very
low computational requirements and is therefore commonly used. Indeed, it has been applied
successfully in many BCI systems that rely on MI, P300, and either multiclass or
asynchronous BCI. Nevertheless, while providing good results because of its immunity to
non-static issues, due to its extremely linear nature, it downgrades performance in cases of too
much non-linear data [82].

Finally, another approach that can be used is the Support-Vector Machine (SVM) [97].
The SVM classification algorithm is a machine learning classification algorithm based on

statistical learning theory. The SVM improves generalization, minimizes experience risk and
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confidence range, solving the problems of overlearning, model selection, dimensionality
reduction and nonlinearity in algorithm of pattern recognition under small sample conditions.
The algorithm estimates the optimal classification plane that maximizes the classification
interval between the two classes [83].

The SVM is a classifier that creates a set of hyperplanes for separating the feature vectors
in several classes. SVM picks the hyperplanes that maximize the margins, that is, the distance
among the hyperplanes and the nearest training samples [84]. In general, the SVM has been
widely accepted by the researchers as one of the simplest algorithms used in the area of BCI.
It also proves to be robust with high-dimensional datasets, which means even with high-
dimensional feature vectors, a large set of training data is not necessary for a high outcome
[85]. Notably, there is no tradeoff with regards to execution speed in real-time BCI
integrations. In conclusion, conventional machine learning classification algorithms offer
unique advantages and considerations in the field of BCI systems and the selection of an
appropriate classification algorithm in BCI design hinges upon the specific requirements of

the application.

2.4.3.2 Deep Learning
Deep learning methodologies are increasingly popular in BCI due to their ability to

process and analyze complicated patterns in brain signals. In particular, deep learning greatly
simplifies the processing of EEG signals as the multiple layers in the network represent and
solve a smaller problem, helping the decision-making phase to solve the wider problem by
using pre-processing techniques, feature representations, etc. [73]. In addition, there seems to
be great success in representing complex patterns with the development of deep learning.
Deep learning algorithms learn hierarchical representations of input data with non-linear
transformations techniques [67], [73]. In deep learning, the stacked layers insert a linear
transformation to the network and then trigger it through the activation function. The variables

of the stacked layers are learned by default with the help of an objective function. Different
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deep learning architectures have been used, including Convolutional Neural Networks (CNN)
[2], [176], [177], Recurrent Neural Networks (RNN) [2], and more.

As their name implies, CNN operate using a linear function called convolution. CNN are
widely used for image, video, and EEG analysis. The CNN contain an input layer, where
learning data are fed, several hidden layers that process and analyze the input data to create a
trained model, and an output layer that predicts the answer to a problem. In the process of
network learning, the higher-level features are simplified to lower-level features [67], [86].
The convolution is completed by convolving the signals with multiple 2D filters in order to
extract useful complementary features. The connecting weights are changed during the
training process to reduce the classification error [87]. Excessive increase in network levels
dramatically increases the ability of the neural network to generalize, resulting in overfitting
and recognition only in the data it has been trained with. Nevertheless, there are multiple
techniques for tackling the problem of overfitting. An effective technique is to use a pooling
layer that works as a down-sampling strategy that applies various types of pooling such as
max, sum, and average. Pooling layers and convolution layers can decrease the complexity
and the feature maps sizes [67].

RNNSs include embedded memory cells that store previous network states for later use.
The output of these networks results from both the current input and the previous output, and
that is why they are referred to as recurrent. By nature, this type of networks is suitable for
solving time series related problems such as EEG signal analyses. The memory cells included
in the network contain input, output, and forget ports, to determine the output of the cell. The
most widely used types of RNNs are the Long Short-Term Networks (LSTM) [2], [68], the
Gated Recurrent Units (GRU) [2], and the peephole connection LSTM. By their very nature,
these networks have the ability to remember and process complex previous values over a long
period of time by subdividing the trials into multiple parts and by extracting temporal-related

features as opposed to CNN that process individual trial items to extract spatial features [67].
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Finally, the Restricted Boltzmann Machine (RBM) [2],[73] is sometimes used for feature
classification. It is a multiplicative unsupervised learning model that contains an input layer, a
hidden layer, and two-way connections among the two layers. Each node of the input layer is
connected to all the other nodes in the hidden layer. The input data are composed of latent
features that are used to reconstruct the data from the input in a backward procedure to create
new data points in the hidden layer and vice versa [67], [88]. A Deep Belief Network (DBN)
[2], [193] is the total of various layers of RBM. During the learning procedure, the 1st layer in
the DBN is the visible and the 2nd layer is the hidden layer. Then, the 2nd layer becomes the
visible layer and the 3rd layer the hidden one. The procedure continues in the same pattern
until all layers in the network are learned [67].

In conclusion, deep learning techniques, including CNN, RNN, and RBM, offer powerful
models for processing and analyzing complex patterns in EEG signals. These methodologies
provide efficient means of extracting hierarchical representations and temporal dependencies
from brain signals, facilitating advancements in BCI research and applications. By leveraging
deep learning architectures, researchers can unlock new insights into brain function and
develop innovative solutions for neurorehabilitation, assistive technologies, and cognitive

enhancement.
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Chapter 3

BCI Applications

3.1 Methodology

The review was conducted in 5 phases based on Bargas-Avila and Hornbaek (2011) and
the Cochrane methodology [89]-[91].

PHASE 1: DETAILED PUBLICATIONS EVALUATION

We searched 9 electronic databases, covering a balanced range of disciplines, such as
computer science, computer engineering, neuroscience, medical research, and
multidisciplinary sources. The databases included in the review were as follows: 1. ACM
Digital Library (ACM), 2. Google Scholar, 3. IEEE Xplore (IEEE), 4. MEDLINE, 5.
PubMed, 6. Sage, 7. ScienceDirect (SD), 8. Scopus, 9. Web of Science.

Search terms: We applied three queries to each database since we aimed to study the
“BCI-VR Gaming technology with Cognitive tasks” fields:

A. BCI-VR Gaming

B. BCl AND Cogpnitive tasks

C. BCI-VR Gaming AND Cognitive tasks

Search procedure: The search term was used to retrieve the publication's title, abstract
and/or keywords.

Search results: The search results and analysis are summarized in Fig. 9.

PHASE 2: PUBLICATIONS RETRIEVED FOR DETAILED EVALUATION

First exclusion: We removed 368 wrong timeframe entries because they included the
wrong year. As a result, 1512 articles remain.

Second exclusion: Duplicate studies in the databases (e.g., various terms producing

similar result into the same database) and among databases (e.g., different databases
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producing similar result) were excluded. We excluded 284 duplicate studies. This narrowed
down our findings to 1228 different articles.

Third exclusion: We limited the publications to the documents written in English only.
We excluded articles that we did not have access to and articles that were not official articles
but derived instead to speeches, posters, magazines and in general grey literature without
official review. Therefore, we removed 651 articles. The 577 articles that remained include
journal articles, conference papers, and book chapters.

PHASE 3: PUBLICATIONS INCLUDED IN THE ANALYSIS

Final exclusion: Since the purpose of this review is to investigate the fields of BCI-VR
Gaming and cognitive tasks for Attention, Memory, and Visuospatial skills, we removed
publications that used different approaches. We also excluded all studies that used invasive or
semi-invasive techniques as well as studies in which BCI was not based on EEG. We also
excluded studies that did not use MI, P300, or SSVEP. Finally, we excluded studies that did
not mention the methodology or the algorithms they used for pre-processing, feature
extraction, classification, and performance, or for which the findings were not clear. Based on
these criteria, we removed 513 publications. As a result, we concluded with 32 significant
articles (22 studies of BCI-VR Gaming, 8 studies of BCI with Cognitive tasks, and 2 studies
that involved both BCI-VR Gaming and cognitive tasks), as presented in Fig. 9. Finally, all
articles were grouped to be analyzed.

PHASE 4. DATA GATHERING

In this phase, we extracted all the important information from all the publications to
analyze them. We extracted data from all the studies: the BCI paradigm, VR action scene,
number of participants, feature extraction algorithm, classification algorithm, EEG electrodes
used, and key findings.

PHASE 5: DATA ANALYSIS

We used thematic analysis to classify the selected articles based on the characteristics.

The characteristics we used are the BCI paradigms, the BCI pre-processing strategies, feature
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extraction algorithms, classification algorithms, the BCI-VR challenges, and the BCI-VR

gaming future directions.

Potentially relevant references identified (n=1787)
ACM Google IEEE MEDLINE PubMed Sage Science Scopus Web of
Scholar Direct Science
81 458 270 126 158 152 234 184 217

|

—] Wrong year entries detected and removed (n= 368)

A

Potentially relevant references identified (n=1512)

Screening

> Duplicates detected and removed (n= 284)

Potentially relevant references identified (n=1228)

Not access to the full length detected and removed (n= 316)

Potentially relevant references identified (n=912)

Review papers detected and removed (n=273)

v

Potentially relevant references identified (n=639)

Eligibility

» Not original papers detected and removed (n= 25)

A4

Potentially relevant references identified (n=614)

=]| Grey literature detected and removed (n=37)

Y

Potentially relevant references identified (n=577)

|
!

Studies included in systematic review (n=32)

y

Not fulfil context criteria detected and removed (n=545)

Included

Fig. 9. Summary of search results and analysis for the identification and selection of related
studies.

3.2 BCI-VR Gaming

Research on BCI-VR Gaming systems has attracted significant interest for both healthy
people and people with motor impairments. VR is a computer technology that uses computer
graphics to simulate real environments. Instead of viewing a screen, users are immersed in
realistic 3D virtual environments and can interact with the objects as if they were real [92].
This can result in diminished training time and increased efficiency. Also, VR technology
makes the training interesting and engaging for the user. Applied in rehabilitation medicine,

VR has had documented success, when used for stroke patients with hemiplegia after
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rehabilitation training [93], Parkinson’s Disease rehabilitation [94], upper-limb prosthetics
[95], and wheelchair control [96].

The most widely used methods by researchers for BCI-VR Gaming are MI, P300, and
SSVEP. TABLE 4 summarizes the most significant BCI-VR games from March 2011 to
March 2021.

In one of the studies we reviewed, Xu et al. [97] developed a simulation of a robotic arm
in a VR game designed to compare the performance of low-cost devices (OpenBCl) to
medical grade BCIs (Neuroscan). The virtual robotic arm was operated using the MI
technique and the findings showed that low cost BCls can produce really good outcomes. The
best result of classification accuracy of the robotic arm control was 76.3% with the low-cost
device and 79% with the medical quality device [97].

In another study, Vourvopoulos et al. [98] developed the Neu-Row, a novel BCI system
that provides multimodal vibrotactile feedback in the VR experience with the use of head-
mounted display (HMD) to achieve more distinct activations in the motor cortex areas. The
NeuRow system is a holistic BCI approach combining MI, immersive VR environments, and
sensory stimulation. During the experimental training, the virtual hands were controlled using
only the MI-BCI paradigm in the system. Healthy users were asked to perform a rowing
motion with virtual hands using MI. To enhance realism, vibration and tactile feedback were
provided. Results showed that the average left-right hand movement accuracy was 70.7%.

In a follow-up study, Vourvopoulos et al. in 2019 [99] used NeuRow with a 60-year-old
patient with left hemiparesis caused by a stroke in the right temporal lobe 10 months before.
The patient imagined moving his left and right hands to paddle a boat in a virtual environment
across 10 sessions carried out over a period of 3 weeks. Electrophysiological data showed
increased brain activation, similar to that of healthy individuals. Results showed an
improvement in motor function as a result of VR feedback and Ml training. This result was
also documented in imaging data collected. Overall, the findings of this study extend previous

research by showing neuroplastic changes in specific targeted areas of the brain and the
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effectiveness of BCls using MI for motor rehabilitation. They also suggest that the systematic
training with similar systems that control applications through imagined movement can
improve the physical motor ability of individual patients with motor impairments.

Skola et al. [187] investigated how the avatar embodiment in VR influences training for
the operation of MI-BCI. This study examined the relationship between BCI performance and
subjective levels of embodiment. Online performance from the BCI experiments on the sense
of ownership and sense of agency towards the virtual avatar was studied. Using gamification,
further increased the performance in the training session. Embodiment in VR mediated by
synchrony between mental commands and visual stimulation in VR arose under different
conditions than embodiment based on visuo-motor synchrony. Consistency between the
perceived sense of ownership and agency played a more important role than the ability to
issue MI-BCI commands correctly. The mean accuracy was 70.8%.

Vourvopoulos et al. [188] investigated the role of embodied feedback and how it can help
elderly adults increase their BCI performance during MI-BCI training in VR. The elderly
population was selected to age-match with the typical stroke age-range demographic,
accounting for age-related confounds. Participants received MI-BCI training in two
conditions, abstract and embodied feedback. Results showed differences between the two
conditions in terms of Event-Related Desynchronization (ERD), lateralization of ERD, and
classifier performance in terms of arm discriminability. The mean accuracy with the abstract
and embodied feedback was 52.5% and 65% respectively.

Vagaja et al. [189] aimed to examine whether the virtual sense of embodiment (SoE)
when induced, as priming of avatar embodiment, and assessed before MI training, could
enhance MI-induced EEG patterns. They divided 26 healthy participants into two groups: the
embodied group, which experienced SoE with an avatar before undergoing VR-based MI
training, and the non-embodied group, which underwent the same MI training without a prior
embodiment phase, serving as a control. Although the embodiment phase effectively induced

SoE in the embodied group, both groups exhibited similar MI-induced ERD patterns and BCI
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classification accuracy. This suggests that the induction of SoE prior to MI training may not
significantly influence the training outcomes. The mean accuracy of the embodied group and
the non-embodied group was 77.4% and 75.2% respectively

In another study, Xu et al. [190] proposed a narrow filter bank CSP (NFBCSP) algorithm,
which automatically determined the optimal narrow band for MI by band search tree. The
optimal narrow band was combined with the CSP algorithm to extract the dynamic features in
the EEG signals. After extracting the features, a Deep Convolutional Neural Network
(DCNN) was used for the fusion of band features and classification of multi-class motor
imagery. They verified their method using two different motor imagery datasets, the BCI-VR
dataset with two classes of motor imagery and the BCl Competition IV dataset 2a with four
classes of motor imagery in an offline analysis. The experimental results showed that the
proposed method achieved an average classification accuracy of 86.43% for the two-class Ml
task, and 76.87% for the four-class Ml task.

Lakshminarayanan et al. [191] integrated a framework that combined VR-based action
observation and kinesthetic motor imagery (KMI), achieving an accuracy of 61.9%.

To explore if P300-BCl VR headsets can achieve similar classification accuracy as 2D
monitors, Kithner et al. [100] conducted an experiment in which 18 participants used three
different display methods to perform a typical task with a BCI speller. The first display was a
5 X 5 matrix turning the BCI speller into a typical wide screen. The second was an identical 5
X 5 display that was however viewed in immersive VR. The third display was the same as the
second one with the exception that only a single letter at a time appeared in the 5 X 5 BCI
speller. Results revealed similar spelling accuracy across the three display conditions (96%,
96%, and 94%, respectively), suggesting that VR headsets can accomplish similar accuracy as
2D monitors and that fast P300-BCI communication can be achieved in VR experiences.

In another study, Zeng et al. [101] developed an interface between the brain and a lower

robotic limb using the SSVEP paradigm in a virtual environment to help people with ankle
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movement problems to perform robotic-based rehabilitation tasks. The lowest limb control
accuracy was 80% and the highest 100%, documenting the effectiveness of this approach.

In an earlier study, Zhang et al. [102] presented a BCl-based lower-limb rehabilitation
training system that merged BCI, VR, and robotics. In the system, a robot and an avatar
performed similar movements at the same time while the user could perform various
commands such as rotation to the left and to the right, forward movement, etc. Results showed
an 85.6% classification accuracy for three participants.

In conclusion, BCI-VR gaming systems offer promising avenues for both healthy
individuals and those with motor impairments, leveraging immersive virtual environments to

enhance engagement and efficiency in rehabilitation.
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TABLE 4

SUMMARY OF EEG-BASED BCI-VR GAMING STUDIES

Author BCI VR action task No. of Feature Classification  Channels Accuracy
paradigm subj.  extraction algorithm
J. Xuetal. (2020) Ml Simulation of robotic 2 FBCSP SVM 2 channels: (C3, C4) 76.2%
[97] virtual arm “mu” and “beta” waves
Vourvopouloset Ml Virtual rowing with hand 13 CSP LDA 8 channels: (FC5, FC6, C1, C2,C3, 70.7%
al. (2016) [98] movements C4, CP5, CP6)
Vourvopouloset Ml Virtual rowing with hand 1 CSspP LDA 8 channels: (FC5, FC6, C1, C2,C3, 60%
al. (2019) [99] movements C4, CP5, CP6)
A. Kreilinger et MI Car game 10 DP LDA 32 channels: 70%
al. (2016) [103] Important Used: (C3, Cz, C4)
Achanccaray et Ml Virtual hand control 8 CSP, Adaptive 16-channels (AF3, AF4, FC3, FCz, 89%
al. (2017) [104] Log trans. neurofuzzy FC4, C3,Cz,C4, T7, T8, CP3, CPz,
inference CP4, Pz, PO3, PO4)
system
References: (FZ, Al)
Lupuetal. (2018) Ml Limb movement control 3 CSP LDA 12-channels: (FC1, FC2, FC5, FC6, 85%
[105] C3, C4, C5, C6, CP1, CP2, CP5,
CP6)
Vourvopouloset Ml Virtual left and right hand 9 CSP LDA 8 channels: (FC3, FC4, C3, C4,C5, 65.6%
al. (2015) [106] control C6, CP3, CP4)
Munoz et Ml Virtual left and right hand 8 CSP LDA, SVM 8 channels: (F3, F4, FC5, FC6, AF3, 96.7%
al.(2014) [109] control AF4, F7 andF8)
Badia et al. MI Controlling a virtual arm 9 Bipolar filter 2 dimensional 9 channels: F3, C3, P3, T3 ,F4, C4, 85%
(2013) [110] (FC3-FC4 linear classifier P4, T4, Cz
and
CP3-CP4) Ground: FPz
Reference: A2
Zheng et al. MI Virtual navigation 1 CSP LDA 5 channels around the motor cortex  67.5%
(2013) [111]
Skola et al. Ml Virtual left and right hand 30 CSP LDA N/A 70.8%
(2022) [187] control
Vourvopouloset Ml Virtual rowing with hand 5 CSP LDA 32 EEG channels 65%
al. (2022) [188] movements
Vagaja et al. MI Virtual left and righthand 26 CSspP LDA 32 EEG channels 75.2%
(2024) [189] control
Xu et al. (2022) Virtual hand control 12 FBCSP, CSP  Deep CNN 22 channels: FZ, FC3, FC1, FCz, 76.9%
[190] FC2, FC4, C1, C2, C3,Cz C4, C5,
C6, CP3, CP1, CPz, CP2, CP4, P1,
Pz, P2, POz
Lakshminarayana Ml drinking from a cup, 15 N/A MLP 20 channels: FP1, FPz, FP2, F7,F3, 62%
n et al. (2023) extension of the hand, and Fz, F4, F8, T3, C3, Cz, C4, T4, T5,
[191] grabbing a cup P3, Pz, P4, T6, 01, 02
Amaral et al. P300 Virtual objects flickering 17 Max-SNR Naive Bayesian 8 channels: (C3, Cz, C4, CPz, P3, Pz, 80%
(2017) [107] P4, POz)
Tidoni et al. P300 Virtual character control 21 N/A LDA 8 channels: (Fz, Cz, P3, Pz, P4, PO7, 89%
(2017) [108] Oz, PO8)
Kaithner et P300 Spelling in virtual scene 18 N/A Stepwise linear 8 channels: (Fz, Cz, P3, P4, PO7, 80.5%
al.(2015) [100] discriminant POz, PO8, Oz)
analysis
(SWLDA)
Tarnanas et al. P300 Virtual navigation in a 50 N/A kNN N/A 87%
(2012) [112] museum
Zeng etal. (2017) SSVEP Whack a Mole 5 FFT N/A 41 channels 90%
[101]
Zhang et al. SSVEP Virtual character control 3 N/A Canonical 3 channels: (Oz, 01, 02) 81.4%
(2015) [102] correlation
analysis (CCA)
Legeny (2011) SSVEP Virtual navigation 1 N/A LDA 3 channels: (CPz, POz, 01, Oz, 02, 91%
[113] and 1z)
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3.3 BCI for Attention, Memory, and Visuospatial skills

BCI neurofeedback training involves stimulating brain areas with repetitive reward and
feedback training, e.g., when the user tries to move a robotic arm through mental imaging
strategies [114], [115], [116]. TABLE 5 presents EEG-based BCI studies targeting the
cognitive mechanisms of perception, visuospatial attention, and visuospatial memory.

In [117], a BCI neurofeedback game based on MI paradigm was developed to help
children with ADHD. The band power results showed that the children improved their
attention while playing the game. At the same time, they had fun and were generally in a
relaxed state. This is aligned with the result of other studies showing that new approaches that
use either 2D or 3D games in combination with BCls, can implement effective interventions
for patients with ADHD, mainly by employing mindfulness training. Techniques such as
mindfulness training facilitate brain maturation, improve visual processing, and enhance
cognitive skills, by increasing the ability to retain the attention of the user for extensive period
of time [86], [87], [118].

In an example study, Qian et al. (2018) [86] showed that a BCI intervention can
significantly reduce inattention after 8 weeks of training. Notably, inattention was reduced
more in an ADHD intervention group than a control group that included participants without
attention difficulties [86]. Of course, additional research may be needed to assess the effects
on ADHD patients who have been treated with BCI for extended periods of time, and to
develop adaptive systems that can profile and use the users’ characteristics to adapt the system
[118].

Promsorn et al., in 2017 [119] measured EEG activity while participants performed a
spatial ability task. Electrical activity was processed offline and the following frequency
bands were analysed: delta (0 - 3 Hz), theta (4 - 7 Hz), alpha (8 - 12 Hz), beta (13 - 30 Hz) and
gamma (31 - 47 Hz). The alpha, beta and gamma frequency bands of the participants
increased significantly during the execution of the spatial task compared to baseline. BCI

studies on video game applications have shown that BCI can offer many advantages when
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combined with cognitive and gamification techniques. The influence of neurofeedback in
classic video games based on BCI is very promising for enhancing the level of attention and
cognitive function in both healthy and motor-impaired users [87]. EEG video game control is
better suited for BCI because of the portability, affordability, safety, high temporal resolution,
and non-invasive access it provides to users with motor impairments, in contrast to other BCI
applications such as environmental control, cursor control, robotic arm control, wheelchair
control, etc. [120]. BCI neurofeedback gaming has been shown to improve the level of
attention and memory, of the users [117].

Mental training and concentration seem to also benefit visuospatial memory and
perception in many professional areas, like medical surgery, sports, and music. Thus, BCI
applications may help people improve their cognitive skills by using EEG patterns and
visualization methods to restore movement and communication [121], [122], [123]. Hammer
et al., (2012) [131] conducted an experiment where participants underwent a psychological
test-battery before performing an MI task. The psychological test-battery included
performance tests, personality tests, clinical tests, and the vividness of movement imagery
guestionnaire. In the BCI-MI session, participants were instructed to imagine the movement
of the left hand, the right hand, and the right foot. Results showed that system recognition
accuracy across the three imaginary movements was 74%. In another study carried out by
Promsorn et al. [119] participants performed a spatial test with four main common types of
spatial abilities which are spatial perception, spatial visualization, mental folding, and mental
rotation. Participants demonstrated significantly mean improvement in speed, memory,
attention, flexibility, and problem-solving skills when executing an EEG-based spatial task
[119].

It should be noted that the operation of BCI devices is based on procedural learning, i.e.,
learning that mediates the automatic execution of tasks, e.g., learning to ride a bike. An
efficient training technique and distinct EEG patterns provide the user with feedback

indicating whether she is achieving high BCI control performance and therefore continue with
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the same strategy or whether she should make more effort to improve performance. This
feedback reinforces the procedural training process. There also seems to be a growing number
of BCI studies showing movement control generated by the EEG signals using evolutionary
algorithms adapted to the user's case to handle BCI systems without moving limbs or muscles
[88]. A BCI system that uses a variety of brain mechanisms, like alphabetic ordering,
arithmetic, letter synthesis, etc., can train people how to generate the appropriate EEG patterns
to rehabilitate their Kinetic operations. For example, in one study, participants improved their
level of attention by observing signal characteristics generated by more realistic images
compared to less realistic images [117].

Despite its promise for improving cognitive skills (a topic we discuss further in the next
section), BCI has to overcome a number of challenges. The biggest one is to maintain the
user's interest and motivation to engage with the task while using tasks that are difficult
enough for each user in order to increase the adaptability of the brain [124]. In addition, some
issues still need to be explored, e.g., how EEG-based neurofeedback that improves perception,
visuospatial attention and visuospatial memory in healthy individuals could be used with

patients, and how such patients can benefit more from the training [116].

3.4 BCI-VR Gaming and cognitive tasks

The application of BCI in games and in education not only leads to fun ways of
interaction, improving thus involvement and entertainment, but it can also lead to the
improvement of cognitive skills [126]. The P300 BCI is one of the most accurate BCls
available and is associated with a higher level of gaming-specific attention processes. It can
also be an index of mental workload and cognitive training [126].

Bulat et al. [126] investigated whether cognitive functions of healthy adults can be
improved by playing a P300-BCI-VR based game. A total of 45 healthy participants (25
females and 20 males) between 18 and 37 years old were recruited for the study. Participants
were randomly assigned to three groups: the experimental group (P300+VR), the active

control group (VR game), and the passive control group (VR movie). The experiment
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consisted of 5 sessions across a period of 2 weeks. At the beginning, all participants
performed a series of cognitive tests, which were then repeated after the 1st, 3rd, and 5th
training sessions. Significant changes in cognitive performance were shown after 5
experimental sessions for the experimental group in comparison to both other groups in tasks
associated with inhibition and visuospatial attention. Specifically, it was found that the
experimental group achieved shorter reaction times than the active control group and the
passive control group in a flanker task that requires responding to a stimulus while ignoring
distractors and in a visual search task.

In another study, Dey et al. [127] created an adaptive visual search task in VR based on
real-time interpretation of the user’s EEG. The system adapted to the cognitive load difficulty
in real-time based on the effort made by the user. To enable the visual search task adaption
participants performed two blocks of n-back trials, first a block with 1-back trials and then a
block of 2-back trials, while task load was measured. The n-back task shows a sequence of
numbers and asks participants to recall the number that is n positions back from the current
number. For example, a 2-back task asked people to recall the 2nd number before the current
number was shown. The use of 1-back and 2-back tasks allowed the researchers to obtain an
index of the participants’ brain activity in relation to an easy and a difficult working memory
task respectively, and thereby to calibrate the task difficulty parameters. This was
accomplished by taking the mean alpha power induced by these two n-back blocks to
calculate a baseline for each user and to use this baseline value to adapt the visual search to
their task load. When the task load was above the mean level of the two calibration tasks, the
researchers decreased a level and increased it when task load was lower. This process ensured
that the adaptation was customized to each individual’s cognitive state. This way, the
researchers succeeded in creating a system that adjusted the level of difficulty according to the
cognitive load [127]. Overall, the results from the studies reviewed indicate that BCI gaming
combined with VR can be used for improving cognitive functioning in healthy participants,

producing effects that are over and above those achieved by cognitive training.
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TABLE 5
SUMMARY OF EEG BASED BCI WITH COGNITIVE TASKS STUDIES

Author BCI Action No. of Feature Classification Channels Key Findings / Accuracy
paradigm subj.  Extraction algorithm
BClI-based Attention and Spatial studies
Yangetal., Ml Brain controlled 10 CsP LDA 27 channels: (F7, FT7, T3, The analysis of band-power
(2018) [117] game TP7,T5, F3, FC3, C3, CP3,  outcomes showed that participants'
P3, 01, FZ, FCz, Cz, CPz, Pz, attention level increased
02, P4, CP4, C4, FC4, F4, F8, throughout the experiment
FT8, T4, TP8, T6) performing Ml tasks.
Promsorn et Ml Spatial ability test 9 N/A FFT 1 channel: (FP1) Participants have shown
al., (2017) significantly mean improvement in
[119] speed, memory, attention,
flexibility and problem solving,
respectively.
Jeunetetal., MI Left-hand M, 18 CsP SsLDA 30 channels: (F3, Fz, F4, FT7, Users' profiles can influence their
(2015) [125] Mental Rotation, FC5, FC3, FCz, FC4, FC6, MI-BCI control levels.
Mental Subtraction FT8, C5, C3, C1, Cz, C2, C4,
C6, CP3, CPz, CP4, P5, P3,
P1, Pz, P2, P4, P6, PO7, PO8)
BCl-based Attention and Memory studies
Qianetal, N/A BCl-based 66 N/A N/A 2 channels: (FP1, FP2) The BCI sessions improving the
(2018) [86] attention training behavioral skills of ADHD
game children.
Limetal., N/A BCl-based 20 N/A N/A N/A Inattentive and hyperactive-
(2012) [129] attention training impulsive symptoms improvement
game. in ADHD children.
Nanetal., N/A Short term 32 total N/A N/A 1 channel: Cz Significantly higher forward and
(2012) [130] memory tests backward digit span in the
16 neurofeedback training (NFT)
NFT group than the control group.
16
cont.
group
BCl-based Spatial and Visuospatial studies
Hammeret Ml Performance, 83 CSP LDA 128 channels cap Predicted accuracy between the
al., (2012) personality and classes: 74%
[131] clinical tests and (left hand, right hand, right foot).
the vividness of
movement imagery
questionnaire.
Hammeret Ml Performance, 33 N/A N/A 16 channels: (FP1, FP2, F3,  Predicted accuracy between the
al., (2014) personality and Fz, F4,T7, C3, Cz, C4, T8, classes: 79%
[132] clinical tests. CP3, CP4, P3, Pz, P4, Oz) (right hand, left hand, both feet).
BCl-based VR Gaming with Cognitive tasks studies
Bulatetal. P300 Controlling 45 CSP LDA 16 channels: The mean accuracy across all the
(2020) [126] machines that (Fp1, C3,C1, Cz, C2, C4, subjects and all the sessions was
shoot monsters. CP3, CP1,CP2, CP4,P1,Pz, 69.3%
P2, 01, Oz, 02)
References: (A1, A2)
Dey et al. - Visual search 14 TFR Monte Carlo 6 channels: (Oz, O1, 02, Pz,  System that adjusts the degree of
(2019) [127] scene. cluster P3, P4) difficulty according to the

Alpha wave recording

performance of the cognitive load
of the brain.

3.5 Challenges and Directions

Although BCI has been widely used in the scientific community, it still faces many

challenges in attracting commercial interest and being adopted by the general population (see
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TABLE 6). These challenges must be addressed by the community of BCI in order to achieve

more improvements.

3.5.1 Technological Challenges
Operating an MI-BCI system usually requires a large number of training trials, thus

making the training phase required to create a realistic model time consuming. However,
when users are taught properly, Ml strategies often deliver remarkable results. Thus, efforts
should be concentrated on reducing calibration time and promoting effective training. Clever
gamification techniques that will keep the user’s interest high during the training sessions may
help to this purpose. Also, because EEG signals are non-linear, non-stationary, and artifact-
prone, the accuracy of multiclass BCI, especially with Ml is very low, around 65-70% [75].
Therefore, one may think about using different BCI paradigms like the P300 or the SSVEP.

The P300 has higher average Information Transfer Rates (ITR) and does not require a
special training process. However, depending on the severity of the impairment, the P300 may
be affected. A large number of studies have found that even people with Amyotrophic Lateral
Sclerosis and Locked-In-Syndrome are capable of handling BCl-based P300 for long periods
of time. But generally, healthy individuals exhibit higher ITR [128]. Notably, with both
healthy users and patients, the experimental procedure requires the assistance of trained
personnel. In addition, the need for elaborate instructions in a BCI system using the P300
paradigm lengthens the time of the intervention, which results to reduced total performance.
Pairing general models with real-time training can be a good approach to decrease the
calibration period and boost P300 accuracy along with user entertainment [133].
Unfortunately, the P300 paradigm requires flashing external stimuli, making it difficult to use
in realistic scenarios that mimic everyday life. Furthermore, even after relatively short periods
of use, users experience eye strain while people with vision impairments exhibit very low
performance.

The SSVEP approach requires almost no training or calibration. Hence, although this BCI

paradigm is faster than P300-based systems, due to the inherent flickering, it has the same
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drawbacks as the P300. That is, it is difficult to use in everyday life, causes eye strain, as well
as low performance in people with vision problems. Moreover, some participants produce
very poor SSVEP responses.

BCI games are slower and less accurate than conventional interfaces. Therefore, it seems
some important issues must be resolved before the general population accepts BCI games. A
popular challenge is the use of the most appropriate BCI paradigm depending on the case of
the application. Among MI, P300, and SSVEP paradigms, the P300 seems to be preferred by
the research community for BCI games. Although the P300 modality is often employed in
puzzle games, it needs to be upgraded so that it can be used extensively for other game types
too, such as action games with locomotion. The accuracy of real-time BCI systems with
moving users seems to be low. When the users are walking, the P300 peak is generated, but
the overall system performance decreases dramatically [134], [135]. Therefore, in games
where there is movement of a character, controlling the games with MI might be preferable.

In addition, one of the biggest challenges to be faced is BCI illiteracy. In the MI-BCI
research, it is widely recognized that there are substantial individual differences in the
capability to perform a given MI task. Specifically, individual differences refer to the natural
variation in personality traits, cognitive abilities, motivation, and other innate characteristics
among individuals [196]. These individual differences can influence MI-BCI performance and
level of success in performing MI tasks. For instance, individuals who have low levels of
motivation or who have difficulty maintaining attention may struggle with MI-BCI training
and may not achieve the desired performance [39], [196]. In the context of MI-BCI research,
these aforementioned individuals are considered to have BCI illiteracy, which refers to the
lack of knowledge and proficiency in using a BCI system within a standard training period,
and around 15-30% of BCI users fail to produce the desired EEG patterns to control a BCI
device accurately [196].

Also, physiological factors such as the heart rate can significantly affect the EEG features.

In real world, a plethora of sensory stimuli in the environment (e.g., noise, distractions,
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communication wave flows, etc.), as well as movement, can affect the quality of brain waves.
Therefore, when designing a BCI system, developers should take into account the specific
environment in which the proposed application will be used. Therefore, at the system design
phase, it is important to investigate in depth the nature of the users, basic system criteria, and

environmental aspects.

3.5.2 Psychological and Neurological Challenges
Different brain-related factors such as brain anatomy and neuron activity that are

associated with mental processes, brain physiology and emotion, also known as
neurophysiological factors, have a critical role in BCI performance and cause important
variability between individuals [136]. Also, further psychological aspects like memory,
attention, cognitive load, tiredness, as well as key individual characteristics such as gender,
age and lifestyle, affect the moment-to-moment dynamics of the brain [135], [137]. People
with lower empathy for example, are less emotionally involved in a P300 paradigm and may
generate better EEG patterns than individuals with higher empathic engagement [138], [139].
In addition, physiological parameters of the resting state (e.g., heart rate and resting state
frequency characteristics) affect the performance of BCls [140]. Furthermore, complexity and
variety in the brain, create a highly unstable neural connection over time and variability
among participants [141]. An effective BCI system must be robust to such possible
physiological oscillations to allow more generalized use [136], [135].

Sensorimotor-based BCI is based on spectral power density and spectral entropy, resulting
from resting state EEG recordings that also affect BCl accuracy [142]. Psychological
prognostic factors, like motivation, concentration, and attention, are also related with
somatosensory motor based BCI performance [131]. About 15-30% of people cannot generate
strong brain signals to control a BCI [39], [143].

Examination of neurophysiological factors could decrease BCI illiteracy. The existence of
BCl illiteracy is not based solely on the user's ability to generate signals. Sometimes technical

constraints may prevent the estimation of key features for a successful BCI operation. For
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example, scalp EEG measurements may not present distinct patterns in the EEG signals due to
the cortex folding, the distance from the scalp to the cortex or bad electrode contacts [135],
[144]. Thus, additional case studies are needed for monitoring neurophysiological variants
that could contribute to BCl improvement.

Finally, targeted BCI design is required to tackle specific brain lesions such as those
found in stroke, where for each specific case, residual brain function for rehabilitative

interventions should also be taken into account [145], [146].

3.5.3 Gaming Challenges
Gaming integration into BCI systems is a promising way to increase engagement and

promote training with BCI systems. However, various issues still need to be resolved.
Although BCI-gaming strongly motivates people to get engaged, nevertheless users have very
poor performance and speed compared to classic systems. Also, when the users walk or move
their limbs, the overall performance drops dramatically [96], [147]. Since we are interested in
games that will motivate and excite users to get more involved, the need for a case-specific
BCI game design based on the personal interests of each user becomes imperative.

Cognitive games have been shown to improve certain cognitive functions, not only in
healthy individuals but also in many other cases, especially those related to attention,
memory, executive control, and generally visuospatial skills [136], [135]. However, it is a
great challenge to turn a cognitive task into a serious game while keeping its underlying
function intact. VR seems to be a promising approach for cognitive gaming as it allows

adapting laboratory tasks as fun and entertaining games.
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TABLE 6
SUMMARY OF TECHNOLOGICAL, GAMING, PSYCHOPHYSIOLOGICAL AND NEUROLOGICAL CHALLENGES

Technological Challenges

Motor Imagery P300 SSVEP

Calibration period reduction. The performance over time may be Flickering external stimuli making it
affected. difficult to use in realistic scenarios.

Effective training strategies. Healthy individuals attribute higher ITR.  After relatively short periods, individual

feel pain and fatigue in the eyes.

Clever gamification techniques. Flashing external stimuli making it People who have vision problems have
difficult to use in realistic scenarios. very low performance results.

Keep the user's interest during training After relatively short periods, individual

sessions. feel pain and fatigue in the eyes.

Very low accuracy especially in People who have vision problems have

multiclass BCI. very low performance results.

Gaming Challenges

The accuracy and speed of the games is very low compared to conventional interfaces.
When the users are walking or moving, the overall performance drops.

A case-specific BCI design.

Motivation to engage taking advantage of the gaming.

To keep the interest while performing the cognitive tasks.

Take advantage of virtual reality.

It's difficult to convert a cognitive task into a serious game and keep the nature of the task.

Psychophysiological and Neurological Challenges

Psychological factors such as Attention and Memory Load influence instantaneous brain dynamics.
Fatigue and competing cognitive processes cause EEG signal noise.
Elimination of BCl illiteracy.

Factors such as different levels of cortisol in the body and heart rate variability can significantly affect the features of EEG
signals.
Various sensory stimuli exist in the environment outside the laboratory, which can affect the quality of brain waves.

BCI performance may be affected by the features of the frequency domain in resting state and variability of the heart rate.

The Psychological predictors of attention and motivation, are associated with the performane of BCI sensorimotor rhythm.
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Chapter 4

Experimental Methodology

4.1 Material and preparatory setup

Forty-four volunteers (20 Men, 24 Women) participated in the study. All participants
were between 20 and 43 years of age, with an average of 24.68 years of age, had a normal or
corrected-to-normal vision, and reported no health-related issues. Three additional volunteers
were excluded after they appeared to have not properly followed the instructions of the
experiment. Participants were recruited from introductory undergraduate courses in Computer
Science and Psychology as well as from the research and management departments of the
CYENS — Centre of Excellence.

All participants carried out the BCI-VR Goalkeeper task, twenty-two participants carried
out the computerised Flanker task and the Spatial Cueing task and another twenty-two
participants carried out the computerised Mental Body Rotation (MBRT) and Spatial
Orientation (SOT) tasks. In the BCI-VR Goalkeeper task, the participant controlled a virtual
goalkeeper and repelled the shoots by mental thinking. In the Flanker task, the participants
indicated the direction of the target object by pressing the left or the right keyboard arrow. In
the Spatial Cueing task, the participants indicated whether a target object was present or
absent from a previously presented memory array of 4 objects by pressing the left or the right
keyboard arrow accordingly. In the MBRT task, the participants answered whether the target
(i.e., a multicolored circle) was on the left-hand or the right-hand of the avatar by pressing the
left or the right keyboard arrow. Finally, in the SOT task, the participants indicated the angle
between themselves, an object facing them, and a target object in the surroundings, by
pressing the left mouse button. The accuracy of the BCI-VR Goalkeeper task, the reaction

time (RT) and accuracy of the Flanker task, the RT and d' of the Spatial cueing task, the
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accuracy and the RT of the MBRT, and the Angular Error of the SOT were used in four
separate mixed-design ANOVAs. In all ANOVAs, the “Group” variable (Low Achievers and
High Achievers in the BCI-VR Goalkeeper task) was used as the between-subject variable. In
the Flanker task, “congruency” (congruent vs incongruent) was the within-subject variable. In
the Spatial Cueing task, “cue type” (pre-cue, retro-cue, neutral) was the within-subject
variable. In the MBRT, “angle” was the within-subject variable. Finally, in the SOT, “angle”
was the within-subject variable. We expected the scores from the four tasks to correlate with
performance in the BCI-VR Goalkeeper task. All other variables were included as exploratory
variables in the analyses. Before completing the tasks, participants read a short description of
the study. Then, the experimenter explained the procedure to be followed in the experiment
and clarified any ambiguities. Before each task, participants performed practice trials to
familiarize themselves with the tasks and the setup. Participants were tested individually in a
quiet lab at the CYENS-Centre of Excellence premises. Upon arrival at the laboratory, each

participant read and signed an informative consent form.

4.2 BCI-VR Goalkeeper Gaming Task

4.2.1 Task Description
In MI the user tries to imagine limb movement (i.e. left hand vs. right hand) in order to

give a command in an external device or application. This is made possible by detecting EEG
activity in the somatosensory motor cortex and generating discriminant patterns of the brain
signals. The Goalkeeper task was chosen because in this study we wanted to investigate
attention and spatial perception abilities, that by definition professional goalkeepers must
possess in order to be able to successfully respond to their duties.

The main objective of this task was to initially train a classifier that will predict the
movement of the left hand or right hand through the EEG activity produced by the participant
(calibration phase), and then repel as many shoots as possible by controlling the virtual

goalkeeper through Motor Imagery (real-time scenario). The task consisted of two scenarios,
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firstly, the calibration scenario for the training of the algorithms and secondly, the real-time
trial scenario.

The user was immersed in the virtual stadium behind the virtual goalkeeper avatar. The
calibration phase, illustrated in Fig. 10, consisted of the following steps: (a) each trial began
with the flag onset (3000 msec), signaling the start of a new trial, (b) followed by a random
hand highlight that remained visible for 1250 msec, signaling that when the highlight
disappeared, the participant should start imagining the corresponding hand movement,
without any physical movement or muscle activation; (c) as soon as the hand highlight
disappeared, and only while the flag remained visible, the participant imagined the hand
movement for 3750 msec; (d) the trial ended with the flag offset and the participant rested for
1500-3500msec until the next trial began. The following process was repeated 40 times (20
trials for the left hand and 20 trials for the right hand) and the EEG signals were recorded and
saved for classification training.

The real-time phase, illustrated in Fig. 11, consisted of the following steps: (a) each trial
began with the flag onset (3000 msec), signaling the start of a new trial, (b) followed by a
random hand highlight that remained visible for 1250 msec, signaling that when the highlight
disappeared, the participant should start imagining the corresponding hand movement,
without any physical movement or muscle activation; (c) as soon as the hand highlight
disappeared, an avatar of a player across the field shot the ball in the indicated direction (same
direction as the goalkeeper’s avatar hand highlight from the previous step b) and the
participant started imagining the corresponding hand movement, without any physical
movement or muscle activation. In case the participant produced the appropriate EEG pattern
from the hand imagination, then the VR goalkeeper avatar was controlled accurately (through
the prediction of the BCI-VR goalkeeper framework) and repelled the ball. If the participant
failed to produce the appropriate EEG pattern from the hand imagination, then the VR
goalkeeper avatar failed to repel the ball (3750 msec); d) the trial ended with the flag offset

and the participant rested for 1500-3500msec until the next trial began. The following process
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was repeated 40 times (20 trials for the left hand and 20 trials for the right hand) and the EEG
signals were recorded and saved for further analysis.

This framework could be applied to any BCI application with two classes. First,
calibration is necessary to create a model that distinguishes between the two imagined
movement classes (left hand and right hand). Once this calibration is complete, these
movements can then be translated into any desired commands, such as ‘turn left' or ‘turn right
of a robotic limb or a wheelchair. The user's effort to issue commands would once again
involve imagining left or right-hand movements and the mapping of commands can be

customized to suit specific needs.

4.2.2 Experimental Setup
For the BCI-VR Goalkeeper task, participants wore an OpenBCIl EEG cap of 16 wet

electrodes (C3, C4, Cz, 01, 02, P3, P4, Pz, T3, T4, F3, F4, F7, F8, T5, and T6 according to
the 10-20 system) and an electro gel was placed on each electrode. They also wore a Valve
Index HMD that immersed them in a virtual football stadium. No HMD controllers were used
in this task. The OpenBCI Cyton + Daisy Biosensing Board 16-channel device was used in
participant sessions. The aforementioned board has a sampling rate = 125 Hz and the sample
count per sent block is 32 blocks.

In the calibration phase, 40 trials were performed, of which in 20 trials, the participant
imagined moving their left hand, and in 20 trials the participant imagined moving their right
hand, in a randomized order. Depending on the displayed cue (hand highlight), the user
imagined movement of the corresponding hand without any physical movement or muscle
activation to train a classifier with the electrical brain activity (see Fig. 10). In the real-time
phase, 40 trials were similarly performed, of which 20 trials for the imagination of left-hand
movement and 20 trials for the imagination of right-hand movement in random order. The
difference in this phase, was the extra feedback given by the virtual goalkeeper, who moved
the hand that the participant imagined moving, to repel as many shoots as possible (see Fig.

11). In both phases, calibration and real-time, the participants performed 10 practice trials
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before the start of the experimental session. At the end of the BCI-VR Goalkeeper session, all
the equipment was carefully removed to continue with the next tasks.

a. Trial Onset b. Hand Indication ¢. Hand Imagination d. Trial Offset

S, ;
3000msec 1250msec <3750msec 1500-3500msec
Fig. 10. Schematic illustration of the calibration of BCI-VR Goalkeeper task: a. The flag onset

signaled the start of a new trial; b. the highlighted hand onset alerted (state of alertness) the
participant that when prompted (by the hand highlight offset) they will need to start imagining
the corresponding hand movement (here left-hand imagery); c. with the highlighted hand
offset, the participant began imagining the corresponding hand movement; d. the trial ended

with the flag onset.

a. Trial Onset b. Hand Indication ¢. Response and Feedback d. Trial Offset

}0“4
”0’
LAAAd

3000msec 1250msec <3750msec 1500-3500msec
Fig. 11. Schematic illustration of the real-time BCI-VR Goalkeeper task: a. The flag onset

signaled the start of a new trial; b. the highlighted hand onset alerted (state of alertness) the
participant that when prompted (by the hand highlight offset) they will need to start imagining
the corresponding hand movement (here left-hand imagery); c. with the highlighted hand
offset, the participant began imagining the corresponding hand movement and received real-
time feedback from the goalkeeper; d. the trial ended with the flag offset.
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4.3 Flanker Gaming Task

4.3.1 Task Description
In cognitive psychology, the Eriksen flanker task [148] is designed to tap into cognitive

processes related to executive functions, such as inhibitory/executive control and the ability to
manage conflicting information. In this task, the participants were required to indicate as fast
as possible the direction of a central target, by pressing the left or right arrow key on the
keyboard, while ignoring “congruent” (i.e., same facing direction) or “incongruent” (i.e.,
opposite facing direction) flanker stimuli. The interference caused by the conflicting
information from the “incongruent” flankers measures the individual's inability to inhibit
irrelevant information and maintain focus on the target stimulus.

Typically, participants exhibit faster RTs and higher accuracy on congruent trials,
compared to incongruent trials, because there is no conflicting information in this condition.
On the other hand, in incongruent trials, participants often show slower RTs and decreased
accuracy due to the interference caused by the conflicting flanker information. The difference
in performance between congruent and incongruent trials is known as the "flanker effect." A
larger flanker effect, reflected in increased RTs and reduced accuracy on incongruent trials,
suggests greater difficulty in inhibiting irrelevant information and maintaining focus on the
target [148], [149]. This effect is caused by the fact that the flanker stimuli, though task-
irrelevant, often receive a considerable amount of processing even up to the level of the
primary motor cortex [150], resulting in a processing conflict on incongruent trials [149].

To arouse the interest and increase the motivation of the participants, instead of arrows
that are typically used in computerized flanker tasks, we used different animals (e.g., cats,
ducks, penguins, etc.) to make the task more enjoyable and gamified (see Fig. 12.).

4.3.2 Experimental setup

For the Flanker task, a computer and keyboard were used, without the use of an HMD or
EEG cap. In this task (Fig. 12.), participants saw an array of 5 items on the screen and were
asked to indicate the direction of the central target item by pressing the left and right arrows
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on the keyboard for left-facing and right-facing targets, respectively. The 5 items were colored
drawings of identical animals in each trial. Each participant performed 100 trials, 50 of which
were congruent (i.e., the direction of the target matched the direction of the other 4 items) and
50 were incongruent (i.e., the target faced the opposite direction to the other 4 items). Before
the experimental task, participants were shown the 4 different types of animals (cats, ducks,

penguins, sheep) and were given instructions on how to respond.

a. Congruent

seees

b. Incongruent

-1 |ess 88

Fig. 12. Schematic illustration of the Flanker task: a. In the congruent trials, the target

direction was the same as with all the other items; b. In the incongruent trials, the target

direction was the opposite to all the other items.

4.4 Spatial Cueing Gaming Task

44.1 Task Description
This task measures the effects of visuospatial selective attention in service of visual

working memory (VWM) and it was programmed after Shimi et al., 2014a [151] and Shimi et
al., 2014b [152]. In this task, participants were required to memorize a memory array of 4
items (e.g., cats, ducks, penguins, etc.), and subsequently indicate whether a probe item was
one of the 4 previously presented memory items, by pressing the mouse buttons. Before and
after the memory array, attentional cues were presented to examine the effects of attention in
encoding and/or maintaining information in VWM. Specifically, there were three different
types of trials: in pre-cue trials, we used arrows as informative spatial cues that were presented
before the memory array and guided participants’ attention to one of the four to-be encoded

items in VWM (measuring encoding). In retro-cue trials, we used arrows as informative
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spatial cues that were presented after the memory array and guided participants’ attention to
one of the already encoded items in VWM (measuring maintenance). In neutral trials, we used
filled squares as uninformative spatial cues that were presented before and after the memory
array and required participants to encode and maintain in VWM all 4 items until the probe
test. Fig. 13. illustrates the sequence of the types of trials along with the stimulus timings.

Typically, this task yields a pre-cue and a retro-cue benefit, in which participants
demonstrate higher accuracy and faster RTs in pre-cue compared to neutral trials, and higher
accuracy and faster RTs in retro-cue compared to neutral trials, respectively [151], [152],
[153], [154].
4.4.2 Experimental Setup

For the Spatial Cueing task, a computer and mouse were used, without the use of an HMD
or EEG cap. In this task (Fig. 13), participants saw an array of 4 items, followed by a probe
item and were asked to answer if the probe was present or absent in the memory array. Pre-
cues, retro-cues, and/or neutral cues were presented before and after the memory array,
depending on the type of trial. Each participant performed 144 trials, 96 of which were present
and 48 were absent. Of the 96 present trials, 24 trials were pre-cue, 24 trials were retro-cue
and 48 trials were neutral. Of the 48 absent trials, 12 trials were pre-cue, 12 trials were retro-
cue and 24 trials were neutral. Before the experimental task, participants were shown the 5
different animals (targets), were informed about the 3 different types of trials (pre-cue, retro-

cue, neutral) and received instructions on how to respond.
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Trial Onset Response Trial Offset

Pre-cue trial
(Present)

Retro-Cue trial
(Absent)

Neutral trial
(Present)

500msec 300msec 350mse 300msec 350msec <5000msec 400msec

[ I | | [ I L |
500msec 800-1200msec 800-1200msec 800-1200msec

Fig. 13. Schematic illustration of the Spatial cueing task: The 3 different types of trials (pre-
cue, retro-cue, neutral), and the duration of each successive symbol that has been used are

presented.

4.5 Mental Body Rotation Task

45.1 Task Description
In this task, three types of transformations can be distinguished based on an

environmental reference frame, an egocentric reference frame, and an object-based reference
frame. The environmental reference frame is defined relative to a fixed point of the
environment, locating things relative to axes concerning a fixed space. In contrast, the
egocentric reference frame is defined relative to the self. Humans use this egocentric reference
frame with the axes up-down, front-back, and left-right. The object-based reference frame is
the third type of spatial reference frame, which is defined relative to external objects. The
object-based reference frame can be used either for characterizing the relationship between the
parts of an object independent of the object’s location in the environment or to locate an
object relative to another object.

Here, a human male figure was posed in 12 different ways by varying the position of his
shoulders, elbows, waist, knees, and ankles (see Fig. 14). Human figures were marked on the

left or right hand by superimposing a multi-colored circle onto the picture. Each human figure

60



spanned approximately 8° of visual angle and was presented on a light grey background.
Rotated versions of each unique stimulus were created by rotating the original picture in the
picture plane in 30° increments. Horizontally mirrored versions of each rotated stimulus were
then created by flipping each image along the vertical axis. The human male figures used in
this task are from [155]. Each participant performed 296 trials. At the beginning of each trial,
a fixation cross was presented for 500 ms, and then replaced with a pseudo-randomly selected
stimulus item. Participants judged whether the left or right hand (relative to the figure’s
egocentric perspective) of a centrally presented stimulus figure was marked with a circle.
Participants responded by pressing the left arrow button on the keyboard if the colorful circle
was on the figure’s left hand, and the right arrow button if the colorful circle was on the

figure’s right hand.

4,5.2 Experimental Setup
For the Mental Body Rotation task (MBRT) [155], a computer and keyboard were used,

without the use of an HMD or EEG cap. Before the experimental task, participants were
shown example images (see Fig. 14) and were instructed to press the left arrow on the
keyboard on the occasions when the colorful circle was present on the left hand of the avatar
or to press the right arrow on the keyboard on the occasions when the colorful circle was

present on the right hand of the avatar. The stimuli were taken from [155].
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Fig. 14. Examples of stimuli used in the Mental Body Rotation task. Participants are asked to

identify which side of the figure is marked, from the figure’s point of view.

4.6 Spatial Orientation Task
4.6.1 Task Description

In each trial of the SOT, a series of objects was displayed with the following instruction:
"Imagine you are standing at object A (traffic light) and facing object B (tree). Point to object
C (barrel)'(see Fig. 15). Therefore, participants had to imagine being located at the first
object, while facing the second object (the orienting cue) and indicate the direction of the third
object (the target object), by drawing a line from the center of the circle in the direction

believed to be correct.
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4.6.2 Experimental Setup
For the Spatial Orientation task (SOT) [156], a computer and a mouse were used, without

the use of an HMD or EEG cap. Participants had 5 minutes to execute 12 different trials as
described in the description above, and the performance measure was the angular error.
Before the experimental task, participants were shown example images and were instructed

how to point the angle (see Fig. 15). The task was taken from [156].
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Imagine you are standing at the traffic light and facing the tree. Point to the barrel.
Please press ENTER when finished.

— ‘.\

Imagine you are standing at the traffic light and facing the tree. Point to the barrel.
Please press ENTER when finished.
Fig. 15. A sample item (trial) with the exact correct answer in the Spatial Orientation Test.
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Chapter 5

BCI-VR Data Analysis

5.1 Pre-Processing: Common Spatial Pattern (CSP) Algorithm

In the pre-processing phase, the Common Spatial Pattern (CSP) algorithm plays a crucial
role in our study, particularly in the context of MI tasks for left-hand versus right-hand
movement imagination in BCI using EEG signals. The CSP algorithm is instrumental in
optimizing spatial filters to enhance the discriminative power of EEG signals between left-
hand and right-hand motor imagery tasks. By maximizing the variance of the filtered EEG
signal for one class (e.g., left-hand MI) and minimizing it for another class (e.g., right-hand
MI), CSP facilitates the extraction of band power features that are highly discriminant
between the two classes [76], [77]. This feature is particularly beneficial for BCls relying on
oscillatory activity, such as Ml tasks, where band power features are essential for accurate
classification [76], [77]. Typically, in our study, EEG signals are filtered within the 8-30 Hz
band (p and P rhythms) before undergoing spatial filtering by CSP. The resultant CSP features
represent the band power of the signal spatially filtered with CSP filters [77]. Three pairs of
CSP filters are used (6 in total), which correspond to the three largest and three smallest
eigenvalues (see Fig. 16). The utilization of CSP in our study offers several advantages.
Firstly, it enables relatively high classification performance for distinguishing between left-
hand and right-hand MI tasks. Additionally, CSP is a flexible algorithm suitable for various
BCI paradigms utilizing MI tasks [76], [77]. Moreover, it is computationally efficient and
straightforward to implement, making it a popular choice for designing BCls based on
oscillatory activity. Overall, the integration of the CSP algorithm in our pre-processing
pipeline enhances the robustness and efficacy of our BCI system, enabling accurate and

efficient control of the virtual goalkeeper through M1 tasks.
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Fig. 16. EEG signals spatially filtered with the common spatial patterns (CSPs) algorithm.

CSP 2 Filter

CSP1, CSP2, and CSP3 maximize the variance of the signals in the “imagined movement of
the left hand” class (in red) while minimizing those of the “imagined movement of the right
hand” class (in green). CSP4, CSP5, and CSP6 do the opposite, they maximize the variance of
the “imagined movement of the right hand” class, while minimizing the variance of the

“imagined movement of the left hand” class.

5.2 Machine Learning Algorithms
5.2.1 Decision Tree (DT)

Decision Tree (DT) is a widely used algorithm in machine learning, particularly suitable
for classification and regression tasks [160]. It operates by partitioning the dataset into subsets
based on the values of input features, creating a tree-like structure where each internal node
represents a feature, each branch represents a decision based on that feature, and each leaf
node represents a class label or a numerical value [160]. Decision trees are constructed
through a recursive process where, at each node, the algorithm selects the feature that best
splits the data into homogenous subsets, typically aiming to maximize information gain or

minimize impurity [160]. This process continues until a stopping criterion is met, such as
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reaching a maximum tree depth, having a minimum number of samples in a node, or when no
further improvement in purity can be achieved.

In the context of EEG Motor Imagery, where the objective is to classify left versus right
hand movements, Decision Trees offer an intuitive and interpretable approach. By examining
the decision path from the root to a leaf node, it's possible to understand the reasoning behind
the classification, which can be beneficial for gaining insights into the underlying EEG
patterns associated with different motor imagery tasks. However, Decision Trees are prone to
overfitting, especially when the dataset is complex or noisy. Therefore, techniques like
pruning or using ensemble methods, such as Random Forests, can be employed to enhance the
generalization ability of Decision Trees in EEG Motor Imagery classification tasks. Despite
this limitation, Decision Trees remains a valuable tool for initial exploration and
understanding of the data, providing a foundation for more sophisticated machine learning

approaches in BCI applications.

5.2.2 Random Forest (RF)
Random Forest (RF) is a widely recognized and powerful machine learning technique. It

belongs to the supervised learning category and can be applied to both Classification and
Regression problems in the field of machine learning. The strength of Random Forest lies in
its utilization of ensemble learning, which involves combining multiple classifiers to tackle
complex problems and enhance the model's performance [161]. Random Forest functions by
employing several decision trees, each operating on different subsets of the provided dataset
[161]. By averaging the predictions of these individual trees, the algorithm improves the
overall predictive accuracy [161]. Unlike relying solely on a single decision tree, Random
Forest considers the majority votes from each tree to determine the final output (see Fig. 17).
This approach results in higher accuracy and mitigates the risk of overfitting, particularly
advantageous for dynamic data such as EEG signals. Therefore, Random Forest proves to be
an ideal algorithm for BCI applications. Considering the context of EEG Motor Imagery,

where the objective is to accurately classify left versus right hand movements, Random Forest
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emerges as an effective solution. The algorithm's ability to generate multiple decision trees
using random subsets of training data and features enables it to maximize the difference
between the classes during the splitting process. The construction of decision trees continues
recursively until specific stopping criteria are met, such as reaching a maximum tree depth or
a minimum number of samples in a leaf node.

In the specific context of EEG Motor Imagery, where the discrimination of left versus
right hand movements is of interest, Random Forest proves to be a powerful tool. By
leveraging ensemble learning and the construction of multiple decision trees, this algorithm
demonstrates its capability to effectively process dynamic EEG data, providing accurate

classification results.

X dataset
N, features N, features N, features N, features
TREE #1 TREE #2 TREE #3 TREE #4
LEFT HAND RIGHT HAND LEFT HAND LEFT HAND

| MAIJORITY VOTING |

| mnALcass |

Fig. 17. The Random Forest classifier divides the dataset into subsets that are used to train the
corresponding decision trees. Each decision tree produces its specific output. For example, the
prediction for trees 1, 3, and 4 is left hand, whereas the prediction of the 2nd tree is right hand.

The majority of the decision trees voted for left hand, which is the classifier final prediction.

5.2.3 Linear Discriminant Analysis (LDA)
LDA is a Bayesian approach that assumes that the positive (and negative) datapoints

follow normal distributions. Also relies on finding the linear patterns of feature vectors that
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express the corresponding features of the signal and separates the classes representing
different objects, by using hyperplanes [81]. The isolating hyperplane is achieved by
searching for the projection that maximizes the distance among the means of the classes and

minimizes the interclass variance (see Fig. 18) [81].

Before LDA After LDA

Fig. 18. On the left side of the image, the data depicting left-hand versus right-hand
classification before LDA is presented. On the right side of the image, the data illustrating left
versus right hand classification after applying LDA. Here, LDA maximizes the distance
between the means of the classes while minimizing the interclass variance. In the center is the

dividing line between the 2 classes.

5.2.4 Support Vector Machines (SVM)
Support Vector Machine (SVM) is one of the most popular Supervised Learning

algorithms, which is used for Classification as well as for Regression problems [83].
However, primarily, it is used for Classification problems in Machine Learning. The goal of
the SVM algorithm is to create the best line or decision boundary that can segregate n-
dimensional space into classes so that we can easily put the new data points in the correct
class in the future [83]. This best decision boundary is called a hyperplane. SVM chooses the
extreme points/vectors that help in creating the hyperplane. These extreme cases are called
support vectors, and hence the algorithm is termed as Support Vector Machine (see Fig. 19)
SVM stands out due to its ability to effectively handle complex classification problems by

constructing optimal decision boundaries. It accomplishes this by transforming the original
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input data into a higher-dimensional feature space, where a hyperplane is created to separate
different classes [83]. This hyperplane aims to maximize the margin or the distance between
the closest data points of different classes, allowing for better generalization and improved
predictive accuracy [83]. In SVM, the selected hyperplane is defined by support vectors,
which are a subset of training data points that lie closest to the decision boundary. These
support vectors play a crucial role in determining the optimal separation between classes and
classifying new, unseen data points [83]. SVM also employs a kernel function that enables
nonlinear transformations of the input data, allowing for the effective handling of complex
and nonlinear relationships between features. Moreover, SVM is known for its ability to
prevent overfitting by finding the best decision boundary that generalizes well to unseen data.
By optimizing the margin and effectively separating classes, SVM minimizes the risk of
misclassifying new instances.

In the EEG Motor Imagery area, where the objective is to accurately classify left versus
right hand movements, SVM can be a valuable tool. By utilizing the distinctive features
extracted from EEG signals and creating an optimal decision boundary, SVM demonstrates its
capability to discriminate between imagined left versus right hand movement classes with
high accuracy. The algorithm's ability to handle nonlinear relationships and prevent
overfitting makes it well-suited for analyzing dynamic EEG data. Overall, SVM is a versatile
algorithm that excels in complex classification tasks. In the context of EEG Motor Imagery,
SVM offers a robust solution for accurately discriminating between left versus right hand
movements by leveraging optimal decision boundaries and support vectors derived from EEG

signals.
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Positive Hyperplane

/ Maximum margin

Maximum margin
Hyperplane

Support vectors

/ Negative Hyperplane

Fig. 19. Maximum-margin hyperplane and margins for an SVM trained with samples from
two classes (left versus right hand movement). Samples on the margin are called the support
vectors that are data points closest to the hyperplane. These points define the separating line
better by calculating margins that are more relevant to the construction of the classifier.

5.2.5 Multilayer Perceptron (MLP)
A multilayer perceptron (MLP) is a fully connected class of feedforward artificial neural

network. An MLP consists of at least three layers of nodes: an input layer, a hidden layer, and
an output layer [162]. Except for the input nodes, each node is a neuron that uses a nonlinear
activation function. MLP utilizes a supervised learning technique called backpropagation for
training. Its multiple layers and non-linear activation distinguish MLP from a linear

perceptron and can distinguish data that is not linearly separable [162].

5.2.6 Black Hole (BH)
The Black Hole algorithm is a meta-heuristic algorithm based on Newton's laws of gravity

[163]. This algorithm can find an optimal solution to a search problem in an n dimensional
space. The main idea is to create several solutions (known as stars) that approach the optimal
solution through the laws of motion. During the iterations of the algorithm, various solutions

approach the solution that gives the best result (known as a black hole). This algorithm has
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been used in various problems [163] and has even been used for feature selection in EEG
problems [164]. The Black Hole algorithm is based on three main concepts: the stars, which
are possible solutions to the problem and are uniformly distributed throughout the search
space, the Black Hole, which is the star with the best fitness value (a possible solution) and
the motion of the stars, which is the equation that expresses the updating of the solutions as
the algorithm is repeated. The basic idea is that the space near a black hole is a space where
the best solutions can be found. So, once we have a black hole, it creates a gravitational field
that pulls the various stars towards the nearest space. As the stars move, the solutions are
resolved in the search space, but a star can fall into the black hole. This star then disappears,
and a new star is created at a random location within the search space. This prevents the
algorithm from falling into a local minimum or local maximum and the full search space can
be explored [165]. The Black Hole Algorithm is randomly generated by generating an initial
population of n stars, each representing a possible solution to the problem within the search
space. Once the stars are created, the fitness value of each star is calculated and the star with
the best fitness value is the one assigned as the black hole. After the fitness is calculated and
the black hole is assigned, we update the star positions. A star that falls into the event horizon
of the black hole disappears and a new star is randomly created. The algorithm is repeated

until an optimal solution is found or a certain number of iterations are completed [165].

5.3 BCI-VR Goalkeeper Data Analysis Framework using Motor Imagery

Fig. 20 summarizes the feature extraction and classification steps followed. The protocol
used for the BCI-VR Goalkeeper task was designed based on the Graz-BClI protocol [157].
The session for each participant lasted 430592 secs. The sampling frequency of the OpenBClI
EEG cap used in this study was 125 Hz with 32 sample count per block.

A. EEG acquisition: A total of 1280 samples per trial of raw EEG data for each channel
were recorded (10.24 secs * 125Hz = 1280 samples) which consist of 40 epochs (1280

samples /32 blocks = 40 epochs), (see Fig. 20).

71



The raw EEG data were recorded throughout the training session of the BCI-VR
Goalkeeper task from 16 scalp locations (C3, C4, Cz, O1, 02, P3, P4, Pz, T3, T4, F3, F4, F7,
F8, T5, T6, Ref: CPz, Gnd: AFz). The participant had to perform mental imagery of the
corresponding hand, based on the presented stimuli. The calibration phase was configured to
acquire data in 20 trials (epochs) per class (left-hand vs right-hand) in a randomized order.

B. Pre-processing: Raw EEG data were filtered offline with a 5-order band pass
Butterworth filter between 8-30 Hz, to extract only the alpha and beta frequency bands which
are reactive in Ml [98]. More specifically, the alpha frequency band is usually more reactive
[98]. The purpose was to compare the resting state (trial onset) segment with the motor action
segment for alpha and beta frequency bands. The reason for the comparison arises from the
knowledge we have of the literature [157] of ERD/ERS where the power of alpha and beta
frequency bands falls during MI imagination in relation to the resting state. Subsequently,
stimulation-based epoching was performed for left-hand or right-hand stimulus. The EEG
signals were split into 4 sec segments during movement imagination. So, the epoch duration
was 4 sec with an epoch offset of 0.5 sec. This gives us 500 new samples for each trial (4sec *
125Hz = 500), 10000 samples/channel for the left-hand trials, and 10000 samples/channel for
the right-hand trials (500 samples * 20 trials).

Then, we used the Common Spatial Pattern (CSP) filter to reduce the EEG signal
dimensions from 16 channels to 6 CSPs, where each output channel is a linear combination of
the input channels (see Fig. 20). The CSP algorithm optimizes spatial filters such that the
variance of the filtered EEG signal is maximum for one class and minimal for another class.
Since the variance of a filtered signal is equal to the power of the signal, this means that CSP
optimizes the spatial filters to obtain the band power features that are optimally discriminant
because their value is maximally different between the two classes. CSP is commonly used for
BCI applications. Three pairs of CSP filters were used (6 in total), which correspond to the

three largest and three smallest eigenvalues (see Fig. 21).
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Fig. 22 illustrates the data before applying the CSP filter whereas Fig. 23 illustrates the
data after applying the CSP filter.

C. Feature Extraction: Re-epoching of the left- and the right-hand signals was
performed (see Fig. 20). The signal was split into sliding segments of 1 second (125 samples)
every 0.056 sec (0.056 sec * 53 segments + 1st segment = 4 sec > 54 segments per trial).
Following that, the logarithm of average power was computed per segment. The input to the
classifier was 54 feature vectors per trial (20 trials per class) for each of the six dimensions.
This procedure is based on the Graz protocol [158].

D. Classification: The input feature vectors that include the band power for the left hand
or the right hand were used as input to the classifier (see Fig. 20).

Six different classification algorithms from the scikit-learn library [159] were used to
predict the imagination of left-hand versus right-hand movement based on EEG. The
classifiers employed were the Linear Discriminant Analysis (LDA), Black Hole (BH),
Multilayer Perceptron (MLP), Support Vector Machine (SVM), Decision Tree (DT), and
Random Forest (RF).

For parameter tuning, we conducted an extensive search using the RandomizedSearchCV
function from the scikit-learn library [159]. This approach allowed us to efficiently explore a
wide range of hyperparameter combinations and identify the settings that yielded optimal
performance for each classifier. For LDA [159], the optimized parameter settings were
determined as follows: a learning decay of 0.9, solver set to "eigen," and the number of topics
set to 10. The BH [159] classifier, inspired by gravitational force, utilized the following
optimized parameters: a maximum of 10 layers, 15 iterations, and 8 stars. In the case of MLP
[159], the optimized parameter values were determined as follows: an activation function of
ReLU, an alpha value of 0.0001, a single hidden layer with 20 neurons, a constant learning
rate, and the Adam solver. For SVM [159], the optimized parameters consisted of a
regularization parameter (C) of 10, a gamma value of 0.0001, and a radial basis function

(RBF) kernel. The DT classifier [159] employed the following optimized parameters: entropy
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as the criterion, a maximum depth of 7, a minimum of 20 samples per leaf, and a minimum of
8 samples per split. Lastly, the RF classifier [159] utilized the following optimized
parameters: bootstrap set to True, a maximum depth of 80, a maximum of 6 features
considered for splitting at each node, a minimum of 5 samples per leaf, a minimum of 12
samples per split, and a total of 100 estimators.

E. Device Command and BCI Application: To give correct feedback, the VR
Goalkeeper system expects a negative value for one class and a positive value for the other
class and according to this value the VR Goalkeeper avatar moves the corresponding hand

(see Fig. 20).
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(C3, C4, Cz, O1, 02, P3, P4, Pz, T3, T4, F3, F4, F7, F8, T5, T6) -
(CPz: Ref, AFz: Ground)

Duration per trial: 10.24 sec
Sampling frequency: 125Hz
MNo. of Samples per trial: 10.24 sec * 125Hz = 1280 samples
Sample count per block: 32 blocks
No. of Epochs per trial: 1280 samples / 32 blocks = 40 epochs
T

B. Pre-Processing B.A Temporal Fitter
5-order Butterworth
(Band Pass 8-30 HZ)
B.2 Stimulation epoching B.3 Stimulation epoching
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Duration: 4 sec Duration: 4 sec
Offgst: 0.5 sec Offset: 0.5 sec
Samples: 4 sec * 125Hz = 500 per trial Samples: 4 sec * 125Hz = 500 per trial
B4

CEP Filter

Input : 16 Channels x 500 samples pear trial per class
Qutput : 6 Channsls x 500 samplss per trial per class
(Based on dimsnsionality Reduction, the 3 max and 3 min
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1

C. Feature Exiraction

trial)

Ca Time based Re-epoching Ccz2 Time based Re-epoching
(Left trials : 20) (Right trials - 20)
Duration: 1 sec Duration: 1 sec
Overlap: 0.056 sec Overlap: 0.056 sec
54 segments x 125 samples (1sec) per trial 94 segments x 125 samples (1sec) per trial
(0.056 sec * 53 segments) + 1st segment = 4sec (1 trial) (0.056 sec * 53 segments) + 1st sagment = 4sec (1
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Compute signal power Compute signal power
Compute average power per segment per trial Compute average power per segment per trial
Compute logarithm of average powsr per segment Compute logarithm of average power per segment
per trial per trial
(x6 dimensions) (x6 dimensions)
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D. Classification

DA Classifier Training
Algorithms: LDA, BH, MLP, 8VM, DT, RF

D2 Classifiar Output:
Megative value (Left hand movement)
Vs
Positive valus (Right hand movement)

E. Device Command and
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BCI Application
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Fig. 20. BCI-VR Goalkeeper Data Analysis Framework using Motor Imagery.
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Fig. 21. The variance of the mean feature vectors of the filtered EEG signal, which is
maximum for one class and minimum for the other class (Left vs Right MI) as presented in
the BCI-VR Goalkeeper framework step D.2 in Fig. 20. The mean is denoted by the circle,

and the confidence interval 95% error bars are depicted by the lines.
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EEG Datapoints before CSP filtering
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Fig. 22. The scatter plot of example data points of an EEG segment for left-hand and right-
hand motor imagery before CSP spatial filtering as presented in the BCI-VR Goalkeeper
framework of step B.2 and B.3 in Fig. 20.
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Fig. 23. The scatter plot of example data points of an EEG segment for left-hand and right-
hand motor imagery after CSP spatial filtering as presented in the BCI-VR Goalkeeper
framework of step B.4 in Fig. 20.
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Chapter 6

Experimental Results

6.1 BCI VR Goalkeeper Results

In this section, we present the performance metrics results of six different classification
algorithms (LDA, BH, MLP, SVM, DT, RF) used to detect left-hand versus right-hand
movement imagery in 44 healthy participants. The models developed were trained offline and
tested in real time. The Offline Mean Accuracy of the 6 algorithms were LDA (M = 78.5%),
BH (M = 78.6%), MLP (M = 74.0%), SVM (M = 77.1%), DT (M = 77.2%), and RF (M =
82.4%) as depicted in TABLE 7 and Fig. 24. The Online Mean Accuracy of the 6 algorithms
were LDA (M = 68.5%), BH (M = 69.5%), MLP (M = 66.9%), SVM (M = 68.0%), DT (M =
68.1%), and RF (M = 71.6%), as shown in TABLE 8 and Fig. 25. Notably, the Random Forest
(RF) algorithm demonstrated higher accuracy both offline and in real-time compared to the
other algorithms. The mean accuracy for offline RF was 82.4% whereas the mean accuracy
for real-time RF was 71.6%.

To analyze the accuracy results, we conducted two repeated-measures ANOVAS
comparing the performance of the six algorithms in offline and real-time scenarios separately.
The dependent variables in both ANOVAs were the accuracy of the six algorithms. The
analyses revealed statistically significant main effects for offline classification accuracy
(F(5,215) = 17.5, p < .001, n2 = .08) and real-time classification accuracy (F(5,215) =7.12, p
=.001, n2 = .02). This indicates a consistent discrimination between left-hand and right-hand
movement imagination across all algorithms. Notably, the highest-performing participant
achieved the highest accuracy across all six algorithms, while the lowest-performing
participant exhibited the lowest accuracy among the same set of algorithms. This uniformity

suggests that all algorithms effectively differentiated between participants in a similar manner.
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TABLE 7
PERFORMANCE METRICS CALCULATED OVER THE OFFLINE SESSION

Offline
Algorithms in Accuracy Sensitivity Specificity Precision - Negative
Offline Positive predictive
predictive value (NPV)
value (PPV)
LDA 785 % 78.3% 78.8% 78.7% 78.4%
BH 78.6 % 78 4% 78.6 % 78.8 % 78.8 %
MLP 74.0 % 73.2% 73.7% 73.3% 73.8%
SVM 77.1% 76.1% 75.9% 76.2% 75.3%
DT 77.2% 76.1 % 76.9 % 76.8 % 76.9 %
RF 82.4 % 822 % 82.7% 83.0 % 82.5%
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85 -
Q
— 80 - T .
s O
S () - (}
>
&) QO
C
| -
0
S 759 ¢ 1 1
q E Y
O
70 -

LDA BH MLP SVM DT RF

Algorithm

Fig. 24. The mean accuracy of the offline BCI-VR Goalkeeper Gaming task is denoted by the
circle, and the confidence interval 95% error bars are depicted by the lines. The Random
Forest (RF) algorithm demonstrated a higher mean accuracy of 82.4% across all 44

participants.
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TABLE 8
PERFORMANCE METRICS CALCULATED OVER THE REAL-TIME SESSION

Real-time
Algorithms in Accuracy Sensitivity Specificity Precision - Negative
Real-time Positive predictive
predictive value (NPV)
value (PPV)
LDA 68.5 % 67.8 % 68.8 % 68.9 % 68.2 %
BH 69.5 % 69 1% 69.1 % 67.8 % 67.9 %
MLP 66.9 % 66.1 % 65.5 % 65.4 % 65.3 %
SVM 68.0 % 67.9% 69.1 % 67.9 % 68.3 %
DT 68.1 % 68.1 % 67.5% 67.2% 66.4 %
RF 71.6 % 71.3% 719 % 72.1% 71.8%
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Fig. 25. The mean accuracy of the real-time BCI-VR Goalkeeper Gaming task is denoted by

the circle, and the confidence interval 95% error bars are depicted by the lines. The Random

Forest (RF) algorithm demonstrated a higher mean accuracy of 71.6% across all 44

participants.
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6.2 Flanker Gaming Task Results

Due to the modification of the Flanker task to make it more gamified, we first examined
whether our task yielded the expected pattern of results similar to the traditional Flanker task.
As shown in Fig. 26, there was a statistically significant difference between congruent and
incongruent accuracy, t(25) = 4.45, p <.001, with participants having higher accuracy in
congruent than incongruent trials. Also as shown in Fig. 27, there was a statistically
significant difference between congruent and incongruent Mean RT, t(25) = -6.14, p <.001,
with participants responding faster in congruent than incongruent trials. These results are
consistent with previous findings, suggesting that the gamified versions of the task
successfully replicated the expected performance levels, as reported in the existing literature
[149], [150].

To explore a potential relation between inhibitory/executive control and BCI-VR
performance, we computed a flanker interference variable for both accuracy and RT in the
Flanker gaming task. For accuracy, we subtracted the accuracy for incongruent trials from that
of congruent trials. For RT, we subtracted the RT for congruent trials from the RT for
incongruent trials. We also computed a group variable on the RF algorithm accuracy by
performing a median split to the BCI-VR Goalkeeper accuracy data (11 Low Achievers, 11
High Achievers). We then carried out separate One-Way ANOVAs for flanker interference on
accuracy and on RT with Group as the independent variable. No significant effects of Group
were found in either analysis, F(1,19.8) = .10, p = .75 for accuracy and F(1,14) = 1.84, p = .20
for RT. However, a significant positive correlation was found between the mean accuracy for
the congruent trials of the Flanker task and the mean offline classification accuracy in the
BCI-VR Goalkeeper task, r(22) = .46, p = .03 (see Fig. 28). No significant correlation was
found between the accuracy for incongruent trials and the offline classification accuracy in the
BCI-VR Goalkeeper task. The positive correlation between congruent trial accuracy and
offline classification accuracy suggests a potential relationship between inhibitory/executive

control and BCI-VR performance.
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Fig. 26. The mean accuracy for congruent and incongruent trials in the Flanker Gaming task is

denoted by the circle, and the confidence interval 95% error bars are depicted by the lines.
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Fig. 27. The mean Reaction Time (RT) for congruent and incongruent trials in the Flanker
Gaming task is denoted by the circle, and the confidence interval 95% error bars are depicted

by the lines.
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Fig. 28. Scatter plot and a significant positive correlation (r(22) = .46, p = .03) between
accuracy with the congruent trials of the flanker task and BCI-VR Goalkeeper task accuracy,
across the 22 participants who executed both tasks. Participants demonstrating higher
accuracy with the congruent trials also exhibited increased accuracy in the BCI-VR

Goalkeeper task.

6.3 Spatial Cueing Gaming Task Results

Due to the modification of the Spatial cueing task to make it more gamified, we need to
demonstrate first that it exhibits the correct patterns with the traditional Spatial cueing task. A
repeated-measures ANOVA on d' revealed a statistically significant main effect for the cue
type (neutral, pre-cue, retro-cue) F(2,48) = 38.4, p < .001, n2 = .47. The d' is a sensitive
discrimination measure that reflects the degree to which participants accurately report the
presence or absence of the probe in the preceding memory array. The d' was calculated using

the formula: d' = z (hit rate) — z (false alarm rate).
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As shown in Fig. 29, participants had higher d' in pre-cue trials than in retro-cue and
neutral trials, and higher d' in retro-cue trials than in neutral trials indicating attentional cueing
benefits in service of encoding information into VWM and in service of maintenance in
VWM. A repeated-measures ANOVA on mean RT revealed a statistically significant main
effect for the cue type (neutral, pre-cue, retro-cue) F(2,48) = 29.3, p < .001, n2 = .25. The
analysis of simple main effects revealed that participants exhibited faster RT in pre-cue and
retro-cue trials compared to neutral trials (see Fig. 30) indicating attentional cueing benefits in
service of VWM in terms of speed. Additionally, there was no statistically significant
difference in RT between pre-cue and retro-cue trials. These results are consistent with
previous findings, suggesting that the gamified versions of the task successfully replicated the
expected performance levels, as reported in the existing literature involving adult participants
[151]. By aligning with the established effects, our study further supports the validity and
effectiveness of the gamified approach.

To examine whether the RF algorithm accuracy mediated performance in the Spatial
Cueing task, we first computed benefit scores for pre-cues and retro-cues. For the pre-cue
benefit score, we subtracted the d' for neutral trials from the d' for pre-cues. Similarly, to
compute the retro-cue benefit, we subtracted the d' for neutral trials from the d' for retro-cues.
We then carried out a mixed-design ANOVA with the cue benefit (pre-cue, retro-cue) as the
within-subject variable and the Group (High Achievers vs Low Achievers in the BCI-VR
Goalkeeper task) as the between-subject variable. The benefit score was the dependent
variable. The analysis revealed a statistically significant main effect for cue benefit, with the
pre-cue benefit being larger than the retro-cue benefit, F(1,20) = 15.58, p < .001, n2 = .01.
More importantly, a significant interaction between Group and cue benefit was found, F(1,20)
=9.09, p =.007, n2 = .07. The interaction was caused by the presence of a larger pre-cue than
retro-cue benefit for High Achievers, p<.001 (see Fig. 31). No difference was observed in

Low Achievers (see Fig. 31).
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Fig. 29. The mean d' for pre-cue, retro-cue, and neutral trials in the spatial cueing task is
denoted by the circle, and the confidence interval 95% error bars are depicted by the lines.
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Fig. 30. The mean RT for pre-cue, retro-cue, and neutral trials in the spatial cueing task is

denoted by the circle, and the confidence interval 95% error bars are depicted by the lines.
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Fig. 31. The pre-cue benefit is larger than the retro-cue benefit and is denoted by the circle.
The interaction was caused by the presence of a larger pre-cue than retro-cue benefit for High
Achievers (11 participants). No difference was observed in Low Achievers (11 participants).
The confidence interval 95% error bars are depicted by the lines.

6.4 Spatial Orientation Task Results

A repeated-measures ANOVA on Angular error revealed a statistically significant main
effect for the angles (25°, 41°, 93°, 143°, 151°, 165°, 249°, 250°, 266°, 268°, 318°, 333°)
F(11, 220)=3.56, p<.001, n2 = .11. In Fig. 32, it is evident that obtuse angles, occurring in
both the left and right sectors (angles 93°, 143°, 249°, 250°, 266°), i.e., those situated in the
2nd and 3rd quadrants, exhibited a noticeably higher angular error compared to acute angles.
Additionally, for angles nearing 180 degrees, the angular error remained minimal due to their
alignment along a nearly straight line. Also, the overall angular error was 30.35. This result is
consistent with previous findings where the overall angular error was 33.73, suggesting that
the task we used successfully reproduced the expected performance levels as reported in the

existing literature [156].
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To test whether the angular error in the Spatial Orientation Task could be differentiated
between High Achievers and Low Achievers in the BCI-VR Goalkeeper task, we carried out

an independent samples t-test. Results revealed no difference, t(20) = 1.36, p = .19.
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Fig. 32. Participants' mean angular error per angle is denoted by the circle, and the confidence
interval 95% error bars are depicted by the lines.

6.5 Mental Body Rotation Task Results

A repeated-measures Analysis of Variance (ANOVA) revealed no statistically significant
main effect in RT for angles F(11, 231) = 1.12, p = .35, n2 = .02 (see Fig. 33). To test whether
RT in the Mental Body Rotation task could be differentiated between High Achievers and
Low Achievers in the BCI-VR Goalkeeper task, we carried out an independent samples t-test.

Results revealed no difference, t(20) = 0.94, p = .36. Upon closer examination, it became
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evident that the cognitive differences between the two tasks played a more prominent role in

the lack of correlation.
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Fig. 33. Participants' mean RT per angle is denoted by the circle, and the confidence interval
95% error bars are depicted by the lines.
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Chapter 7

Discussion

7.1 BCI VR Goalkeeper Task

The BCI-VR Goalkeeper gaming framework presented in this study demonstrated
promising results in terms of detecting left-hand versus right-hand movement imagery using
brain-computer interface technology combined with VR. The findings shed light on important
aspects of Motor Imagery BCI-VR algorithms, i.e., performance and the corresponding BCI-
VR cogpnitive abilities.

The objective of this study was twofold: firstly, to assess and compare the accuracy of
Motor Imagery based on Brain-Computer Interface tasks utilizing VR across six distinct
algorithms, aiming to draw insightful conclusions regarding their performance. Secondly, the
study aimed to establish the cognitive abilities that significantly influence MI-BCI
performance in novice users, by exploring inhibitory/executive and attentional control, spatial
orientation, and mental body rotation. The BCI-VR Goalkeeper task, developed in the context
of this study, performed best using the RF algorithm among 44 participants, achieving a mean
accuracy of 82.4% offline and 71.6% in real-time. The results obtained from all six algorithms
used in the BCI-VR Goalkeeper gaming yielded accuracies that are comparable to those
reported in the literature [166], [168], [169], [170], [98], [171] (see TABLE 9). These findings
are consistent with prior research that has demonstrated the effectiveness of RF in various
BCl applications [172], [173].

A previous study by Skola et al. [166] developed a similar BCI-VR system to increase
engagement, attention, and motivation using gamification and VR. Like our BCI-VR
Goalkeeper task, users were trying to pull a left lever versus a right lever to destroy asteroids

using MI. The average classification accuracy of all 19 participants was 72.8%.
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In another study, Choi et al. [168] investigated the difference between MI-BCI tasks when
run in an immersive VR headset and a monitor display. From 18 healthy participants
experimented, the average accuracy in the session with the monitor was 58% and the average
accuracy in the session with the VR headset was 68%. In both of the aforementioned studies
that were similar to our BCI-VR Goalkeeper task, the accuracy performance of the BCI-VR
Goalkeeper was very close or better (see TABLE 9).

Furthermore, Lupu et al. [169] developed a therapy system for stroke rehabilitation based
on VR and BCI, and functional electrical stimulators. The system immersed the participant
into a virtual scenario where a virtual therapist coordinated the exercises aimed at restoring
brain function. The electrical stimulator helped the participant to perform rehabilitation
exercises and the BCI system and an EEG device were used to determine if the exercises were
executed properly. The average accuracy of the three participants in 7 sessions was 85%. In
that study, three main differences could justify the high accuracy of the system over our BCI-
VR Goalkeeper. Firstly, the sample of three participants was very small and therefore not
representative at all. In our work, extensive experimentation was done with forty-four
participants performing the task without any prior knowledge. Also, an electrical stimulator
helped the participant to perform the exercises, something that could significantly improve the
performance of the participants compared to others who had no help. Finally, the same
participants performed 7 sessions which gave them prior knowledge, which clearly could
increase the performance significantly.

In another study, H. Ziadeh et al. [170] developed a BCI-VR application using the Ml
paradigm. This study aimed to understand whether the embodiment of a hand depicted in VR
can enhance performance accuracy. Twenty-two healthy participants participated in a within-
subject study where their accuracy was compared in two different embodiment experiences: 1)
avatar hand (with the body), or 2) abstract blocks. The accuracy of both conditions was

similar with the avatar hand accuracy 53% and abstract blocks accuracy 54%.
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Finally, Vourvopoulos et al. [98] developed a novel BCI-VR system that provided
auditory, haptic, and visual feedback in the VR experience with the use of head-mounted
display (HMD), integrated with a BCI MI training task for left-hand and right-hand MI to
achieve more distinct activations in the motor cortex areas and enhance realism. More
specifically, they integrated a holistic BCI approach combining MI, immersive VR
environments, and sensory stimulation. During the experimental training, the virtual hands
were controlled using only the MI-BCI paradigm in the system. Healthy users were asked to
perform a rowing motion in a boat with virtual hands using MI. Results showed that the
average left-right hand movement accuracy of 13 healthy participants was 70.7%. Both in the
study by Ziadeh et al. [170] as well as in the study by Vourvopoulos et al. [98] the BCI-VR
Goalkeeper task had better results even when haptic feedback was used.

Although we have found that in our study the RF algorithm had the best results, it is
important to note that the effectiveness of the RF algorithm in BCI applications may vary
depending on factors like the specific dataset, the preprocessing methods used, and the feature
engineering techniques applied. The outcome confirms that the RF algorithm can be effective
in BCI applications for several reasons. RF is an ensemble learning method that combines
multiple decision trees to make predictions. In the context of EEG-based BCI, this ensemble
approach can help reduce the risk of overfitting and improve generalization to unseen data.
EEG data can be noisy and affected by various artifacts, and the ensemble nature of RF can
help moderate these issues [172], [173]. EEG data can be noisy due to various factors, such as
eye movement, breathing, and environmental interference. RF is known for its robustness to
noisy data. RF can handle noisy features and still provide accurate predictions, making them
suitable for EEG data, where noise is a common challenge.

Also, Fig. 34 illustrates that our study's RF algorithm achieved the fourth highest average
accuracy among seven studies, surpassing the overall average. Moreover, as depicted in the

same figure, it is noteworthy that all other studies included a significantly smaller number of
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participants compared to our study, which may potentially skew the presented results,

particularly for studies with fewer than 10 participants.

7.2 Mental Body Rotation

Beyond the performance accuracy investigation, we explored the influence of cognitive
abilities on MI-BCI performance. In the MBRT, we did not observe a statistically significant
correlation, which was somewhat unexpected considering the seeming similarities with the
BCI-VR Goalkeeper task. However, upon closer examination, it became evident that the
cognitive differences between the two tasks played a more prominent role in the lack of
correlation. The MBRT measures mental rotation that is not required for the successful
execution of the VR task, which instead relies on attentionally selecting the highlighted hand
of the goalkeeper avatar and then imagining a movement on the selected lateral side. In the
MBRT, the human figure appeared in various postures and rotations, with participants
viewing its front side. In contrast, in the BCI-VR Goalkeeper task, the avatar remained static
without rotating. Additionally, participants could only view the avatar's backside, eliminating
the need for mental rotation to distinguish left-hand from right-hand cues. We believe these
fundamental cognitive differences significantly contributed to the absence of a correlation
between these two tasks. Similarly in a previous study, Leeuwis et al. [171] investigated the
impact of spatial abilities and visuospatial memory on MI-BCI performance. Fifty-four novice
users participated in an MI-BCI task and carried out two cognitive tests namely the Mental
Rotation Test (MRT) and the Design Organization Test (DOT). The impact of spatial abilities
and visuospatial memory on BCI task error rate in three feedback sessions was measured.
Their results showed that spatial abilities, as assessed by the Mental Rotation Test, were not

related to MI-BCI performance.

7.3 Spatial Orientation
As with the MBRT, we did not observe a statistically significant correlation between the
SOT and the BCI-VR Goalkeeper task either. The SOT utilizes egocentric perspective-taking
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as a context for mental rotation and these abilities do not seem to be employed in a similar
cognitive fashion in the BCI-VR Goalkeeper task. Regarding the SOT behavioral results
alone, the mean angular error for all 22 participants was 28.85°, which is similar to the mean
angular error of 35.35° found by Friedman et al. [156]. Furthermore, in our SOT task,
participants exhibited a greater angular error when the angle under consideration was larger,
whether on the left or right side. Conversely, as the angle decreased in size, the error rate
reduced accordingly. Moreover, the error rate was notably reduced in cases where the angle
approached 180°, essentially representing an almost straight line. These findings underscore
the fact that larger angles have a more pronounced impact on human accuracy in calculations

compared to smaller angles, except when the angles approach a size resembling a straight line.

7.4 Flanker Task

Our proposal of differential cognitive abilities between these two tasks (the MBRT and
the SOT) and the BCI-VR Goalkeeper task is further supported by the significant correlation
we observed between the flanker task and the BCI-VR Goalkeeper task. Executive/inhibitory
control is thought to underlie the flanker task and a recent study using a similar VR
goalkeeping task to the one we used here, demonstrated that the ability to orient attention and
resolve the conflict amongst competing stimuli predicted performance in the VR goalkeeping
task [174].

Furthermore, our study's behavioral results regarding the Flanker Gaming task align with
previous literature, particularly with the findings from McDermott et al. [167]. We observed a
statistically significant main effect of congruency on RT, where incongruent trials elicited
slower responses compared to congruent trials, consistent with the typical outcomes of this
task. In McDermott et al.'s study, which involved 20 adult participants, the RT differences
between congruent and incongruent conditions were statistically significant. Similarly, in our
Flanker Gaming task with 22 participants, we also found statistically significant RT
differences between congruent and incongruent trials. Importantly, we found statistically

significant positive correlations between congruent accuracy in the Flanker task and the
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offline classification accuracy in the BCI-VR Goalkeeper task, highlighting the importance of
individual differences in understanding BCI classification. Overall, our current results suggest
a relation between executive/inhibitory control and BCI-VR performance. Individuals with
better executive/inhibitory control abilities exhibit higher accuracy in controlling the virtual

goalkeeper using motor imagery.

7.5 Spatial Cueing

Similarly, when dividing participants based on performance in the BCI-VR Goalkeeper
task, we found that High Achievers had larger pre-cue than retro-cue benefits in the Spatial
Cueing Gaming Task, demonstrating that those participants that scored the highest in the BCI-
VR Goalkeeper task benefited more from attentional cues in service of perception (i.e.,
external attention) than from attentional cues in service of VWM (i.e., internal attention).
Given that in the BCI-VR Goalkeeper task participants must orient their attention spatially to
the side highlighted by the hand of the goalkeeper avatar, in order to imagine a movement on
the selected lateral side, our findings suggest that external attentional orienting (rather than
internal attentional orienting) is implicated in efficient performance in the BCI-VR
Goalkeeper task. In contrast, we observed no difference between pre-cue and retro-cue
benefits in Low Achievers in the BCI-VR Goalkeeper task, corroborating that a poorer ability
to employ external attention before movement imagination results in lower accuracy in
controlling the virtual goalkeeper using motor imagery.

In the Spatial Cueing Gaming task, pre-cues measure the ability to orient attention to
perceptual stimuli while retro-cues measure the ability to orient attention to stimuli held in
memory. Our behavioral results for the Spatial Cueing Gaming task align with the findings of
Shimi et al. [151], [152], [153] and Nobre et al. [154]. An analysis of variance (ANOVA)
revealed a statistically significant main effect (d') for the cue type (neutral, pre-cue, retro-cue).
These findings affirm that our task yielded similar outcomes to their traditional counterparts,

thus demonstrating their appropriateness.
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TABLE 9
STUDIES RELATED TO THE BCI VR GAMING TASK
Author BCI VR action task No. of Feature Classification ~ Channels Classification
paradigm subj.  extraction algorithm Accuracy

Skola et al. Ml pulling left and right levers 19 CSP LDA 10 channels: C1, C2, C3, C4, C5, 72.8%
(2019) [166] C6, CP3, CP4, FC3, FC4
Choi et al. (2020) Ml Virtual left and right hand 20 CSP LDA 20 channels: FC5, C5, CP5, FC3,  68%
[168] movement C3, CP3, FC1, C1, CP1, Cz,

CPz, FC2, C2, CP2, FC4, C4, CP4,

FC6, C6, CP6
Lupu et al. (2018) Ml Limb movement control 3 CSP LDA 12-channels: (FC1, FC2, FC5, FC6, 85%
[169] C3, C4, C5, C6, CP1, CP2, CPS5,

CP6)
H. Ziadeh et al. MI pop balloons with leftand 22 CSP LDA 7 channels: F3, F4, C3, Cz, C4, P3, 53%
(2021) [170] right hand P4

Reference: CPz, Ground: AFz
Vourvopouloset Ml Virtual rowing with hand 13 CSP LDA 8 channels: (FC5, FC6, C1, C2, C3, 70.7%
al. (2016) [98] movements C4, CP5, CP6)
Leeuwis et al. Ml Feedback bar showing the 54 CSP LDA 16 electrodes: (F3, Fz, F4, FC1, 2%
(2020) [171] direction of the participant's FC5, FC2, FC6, C3, Cz, C4, CP1,

performance. CP5, CP2, CP6, T7, T8)

Ground AFz

Proposed work Ml Virtual goalkeeper hand 44 CSP RF 16-channels (C3, C4, Cz, FP1, FP2, 71.6%

(Random Forest)

control

P3, P4, Pz, T3, T4, F3, F4, F7, F8,
TS, T6)

Reference: CPz, Ground: AFz
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7.6 Study Limitations

Despite the promising potential of BCI technology, several limitations inherent in the
experimental sessions must be acknowledged (see TABLE 10). These limitations encompass
both technical constraints and challenges in participant engagement and performance.

The device used to record EEG signals, specifically the OpenBCl EEG cap, poses
challenges due to its limited electrode coverage, particularly over areas proximal to the motor
cortex (CP3, C1, C5, CP4, C2, C6). This inadequate spatial resolution can impede the
accurate classification of left-hand versus right-hand motor imagery tasks. Moreover, the
OpenBCI device's classification as a non-medical device raises some concerns about the
quality of the recorded signals which may have led to reduced performance.

Conducting experimental sessions in non-specifically configured laboratories
introduces the risk of environmental noise pollution from sources such as electrical
interference, ambient light, screens, and computers. These extraneous stimuli can interfere
with high quality EEG signal acquisition, compromising the quality and reliability of recorded
data.

Furthermore, communicating instructions to participants on how to perform motor
imagery tasks, particularly the visualization of upper limb movements without physical
execution or muscle activation, presents inherent difficulties. The abstract nature of motor
imagery makes it challenging for participants to grasp and execute accurately, leading to
variability in task performance across individuals.

The experimenter faces challenges in gauging the level of participant engagement and
effort during experimental sessions. Without real-time feedback on participant performance or
subjective measures of effort, it is difficult to ascertain whether participants are genuinely
exerting effort or simply waiting for the session to conclude, potentially skewing experimental
outcomes.

Hemispheric dominance, particularly the left hemisphere's superiority in right-handed

individuals, poses challenges in generating precise motor imagery for non-dominant hand

96



movements [35]. This asymmetry in motor control may contribute to discrepancies in BCI
performance between left-hand and right-hand motor imagery tasks.

Inter-individual variability in the neural mechanisms underlying motor imagery
introduces further complexity to BCI experiments. Variations in cortical excitability,
interhemispheric connectivity, and the organization of motor-related brain regions can
influence the ease and accuracy of generating motor imagery for each hand, contributing to
inconsistencies in BCI performance across participants [35].

Motor imagery abilities vary among individuals, with some participants finding it more
challenging to generate vivid and accurate mental representations of movements for one hand
compared to the other. These individual differences can manifest as discrepancies in BCI
performance between left versus right hand motor imagery tasks, complicating data
interpretation and generalization [35].

Addressing these limitations necessitates innovative methodological approaches. By
addressing these challenges, researchers can enhance the robustness and reliability of BCI
experimental sessions, paving the way for advancements in BCI neurotechnology and clinical

applications.

TABLE 10
THE MAJOR STUDY LIMITATIONS

# Limitations

1 Limited electrode coverage by the OpenBCI device, in the motor cortex (CP3, C1, C5, CP4, C2,
C6).

2 Conducting experimental sessions in non-specifically configured laboratories introduces the risk
of environmental noise pollution.

3 Communicating instructions to participants on how to perform motor imagery tasks, without
physical execution or muscle activation, presents inherent difficulties.

4 Hemispheric dominance, poses challenges in generating precise motor imagery for non-dominant
hand movements.

5 Inter-individual variability in the neural mechanisms underlying motor imagery introduces
further complexity to BCI experiments.
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Chapter 8

Concluding Remarks and Future Work

8.1 Concluding Remarks

In conclusion, this study demonstrated the feasibility and effectiveness of the BCI-VR
Goalkeeper gaming task for detecting left-hand versus right-hand movement imagery. The
findings contribute to the field of brain-computer interfaces and virtual reality gaming by
showecasing the potential for immersive and interactive experiences.

The RF algorithm emerged as the top-performing classifier, exhibiting high accuracy both
offline and in real-time scenarios. This reinforces the suitability of RF for accurate movement
imagery detection in BCI-VR applications. The statistically significant interaction between
high achievers and pre-cues and the positive correlations observed between response
inhibition accuracy and offline classification accuracy further emphasize the impact of
cognitive abilities on BCI-VR performance and shows that external attention has an important
role in BCI performance. Our findings suggest that external attentional orienting is implicated
in efficient performance of tasks using MI. Moving forward, it is important to continue
exploring additional cognitive mechanisms and incorporating cognitive training interventions
to enhance BCI performance. By advancing both algorithm development and cognitive
training, we can work towards improving the accuracy, reliability, and practicality of MI-
based BCI systems for various applications, including neurorehabilitation, assistive
technologies, and gaming entertainment.

Overall, this study provides valuable insights into the potential of BCI-VR systems and
lays the foundation for further research in the field. Continued efforts in algorithm refinement
and cognitive training interventions will pave the way for the development of more robust and

effective BCI-VR technologies that can significantly benefit individuals in their daily lives.
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8.2 Future work

Although significant progress has been made in enhancing classification algorithms and
employing effective feature extraction strategies, the accuracy of Ml-based BCI systems still
falls short of practical and commercial viability in people's daily lives. This emphasizes the
ongoing need for research and development in both algorithmic improvements and cognitive
training interventions. By addressing these aspects, we can strive to enhance the usability and
effectiveness of BCI-VR systems for real-world applications.

Furthermore, the results of this study highlight the importance of considering cognitive
factors when designing BCI-VR systems and cognitive training intervention development to
enhance BCI performance. While the current study focused only on executive/inhibitory
control, visuospatial selective attention, mental body rotation, and spatial orientation, it is
crucial to explore other cognitive mechanisms that could potentially improve humans to
produce appropriate EEG patterns while improving BCI performance. Incorporating training
in these cognitive mechanisms could potentially lead to further improvements in the control of

BCI-VR systems.

8.2.1 Pre-Processing and Feature extraction

In this study, we utilized CSP filtering and the variance of the logarithm of the average
power of the EEG signal segments as features for the classification. However, alternative
approaches exist that could potentially enhance our understanding and classification accuracy
in motor imagery tasks. For instance, T. Shi et al. [175] proposed the calculation of
autoregressive coefficients from EEG signals, which capture temporal dependencies and offer
valuable insights for motor imagery classification. Furthermore, T. Shi et al. [175] introduced
a novel EEG feature extraction algorithm incorporating CSP and adaptive autoregressive
(AAR) techniques. Their work highlights the feasibility of utilizing band energy, sample
entropy, and order accumulation as distinguishing characteristics for motor imagery
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classification. Another promising alternative, proposed by B. Xu et al. [176], involves a
wavelet transform-based approach. By combining time-frequency features from specific EEG
channels (C3, Cz, and C4), this method aims to extract informative features from motor
imagery EEG signals.

Moreover, to tackle challenges such as suboptimal feature extraction and limited cross-
subject performance in MI classification tasks, the adoption of a Multi-Scale Adaptive
Transformer Network (MSATNet) [197] presents a promising solution. The MSATNet
framework integrates innovative components designed to enhance feature extraction, capture
temporal dependencies adaptively, and facilitate efficient transfer learning. MSATNet
framework facilitates efficient transfer learning by leveraging the Subject Adapter module
where the model can fine-tune target subject data while preserving the knowledge learned
from source domains. This enables seamless adaptation to individual subject characteristics,
thereby enhancing classification performance and generalization across diverse user
populations. This study uses the BCI Competition IV 2a and 2b dataset in an offline analysis
to evaluate the validity of the MSATNet model. The MSATNet has a similar accuracy of
81.75% to our RF accuracy of 82.4% in the BCI Competition IV 2a and outperforms our
accuracy in the BCI Competition 1V 2b with 89.34% accuracy. Therefore, this alternative
methodology offers a promising avenue for improving the accuracy of BCI systems.

These alternative methodologies offer promising avenues for improving the accuracy of
BCI systems. Further investigation and comparative analysis are needed to assess their

effectiveness and potential contributions to Ml classification tasks.

8.2.2 Classification

Liu et al. [177] in 2023 proposed an end-to-end Filter-Bank Multiscale Convolutional
Neural Network (FBMSNet) for MI classification. A filter bank was first used to extract a
multi-faceted spectral representation of the EEG data. A mixed depth convolution was then
applied to extract temporal features at multiple scales, followed by spatial filtering to mitigate

volume conductivity. Finally, with the joint supervision of cross-entropy and center loss,
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FBMSNet obtained features that maximize the dispersion between classes and compact
interclass. They compared FBMSNet with several state-of-the-art EEG decoding methods on
two MI datasets: the BCI Competition IV 2a dataset and the OpenBMI dataset, in offline
analysis. FBMSNet showed the highest classification accuracy of 79.17%. Although
FBMSNet had the highest performance it has not surpassed the accuracy of the RF algorithm
in our study, which showed 82.4% in offline analysis.

In this research we have not used deep learning for the BCI-VR Goalkeeper MI
classification, taking into account that our dataset was quite small comprised of only 42
subjects with 20 left-hand trials and 20 right-hand trials only. However, this is something that
needs to be further investigated.

Recently, Explainable Artificial Intelligence (XAI) has gained significant attention,
focusing on developing methods that can explain and interpret machine learning models
[178]. In this context, our research group has proposed two different methodologies for rule
extraction based on machine learning and argumentation theory [179] — [183]. The derived
BCI-VR Random Forest classification models can be used to extract rules using the TE2rules
algorithm [184] that converts a tree ensemble (TE) to a rule list (RL). Then, rule selection
could be performed selecting the models with high training accuracy and a minimum sample
of rules. Then, argumentation-based reasoning can be applied using Gorgias' theory [185],
[186], which involves constructing arguments using a basic argument scheme, connecting a
set of premises to the claim of the argument. The extracted rules can be modified as object-
level arguments that can support contradictory claims, leading to arguments attacking one
another. Moreover, the use of priority on object-level arguments can express a local
preference between arguments and establish relative strength, tightening the attack relation
between them. It is expected that the rules will demonstrate the CSP EEG channel segments
contributing to the discrimination between left-hand versus right-hand motor imagery. This
explainability rule set concept might be used as feedback to the user to generate more

discriminatory patterns.
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Furthermore, in conventional BCI classification, the models are trained and evaluated on
data from the same subject. Deep Neural Networks, while powerful, often entail a large
number of trainable parameters compared to classical models. Such complexity demands
substantial amounts of data and time for training. Although various publicly available BCI
datasets exist [202], [203], individual subject data remains limited in quantity. Furthermore,
extensive data collection for a new subject is time-consuming and may induce mental fatigue
during prolonged recording sessions, potentially compromising data quality. To overcome the
scarcity of subject-specific data, transfer-based approaches utilizing pre-existing data from
other subjects have been explored as conducted by Zhang et al. [198]. In this study [198], 54
participants performed binary class MI task and the average classification accuracy for
subject-specific was 63.54%, and for the subject-independent was 84.19%. These strategies
are crucial for advancing the efficacy and applicability of BCI systems in diverse user

populations.

8.2.3 Virtual Reality

In this study, we chose not to use embodiment techniques at all because it is a very
demanding process to convince a person that a foreign virtual body is their own body,
especially without the use of special haptic equipment. However, it is a process that, if
performed with utmost care, may improve the performance of the participants since there will
be an increase in motivation and engagement. VVourvopoulos et al. [98] developed a BCI-VR
system that provided auditory, haptic, and visual feedback in the VR experience, integrated
with a MI-BCI training task for left-hand or right-hand Ml to achieve more distinct activations
in the motor cortex areas and enhance realism. They integrated a holistic BCI approach
combining MI, immersive VR environments, and sensory stimulation. During the
experimental training, the virtual hands were controlled using only the MI-BCI paradigm in
the system. Healthy users were asked to perform a rowing motion in a boat with virtual hands
using MI. Results showed that the average accuracy of the LDA algorithm of the 13 healthy

participants was 70.7% in real time.
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Nevertheless, we believe that haptic technologies, more realistic graphics, and generally
more realistic experiences can help increase the performance of BCI systems. Similarly, Skola
et al. [166] developed a gamified immersive VR MI-BCI system. The aim of the proposed
system was to increase engagement, attention, and motivation in co-adaptive event-driven Ml-
BCI training. This was achieved using gamification, progressive increase of the training pace,
and VR design reinforcing body ownership transfer (embodiment) into the avatar. After
repeated training, the average accuracy in real time was 72.8%.

It should be noted that the results of both Vourvopoulos et al. [98] and Skola et al. [166]
are very close to the average accuracy of our experiments of 71.6% derived with the RF

classification algorithm.

8.2.4 Cognitive tasks

Our investigation into the relationship between cognitive abilities, as assessed by tasks
such as the Flanker Task and the Spatial Cueing Task, and performance in the BCI-VR
Goalkeeper task has provided valuable insights into the potential impact of executive
functions and attentional processes on BCI accuracy. The observed significant correlations
between performance in these cognitive tasks and offline classification accuracy in the BCI-
VR Goalkeeper task suggest that individual differences in cognitive skills may influence one's
ability to control virtual avatars through M.

To further explore this relationship, future research could consider conducting
longitudinal studies to evaluate whether participants who undergo cognitive skills training
demonstrate subsequent improvements in BCIl accuracy. By implementing targeted
interventions aimed at enhancing executive functions, inhibitory control, and attentional
processes, researchers can investigate whether enhancements in these cognitive domains
translate into improved performance in BCI tasks. Moreover, exploring the neural
mechanisms underlying such improvements, such as through EEG analysis, can provide
valuable insights into the neural plasticity associated with cognitive skill acquisition and its

impact on BCI performance.
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Furthermore, future studies could investigate the influence of variables such as
occupational status, hobbies, and educational background on BCI performance accuracy.
Understanding how individual characteristics shape the cognitive mechanisms underlying BCI
control can inform the development of personalized BCI training protocols tailored to
individual needs.

In addition, professionals such as goalkeepers, formula drivers, etc. can investigat e
similar strategies that might improve their cognitive abilities related to their professional
orientation.

In conclusion, future research endeavors should aim to elucidate the causal relationship
between cognitive skills and BCI accuracy through longitudinal interventions and training. By
unraveling the intricate interplay between cognition and BCI performance, we can pave the
way for more effective and personalized BCI interventions, ultimately advancing the field of

BCI towards its full potential.
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