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A Comparison Study between Different Social Interaction in Multi-User Brain-

Computer Interface (BCI) gaming: Competitive vs. Collaborative 

The growing interest in BCI gaming has initiated the possibility of multi-user BCI games, 

which require the involvement of two or more players with integrated brain signals to a 

BCI application. Multi-user BCI is a complex process, with challenges surrounding the 

technical aspects and the behavioural aspects all should be carefully considered. Several 

studies have tested multi-user BCI games based on different types of control paradigms. 

However, most of the studies focused on the technical aspects of the game and the 

information related to the neurological changes caused by the BCI gaming interaction is 

still relatively limited. The aim of this thesis is to investigate the electrophysiological 

changes that occur in the brain, due to interactive multi-user BCI gaming, where the BCI 

paradigm used is based on the alpha band non-verbalised operant conditioning.  

Forty able-bodied healthy participants were involved in the multi-user BCI gaming 

experiments that were divided into two main experiments i.e. competitive and 

collaborative gaming. The BCI game was presented as two bars on each side of the screen 

with a seesaw placed in between. The bars are controlled by the changes of relative alpha 

power (RA) of each player, recorded from Pz. When one bar is higher than the other, the 

seesaw will be tilted down towards the side with a higher bar. A pair of players were 

asked to control their assigned bar to achieve a different goal for each gaming interaction. 

In competitive gaming, the players were asked to compete by upregulating their RA 

(which consequently increases their bar) and the goal was to increase the bar 10% above 

their opponent’s bar for at least 1s to gain one score. In collaborative gaming, the players 

were asked to collaborate in balancing the seesaw (thus, balancing their bars) and the goal 

was to reach a similar bar level within the range of ±5% from each other for at least 0.5 

s in order to score. Offline analyses were performed on the EEG data, including power 

spectral density, signal complexity, source localisation, and brain connectivity analyses. 

Brain connectivity analysis was performed by using Granger Causality (GC) and Directed 

Transfer Function (DTF). GC was performed to estimate both intra- and inter-brain 

connectivity in the time domain, and DTF was performed to estimate intra-brain 

connectivity in the frequency domain. Additionally, qualitative data analysis was 

performed via the NASA-TLX workload questionnaire.  

The results revealed that different types of interaction produced a different kind of 

response in the brain activity of the players. These responses include the different 

fluctuation and the different spatial distribution of alpha power, the changing source 

localisation pattern, and the changes in intra- and inter-brain connectivity. It was found 

that the level of dominance between players also produced different brain activity 

responses, in both gaming interactions. Additionally, it was revealed that the level of 

posterior alpha power and intra-brain connectivity during resting state can be used to 

predict the gaming performance. Overall, the thesis has contributed to providing the 

information regarding the brain’s cortical activity changes during different kinds of multi-

user BCI gaming interaction, which is expected to benefit the development of multi-user 

BCI games and for other methodological considerations in designing multi-user BCI 

application. 
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Chapter I  

 

Introduction 

 

1.1 The Nervous System. 

The basic functional unit of the nervous system consists of a functional cellular unit called 

neuron, a nerve cell that is responsible in transmitting signal within the nervous system. 

A single neuron consists of a cell body, where the nucleus and cell organelles are located, 

and extensions of the cell body, which provide pathway for signal transmission, consists 

of dendrites and axon.  Nervous system is divided into two parts, the central nervous 

system (CNS) which consists of the brain and the spinal cord, and the peripheral nervous 

system (PNS) which consists of circuits of nerves relaying signals from and to the CNS 

[1, 2].  

1.1.1 The Central Nervous System (CNS) and the Peripheral Nervous System 

(PNS). 

Based on the structural components, the CNS is composed of seven parts, i.e., the spinal 

cord, the medulla oblongata, the pons, the midbrain, the cerebellum, the diencephalon, 

and the cerebral hemispheres. The medulla oblongata, pons, and midbrain are forming a 
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structure called the brainstem. The brainstem major function includes receiving and 

integrating sensory data to and from other areas of the brain, control of internal body 

functions like breathing, circulatory system, and digestive system, and coordination of 

movement and reflexes. The forebrain is formed by the diencephalon and cerebral 

hemispheres, with the cerebral hemispheres predominantly occupied the forebrain [1-3].  

PNS can be classified into two functional systems i.e., the sensory-motor system 

and the autonomous system. The function of sensory-motor system is mainly to relay 

signals to and from the skeletal muscles, especially during the presence of external 

stimuli. The sensory-motor system can be controlled both voluntary and involuntary. The 

function of autonomous system is to facilitate the functions of the internal body organs 

by controlling the cardiac muscles and the smooth muscles around the internal organ. The 

control of the autonomous system is generally involuntary. Based on the ways of the 

autonomous system function within the body, this system is composed by three divisions 

i.e., parasympathetic, sympathetic, and enteric divisions. The parasympathetic division is 

mainly involved in the body regulatory systems that require energy conservation, whereas 

the sympathetic division works in antagonistic manner to the parasympathetic division, 

the sympathetic division is involved in energy-consuming systems. The enteric division 

serves a specific function in controlling the smooth muscles and the glands of the 

digestive system [1]. 

1.1.2 Structural and functional organisation of the brain. 

The cerebral hemispheres are characterised by the gyri (singular: gyrus), the upper lining 

of the folded cortical tissues, and the sulci (singular: sulcus), the grooves of the folded 

cortical tissues, separating one gyrus with another. The topography of cerebral 

hemispheres is divided into four areas, corresponding the cranial bones that overlie them, 

i.e., frontal, parietal, temporal, and occipital, with the central sulcus dividing the frontal 

lobe with the parietal lobe [2]. 

The cerebral cortex covering the cerebral hemispheres, weighs about 40% of the 

total weight of the brain and containing more than 100 billion of neurons, forming 

functional circuitry responsible for variety of physical and cognitive functions. Large 

portion of cerebral cortex consists of neocortex, which composed of six cellular layers. 

As the way to identify the organisation of neocortex, Brodmann numbered the neocortex 

area based on its cytoarchitectural differences (thickness, cell density, and other 
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histological characteristics of the layers) where the numbers are used to label the area 

based on its function, known as Brodmann’s area (BA) [3, 4]. 

The cerebral cortex consists of the primary sensory and motor cortex, and the association 

cortex, where each area responsible to a specific set of functions. The primary sensory 

cortex consists of cortical areas responsible for sensory processing i.e., somatic sensory 

processing, visual and auditory processing, and olfactory system. The primary somatic 

sensory cortex is located in the anterior parietal lobe, just posterior to the central sulcus. 

The visual cortex is located in the calcarine sulcus on the medial surface of the occipital 

lobe. The auditory cortex is located in the superior surface of temporal lobe, surrounded 

by Wernicke’s area – the area involved in speech processing, just at the posterior of the 

temporal lobe. Primary motor cortex is located in the precentral gyrus with the premotor 

area is located more rostral, adjacent to the primary motor cortex [1, 3] 

 

Figure 1.1 Central Nervous System (left) and Peripheral Nervous System (right) [1, 3]. 
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Figure 1.2 The topography of the cerebral hemispheres (top) and the Brodmann’s area map [3]. 

The association cortex, which consist of a large area of cerebral cortex, is involved 

in mental processing. Each sensory cortex works together with the associate cortex in 

processing information, allowing the brain to perform higher mental processes like 

problem solving, decision making, judgement, and planning. The association cortex 

cooperate with the sub-cortical areas in performing tasks that require memory and 

emotional processing, involving the limbic system, which includes cortical structures and 

non-cortical structures [5].  

 The cerebral cortex composed of different set of intrinsic brain networks that have 

specific activation patterns that are associated with different mental states. The major 

brain networks that have been widely studied, including the Resting State Networks 

(RSNs) – which include the Default Mode Network (DMN), the Dorsal Attention 

Network (DAN), and the Salience Network (SN)  [6-9].  

 RSNs is an integration of smaller brain networks, that are more active during resting 

without any task execution present. RSNs activity pattern has been proposed to be used 

as a biomarker to detect any neurophysiological disturbance that might occur in the brain 
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[10, 11]. The DMN, a network constituent of RSNs consisting of the ventral medial 

prefrontal cortex (vmPFC) and the posterior cingulate cortex (PCC) as the core regions 

[7, 12], has been widely known to have an antagonistic dynamic with DAN [13] and SN 

[14] during the change of mental states. The DAN is a set of dorsal network that are 

engaged with attention demanding task and consisting of the dorsolateral prefrontal 

cortex (dlPFC), frontal eye fields, inferior precentral sulcus, middle temporal motion 

complex, and superior parietal lobule (SPL) [13]. Whereas the SN is a system that detects 

stimuli and mediates the network switching between task-free and task-engagement 

states, consisting of ventrolateral prefrontal cortex (vlPFC), frontoinsular cortex, and 

anterior cingulate cortex (ACC) [8, 15, 16].  

1.2 Electroencephalography (EEG) 

Electroencephalography (EEG) is a measurement technique to record and monitor the 

brain’s electrophysiological signals with an electroencephalogram device. EEG setup 

usually consists of a specially designed cap with electrodes attached on it, and these 

electrodes can detect the brain’s electrical activity from the surface of the scalp. Signal 

transmissions within the nervous system involve electrical charges. The cumulative 

electrical charges produced by the neurons in the cerebral cortex, makes it possible for 

the EEG to record the brain’s electrical activity non-invasively [17]. 

1.2.1 EEG waves generation 

The transmembrane neuronal electrical charges occurred due to the potential changes 

surrounding the neuron’s membrane. The electrical charges are facilitated by the protein 

channels located across the neuronal membrane that work as ion gates to maintain the 

environment inside and outside the membrane. At the synaptic level, there are two types 

of post-synaptic potentials i.e., the excitatory post-synaptic potential (EPSP) and the 

inhibitory post-synaptic potential (IPSP). At EPSP, the transmembrane current brings the 

positive ions from the extracellular environment into the cell, whereas IPSP works 

antagonistic to EPSP by bringing the negatively charged ion into the cell and releasing 

the positively charged ion out of the cell. The transmembrane potential changes leads to 

the transition of resting potential into an action potential and returning back to resting 

potential, creating an impulse that propagates along the axons and dendrites allowing the 

signals to be transmitted among neurons [1, 17, 18]. In the cortex, the summation of this 
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impulse propagation occurs in layers of abundant pyramidal neurons, allowing the 

production of the brain’s electrophysiological signal to be recorded non-invasively from 

the skin surface by EEG electrodes [19].  

1.2.2 EEG frequency bands  

The recorded EEG oscillations can be interpreted based on the different frequency range 

i.e., delta band (<4 Hz), theta band (4-7 Hz), alpha band (8-13 Hz), beta band (14-30 Hz), 

and gamma band (> 30 Hz), where each frequency band is associated with different 

neurophysiological processes occur in the brain [20].  

The delta band activity is known to be related to sleeping activity and is not present 

during wakefulness in adults [20, 21]. The theta band activity is known to be related to 

the state of drowsiness [18], however the localised high theta power around mid-frontal 

area has been associated with concentration, especially when higher cognitive loads are 

involved [22, 23]. The alpha band activity, which has higher distribution in the occipital 

region of the brain, is known to increase during a relaxed state and also known to be 

supressed by visual stimulation and cognitive tasks [18, 20]. Alpha oscillation alongside 

theta, may reflect the cognitive and memory performance [24]. The rolandic mu rhythm 

is an 8-12 Hz EEG oscillation, which overlaps alpha frequency range. Despite the 

frequency overlapping, the spatial distribution and the reactivity of mu rhythm is different 

compared to alpha. Mu rhythm is found to be specifically localised in rolandic area, 

around the motor cortex, and also found to be reactive to motor-related activity [20, 21, 

25]. The beta band lies in the longest frequency band of 14 to 30 Hz. Beta reactivity is 

often related to higher cognitive functions related to focus, attention, and problem-

solving, however the central beta band is also known to be reactive to motor-related 

processing [18, 20, 21]. The gamma band which lies above 30 Hz, has a rare occurrence 

and low power, makes it difficult to measure especially the higher frequency range that 

often overlaps with artefacts. Recorded gamma oscillation have shown to be useful in 

identifying the laterality of fingers and toes movement as well as tongue movement [18, 

20]. 

1.3  EEG Biofeedback (Neurofeedback) 

Biofeedback is a technique of conditioning which is facilitated by any bioindicator that 

works as a guide to help an individual to self-regulate their biological activation or 
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behaviour, based on that bioindicator [26]. EEG biofeedback also known as EEG-based 

neurofeedback, is a form of biofeedback based on the brain’s electrophysiological 

changes, which allows the user to modulate their brain activity based on those changes 

[27]. The neural indicator in neurofeedback can be presented in various forms of sensory 

modality (e.g., visual, auditory, and tactile). Neurofeedback has been used to alter the 

activation of the targeted brain area(s) and in successful training, the alteration will be 

retained even after the training has finished. Neurofeedback is based on the operant 

conditioning concept, where it requires the subject to learn to self-regulate their brain 

activity by using the given feedback within a continuous reinforcement schedule in form 

of training sessions [28]. Additionally, the efficacy of this feedback-based learning 

process is dependent to the underlying neurobiological aspects, such as the neural 

specificity, i.e. the ability to train the neurons on a specific targeted area, and the neural 

plasticity, i.e. the ability to memorise and to retain the skills to control the targeted area 

[26, 29]. Frequency/power neurofeedback is one of the most commonly practiced EEG 

neurofeedback, which allows the user to receive feedback based on their brain’s signal 

power in the assigned frequency band, recorded from one or more surface electrodes [30]. 

 Neurofeedback application has been applied for clinical purposes as a rehabilitative 

intervention for varieties of neurological and behavioural conditions, for example, in 

reducing pain in spinal-cord injured patients [31] or in attentional deficit hyperactivity 

disorder (ADHD) [32, 33]. Neurofeedback can also serve a range of benefits for non-

clinical population. The evidences of successful EEG-neurofeedback training in healthy 

participants have been summed up in an extended review by Gruzelier [34]. The review 

have listed the different EEG features (i.e. sensory motor rhythm (SMR) ratio, alpha 

power, beta-gamma, and theta) used in a neurofeedback training protocol, as well as the 

training outcome that improved of the participant’s behaviour, for instance in improving 

their memory, attention level, and calmness. Moreover, these successful neurofeedback 

performances were validated as “successful” based on the existence of control group in 

the study for comparison purpose between the control and the trained group, and the 

correlation between the performance during learning and post-training assessments to 

measure the improvement gained from the training [34, 35].  

Alkoby et al. [36] in their review addressed the predictors for a successful or non-

successful neurofeedback training, by summarising the psychological and 
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neurophysiological aspects that affecting the neurofeedback performance. The proposed 

psychological predictors including confidence level of the subjects [37], specific mental 

strategies [38, 39], and motivation [40]. Whereas the proposed neuropsychological 

predictors including the signal power spectral density or amplitude recorded during the 

resting state [41, 42], the initial training session’s performance [43, 44], and the inter-

individual differences of brain structures revealed through functional imaging [45, 46].  

The numerous studies that have been performed to test the neurofeedback efficacy 

over the past decade have raised more attention towards the methodological and 

theoretical considerations in designing a neurofeedback training. The considerations that 

require more attention including the number of sessions, the protocols to measure learning 

(i.e. across sessions, within session, and successive pre-training baseline), the specified 

frequency band to train, the individual variability, the trainer-participant interface, the 

feedback modality and the electrodes placement and montage [29, 30, 35]. 

1.4 Brain-Computer Interface (BCI) 

 
Figure 1.3 The general BCI scheme. 

Brain-computer interface (BCI) is a system that can generate commands and control 

without any muscular involvement [47, 48]. In a BCI system, brain signals are acquired 

by a signal acquisition unit, and later being processed by the system to produce different 

variety of output e.g., control over a software or a device, as seen in Fig. 1.3. Based on 

the type of the input signal, BCIs can be classified as electrophysiological BCIs and 
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hemodynamic BCIs [49]. Electrophysiological BCIs uses the electrophysiological signal 

as the input signal, recorded by using electrophysiological signal acquisition unit such as, 

EEG, magnetoencephalography (MEG), and electrocorticography (ECoG), whereas  

hemodynamic BCIs uses the BOLD signal, which reflects the brain’s metabolic activity 

as the input signal, recorded by using BOLD signal acquisition unit such as, functional 

magnetic resonance imaging (fMRI) and functional near infrared spectroscopy (fNIRS).  

In this thesis, EEG was used as the signal acquisition unit to perform BCI.  

On the basis of BCI development for communication and control purposes, Zander 

et al. [50] categorised BCI based on the directness of the control, such as: directly 

controlled BCI and indirectly controlled BCI. Direct BCI control is obtained by mapping 

the assigned mental state performed by the user to produce the output control, for 

example: mental imagery based BCI. Indirect BCI control obtained from a self-modulated 

brain activity that elicited in response to a stimulus, for example: P300 – an event-related 

potential component elicited at 300 milliseconds after stimulus presentation – based BCI 

[50].  

However, the currently existing BCI control paradigms demonstrate how far the 

technique has grown into a technique that serves broader purposes. Thus, based on the 

control paradigm used, BCI can be further categorised into active BCI, reactive BCI, and 

passive BCI. Active BCI, is a BCI system that is controlled by a direct and conscious 

brain activity of the user that is independent from any external stimulation. Whereas 

reactive BCI, is a BCI system that is controlled by an elicited brain activity as a reaction 

to external stimulation. Lastly, passive BCI, is a BCI system that does not require a 

voluntary control by the user, but instead it monitors the user’s brain activity during a 

certain mental state. When this BCI control paradigms classification is compared to the 

classification that is based on the directness, active BCI matches the directly controlled 

BCI and the reactive BCI matches the indirectly controlled BCI, where the passive BCI 

provides a complementary purpose [50, 51].  

From the learnability perspective, the active BCI/directly controlled BCI has been 

argued to have a limitation, especially for naïve BCI users due to the possible unclear 

interpretation of the task for each individual user. Bos et al. [52], used the motor imagery 

task as a case example where naïve users may have the difficulty interpreting what counts 

as motor imagery (whether it is a visualisation of themselves performing the motor task, 
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whether or not they feel the actual movement, or  whether they should visualise someone 

else performing the motor task). Therefore, this kind of BCI control may require more 

training compared to the reactive/indirectly controlled BCI [50, 52]. 

 Due to the growing interest in BCI research, in 2013 the European Commission 

funded a long-term Brain/Neural Computer Interaction  (BNCI) – an extension of BCI 

that includes other physiological signals such as heart rate and muscle or eye movement 

– roadmap called Horizon 2020. BNCI Horizon 2020 is aiming to be the guideline for the 

future direction of BNCI research, including the future applications for clinical 

population. The roadmap also addressing other key topics such as the ethical guideline, 

the societal needs and acceptance of BNCI, user-centred approach, evaluation metrics, 

and the research to market transfer. It is expected that by the development of this program, 

there will be a coordinated BCI society, that includes the research community and the 

industrial stakeholders, that will create a more efficient research efforts and collaborations 

[53]. 

1.4.1 BCI gaming 

By combining both communication and control functions, BCI technology can be used in 

varieties of applications and serving different purposes. Based on the survey conducted 

by Ahn et al (2014) to the BCI researchers, developers, and the end users, BCI gaming 

was perceived to have a significant influence and applicability and was chosen as one of 

the most promising BCI applications [51]. Gaming is a highly stimulating activity with 

the ability to induce different kind of cognitive responses of its user. During gaming 

experience, the users’ performance is highly influenced by varieties of factors (e.g., the 

interface, the tasks’ difficulty, the strategies used, etc.) which are engaging them to a 

complex cognitive and emotional states [54, 55] making BCI gaming technology a very 

challenging field, yet a very appealing one. The benefits of using games in scientific 

experiments include: the smaller effort required to recruit participants as it is more 

approachable to the general public, the familiarity aspects of gaming activity that makes 

it easier for subjects to engage to the experiment, and the gaming performance of the 

subjects that are easy to measure based on their daily experience [55].  

Nijholt et al. [54], described the stimulated brain activities during BCI gaming, that 

can be determined by four stages of player experiences. First, the player is experiencing 

different aspects of the game, such as the task and the interface, and how these aspects 
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affecting the player’s emotion that can be expressed differently (e.g., as engagement, 

frustration, irritation, boredom, or stress). Second, the player is exposed to variation of 

external stimuli that would help them in performing the game’s tasks and eventually take 

control of the game. Third, the player is trying to perform the assigned mental tasks as an 

effort to control the game, producing the brain signals required to control the game. 

Lastly, the player is trying to control the wider brain activity to control the game, by 

reacting to the feedback given by the gaming interface.  

More advanced BCI-gaming technology has initiated the nascent of multi-user BCI 

games, that is where the control signal is recorded from more than one brain. The general 

requirement of a multi-user BCI has been described as the involvement of two or more 

users with integrated brain activity to a BCI application [56]. Social interaction tasks such 

as cooperation and competition are ideally implemented in multi-user BCI paradigms, as 

it has been widely used in the classical video gaming [57].  

Multi-user BCI development is a complicated process. Technical challenges 

including the BCI architecture design, the classification accuracy, and the types of social 

interaction and its impact on BCI performance, require special attention. Gürkök et al. 

[58] suggested two descriptors that need to be considered in designing BCI games: the 

motivations satisfied by the games and the interaction paradigms used by the games. The 

first descriptor includes the elements that correspond to the fulfilment of psychological 

needs and the gaming motivation, such as challenge, fantasy, and sociality. Whereas the 

second predictor addressing the BCI game interaction paradigms, such as mental state 

regulation, motor imagery, and evoked response generation. 

Multi-user BCI gaming experiments have been performed by using both types of 

brain signals (electrophysiological and hemodynamic signal). BOLD-signal based multi-

user BCI has been demonstrated by Goebel et al. [59] by using an fMRI in a Brain Pong 

game of two users self-regulating their BOLD activity to control a computer ping-pong 

game by using two separate fMRI machines, and by Duan et al. [60] by using fNIRS in a 

BOLD-based tug-of-war computer game played by two users. However, until now, EEG 

is still the most common modality for multi-user BCI gaming, due to the versatility as 

well as the higher temporal resolution of the EEG features, making it more efficient for 

multi-user BCI gaming. Several EEG-based multi-user BCI gaming studies have been 

performed, mainly to test the BCI classification accuracy using different types of control, 
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e.g. SSVEP [61-63], P300 [64, 65], motor imagery (MI) [66], and the combination of 

different paradigms such as SSVEP/ P300 with alpha power [67].  

1.5  Multi-user BCI gaming and Social Interaction 

The brain activity during social interaction has been extensively studied in the field of 

neuroscience and social psychology. A set of brain structures have been identified to be 

involved in the “social brain”, which are responsible in social cognition. This set of brain 

structures consists of the amygdala, the temporal poles, the brain’s mirror system, the 

superior temporal sulcus, and the medial prefrontal cortex [68, 69]. These areas were 

found to be highly relevant to maintain different types of cognitive processes that are the 

basis of social interaction, for examples, observation, action prediction, mentalising, and 

imitation [68].  

Multi-user BCI gaming is possible due to hyperscanning method. The 

hyperscanning technology - a method that allows a simultaneous brain activity recording 

from multiple brain, was introduced to explore the neural mechanisms which occur during 

a social interaction [70]. The multi-user BCI gaming requires two or more players to 

interact with each other and to perform the assigned tasks, in order to achieve a personal 

or a team goal. Different types of social interaction can be applied, such as with 

collaborative interaction where the players can learn to synchronise their brain activity to 

achieve their goal with the help of the game’s feedback, or with competitive interaction 

where the players can individually control their brain activity with the help of the game’s 

feedback to achieve their personal goal and outperform the other.  

As previously mentioned, most of the available or previously developed multi-user 

BCI games were focused on the performance aspect (e.g. classification accuracy) and the 

user preference. To date, the available information related to the underlying neural 

mechanisms during multi-user BCI gaming interaction is still relatively limited. The 

literature review surrounding the current state of multi-user BCI topic and the 

neurological mechanisms obtained from the non-BCI gaming hyperscanning studies, will 

be explained in Chapter II.  

In this thesis, multi-user BCI gaming was performed by applying two different 

social interactions, such as competitive and collaborative interaction. The general BCI 
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architecture and the types of the gaming interface that were used in the thesis will be 

described in Chapter III, along with further technical details. 

1.6  Aim and Objectives 

The aim of this thesis is to investigate the electrophysiological changes that occur in the 

brain, due to the multi-user BCI gaming, where the BCI paradigm used is based on the 

alpha band non-verbalised operant conditioning. Therefore, to achieve this aim, the 

objectives of the thesis were addressed as the following 

• To perform EEG signal analysis techniques, i.e. power spectral analysis, signal 

complexity analysis, and source localisation analysis to the EEG data of the brain 

during resting and during multi-user BCI gaming performance. 

• To explore the (intra- and inter-) brain connectivity changes by performing 

Granger Causality and Directed Transfer Function to the EEG data of the brain 

during resting and during multi-user BCI gaming performance. 

With these objectives, the research questions to be answered listed as the followings: 

1) What are the strategies applied by the players when they were engaged to the 

different social interactions applied in the game, judging by the changes of their 

brainwaves? 

2) How relevant is EEG neurofeedback strategy for the multi-user BCI gaming? 

3) What are the differences between competing players in competitive gaming? 

4) Is there any consistency or differences found in the inter-brain connectivity between 

competition and collaboration? 

5) Is there any resting state prognostic brain marker to characterise the players gaming 

performance? 

6) What are the differences in terms of the brain activities between multi-user 

interactive BCI gaming and conventional physically controlled video gaming? 

7) Is the mental strategy applied during multi-user BCI gaming similar to during single-

user neurofeedback BCI gaming? 

Two main experiments have been performed to answer these research questions, and 

the results from each experiment will be described in the upcoming results chapters, 

organised as the following: 
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• Chapter IV presents the main finding of the EEG power spectral and source 

localisation analysis from the multi-user competitive BCI gaming performance. 

•  Chapter V presents the main finding of the (intra- and inter-) brain connectivity 

analysis from the multi-user competitive BCI gaming performance. 

• Chapter VI presents the main finding of the EEG power spectral and source 

localisation analysis from the multi-user collaborative BCI gaming performance. 

•  Chapter VII presents the main finding of the (intra- and inter-) brain connectivity 

analysis from the multi-user collaborative BCI gaming performance. 
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Chapter II  

 

Literature Review 

 

2.1 Multi-user BCI gaming applications 

One of the earliest implementations of an interactive multi-user human-computer 

interaction in gaming form was demonstrated in a study for a game called BrainBall [71]. 

The game consisted of two players competing by controlling the movement of a steel ball 

on a table by regulating their brain activity through the state of relaxation. The brain’s 

beta/alpha ratio was measured from the frontal EEG electrodes attached to a headband 

worn by the players. This study focused on controlling stress level through relaxation to 

control the ball movement, in competitive and cooperative set up. Their results proposed 

the idea of interactive gaming as a tool for stress-control training. 

 Similar concept of interaction was later adapted by Bonnet et al. [66], where they 

introduced BrainArena, a multi-user BCI game, which presented as a simple ball game 

with two goals on each side of a screen. Unlike in Brainball, in BrainArena the game 

interface was displayed on a screen complete with instructions directing where the ball 

should be moved. BrainArena was controlled by imagining hand movement, left hand for 

directing to the left, and right hand for directing to the right. The game could be provided 

two options of interaction mode, i.e. competitive mode and collaborative mode. Their 

study revealed that multi-user operated BCI is possible without compensating the quality 
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of performance. They also found that, compared to the single player condition, multi-user 

conditions are preferred by the users and are claimed to be more fun and more motivating. 

Gürkök et al. [62] performed a user experience study of collaborative interaction in 

a multi-user BCI game called Mind The Sheep!. The game’s interface consisted of a 

meadow presented on screen, with a number of sheep that moved freely, fences, and dogs. 

The aim of the game was for the players to control the movement of the dogs in order to 

fence and to herd the sheep. In this study, they investigated the different types of game 

control and their implications on co-experience and social interaction. In this game, two 

different types of controls were applied, one with BCI control using EEG steady-state 

visually evoked potential (SSVEP), and the other with a typical mouse pick-and-click 

control. They found that BCI control reduced co-experience by lowering collaborative 

interaction. This co-experience reduction was mainly due to the users’ concern with 

losing control if they were paying too much attention on collaboration. 

Another SSVEP-based collaborative multi-user BCI gaming was also performed by 

Cruz et al. [63], with a game called Kessel Run. The game’s interface presented a 

spaceship flying through asteroids in space. The aim of the game was to navigate the 

spaceship in avoiding the asteroids and to sustain the fuel as long as possible. In this 

game, they found a relatively low SSVEP performance, however the players reported 

some co-experience aspects of the game such as inter-dependency and empathy.  

Driven by the potential behavioural impact of multi-user BCI gaming for the 

players, Maby et al. [65] performed a P300-based multi-user BCI gaming experiment by 

adapting the Connect Four game, a turn-taking computer game where players can block 

each other when one of them tries to build a line by filling in four blank circles with 

colours assigned to them (different colour for each player). Apart from high accuracy 

resulted in their study, they also associated the P300 response to the state of arousal, 

alertness, and attention by the players, thus promoting the use of multi-user BCI gaming 

for a wider range of users (i.e. healthy able-bodied and patients) to study social interaction 

and the level of motivation.  

Another study developed quite recently by van Almkerk et al. [72] namely a multi-

user BCI game called BrainSnake. The game worked in a cooperative manner that is 

based on alpha activity. In this study they focused on investigating the role of 

communication during gaming control by comparing the co-existing condition and 
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remote condition. They found that the players managed to gain control over the snake 

character and produced less stress during co-existing condition. The players also preferred 

to communicate while playing the game.  

Multi-user BCI has also been shown to have the potentials for other non-gaming 

applications. Some of these applications were mostly performed in collaborative fashion 

rather than in competition. These applications including, collaborative BCI in improving 

group decision making [73, 74], collaborative BCI for space navigation [75], 

collaborative control of an SSVEP-based robot arm [76], and collaborative BCI for multi-

media science-art installation [77].  

Despite the possible variety of applications, the information regarding the 

underlying neural mechanism as a response to an interactive multi-user BCI gaming is 

still relatively limited. As previously explained in Chapter I, multi-user BCI gaming 

elicits different psychological responses, thus such information regarding the cortical 

activity changes during those responses can be very useful, especially in designing better 

multi-user BCI games. This information might not yet be provided by any multi-user BCI 

gaming study, however several non-gaming hyperscanning studies have explored the 

brain activity changes during social interaction. The following section will further discuss 

about the non-gaming hyperscanning studies in relation to social behaviours.  

2.2 Hyperscannning technology to study social behaviour 

The hyperscanning technology allows a simultaneous brain activity recording from 

multiple brain and it was introduced to explore the neural mechanisms occur during a 

social interaction [70]. The hyperscanning technology provides a better information 

regarding the brain response during social interactions, which in the past, such studies 

were done based on a single brain recording perspective. A number of studies have been 

performed since the development of the hyperscanning methods.  

In social neuroscience studies, experimental games have been widely used, in which 

the game implement a certain social interaction performed by the players. There are two 

common approaches in implementing competitive gaming paradigm. The first approach 

is by providing the opportunity for the participants to choose between competitive or 

cooperative behaviour, which are often performed in a turn-taking fashion and focusing 

on the decision-making aspect of the game (decision-induced) [78-80]. The second 
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approach is a direct competitive gaming, which is performed simultaneously (instead of 

turn-taking) and the participants were explicitly instructed to compete with each other to 

achieve a clear goal that can only be rewarded to the winner of the game [81].  This 

classification has also been explained by Tognoli and Kelso [82] where they introduced 

the classification of social dynamics i.e. synchronic and diachronic. The synchronic social 

behaviour occurs when two (or more) individuals participate in simultaneous action and 

perception activities (e.g. dancing, choir singing, performing surgery), and diachronic 

social behaviour occurs when one of the two (or more) individuals perform an action at a 

certain time (e.g. turn-taking interaction, imitation task).  

 One of the extensively studied turn taking interactions using hyperscanning method 

is the Prisoner’s Dilemma game [80, 83-85], where a pair of players can decide whether 

to apply cooperation, defect, or tit-for-tat to their gaming partner. Their main findings 

include the activation of the orbitofrontal cortex and the prefrontal cortex, with a 

distinctive orbitofrontal activity in defect interaction, particularly in theta band [84]. 

Moreover, inter-brain connectivity via partial directed coherence (PDC) revealed a 

smaller number of significant inter-connections formed during defect compared to 

cooperation with the anterior cingulate cortex (ACC) and the orbitofrontal cortex of the 

defector were actively sending information to different cortical areas of the other player 

[84, 85]. They argued that the orbitofrontal cortex activation was likely triggered by the 

decision-making process made by player in order to decide whether to cooperate or to 

defect [84]. 

Another example of diachronic interaction is the Connect Four game, a turn-taking 

computer game where players can cooperate to build a shape together or to block each 

other, when one of them tries to build the instructed shape by filling in blank circles with 

colours assigned to them (different colour for each player) [78, 79]. The studies that 

applied this game (in both single-brain and hyperscanning experiments)  reported that the 

brain areas such as bilateral superior frontal gyrus, bilateral superior parietal lobe, left 

inferior parietal cortex, right anterior insula, left medial cerebellum, and right inferior 

frontal gyrus, are reactive to the cooperative action performed by the gaming partner.  

Balconi and Vanutelli [81] along with the studies by Balconi et al. [86, 87]  have 

reported the brain response, particularly around the prefrontal cortex, during a 

simultaneous-synchronised interaction of a selective attention task between two subjects, 
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in which they were interacted in collaborative [87, 88] and in competitive [81] manners. 

They found that prefrontal cortex activity is sensitive to the feedback given to the players 

to inform them about their performance. They associated this dynamic with the activation 

of the dorsolateral prefrontal cortex (dlPFC) and ventral medial prefrontal cortex 

(vmPFC) during adaptation strategy and judgement. Furthermore, they argued that the 

prefrontal cortex activation is related to the social perception when social hierarchy 

(based on the player’s position, score-wise) is present [81, 87, 88]. 

Another study of a synchronous interaction, was performed by Toppi et al. [89] in 

an EEG-hyperscanning study in pairs of pilots during a flight simulation scenario. They 

reported a significant influence (p<0.05) of theta band with the flight phase factor (take-

off, cruising, and landing) on connectivity density and efficiency, and the involvement of 

frontal networks of all the pilots. They also reported a significant increase (p<0.05) of 

theta power in the frontal and parieto-occipital areas of the co-pilots during take-off, and 

in the frontal area of both pilots during landing. A significant increase of parietal alpha 

power was also reported in co-pilots during landing (the captain led take-off and the co-

pilot led the landing after a deliberate electrical failure applied to the captain’s control 

instrumentation). Higher theta activity around the parieto-occipital area was linked to the 

visual sensory input during the task, and it was found that with the increase of the task’s 

cognitive demand, the frontal theta activity was also increased. 

Hyperscanning methods have also been applied to a re-created situation that is 

similar to the natural setting of daily social interaction. For example, a series of study 

exploring the inter-brain neural synchronization during an active conversation found that 

different level of closeness between the interacting subjects may change the brain activity 

pattern during a direct conversation. Suda et al. [90] reported an increase of frontal and 

superior temporal areas activation during a formal and structured conversation between 

an interviewer and an interviewee. On the other hand, when there is a strong emotional 

attachment between subjects (e.g. long-term romantic couple), Kinreich et al. [91] 

reported a stronger inter-brain neural synchrony in the temporal-parietal structures, 

particularly in gamma rhythms, during a direct and structured communication. 

Meanwhile in a non-structured direct communication in a group of four individuals 

revealed an enhanced inter-personal neural synchronization around their frontal area [92]. 

These studies suggest that, regardless the structure of the interaction, a similar 
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conversation in a natural setting, can elicit different parts of the brain depends on factors 

such as emotional attachment or the number of interacting participants. 

All of the studies mentioned above have provided the information regarding the 

underlying neuronal mechanisms that occur during social interactions in different 

settings. Such information is expected to be the guideline in interpreting the brain activity 

changes as an impact of a multi-user BCI gaming interaction.  

 

2.3 Summary 

This chapter presents the relevant studies surrounding the currently available multi-user 

BCI gaming studies. Despite its promising potentials, the number of information related 

to the brain activity changes during multi-user BCI gaming performance are still 

relatively limited. Such information could be useful, particularly for the future 

development of the game. To fill in this gap, this chapter reviewed the widely known non-

BCI hyperscanning studies, that have been performed to explore the brain activity 

changes during social interaction. It is expected that this information can be a good 

guideline in interpreting the brain activity changes in response to an interactive multi-

user BCI gaming experiment. Moreover, this thesis is also expected to contribute to the 

field of multi-user BCI studies by providing the information related to the 

neurophysiological aspects of multi-user BCI gaming.   
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Chapter III 

 
Methods 

 
3.1 The BCI paradigm  

In this thesis, a general BCI design was implemented for all the experiments. This design 

is divided into two forms of Graphical User Interface (GUI) and three types of interaction 

tasks, as presented in Figure 3.1 and 3.2. The BCI GUI was built in Java (version 1.8.0) 

environment and was previously developed by Pedro [93] and Ling and Vuckovic [94]. 

All EEG data were acquired through Matlab (Ver. 2015a, The Mathworks, Inc., USA) 

along with a simulation model operated in Simulink.  

 

Figure 3.1 The general BCI design. 
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Figure 3.2 The diagram of the BCI GUIs.  

The general BCI design implemented in this thesis was controlled by the relative 

power of EEG signal in specific frequency bands. In a time-series with a finite set of time, 

power spectrum analysis estimates the power distribution composing the time-series, in 

the frequency domain [95, 96]. The absolute power, P(f), of a signal can be calculated by 

dividing the squared amplitude of the signal’s Fourier transform output, X(f), by the N 

number of samples, described as the following: 

  P(f) = 
1

𝑁
|𝑋(𝑓)|2        (3.1) 

where the power of a specific frequency interval, Pband (f), from i to j Hz can be described 

as: 

                                             Pband (f) = ∑ 𝑃(𝑓)
𝑗
𝑓=𝑖                                             (3.2) 

in this thesis, the percentage relative alpha power (8-13 Hz) or RA, is calculated by 

dividing the power of the frequency from 8 to 13 Hz by the power of a wider frequency 

of 2 to 30 Hz, which is expressed as:  

                                          RA (f) = 
∑ 𝑃(𝑓)13

𝑓=8

∑ 𝑃(𝑓)30
𝑓=2

   or  
𝑃𝑏𝑎𝑛𝑑 8−13

𝑃𝑏𝑎𝑛𝑑 2−30
                               (3.3) 

3.1.1 The gaming interface 

The BCI interface was presented as two bars on each side of the screen with a seesaw 

located in between the bars, as presented in Figure 3.2. The bars were controlled by the 

fluctuation of the relative alpha power (RA), which was calculated based on the formula 

in Equation 3.3. The input EEG signal’s RA was averaged over 0.5 s of moving average 

window with the sampling frequency set to 256 and was updated every 8 sample (8/256 s 
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= 0.03125 s). The game has the option of two different interaction modes, namely competitive 

and collaborative interaction. 

In order to control the interface, the users were asked to control the assigned bar 

(left bar for player 1 sitting on the left and right bar for player 2 sitting on the right side 

of the screen), by regulating their RA. The balancing position of the seesaw is affected 

by the height difference between the two bars, when one side of the bar is higher than the 

other, the seesaw will be tilted ‘heavier’ towards the side with the higher bar. This 

interface incorporated a scoring system which set differently in each gaming interaction. 

Pre-defined individual threshold was used and calculated based on the users’ pre-

experimental baseline which was recorded before every session for 2 minutes with eyes 

open in a relaxed state.  

In competitive mode, the players were asked to compete by increasing their RA 

(which consequently increasing the bar on their side of the screen) to be higher than the 

other and to eventually gain higher score. When one player increases their bar  ≥10% 

higher than the other, the seesaw will be tilted heavier towards the side with higher bar, 

and if this condition stays for at least 1 s, but less than 2 s, then 1 point will be rewarded 

to the player with the higher bar. The bar changes colour from blue to green whenever 

players gain 1 point. The green colour stays as long as the player’s power stays 10% 

above the opponent’s and will return to blue when it turns lower or equal. Keeping bar 

10% higher than the opponent for 2 s would reward the player with 2 consecutive points. 

Thereafter, an additional point was awarded for every second RA was maintained. The 

instruction for competitive gaming required the players to increase their alpha power- 

which is very similar to the common instruction in frequency-based neurofeedback 

training. The 10% range was adapted from the threshold used in the single-user 

frequency-based neurofeedback training by Vuckovic et al.[31] and Hassan et al. [97, 98], 

however instead of 10% threshold based on the user’s own baseline power- like in single-

user neurofeedback, in this competitive BCI experiment 10% was set as the threshold of 

percentage RA difference between players.  

In collaborative setup, the players were asked to maintain the seesaw in balanced 

position, hence the height of the two power bars should be within the range of ± 5% 

difference between bars of both users. If both players manage to hold this position for at 

least 0.5 s, but less than 1 s, then 1 point will be rewarded as a joint score. Keeping both 
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bars within the accepted range for 1 s would reward the player with 2 points. Thereafter, 

an additional point was awarded for every half a second RA was maintained. Unlike in 

competitive experiment, the threshold for RA difference was set to 5% due to the training 

instruction, i.e. to adjust RA based on their partner’s level, that is different than in 

competitive setup as well as in frequency-based neurofeedback training in general. In 

order to avoid stress due to the difficulty of maintaining the bars at identical level (or zero 

difference), 5% threshold was chosen.  

The daily pre-defined individual baseline RA from each player was used to 

calculate a normalising coefficient (NC). Due to the individual variability of alpha power 

[24, 99], one player might have a naturally higher alpha power than the other. It has been 

reported that inter-individual alpha variability can be caused by number of factors such 

as age, neurological diseases, memory performance, brain volume, and task demand [24]. 

Moreover, the existence of the inter-subject variability has also been reported during 

resting state [100]. As an effort to reduce this alpha imbalance between players in a pair, 

during gaming, NC was applied to the control signal of the player with a higher individual 

baseline RA (example is illustrated in Figure 3.3). Consequently, these players would 

have normalised gaming RA visualised on the interface, instead of the visual feedback 

based on their original RA. NC was acquired by dividing the daily individual pre-

experimental baseline RA of the player with naturally lower RA by the player with higher 

natural RA, as explained in Equation 3.4. This approach was chosen based on the ratio of 

RA that the players with higher RA should compensate in order to equalise their RA with 

their gaming partner at the starting point of the game. This approach is also expected to 

help the player with lower natural RA to maintain control over their bar even if their 

opponent has significantly higher baseline RA. Moreover, the level of individual alpha 

power has been suggested to influence the alpha neurofeedback training outcome in 

single-user neurofeedback [42], therefore in this study, NC was used to secure the 

assumption that a higher game performance was caused by the players’ mental effort to 

increase RA in a social interaction setting, rather than by their naturally high RA. 

                         NC = RALow / RAHigh                            (3.4) 
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Figure 3.3 The illustration of the before (left) and after (right) effect of NC application on the 

control signal of a player with naturally higher alpha power, which is expected to balance the 

average RA of the two players during multi-user gaming experiment. 

3.2 EEG recordings 

The EEG signal was recorded by a g.USBamp (g.tec Medical Engineering GmbH., 

Austria) amplifier. The EEG electrodes arrangement was set following the standardised 

10-20 EEG electrode placement system [101]. The impedance was kept below 5 kΩ. 

Linked ear reference was used and FCz was used as the ground. Sampling frequency was 

set to 256 Hz. Online band-pass filter was set between 0.5 and 60 Hz (and a notch filter 

at 50 Hz) using 5th order infinite impulse response (IIR) digital Butterworth filter within 

the g.USBamp [102].   

All participants performed three experimental sessions on three separate days, 

where each session consisted of six sub-sessions (5 minutes each), as explained in Figure 

3.4. Two pre-experimental baselines were recorded, one with eyes open (which was used 

as the main Baseline condition throughout the thesis) and one with eyes closed, along 

with a post-experimental eyes-open baseline, all in a relaxed state for 2 minutes in every 

session.  
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Figure 3.4 The diagram of experimental session: (a) the gaming interaction modes division and 

(b) the stages of each experimental session. 

In all experiments, single-channel EEG (Pz) was used in the first two sessions, and 

multichannel EEG recording was used for the last session. Due to the limited number of 

available amplifier units, unequal number of electrodes were used in the last session of 

the experiment. Multi-channel EEG of 32 and 16 electrodes were used in the last session, 

where the higher number of electrodes worn by the more dominant group of players (Fig. 

3.5). The dominance between players were decided based on the gaming performance in 

the first two sessions of the experiments.  

The experiments were performed by using one computer (Intel® Core™ i7-6700 

CPU @ 3.40 GHz) with two screens, where one screen was used for the gaming interface 

and the other was used by the researcher to monitor the supporting programs. During 

experiments, a pair of subjects sat still comfortably while looking at a screen, with more 

or less 50 cm distance between the screen and the user, as seen in Figure 3.6.  

After every experimental session, the participants were asked to fill in the NASA-

TLX workload index to measure the perceived workload, which will be described further 

in Section 3.3.  
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Figure 3.5 EEG electrodes arrangement based on 10-20 system. The used electrodes are marked 

with red circles, (a) for 32 electrodes set up and (b) for 16 electrodes set up. 

 

Figure 3.6 The subjects’ position relative to the screen in multi-user BCI experiment. 

3.3  Data Analysis  

Data analysis performed in this thesis consisted of power spectral analysis, signal 

complexity analysis, source localisation analysis, brain connectivity analysis, and 

qualitative data analysis through NASA-TLX questionnaires.  These analysis techniques 

were performed separately for baseline and BCI gaming data. The data analysis diagram 

is illustrated in Figure 3.7. EEG signal analyses (power spectral, signal complexity, and 

brain connectivity analyses) were performed in a computer with Intel® Core™ i7-6700 

CPU @ 3.40 GHz, using Matlab 2018b (The Mathworks, Inc., USA) on Windows 10 

operation system. 
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3.3.1 Data Pre-processing 

All raw EEG data were band-pass filtered between the frequency band of 2 and 30 Hz 

using 5th order infinite impulse response (IIR) digital Butterworth filter. For single-

channel data, visual inspection and manual noise (e.g. eye blinking and muscle 

movement) removal were performed, and as for multi-channel data, independent 

component decomposition was performed by using the Infomax Independent Component 

Analysis (ICA) algorithm [103, 104] implemented in EEGLAB (version 14.1.2b) for 

further noise removal. Noise removal of the multi-channel EEG data was performed to 

the overall filtered data of 2-30 Hz, from which four different frequency range were later 

specified, namely theta (4-7 Hz), alpha (8-13 Hz), lower beta (14-20 Hz), and higher beta 

(21-30 Hz), to be used for power spectral analysis and source localisation analysis.  

 

Figure 3.7 Data analysis diagram (there is no specific order for each analysis step). 

3.3.2 Power Spectral Analysis 

In this thesis, the average power spectrum analysis was calculated by using the Welch’s 

periodogram method, a non-parametrical power spectrum estimator method that is also 

used as power normalisation method [105]. The equation for Welch’s periodogram for a 
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signal xd(n) with the intervals of d=1,2,3,…,L and M as the interval length can be 

described as: 

𝑃𝑑̂(𝑓) =
1

𝑀𝑈
|∑ 𝑥𝑑(𝑛)𝑤(𝑛)𝑀−1

𝑛=0 𝑒−𝑗2𝜋𝑓𝑛|2                                          (3.5) 

where U works as a normalising factor with the equation of: 

𝑈 =  
1

𝑀
∑ |𝑤(𝑛)|𝑀−1

𝑛=0
2                              (3.6)                             

with w(n) is the windowed data. The Welch’s average power spectrum is the average of 

the modified periodogram describe in the following equation: 

                                 𝑃𝑤𝑒𝑙𝑐ℎ̂(𝑓) =
1

𝐿
∑ 𝑃𝑑̂(𝑓)𝐿−1

𝑛=0                              (3.7) 

 

3.3.3 Higuchi Fractal Dimension 

Fractal dimension (FD) has been used to quantify biological signal dynamic in order to 

describe the signal’s complexity. In this thesis, FD was analysed by applying the Higuchi 

method as one of the robust methods to measure an object’s complexity and self-similarity 

[106-108].  Higuchi’s algorithm is obtained by measuring the mean length of the curve 

L(k). For each signal in form of a time sequence that is observed as:  

X(1), X(2), X(3), …, X(N) 

will be constructed into: 

𝑋𝑚 
𝑘 : 𝑋(𝑚), 𝑋(𝑚 + 𝑘), 𝑋(𝑚 + 2𝑘), … , 𝑋 (𝑚 +  [

𝑁−𝑚

𝑘
] ∙ 𝑘) , 𝑚 = 1, 2, … , 𝑘  (3.8) 

where m= 1,2,…,k as the initial time and k=2,3,…,kmax as the time interval. The length, 

L(k), of the curve 𝑋𝑚 
𝑘  can be described as: 

𝐿(𝑘) =   {(∑ |𝑋(𝑚 + 𝑖𝑘) − 𝑋(𝑚 + (𝑖 − 1) ∙ 𝑘|
[

𝑁−𝑚

𝑘
]

𝑖=1
)

𝑁−1

[
𝑁−𝑚

𝑘
]∙𝑘

} 𝑘⁄                              (3.9) 

where N-1/[(N-m)/k]·k is the normalisation factor for the curve length of the time series. 

The 〈𝐿(𝑘)〉 can be defined as the mean of k values of L(k), and if the function of 〈𝐿(𝑘)〉 

is proportional to 𝑘−𝐷, the curve is said fractal with the dimension of D [106, 107]. 

FD measurement has been applied to EEG signals to further identify the brain’s 

structural and functional organisation during a certain condition or to measure the impact 

of a neurological impairment. FD has been reported to have a negative correlation with 

alpha band, the dominant frequency of EEG signal. Accardo et al.[107] reported that FD 
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is higher during an eyes-open resting state with the level gradient directed from the 

anterior to the posterior where the highest values were found around the frontal regions, 

the opposite nature of alpha power that is higher during eyes-closed resting state and 

predominantly found in the occipital area [107]. Negative correlation was also found 

between FD and alpha activity during the shift between wakefulness and drowsiness, 

where they reported an increased in FD along with a reduction of alpha power during 

drowsy state [109]. With the overlapping frequency band with alpha, mu rhythm 

desynchronization was found alongside the increase of FD in musicians subjects where 

they were asked to attend to audio stimulation [110]. Moreover, Accardo et al.[107] also 

suggested the possibility of lower FD tend to be produced by the presence of a rhythmical 

and regular wave like the alpha rhythm, as well as by the neural synchronization which 

corresponds to a higher neural synergism and a lower signal complexity. 

Additionally, numbers of studies have been performed in applying FD analysis in 

brain signals, including the analysis of sleeping and wakefulness stages [109, 111-113], 

intelligence level [114] and in patient studies for conditions such as: Alzheimer’s disease 

[115], acute stroke [116], schizophrenia [117], epilepsy [118], and depression [119].  

Due to the unequal number of EEG channels worn by the players during the last 

experimental session (the session with multi-channel EEG), only 16 EEG channels were 

used in HFD analysis, in which the arrangement is identical in both users i.e., AF3, AF4, 

F3, Fz, F4, FC3, FC4, C3, Cz, C4, P3, Pz, P4, O1, Oz, and O2. 

3.3.4 Source Localisation Analysis 

The identification of the sources’ location where the electrophysiological activation is 

approximately generated is known as brain source localisation [120-122]. In the effort of 

identifying the source localisation, there are two types of known problems, namely 

forward and inverse problem. The forward problem is indicated when the source 

parameters can be extracted by using a known model, whereas the inverse problem 

requires an estimation of a model from the available source parameters [122, 123].  

The method to solve the forward model in EEG source localisation is more widely 

available compared to the solution to the inverse problem. The available solution for 

inverse problem including the two modelling approaches, such as the equivalent current 

dipole model or the parametric model, based on the assumption of the signal is originated 

from a small number of active sources, and the distributed source model, based on the 
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assumption of the signals are generated simultaneously from the distributed location of 

sources at the cortical level [121-124]. Generally, the accuracy of EEG source localisation 

depends on several factors, such as the electrodes density and coverage, an accurate head 

model, and the right inverse model [125]. 

In this study, the EEG source localisation was estimated by utilising a program 

called Standardized Low Resolution Electromagnetic Tomography (sLORETA) [126]. 

Localisation via sLORETA works based on the estimation of the current density which 

are distributed in the brain [126].  sLORETA can accommodate a total of 6430 voxels at 

5mm spatial resolution [122]. sLORETA used a three-shell spherical head model 

registered to the Talairach human brain atlas [127] based on the digitised Magnetic 

Resonance Imaging (MRI) from the Brain Imaging Center, Montreal Neurological 

Institute (MNI) [126]. A three-component vector is estimated at each voxel, where it 

corresponds to the current density vector with dipole moments along the x, y, and z axes 

[128]. sLORETA is also equipped with a statistical analysis tool to measure any 

significant active voxel changes from one condition to another.  

sLORETA works under the following mathematical formula: 

F = ‖𝑣 − 𝑀𝐽‖2 + α‖𝐽‖                                     (3.10) 

where v is the electrical potentials measured from the scalp, M is the lead field matrix, J 

is the current density, and α is regularisation parameter. The minimum norm Ĵmn, 

described as: 

 Ĵmn = Tv where, T= KT [KKT + αCɛ]-1                                (3.11) 

the electric potential variance Cx can be calculated by including the source distribution 

covariance CĴ and Cɛ, described as: 

 Cx = KCĴ K
T + Cɛ                                      (3.12) 

and the covariance of the source distribution is calculated as: 

 CĴ = T(α) Cx T(α)T = KT [KKT + αCɛ]-1K                       (3.13) 

finally, the sLORETA imaging method for N number of dipoles, can be calculated using 

the diagonal covariance of the source distribution CĴ: 

  Ĵs = [CĴ]
-1/2 Ĵi, for i= 1, …, N                                 (3.14) 

Due to the unequal number of channels used during the las gaming experimental 

session for both players (32 channels for one player and 16 channels for the other), only 

data from the player with 32 channels were subjected to source localisation analysis in 
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sLORETA. The 32 channels data are expected to provide better source localisation 

accuracy, as the sensor density is known to directly affect the accuracy as well as in 

reducing error [125]. 

3.3.5 Brain Connectivity Analysis 

Time-series analysis can be performed in two approaches, i.e., parametric and non-

parametric approach. The parametric method requires a model of a data generation, where 

the method extracts the data property from the assigned model instead of directly from 

the data, like in non-parametric method [129, 130]. Following the parametric method, one 

of the most widely used linear model for biological signal is the autoregressive (AR) 

model [129]. For a sample of data X at a time t : X(t) = (X1(t), X2(t),….., Xk(t))
T , AR model 

can be expressed as: 

   X(t)= ∑ 𝐴(𝑖)𝑋(𝑡 − 𝑖) + 𝐸(𝑡)𝑝
𝑖=1                                (3.15) 

where X(t) is a vector of n signals at t, p is the model order, A(i) is a n x n matrix coefficient 

in the ith order, and E(t) is a matrix with the same size as X(t) containing white noises. In 

parametric method, the model fitting accuracy depends on the chosen model order. In this 

thesis, one of the commonly used statistical criteria to estimate AR model order, i.e. the 

Akaike’s information criterion or AIC was used [129, 131], with the maximum order of 

30 was chosen, and can be described as: 

AIC (p) = ln[det(V)] + 2pn2/N                                  (3.16) 

where V is the estimated residual variance at the order p, n is number of channels and N 

is the number of data points.  

Brain connectivity can be measured by quantifying the inter-relations between EEG 

channels, which can be calculated by using more simple methods such as through 

ordinary coherence in frequency domain or cross correlation function in time domain [35, 

37]. However, these two approaches are not depicting the directional and the causal 

relation between different signal sources. In this thesis, two methods were applied to 

measure brain connectivity by adapting the AR model, such as Granger Causality (GC) 

and Directed Transfer Function (DTF). GC was performed to measure both intra-brain 

connectivity (the measurement among EEG channels within one brain) and inter-brain 

connectivity (the measurement among EEG channels between two interacting 

individuals) in time domain, whereas DTF was performed only to estimate the intra-brain 

connectivity in the frequency domain.  
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GC is an estimation of a causal influence of two time series x(t) and y(t), implying 

that the past measurement of the second time series y(t) will help predicting the future 

measure of the first time series x(t) [38, 39]. Two directional GC from the two time-series 

can be described as: 

 𝑋′(𝑡) = ∑ 𝐴11(𝑖)𝑋(𝑡 − 𝑖) + ∑ 𝐵12(𝑖)𝑌(𝑡 − 𝑖) + 𝐸𝑥
𝑝
𝑖=1

𝑝
𝑖=1 (𝑡)   

𝑌′(𝑡) = ∑ 𝐵21(𝑖)𝑋(𝑡 − 𝑖) + ∑ 𝐴22(𝑖)𝑌(𝑡 − 𝑖) + 𝐸𝑦(t)𝑝
𝑖=1

𝑝
𝑖=1                                (3.17) 

where time series x(t-i) and time series y(t-i) are the past values of time series x(t) and y(t) 

respectively, with the order of p, and the prediction error of E.  

Bivariate GC was applied to analyse inter-subject connectivity, as there was no 

physical connectivity between players and multivariate GC was used to analyse intra-

subject connectivity. Bivariate GC analysis was performed by using a Matlab toolbox, 

Brainstorm 3.4 (University of Southern Carolina and McGill University, USA), and 

multivariate GC analysis was performed by using the MVGC v1.0 Matlab toolbox ( the 

Sackler Centre for Consciousness Science (SCCS), University of Sussex) [132]. 

DTF was first defined by Kaminski and Blinowska [133] that in the causal influence 

from j to i, DTF describes the ratio between the inflow from channel j to i, relative to all 

the inflows to i, thus focusing on sources of activity that was regarded more relevant due 

to the nature of the neurofeedback task applied in the experiment (with the Pz as the 

control channel). In this study DTF was estimated by using asymptotic DTF algorithm in 

a Matlab package [134]. Four frequency bands were used in DTF analysis: theta (4-7 Hz), 

alpha (8-13 Hz), lower beta (14-20 Hz), and higher beta (21-30 Hz) bands. DTF from j to 

i with the transfer matrix H can be defined as: 

 𝛾2
𝑗→𝑖

(𝑓) =
|𝐻𝑖𝑗(𝑓)|2

∑ |𝐻𝑖𝑚(𝑓)|2𝑘
𝑚=1

                        (3.18) 

Due to a high computational demand of these methods, only ten representative EEG 

channels were chosen (F3, Fz, F4, C3, Cz, C4, P3, Pz, P4, and Oz) to represent each of 

the brain area, covering the frontal, central, parietal, and occipital cortex, and distributed 

in both hemispheres and over the midline areas.  

  

http://www.sussex.ac.uk/sackler
http://www.sussex.ac.uk/
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3.3.6 Statistical Analysis 

In this thesis, several statistical analysis methods were applied- both parametric and non-

parametric analysis- to measure significance in each of EEG analysis component. The 

parametric statistical analysis includes paired t-test, one-way and two-way analysis of 

variance (ANOVA), and the non-parametric statistical analysis consisted of Wilcoxon 

Signed-Rank test, Kruskal-Wallis H test, Friedman test, and permutation test. 

Paired t-test analysis was applied to compare means between two groups. In paired 

t-test, the null hypothesis (H0) is that the mean difference between two observed groups 

is zero and paired t-test can be expressed as: 

                                   𝑡 =
𝐷̅

(
𝑆𝐷

√𝑁
)
                                                    (3.19) 

where 𝐷̅ described the mean of differences between groups for each subject, SD for 

standard deviation, and N for the number of subjects (N) [135]. The formula for SD can 

be described as: 

                                                  SD=√
∑(𝑋−𝑋̅)2

𝑁−1
                                                (3.20) 

 One-way ANOVA was applied to compare the means of more than two groups. The 

H0 is that the mean of each group is equal, and the alternative hypothesis is the opposite. 

Based on the source of variance, the way to calculate one-way ANOVA can be divided 

into one-way ANOVA between groups and one-way ANOVA within groups. The degree 

of freedom (df) used in between groups is the number of groups minus 1, and the df used 

in within groups is the total number of observations minus the number of groups. The 

total test statistic (F statistic) used is the ratio of the variance between groups divided by 

the variance within groups. However, for one-way ANOVA between groups, F ratio is 

calculated from the variance between group divided by the variance of error and the same 

way for one-way ANOVA within groups. All divisions of one-way ANOVA calculation 

are rooted from the calculation of the sum of squares (SS) and the mean sum of squares 

(MS)- or variance [136], expressed as followings:    

                                              SS = ∑ 𝑋2 −  
∑ 𝑋2 

𝑁
                                    (3.21) 
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                                            MS = 
𝑆𝑆

𝑑𝑓
                                             (3.22) 

 Two-way ANOVA is an extension of the corresponding one-way ANOVA where 

the same assumptions was adapted. In Two-way ANOVA was performed when there is 

one measurement variable but with at least two nominal variables/factors. Two-way 

ANOVA can be used to measure the interaction between-subjects, within-subjects, and 

in mixed factorial. Thus, the H0 in two-way ANOVA is that the means for every factorial 

combination is the same and that there is no interaction between factors. All divisions of 

two-way ANOVA calculation are rooted from the similar calculation of SS and MS (Eq. 

3.21 and 3.22) [137].  

Wilcoxon Signed-Rank (WSR) is a non-parametric equivalent of t-test in 

comparing the means of two groups. The WSR is applicable for comparing the difference 

of two groups when the sample size of each group is identical and is the equivalent of a 

paired t-test. The WSR test compares two groups by ranking the differences between 

observations and then sums up all the ranks for each direction. The WSR test is aiming 

to determine whether the median difference between pairs of observation is equal to zero. 

The Z values for WSR can be calculated as the following: 

                                         Z = 
𝑇𝑚𝑖𝑛− 

𝑁(𝑁+1)

4

√𝑁(𝑁+1)(2𝑁+1)

24
−∑

𝑡3−𝑡

48

                                        (3.23) 

where Tmin is the total summation of ranks from negative differences, N as the number 

of observed pairs, and the ∑
𝑡3−𝑡

48
 extension is applicable when t number of ties exist 

[135, 138].  

Kruskal-Wallis H test is a non-parametric statistical test that can be used to compare 

multiple groups and is a non-parametric equivalent of one-way ANOVA. This test applies 

ranks to all values from the lowest to the highest, and then sums up all the ranks from 

each group. The test compares the mean ranks from each group to determine if a group 

of independent samples are just randomised samples originated from the same population, 

or from a different population.  A test statistic H for this test can be computed as: 

                                    H = 
12

𝑁(𝑁+1)
∑

𝑅𝑘
2

𝑛𝑘
 – 3(N+1)                                  (3.25) 
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Where N represents the number of total observed samples, nk represents the number of 

samples in each group, and ∑ 𝑅𝑘 represents the sum of the ranks in each group [136].  

Friedman test is the non-parametric statistical test that is equivalent to within-

subjects one-way ANOVA. Friedman test can be used to compare scores from two or 

more conditions, where the one group takes part in all conditions. The test observes each 

individual subject’s scores across all conditions, and later sums up all the ranks from each 

condition. The test then compares the summed ranks from each condition. Friedman test 

statistic can be computed as: 

     𝑋𝑘
2 =

12

𝑁𝑘(𝑘+1)
∑ 𝑅𝑘

2 − 3𝑁(𝑘 + 1)                               (3.26) 

Where N represents the size of the group, and ∑ 𝑅𝑘 represents the sum of the ranks in 

each group [136]. 

Permutation or also known as randomisation, is another non-parametric statistical 

method that can be applied to a sample of data with an unknown normality. In permutation 

test, when the H0 says that the correlation between samples in the population is zero, then 

a test statistic can be carried out under H0 to see if the outcome from any attempt to 

randomise the samples. If the H0 is true, then randomly shuffling the samples has no effect 

on the outcome, making it possible to generate multiple combination of samples. The 

decision of rejecting H0 can be computed from the difference between the shuffled 

samples and the unshuffled samples [139]. 

3.3.7 Post-experimental Questionnaire 

NASA-TLX questionnaire (Fig. 3.8) was given to all the participants after every 

experimental session. The questionnaire was chosen as a standardised tool to assess how 

the players perceive the workload of the BCI gaming experiments. The questionnaire 

consists of six aspects representing the perceived workload, i.e. mental demand, physical 

demand, temporal demand, performance, effort, and frustration [140]. The subjects were 

given 21 gradation of scales rating from high, medium, to low (0= very low, except in 

performance 0=very low mistakes/perfect; and 21= very high, in performance 21= very 

high mistakes/failure). This questionnaire is expected to provide an insight whether the 

behavioural aspects -based on how the players perceive the gaming experiment, affecting 

the gaming performance.  
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Figure 3.8 NASA-TLX questionnaire. 
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Chapter IV 

 

Competitive Multi-user BCI:  

Part I – Electrophysiological Features 

 

4.1  Introduction 

Competitive interaction is an essential mechanism to promote survival in social animals. 

A single-brain neuroimaging study done by Polosan et al. [141], identified the brain 

regions that are responsible in a human-to-human competitive interaction, i.e. the superior 

and inferior frontal gyri, anterior cingulate cortex (ACC), anterior insula, the superior and 

inferior temporal cortex, hippocampus, fusiform gyrus, cuneus, and precuneus. These 

findings, however, require further confirmation, especially in a more natural multi-person 

setting, in which hyperscanning method provides more benefit for this context.  

 Frontal cortex has been associated to social interaction- including in competition. 

Astolfi et al. [84], argued that the involvement of the frontal cortex, specifically the 

orbitofrontal regions during betrayal in Prisoner’s Dilemma gaming experiment, reflects 

the emotional and logical consideration before deciding to betray or to cooperate. The 

dlPFC has also been linked to social preferences in relation to social norm, where the 
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decision to violate or to obey the norm is being processed as well as the calculation of 

reward and punishment [142, 143]. Additionally, competitive interaction that requires 

error prediction and social loss/gain prediction revealed the involvement of ventromedial 

prefrontal cortex (vmPFC) and striatum [144-147].  

 Balconi and Vanutelli [81] also found prefrontal cortex activation during 

hyperscanning competitive selective attention task and this activation has been linked to 

the adaptation strategy and judgement. Furthermore, they argued that the prefrontal cortex 

activation is related to the social perception when social hierarchy is present. Moreover, 

in a separate study, dlPFC, medial prefrontal cortex, and amygdala have been reported to 

mediate perception of social hierarchy [148].  

 Competitive interaction caused one or more of the interacted parties to experience 

loss. Two brain networks i.e. mentalizing and social pain networks, were reported to play 

an important role in social interaction, particularly in the one experiencing loss or social 

exclusion [149, 150]. Mentalizing network consist of dorsal medial prefrontal cortex 

(dmPFC), vmPFC, precuneus, and TPJ, while social pain network - associated with 

reaction to social exclusion, consist of ACC and anterior insula [149].  

In this study, a competitive multi-user BCI gaming that is based on the alpha band, 

non-verbalised operant conditioning, were performed. The recorded EEG signatures were 

measured and analysed during both resting and gaming states, in order to explore the 

cortical dynamics that occur during a simultaneous competitive task. Moreover, the alpha 

band activity, particularly during resting has been proposed as a predictor of a successful 

cognitive performance [42, 151]. In this study, EEG resting state of two competing 

players will be recorded and compared, to see whether there is any resting state EEG 

characteristic that can predict competitive BCI performance.  

4.2 Methods 

4.2.1 EEG experiments 

Twenty healthy able-bodied adults (age 26.9 ± 4.7 years old, eight females and twelve 

males) participated in EEG experiments where they were grouped into ten pairs based on 

the order of their appearance. Eight out of ten pairs of participants have known each other 

before the experiment.  They signed the written consent form prior to the experiments. 

Ethical permission was granted by the University’s College Ethical Committee.  
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 The groups of players were divided into group D (dominant players) and group ND (non-

dominant players), determined based on the highest average scoring performance (out of six sub-

sessions in each session) in the first two gaming sessions (the single-channel experiments). If 

during the first two sessions the pair is tied in scores, then highest average gaming RA between 

players during the first two sessions was used to determine the dominance between players. The 

gaming conditions for each pair were classified into ‘successful’ and ‘non-successful’ sub-

sessions based on their gaming performance in the third session. These conditions were decided 

by calculating the score difference between players which was obtained by subtracting the fixed 

scores gained by the players, in each sub-session. These conditions include: the gaming sub-

session with the biggest score difference between players (BSD) and the gaming sub-session with 

the smallest score difference between players (SSD). Further technical details regarding the 

game interface, the scoring rules, the EEG experiment setup and sessions have been 

covered in the Method chapter (Chapter III). 

4.2.2 Data analysis 

Power Spectral Analysis 

Prior the analysis, each continuous time-series was segmented into 4 s epoch with a 50% 

overlap. Statistical analysis for individual RA at Pz and individual alpha (IA) peak 

frequency at Pz from all sessions were performed in SPSS 25.0 (IBM corp., USA). Prior 

the statistical analysis, Shaphiro-Wilk normality test was performed to confirm the 

normal distribution of the data. Non-parametric statistical analyses were performed for 

RA and scores data, by using Kruskal-Wallis H test and Wilcoxon signed rank (WSR) 

test. Kruskal-Wallis H test was used to compare more than two groups and the WSR was 

used to compare two groups, i.e. the group of players, D and ND. Parametric statistical 

analyses were performed for IA peak frequency data, by using. two-way ANOVA to 

compare different variables (Session and Group) in one measurement.  

All multi-channel EEG data were uploaded to a STUDY structure in EEGLAB for 

power spectral group analysis. The uploaded data were divided into groups (i.e. group D 

and ND) and into different conditions (i.e. Baseline, BSD, and SSD). In a STUDY 

structure, spatial distribution of power for all conditions was calculated in the four pre-

defined frequency bands (theta, alpha, lower beta, and higher beta). A non-parametric 

unpaired permutation analysis for 800 repetition (p<0.05)  [139] was applied to test the 

statistical significance of the absolute power difference between groups or conditions in 
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each frequency band, and False Discovery Rate (FDR) statistical correction method [152] 

was applied for multiple comparisons.  

Fractal Dimension 

The kmax value of 8, as the most commonly used kmax values in EEG signal analysis 

[109, 153, 154] and a 5 s epoch length were chosen for HFD analysis. Prior the HFD 

analysis, data were down-sampled to 128 Hz sampling frequency [155]. Non-parametric 

statistical analysis such as Kruskal-Wallis H test and WSR test were performed to the 

mean HFD data. Kruskal-Wallis H test was used to compare the three conditions (i.e. 

Baseline, BSD, and SSD) and WSR test was used to compare the two groups (i.e. group 

D and ND). Both tests used confidence level of 95%. Holm-Bonferroni statistical 

correction method was applied for multiple comparisons [156].  

Source Localisation 

Prior exporting data to sLORETA, 2 minutes of data length from each participant from 

each condition (i.e. Baseline, BSD, and SSD) were divided into 4 s epoch with no overlap. 

The 2 minutes length was chosen based on the duration of the shortest time-series 

(baseline), due to the data length uniformity required for paired statistic in sLORETA. 

The extracted 2 minutes data were taken from the two minutes where the average RA of 

both players have the biggest difference (for BSD) and the smallest difference (for SSD). 

Four pre-defined frequency bands (theta, alpha, lower beta, and higher beta) were 

selected. Paired t-test statistic was performed using statistical analysis package 

implemented in sLORETA, to compare each of the gaming condition with the baseline in 

each frequency band. The paired t-statistic was calculated on log-transformed data with 

5000 non-parametric randomizations (p < 0.05).  

Post-experimental Workload Analysis 

The post-experimental NASA-TLX scales obtained from all participants were compared 

to find the statistically significant difference between sessions and between groups, for 

each category (i.e. mental, physical, temporal, performance, effort, and frustration). Non-

parametric statistical tests were performed in SPSS, namely Friedmann’s test, WSR test, 

and Kruskal-Wallis H test (p < 0.05). Friedmann’s test was used to determine any 

statistical difference between measurements across multiple variables, namely Sessions 

and Groups (i.e. group D and ND). WSR test was used to compare the scores between 
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groups in each session for each category. Lastly, Kruskal-Wallis H test was performed to 

measure the statistical difference in the overall NASA-TLX scores over sessions.  

4.3  Results 

4.3.1 RA, scoring performance, and individual alpha peak frequency 

In this study, RA was used as a control parameter in gaming, where the scoring results 

were used to measure the users’ gaming performance, as previously mentioned in the 

method section. Figure 4.1 shows the absolute power at alpha band from Pz during 

Baseline and during the highest-scoring sub-session, averaged from all players in each 

group, for each session. This figure indicates that, on average, both groups managed to 

increase their alpha power during gaming and during baseline, however the increase is 

less clear in ND. Moreover, in the last session, group ND showed higher average alpha 

power during Baseline, indicating the possibility of training effect on the last day of 

experiment.  

Table 4.1 and Table 4.2 show the daily sessions’ average (mean and standard 

deviation) and median (median and interquartile range), respectively of the % gaming RA 

recorded from channel Pz along with the gaming scores from all participants across sub-

sessions. Due to the large values of standard deviations of % RA, the results of median 

and interquartile range were also provided.  

Table 4.3 shows Kruskal-Wallis H test (p < 0.05) found a significant difference 

over sessions in gaming scores, only in group D. No significant difference was found in 

RA of both groups and in scoring over sessions of group ND. Table 4.4 shows that 

Wilcoxon signed-rank test (p < 0.05) found a significant difference in RA and gaming 

scores in both groups, for RA between Session I and Session III for group D and between 

Session I and Session II for group ND, and for scores, between Session I and Session II 

in both groups, and between Session I and Session III in group D.  

Figure 4.2 shows the % RA during pre-gaming Baseline in each player in three 

experimental sessions. The results showed that the players with higher pre-gaming 

Baseline RA can be different in each session, for example,  group ND in pair 4, 6, and 7 

in Session III had higher Baseline RA, compared to the previous two sessions. 

Results in Figure 4.3 shows the mean ±standard deviation (std) of each single 

player’s gaming RA (Fig. 4.3(a-c)) and gaming scores (Fig. 4.3 (d-f)), averaged over 6 
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gaming sub-sessions in each daily session. Mean ±std were used in this figure to show 

the impact of NC on the individual RA, which is more evident if the graphs are presented 

based on mean. The bars with an asterisk represent the mean gaming RA from players 

with higher Baseline RA in each pair. The players marked with asterisks received 

feedback of their normalised RA (NC was applied to their RA during gaming) instead of 

their real RA. In some pairs, the players who had larger/smaller Baseline RA can be 

different on different days, they can be from either group D or ND (i.e. pair 4, 6, and 7 

on session III). This was likely caused by the individual variability of natural alpha power 

that not only differs from one person to another, but also from one day to another [157]. 

This also suggests how important it is to adjust the individual alpha threshold daily, before 

each gaming session.  

Our results also suggest that lower Baseline RA due to normalisation does not 

guarantee a balanced performance between players, e.g. in pair 1 in all sessions, pair 9 in 

Session I and Session III,  and in pair 10 Session I., where the players who received 

normalised RA won the game in all three sessions. In order to score, one player should 

maintain their RA 10% above the other for at least 1 s, thus, timing is essential to achieve 

better performance. In these pairs, one player did not manage to sustain their RA higher 

for longer time, which led them to a lower score despite having a higher average RA. The 

mean ± std of the individual RA before normalisation are displayed on Figure 4.4, to 

provide a comparison between before and after NC application to the player with higher 

Baseline RA. In some pairs, the player with higher Baseline RA did not always have a 

larger average RA during gaming even before the normalisation was applied (e.g. pair 8 

Session I and pair 2 Session II), confirming that the better gaming performance relied on 

the skill to sustain higher RA within the appointed duration, rather than based on the 

natural Baseline RA. 

Furthermore, the individual alpha (IA) peak at Pz in all participants from each 

session was measured from the power spectrum within the wide band of 6-16 Hz [158], 

from eyes-closed baseline and eyes-open baseline. The frequency of the beginning of 

‘ascent’ and the end of ‘descent’ from the dominant power spectrum within the selected 

frequency width were visually inspected and the decrease of spectral power by more than 

20% from the eyes-closed condition to the eyes-open condition was defined as  IA 

frequency with the maximum decrease as the maximum peak [158]. Table 4.5 shows the 
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different IA peak frequency in each player from one session to another, along with the 

mean ± std of IA peak frequency for each group, in every session. Shapiro-Wilk normality 

test was performed prior the parametric statistical analysis to confirm the normal 

distribution of the IA peak frequency data. Table 4.6 shows that two-way ANOVA 

analysis (p < 0.05) found no significant difference in IA peak frequency across sessions 

and between groups in each session.  

 

Figure 4.1 The absolute alpha power spectral density at Pz, averaged from all baselines and all 

the highest-scoring sub-sessions, in (a) Session I, (b) Session II, and (c) Session III, for each group 

of players. 

Table 4.1 The mean ± std of gaming RA from channel Pz and gaming scores from all participants 

averaged over all sub-sessions on each experimental day.  

RA 

Session Group D Group ND 

I 33.1 ± 14.3 21.8 ± 10.4 

II 36.9 ± 17.8 23.4 ± 11.9 

III 35.2 ± 10.0 23.7 ± 14.4 

Scores 

Session Group D Group ND 

I 23.5 ± 15.1 19.7 ± 14.7 

II 38.5 ± 27.9 16.3 ± 13.4 

III 34.4 ± 24.6 18.1 ± 12.4 
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Table 4.2 The median and interquartile range of gaming RA from channel Pz, and gaming 

scores from all participants averaged over all sub-sessions on each experimental day.  

RA 

Session Group D Group ND 

I 33.7 (20.2-40.4) 18 (14.1-28.3) 

II 30.4(21.5-50.9) 21 (15.3-26.9) 

III 33.6 (20.5-44.8) 19 (17.1-22.3) 

Scores 

Session Group D Group ND 

I 25.5 (11-32.75) 16.5 (8-26.75) 

II 35.5 (14-57) 11(7-24) 

III 28.5 (15-45.75) 16.5(7.25-24.75) 

 

Table 4.3 Table of p-values and H scores obtained from Kruskal-Wallis H test (p<0.05) of 

gaming RA (of each group) and gaming scores, across all sessions. 

 RA  

Group p-values H-statistic 

D 0.578 1.096 

ND 0.737 0.610 

 Scores  

Group  p-values H-statistic 

*D  0.011 9.111 

ND  0.282 2.535 
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Table 4.4 Table of p-values and Z scores obtained from Wilcoxon signed rank test (p<0.05) of 
gaming RA (of each group) and gaming scores between sessions. 

 RA   

Group Comparison p-values Z-score 

D 

Session I - Session II 0.058 -1.899 

*Session I - Session III 0.049 -1.966 

Session II- Session III 0.095 -1.610 

ND 

*Session I - Session II 0.033 -2.135 

Session I - Session III 0.143 -1.465 

Session II- Session III 0.924 -0.096 

 Scores   

 Comparison p-values Z-score 

D 

*Session I - Session II 0.51 x 10-4 -4.050 

*Session I - Session III 0.23 x 10-3 -3.677 

Session II- Session III 0.216 -1.238 

ND 

*Session I - Session II 0.049 -1.967 

Session I - Session III 0.396 -0.849 

Session II- Session III 0.244 -1.166 

        *) Comparison with significant p-value. 

 

 

Figure 4.2. The individual pre-gaming RA (%) at Pz for all players in all three experimental 

sessions. 
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Figure 4.3 (a-c) Mean ± std of individual gaming RA (%) at Pz and (d-f) gaming scores from all 

sub-sessions in each session -the bars with asterisks (a-c) indicate normalisation of RA during 

gaming.  
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Figure 4.4 Mean ± std of the real individual gaming RA (%) at Pz from all sub-sessions in all 

three experimental sessions, without any normalisation applied during gaming.   

Table 4.5 The mean ± std of IA peak (Hz) from each participant in each session. 

Pair 
Session I Session II Session III 

D ND D ND D ND 

1 10.5 11.3 10.3 11.2 9.7 11.1 

2 9.5 9.7 10.1 9.9 11.3 10.7 

3 10.6 11.3 9.8 11.6 11.1 10.4 

4 10.1 9.9 10.0 9.8 9.9 10.1 

5 11.3 11.3 10.8 12.0 9.9 11.7 

6 11.0 10.9 10.8 10.5 11.1 10.4 

7 9.1 10.1 9.7 10.0 9.3 9.9 

8 10.8 10.0 10.4 9.8 10.4 9.3 

9 9.3 8.4 9.5 8.8 9.5 8.5 

10 10.6 10.0 10.5 10.7 10.3 9.5 

Mean 10.3 10.3 10.2 10.4 10.2 10.2 

Std 0.7 0.9 0.4 1.0 0.7 0.9 

Table 4.6 Table of F and p-values obtained from two-way ANOVA analysis (p<0.05) of IA 

peak frequency.   

Comparison F p-value 

Group 0.002 0.969 

Session 0.130 0.878 

Group*Session 0.304 0.739 

  

  



49 
 

4.3.2 Spatial power spectral density 

The spatial power spectral density obtained from the multichannel EEG data between 

tasks (i.e. between baseline and BSD, between baseline and SSD, and between BSD and 

SSD) in each group (i.e. group D and ND) and between groups in each condition were 

compared by performing a non-parametric unpaired permutation test (p<0.05) in a 

STUDY structure provided in EEGLAB.  

The comparison of the power spatial distribution between Baseline and BSD in 

group D (Fig. 4.5) shows an uncorrected significant power changes occur around the 

bilateral frontal channels in alpha band. While theta and both beta bands show fewer 

changes occur on the isolated frontal electrodes., such as at FC6 for theta band and at F3 

for both beta bands. No significant changes were found after FDR correction was applied 

in any channels in any frequency band. No significant changes were found at control 

channel Pz in any frequency band, indicating that the winning strategy was to maintain 

the alpha power rather than to increase it. No significant changes were found in any 

channels in any frequency band for SSD condition compared to Baseline. Despite the lack 

of significant changes, the results during BSD suggesting the tendency to maintain alpha 

power at Pz during successful gaming to be closer to Baseline, followed by a frontal 

decrease of alpha power.  

The comparison of spatial power distribution between Baseline and BSD in group 

ND (Fig 4.6) shows a significant decrease of alpha and lower beta bands. In alpha band, 

a significant power decrease was found in all channels, while in lower beta band, was 

found around the bilateral frontal channels (i.e. AF3, AF4, F3, Fz, F4, FC3, FC4, C3, Cz, 

and C4). No significant changes were found in the theta and higher beta bands. The 

comparison between baseline and SSD (Fig. 4.7) shows power changes were found in 

alpha band at Fz, F4, FC6, C3, C4, P3, and Pz, and no significant changes were found 

after FDR was applied. In contrast to BSD, Pz was found unchanged after FDR correction, 

indicating the slight effort to gain better performance by maintaining power at Pz (and 

globally). The global decrease or maintenance of alpha power that occur in BSD 

suggesting that group ND did not apply any task-specific strategy during their successful 

gaming.  

The comparison of spatial power distribution between BSD and SSD in group D 

(Fig. 4.8) shows a significant power difference in lower beta band in channel C1, with 
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SSD shows higher power than BSD. No significant difference was found after FDR 

correction in any frequency band, however uncorrected power differences were found in 

theta band around the central-parietal-occipital area and in higher beta band in the left 

frontal area. The comparison between BSD and SSD in group ND (Fig. 4.9) show no 

significant difference was found in any channel in both groups, in any frequency band, 

after FDR correction. However, uncorrected power changes were found around the left 

frontal area in theta and alpha bands.  

The comparison of spatial power distribution between groups in different condition, i.e. 

Baseline (Fig. 4.10), BSD (Fig. 4.11), and SSD (Fig. 4.12), were presented with 16 out 

of 32 channels of group D that are the same location to the channels of group ND, due to 

the unequal number of channels used by the two groups during the experiment. 

Significantly lower occipital alpha power was found in group ND compared to group D, 

during Baseline. No statistically significant difference was found in BSD and SSD, after 

FDR correction. However, uncorrected power differences were found in the bilateral 

central area and the posterior midline area in alpha band (and around the occipital 

channels only in SSD). Generally lower posterior alpha power exhibited by group D 

during Baseline might support the idea that resting alpha can be used to predict learning 

ability in alpha neurofeedback training [42], which is consistent with our results, where 

most players in group D outperformed group ND in all gaming sessions.   

 

.  
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Figure 4.5 Non-parametric permutation test (p<0.05) between the BSD condition and Baseline 

for group D, in theta, alpha, lower beta, and higher beta frequency bands. FDR correction was 

applied for multiple comparison (FDR was not performed if the significant activation after 

permutation only occur in one channel). White dot represents a significant difference before FDR 

correction (p<0.05) and no significant power changes were found after FDR was applied. 
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Figure 4.6 Non-parametric permutation test (p<0.05) between the BSD condition and Baseline 

for group ND, in theta, alpha, lower beta, and higher beta frequency bands. FDR correction was 

applied for multiple comparison (FDR was not performed if the significant activation after 

permutation only occur in one channel). White dot represents a significant difference before FDR 

correction (p<0.05), and black dot represents a significant difference after FDR correction. 
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Figure 4.7 Non-parametric permutation test (p<0.05) between the SSD condition and Baseline 

for group ND, in theta, alpha, lower beta, and higher beta frequency bands. FDR correction was 

applied for multiple comparison (FDR was not performed if the significant activation after 

permutation only occur in one channel). White dot represents a significant difference before FDR 

correction (p<0.05) and no significant power changes were found after FDR was applied. 
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Figure 4.8 Non-parametric permutation test (p<0.05) between BSD and SSD for group D, in theta, 

alpha, lower beta, and higher beta frequency bands. FDR correction (p<0.05) was applied for 

multiple comparison. White dot represents a significant difference before FDR correction and 

black dot represents a significant difference after FDR correction. 
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Figure 4.9 Non-parametric permutation test (p<0.05) between BSD and SSD for group ND, in 

theta, alpha, lower beta, and higher beta frequency bands. FDR correction (p<0.05) was applied 

for multiple comparison. White dot represents a significant difference before FDR correction and 

no significant power changes were found after FDR was applied. 
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Figure 4.10 Non-parametric permutation test (p<0.05) between groups in the Baseline condition, 

in theta, alpha, lower beta, and higher beta frequency bands. FDR correction was applied for 

multiple comparison (FDR was not performed if the significant activation after permutation only 

occur in one channel). Black dot represents a significant power difference after FDR correction 

(p<0.05). 
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Figure 4.11 Non-parametric permutation test (p<0.05) between groups in the BSD condition, in 

theta, alpha, lower beta, and higher beta frequency bands. FDR correction was applied for 

multiple comparison (FDR was not performed if the significant activation after permutation only 

occur in one channel). White dot represents a significant difference before FDR correction 

(p<0.05) and no significant power changes were found after FDR was applied. 



58 
 

 

Figure 4.12 Non-parametric permutation test (p<0.05) between groups in the SSD condition, in 

theta, alpha, lower beta, and higher beta frequency bands. FDR correction was applied for 

multiple comparison (FDR was not performed if the significant activation after permutation only 

occur in one channel White dot represents a significant difference before FDR correction (p<0.05) 

and no significant power changes were found after FDR was applied. 
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4.3.3 Higuchi Fractal Dimension  

To measure the signal complexity during different conditions in all channels, Higuchi’s 

Fractal Dimension (HFD) analysis was performed in both groups. Non-parametric 

statistical test such as Wilcoxon signed rank test and Kruskal-Wallis H test (both with 

p<0.05) were performed to see if there are any significant changes in EEG signal 

complexity between conditions at any of the channels. 

 Figure 4.13 shows the mean ± std of HFD for different conditions (i.e. Baseline, 

BSD, and SSD) in each group. Group D shows a relatively unchanged trend of average 

HFD values during the three different conditions, however, the average HFD at F4 is seen 

higher during BSD compared to the other conditions, and AF4 and FC4 show slightly 

higher average HFD during gaming compared to Baseline. Meanwhile, the trend of 

average HFD in group ND shows that HFD during gaming were generally lower 

compared to Baseline, particularly in the frontal and central areas. However, HFD trend 

during SSD were lower than Baseline in all channels.   

 Kruskal-Wallis H test (p<0.05) of HFD values found no significant difference of 

HFD values from Baseline, BSD, and SSD, in each group (Appendix 1.1). Wilcoxon 

signed rank test found significant HFD decrease from Baseline to SSD in group ND at 

channel F3, FC3, and C3 (Appendix 1.3), however there were no significant changes 

found in any channels after Holm-Bonferroni correction (p<0.05) was applied. No 

significant changes were found between Baseline and BSD in both groups at any 

channels, and between Baseline and SSD at any channels in group D (Appendix 1.2 and 

1.3). 

 Figure 4.14 shows the mean ± std of HFD for both groups in each different 

condition (i.e. Baseline, BSD, and SSD). The trend of average HFD values during 

Baseline indicate a very similar trend between the groups, with group D shows slightly 

higher HFD around the fronto-central channels. In BSD, group D was shown to have 

higher HFD around the frontal and fronto-central areas, while group ND shows higher 

HFD around the parieto-occipital area. In SSD, group D shows higher HFD around the 

frontal and central channels, as well as the occipital channels, and the trend between the 

two groups were very similar at parietal channels. However, Wilcoxon signed rank test 

comparing the two groups found no significant differences in HFD at any channel, for the 

three conditions (Appendix 1.4).  



60 
 

 Signal complexity has been linked to alpha/mu activity [107, 110]. Our results in 

group D- where there was no statistically significant alpha activity found after correction 

in any channel during gaming compared to Baseline, show that signal complexity also 

relatively unchanged in both BSD and SSD when compared to Baseline. Group ND 

showed a significant decrease of alpha power over all cortical areas during BSD compared 

to Baseline, however there was no significant changes in signal complexity found during 

the same condition. This result indicates that alpha power decrease in group ND during 

BSD was not accompanied by any changes in signal complexity, confirming the non-task-

specific nature of the decrease. Moreover, we found a very similar level of signal 

complexity around the parietal areas during Baseline and SSD between the two groups, 

indicating the effort of group ND to regulate their parietal activity by maintaining their 

brain activity closer to Baseline state in order to perform better, which is consistent to the 

unchanged alpha power by group ND during SSD when compared to Baseline.  
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Figure 4.13 Mean ± std of HFD in all channels during Baseline, BSD, and SSD condition for (a) 

group D (a) and (b) group ND. 
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Figure. 4.14 Mean ± std of HFD in all channels of both groups during (a) Baseline, (b) BSD, and 

(c) SSD.  
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4.3.4 sLORETA source localisation analysis 

Source localisation activity was performed only to group D during the third experimental 

day. Non-parametric paired t-statistics (p < 0.05) which is implemented in the sLORETA 

software was applied to the source localisation data for each gaming condition against 

Baseline (BSD against Baseline, and SSD against Baseline), and for BSD against SSD, 

for each frequency band. There was no statistically significant source activity found in 

BSD and SSD against Baseline and between BSD and SSD, in any frequency band. The 

maximum and minimum source activity from each condition and each frequency band 

was reported in Table 4.7 and 4.8, and in Figure 4.15, 4.16, and 4.17. The areas with the 

highest count of positive and negative source activity were presented in Table 4.9 and 

4.10. 

For BSD against Baseline (Fig. 4.15), an increase of source activity was found in 

the bilateral frontocentral and bilateral parietal areas for theta band, in the right frontal 

and bilateral parietal areas for alpha band, in the right frontal and right parietal for lower 

beta band, and in the right frontal area for higher beta band. A decrease of source activity 

was found around bilateral limbic area for theta band, around the left frontocentral and 

left temporal areas for alpha band, and around the left frontal-central-parietal areas for 

both beta bands. The highest source activity was found in the parietal area for theta, alpha, 

and lower beta bands, and in the frontal area for higher beta band, all in the right 

hemisphere. While the lowest source activity was found in the limbic lobe for theta and 

higher beta bands, in the temporal area for alpha band, and in the parietal area for lower 

beta band, mostly in the left hemisphere (midline area for higher beta band).  

For SSD against Baseline (Fig. 4.16), an increase of source activity was found 

mainly around the right parietal and temporal areas for all frequency bands. While a 

decrease of source activity was mainly around the left frontal areas as well as the anterior 

portion of the left temporal area, for all frequency bands. The highest source activity was 

found in the temporal area for theta and higher beta bands, in the parietal area for alpha 

band, and in the limbic area for lower beta band, all in the right hemisphere. While the 

lowest source activity was found in the frontal area for theta, and both beta bands, and in 

the temporal area for alpha band, all in the left hemisphere. 

In both gaming conditions (BSD and SSD), the largest increase of source activity 

in alpha band, despite not significant, occurred in the parietal cortex, indicating the effort 
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to modulate alpha from Pz by the players. Both gaming conditions also show a highly 

lateralised source activation and deactivation. In BSD against Baseline, the brain 

structures with the highest count of increased source activity was found in the middle 

frontal gyrus (MFG) for theta and both beta bands, and in the precuneus for alpha band, 

and the highest count of decreased source activity was found in the superior temporal 

gyrus (STG) for theta and lower beta bands, in MFG for alpha band, and in precuneus in 

higher beta band. Meanwhile, in SSD against Baseline, precuneus constantly shows 

highest count of increased source activity in all frequency bands with the frontal area, i.e. 

inferior frontal gyrus (IFG) and MFG, show the highest count of decreased source 

activity. These results revealed the source activation dynamic between precuneus, MFG 

and STG during successful gaming, as well as the specificity of precuneus activation that 

only occurred in BSD.  

For BSD against SSD (Fig. 4.17), higher source activity was found in the bilateral 

frontal area in all frequency bands and lower source activity was found in the bilateral 

temporal area in all frequency bands, suggesting that the different gaming performance 

might occurred due to the activity of other brain areas, rather than a failing attempt on 

regulating the parietal activity.  The highest count of increased source activity was found 

in MFG in all frequency bands and the highest count of decreased source activity was 

found in precuneus for theta and both beta bands, and in the middle temporal gyrus 

(MTG) in alpha band.  
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Figure 4.15 Paired t-statistics (p<0.05) of the source localisation via sLORETA between the 

average BSD and the average Baseline over subjects in group D, in the frequency band of (a) 

theta, (b) alpha, (c) lower beta, and (d) higher beta. The figures inside the grey box is a 3D 

representation of the localisation map, and the boxes below it is the 3D slices representing the 

negative (left side) and the positive (right side) voxel values- blue for negative values and red to 

yellow for positive values. Voxel’s coordinate positioning shown in the 3D slices figures is based 

on the Montreal Neurological Institute (MNI) coordinate system. 
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Figure 4.16 Paired t-statistics (p<0.05) of the source localisation via sLORETA between the 

average SSD and the average Baseline over subjects in group D, in the frequency band of (a) 

theta, (b) alpha, (c) lower beta, and (d) higher beta. The figures inside the grey box is a 3D 

representation of the localisation map, and the boxes below it is the 3D slices representing the 

negative (left side) and the positive (right side) voxel values- blue for negative values and red to 

yellow for positive values. Voxel’s coordinate positioning shown in the 3D slices figures is based 

on the Montreal Neurological Institute (MNI) coordinate system. 
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Figure 4.17 Paired t-statistics (p<0.05) of the source localisation via sLORETA between the 

averaged  BSD and the average SSD over subjects in group D, in the frequency band of (a) theta, 

(b) alpha, (c) lower beta, and (d) higher beta. The figures inside the grey box is a 3D representation 

of the localisation map, and the boxes below it is the 3D slices representing the negative (left side) 

and the positive (right side) voxel values- blue for negative values and red to yellow for positive 

values. Voxel’s coordinate positioning shown in the 3D slices figures is based on the Montreal 

Neurological Institute (MNI) coordinate system. 
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Table 4.7 The location of the maximum and minimum source activity obtained from paired t-test 

analysis in sLORETA between gaming condition (BSD/SSD) and Baseline. 

Frequency and 

dynamic 
Brain lobe Hem. BA Structure 

Max/Mi

nValue 

MNI 

coordina

te (x,y,z) 

BSD 

Theta 
Increase Parietal  R 7 

Superior Parietal 

Lobule 
1.63 30,-80,45 

Decrease Limbic  L 38 Uncus -1.06 -20,5,-40 

Alpha 

Increase Parietal  R 19 Precuneus 1.45 35,-85,35 

Decrease Temporal  L 20 
Inferior Temporal 

Gyrus 
-1.53 -55,-5,-4 

Lower 

Beta 

Increase Parietal  R 19 Precuneus 0.739 35,-80,40 

Decrease Parietal  L 39 
Inferior Parietal 

Lobule 
-0.798 

-50,-

65,40 

Higher 

Beta 

Increase Frontal R 10 
Superior Frontal 

Gyrus 
0.373 25,55,30 

Decrease Limbic  Midline 25 
Anterior 

Cingulate 
-1.15 0,0,-5 

SSD 

Theta 

Increase Temporal  R 21 
Middle Temporal 

Gyrus 
4.84 60,-55,0 

Decrease Frontal  L 46 
Middle Frontal 

Gyrus 
-3.78 -50,30,25 

Alpha 

Increase Parietal  R 40 
Inferior Parietal 

Lobule 
2.35 65,-30,30 

Decrease Temporal  L 20 
Inferior Temporal 

Gyrus 
-2.85 

-55,-5,-

40 

Lower 

Beta 

Increase Limbic  R 36 
Parahippocampal 

Gyrus 
4.24 

25,-35,-

20 

Decrease Frontal  L 9 
Middle Frontal 

Gyrus 
-4.95 -45,30,35 

Higher 

Beta 

Increase Temporal  R 20 
Middle Temporal 

Gyrus 
4.6 

55,-40,-

15 

Decrease Frontal  L 9 
Middle Frontal 

Gyrus 
-5.44 -45,30,35 

*Hem. = Hemisphere 
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Table 4.8 The location of the maximum and minimum source activity obtained from paired t-test 

analysis in sLORETA between BSD and SSD. 

Frequency and 

dynamic 

 
Brain 

Lobe 

He

m. 
BA Structure 

Max/Mi

n 

value 

MNI 

coordinate 

(x,y,z) 

Theta 

Increase Frontal R 11 
Superior Frontal 

Gyrus 
1.93 29,65,-10 

Decrease Temporal R 37 
Inferior Temporal 

Gyrus 
-1.06 55,-45,-25 

Alpha 
Increase Frontal R 11 

Superior Frontal 

Gyrus 
1.17 20,65,-10 

Decrease Limbic L 31 Cingulate Gyrus -1.46 -15,-45,25 

Lower 

Beta 

Increase Limbic R 32 Anterior Cingulate 1.48 5,40,20 

Decrease Temporal L 22 
Superior Temporal 

Gyrus 
-2.22 -65,-50,10 

Higher 

Beta 

Increase Frontal R 10 
Medial Frontal 

Gyrus 
0.82 10,65,0 

Decrease Sub-lobar R 13 Insula -1.51 30,-25,15 

*Hem. = Hemisphere 

Table 4.9 The brain structures with the highest counts of source activity, found after paired t-test 

analysis in sLORETA between gaming condition (BSD/SSD) and Baseline. 

Task Frequency Activity Brain Structure No. of voxels 

BSD 

Theta Increase Middle Frontal Gyrus 375 
 Decrease Superior Temporal Gyrus 274 

Alpha Increase Precuneus 359 
 Decrease Middle Frontal Gyrus 235 

Lower beta Increase Middle Frontal Gyrus 241 
 Decrease Superior Temporal Gyrus 253 

Higher beta Increase Middle Frontal Gyrus 240 
 Decrease Precuneus 329 

SSD 

Theta Increase Precuneus 364 
 Decrease Inferior Frontal Gyrus 360 

Alpha Increase Precuneus 364 
 Decrease Middle Frontal Gyrus 293 

Lower beta Increase Precuneus 364 
 Decrease Middle Frontal Gyrus 399 

Higher beta Increase Precuneus 364 
 Decrease Middle Frontal Gyrus 373 
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Table 4.10 The brain structures with the highest counts of source activity, found after paired t-
test analysis in sLORETA between BSD and SSD. 

Task Frequency Activity Brain Structure No. of voxels 

BSD vs 

SSD 

Theta Increase Middle Frontal Gyrus 481 
 Decrease Precuneus 353 

Alpha Increase Middle Frontal Gyrus 472 
 Decrease Middle Temporal Gyrus 310 

Lower beta Increase Middle Frontal Gyrus 393 
 Decrease Precuneus 364 

Higher beta Increase Middle Frontal Gyrus 358 
 Decrease Precuneus 364 

 

4.3.5 NASA-TLX questionnaire 

The perceived experimental workload was measured by performing non-parametric 

statistical analysis to the post-experiment NASA-TLX questionnaire scores, shown in 

Figure 4.18 and 4.19, and Table 4.11. No significant difference was found from 

Friedman’s test (p<0.05) across the three sessions in each category for each group. No 

significant difference was found from Wilcoxon signed rank test (p<0.05) to compare the 

scores between groups in each category. Lastly, no significant difference was found from 

Kruskal-Wallis H test (p<0.05) of the overall scores across the three sessions for each 

group.  

 The lack of significant difference in our data may suggest that both groups 

perceived the workload of the experiment in a relatively similar way from time to time 

regardless their gaming outcome. However, three categories (i.e., mental, effort, and 

performance) are shown to have generally higher scores compare to the rest categories, 

with  the higher scores achieved in ‘effort’ , followed by ‘mental’ and ‘performance’ in 

group D, whereas in group ND higher scores were achieved in ‘effort’, followed by 

relatively similar scores of ‘mental’ and ‘performance’ categories. These results, despite 

being not statistically significant, might reflect that both groups perceived a higher effort 

during gaming. Moreover, the highest scores in ‘effort’ of both groups were achieved in 

the first session, suggesting that both players were still not familiar with the gaming task.  
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Figure 4.18 The mean ± std of NASA-TLX scores in each category, such as (a) mental, (b) 

physical, (c) temporal, (d) performance, (e) effort, and (f) frustration, for both groups of players 

in three different sessions. 

 

Figure 4.19 The mean ± std of (a-b) NASA-TLX scores in each group, for each category in three 

sessions, and (c) the overall scores (summed up of the scores in all category) for each group in 

three sessions.  
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Table 4.11 Table of statistical results of NASA-TLX scores for each category and for the overall 

score. 

Statistical test Category Group p-values Chi-square 

Friedman Test 

Mental D 0.509 1.351 
 ND 0.201 3.211 

Physical D 0.499 1.389 
 ND 0.317 2.296  

Temporal D 0.439 1.647  

 ND 0.315 2.313 

Performance D 0.332 2.205 
 ND 0.479 1.474 

Effort D 0.275 2.579 
 ND 0.423 1.722 

Frustration D 0.717 0.667 
 ND 0.697 0.722 

 Category Session p-values Z-scores 

Wilcoxon signed 

rank test 

Mental I 0.813 -0.237 
 II 0.262 -1.122 

 III 0.959 -0.051 

Physical I 0.313 -1.009 

 II 0.261 -1.123 

 III 0.357 -0.921 

Temporal I 0.514 -0.653 

 II 0.262 -1.122 

 III 0.683 -0.408 

Performance I 0.506 -0.665 

    II 0.726 -0.350 

 III 0.610 -0.510 

Effort I 0.759 -0.306 

 II 0.261 -1.124 

 III 0.953 -0.059 

Frustration I 0.919 -0.102 

 II 0.176 -1.355 

 III 0.415 -0.816 

 Category Group p-values H-statistic 

Kruskal-Wallis 

H test 

Overall score 

across sessions 

D 0.774 0.512 

ND 0.934 0.137 
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4.4  Discussion 

Multi-user BCI competitive gaming has been previously studied [66, 159], however, the 

information regarding the EEG signatures changes within the interacting brain are still 

relatively limited. In this study, we analysed the EEG signatures in order to explore the 

impact of competitive multi-user BCI gaming on brain cortical activity. Three different 

conditions were measured such as pre-gaming Baseline, BSD and SSD, with the players 

divided into group D and group ND. The results from each offline analysis (i.e. power 

spectral analysis, signal complexity analysis, and source localisation analysis) were 

compared based on the types of task (i.e. Baseline-BSD ,Baseline-SSD, and BSD-SSD) 

and based on the groups (i.e. between group D and group ND). Power spectral density 

analysis found that alpha activity at Pz behaved differently in group D and group ND. 

The consequence of a successful game control was characterised by the similar level of 

Pz alpha activity to the level during Baseline. Source localisation analysis found the 

highest source activity as well as the highest number of increased source activations in 

alpha band at the precuneus, which is located close to channel Pz. Resting EEG 

comparison between group revealed a different posterior alpha activity between the 

group, suggesting the use of resting alpha activity as a predictor for the game 

performance.  

RA, scoring performance, and individual alpha peak frequency 

Statistically significant increases of RA at Pz and the game scores were found in both 

groups, and to some extent, these results might reflect the effort to learn by both groups 

to upregulate their RA to control the game. The averaged game scores, however, shows 

an increasing trend for group D and a decreasing trend for group ND, though there were 

no statistical significance found across sessions and between groups. The increasing 

scores over sessions might indicate a successful learning process done by the players in 

group D. We did not perform any measurement to assess the post-training outcome to 

validate whether the players manage to retain the learned skills, as proposed by Gruzelier 

[34] as one of the methods to validate a successful neurofeedback training. However, the 

training paradigm used in this study did not apply a typical single-user neurofeedback 

paradigm, where the user was asked to maintain their brain activity based on their own 

feedback. In this study, the users were asked to maintain their RA level at Pz while 
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engaging in a competitive interaction- and for them to train not only based on their own 

performance, but also in relative their opponent’s performance/feedback which is 

changing over time. Therefore, there are more factors to be considered in learning 

measurement and training design (e.g. member of the pair, level of Baseline RA of the 

players in a pair, level of motivation, etc.). 

Despite of not having a consistent increase over sessions, RA level of group D in 

the later sessions was better than the first one, while in group ND the increase of RA 

stopped after the second session. Psychological factors that can be associated with these 

conditions namely the lack of motivation and reduced confidence level, as most of the 

group ND players experienced losing more often than winning. Motivation and 

confidence level have been suggested in promoting the success of neurofeedback training 

[37, 40]. Additionally, physical factors e.g. the multi-channel EEG used in the third 

experiment, might also influence the overall performance of both groups, i.e. there is no 

significant increase of RA was found in group D from Session II to Session III. Higher 

number of channels requires longer pre-experimental preparation time as well as 

physically heavier for the players’ head as they were used to the single-channel setup in 

the previous sessions, thus may increase the chance of fatigue or distraction. 

Our results also revealed that the players who received NC in a pair, i.e. the 

individual with higher Baseline RA, is not always the same person in every session. This 

is caused by the variability of natural alpha power that differs from one person to another, 

even can varied in one person from time to time, suggesting that it is important to perform 

a daily adjustment of individual RA threshold. Our individual alpha peak frequency 

analysis further confirmed the inter-individual alpha power as well as the intra-individual 

alpha power showing that alpha peak can be varied for one person in different days [157, 

158, 160, 161]. 

Scoring performance also shows that despite receiving normalisation due to higher 

Baseline RA, which was consequently lowering their gaming RA, the majority of players 

with higher Baseline RA still managed to outperform their opponents. Players with lower 

average gaming RA after normalisation, might still produce higher average score. This 

condition might be related to the timing aspect of the game. Timing is an essential factor 

in scoring, as one can only score if they managed to increase their bar at least 10% higher 

than their opponent’s for at least 1 s. Thus, in our case, the losing players simply did not 
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manage to sustain higher relative alpha power long enough to score more often, though 

on average their RA during gaming might be higher. In addition, our scoring results show 

that not all players with higher Baseline RA (the one receiving NC) always end up as the 

winner of the game or guaranteed to have higher gaming RA. In some cases, one player 

can be a winner in one session and be a loser in the next one, regardless which player 

receiving NC. These conditions suggest that our approach of normalising feedback for 

players with high Baseline RA does not guarantee a balanced level of competitive 

performance in every pair of participants, however it surely reduces the chance of bias in 

scoring, indicating that the scoring performance was obtained due to the mental effort of 

the players rather than based on their natural alpha power. 

Spatial distribution of power spectral density  

Our results revealed that there were no significant alpha power changes found at channel 

Pz or nearby channel in group D during both BSD and SSD, when compared to Baseline. 

This indicates that the group dominated the game by upregulating their alpha at Pz to the 

similar level to Baseline. Alpha activity has been known to be higher during resting state 

(Baseline), especially during eyes-closed, and supressed by eyes-opening as well as by 

higher cognitive processing [160]. Group D, managed to increase their alpha power at Pz 

during gaming as instructed, however the increase did not exceed the level of alpha power 

during Baseline, as commonly expected in a traditional alpha operant conditioning 

training/neurofeedback. This condition might be due to the fact that the alpha 

neurofeedback approach used in the experiment required the players to control their RA 

based on their own and their opponent’s performance, rather than just based on their own 

performance like in the traditional alpha neurofeedback.  

In group ND, alpha power was significantly decreased in all channels during BSD, 

which indicate a non-task-specific power decrease, which potentially caused their poor 

gaming performance. Significant decrease of lower beta power was also found over the 

left and midline frontal area and bilateral frontocentral area, during BSD. Decreasing beta 

power in the left inferior prefrontal cortex has been related to memory encoding process 

[162]. During the SSD condition, there were no significant power changes found in all 

channels compared to Baseline, indicating their effort to apply the same strategy applied 

by the dominant players: maintaining alpha power at Pz to the similar level during 
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Baseline. However, this improved performance during SSD was not strong enough to 

outperform group D.  

The spatial power distribution comparison between groups show that significant 

statistical difference occurs in the occipital alpha band during Baseline, with higher alpha 

power in group D than in group ND. This result supports the idea of using resting alpha 

power level as a training predictor for alpha neurofeedback proposed by Wan et al. [42].  

Signal complexity analysis via Higuchi Fractal Dimension  

The signal complexity analysis did not find any statistically significant differences in 

different conditions and between groups after Holm-Bonferroni correction. However, 

prior to correction, significant decreases of HFD from Baseline to SSD were found at 

channel F3, FC3 and C3 (left frontal-central area). The average HFD at parietal channels 

of the two groups show almost identical values only during SSD, despite there is no 

statistical significance found for group comparison of HFD at Pz in any condition. This 

close similarity around the parietal area may reflect the closer parietal brain activation of 

the two groups, causing the smallest scoring difference between players. Moreover, the 

uncorrected statistically significant changes in group ND during SSD reflect that the 

maintenance of power similar to Baseline during SSD promoting changes in signal 

complexity. This idea suggests that the ‘similar to Baseline’ response was actually a more 

task-specific response, especially compared to the global decrease of alpha power 

occurred during BSD in group ND. Previous studies have proven the inverse relationship 

between alpha/mu activity signal complexity [107, 109, 110].  The antagonistic 

interaction of signal complexity with the brain resting network have also been proposed, 

since lower signal complexity has been reported during resting condition and higher 

during mentally demanding tasks [163, 164]. However, statistical significance is required 

to further validate the relationship between alpha activity and signal complexity level.  

sLORETA source localisation analysis  

Source localisation analysis did not find any statistical significance between gaming and 

Baseline, in any frequency bands, which is consistent to the spatial power distribution 

results. Despite being not statistically significant, our sLORETA results displayed the 

lateralization tendency in source activation and deactivation patterns. Our results show 



77 
 

that the increasing activity mostly occurred in throughout the right hemisphere and the 

decreasing activity mostly occurred in the right hemisphere. The increasing activity found 

in the right frontal area might be related to the reactivity of the right frontal cortex (e.g. 

rSFG and rIFG) in response to the competitive interaction, as suggested in the literature 

[78, 79]. The rIFG activity has also been linked to response inhibition as well as to 

attention-demanding tasks [165-167].  The increasing activity found in the right 

hemisphere around the temporal and parietal areas might indicate the activation of the 

right temporo-parietal junction, an area that has been linked to attention, specifically 

when social interaction is present [168]. Meanwhile, the activation of left frontal cortex 

has been linked to self-relevance process [169]. Therefore, the decreasing source activity 

in the left hemisphere might indicate the lack of internal-processing tasks (non-self-

referential taught). 

Our results also found the highest count of increased source activity in the 

precuneus (parietal lobe) in alpha band, particularly during BSD (while SSD showed non-

frequency-specific precuneus activity), followed the high count of increased source 

activity in MFG for other frequency bands. Precuneus activity has been linked to visuo-

spatial imagery, episodic memory retrieval, and self-referential processing [170]. 

Additionally, Utevsky et al. [171] reported when the connectivity between precuneus and 

the frontoparietal control network was found increasing during a task performance, where 

the connectivity between precuneus and the DMN was found increasing during rest, 

suggesting the role of precuneus in control-resting network switching.  

NASA-TLX questionnaire 

The NASA-TLX workload questionnaire revealed that there is no significant difference 

of the perceived workload between the groups of players and across experimental sessions 

in any categories. Our results suggest that the level of dominance between players in the 

game does not necessarily change the way the players perceive the task load given to 

them during the experiment. Despite being non statistically significant, the highest scores 

were achieved in ‘effort’ category during the initial session and decreasing over time for 

both groups, implying that during the initial session, both groups perceived the game’s 

difficulty higher due to the lack of familiarity. Moreover, the results show that effort, 

mental, and performance are the categories with higher scores in both groups, indicating 

that, the players mainly are more concern to the factors that they can internally control, 
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i.e. how demanding the task is, how they perceive the task mentally, and how they predict 

their performance, rather than to  the situational and physical categories such as temporal 

and physical. Frustration category however, remained low, despite being able to be 

controlled internally by the players.  

Notable findings 

Our study has incorporated a competitive interaction in an alpha operant-conditioning 

training paradigm. The efficacy of this paradigm for individual control of alpha power, 

similar to the classical alpha neurofeedback [172], still requires further validation. 

Nonetheless, this study has revealed the electrophysiological signatures during a 

competitive interaction between two groups, while they were regulating parietal alpha 

activity at the same time. This study focused on the electrophysiological response of a 

single-brain during a two-person interaction. In order to investigate how these activated 

brain areas influencing one another and how different brain areas in different individuals 

interacting with each other during competition, we performed intra-brain and inter-brain 

connectivity analysis to the data obtained by the experiment of this study, which will be 

presented and discussed further in the upcoming chapter. 

Limitations 

The limitations of this study including the different number of channels used by the two 

groups during the third experimental day. A larger and balance number of channels (for 

both players) will provide the opportunity to gain better results, especially in spatial 

power spectral and source localisation analyses. More training sessions are needed in the 

future to produce more information related to the learning process when competitive 

interaction is present. Larger number of participants are also required to produce better 

statistical analysis, therefore better and more precise validation over the statistically 

significant results can be made. In order to further study the efficacy of the competitive 

BCI training, control group, post-training baseline analysis and post-training assessment 

should be performed in the future. 

 

4.5 Conclusion 
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This study introduced a multi-user competitive BCI game that is based on alpha band 

operant conditioning. Our results show that group D consistently outperformed group 

ND in all experimental sessions, even when they received normalisation which 

consequently decreasing their average gaming RA. Spatial spectral distribution analysis 

revealed that the strategy applied by both groups in order to perform better, involving 

the maintenance of brain activity closer to the baseline state. This study also found that 

the level of alpha power during Baseline was higher in group D than in group ND, 

supporting the idea to use baseline alpha power as a predictor of gaming performance. 

Signal complexity analysis did not show any statistically significant changes, however 

the highly similar level of signal complexity around the parietal area was found in both 

groups during SSD, which is consistent to gaming condition- the condition with the 

smallest scores difference. Source localisation analysis in group D found that, despite 

being statistically not significant, the highest increase of source activity and the highest 

count of increased source activity in alpha band were found in the precuneus in both 

gaming conditions, indicating the upregulation of alpha power by the target channel (Pz). 

Lastly, NASA-TLX workload post-experimental questionnaire revealed that all players 

perceived the gaming task in a similar way for each category across sessions, despite 

having a very different gaming outcome.  
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Chapter V 

 

Competitive Multi-user BCI:  

Part II- Connectivity 

 

5.1  Introduction 

The extensive information regarding the cortical dynamics that occur during a specific 

cognitive task can be achieved by estimating the brain’s network connectivity. 

Connectivity analysis quantifies the inter-relations between EEG channels that are located 

within the same brain/single person (intra-brain) and that are located in different 

brains/multi personal (inter-brain). In this chapter, the results of the connectivity analysis 

of the EEG data that were obtained from the multi-user BCI competitive experiment 

performed in Chapter IV are presented.  

 Competition consequently elicit the different social perception responses in the 

brain of the winning and losing participant. The responses related to reward, motivation, 

arousal, attention, and dominance [173, 174]  might be experienced by the winner, 

whereas the response related to lower social rank, social exclusion, and error awareness 

[81, 149, 175] might be experienced by the loser.  



81 
 

 Functional connectivity studies in social reciprocity revealed that, the connectivity 

between the right central executive network (CEN) and the salience network (SN) during 

resting state may predict social performance [176]. CEN is a brain network that is engaged 

during cognitive tasks, which comprises of  the dorsolateral prefrontal cortex (dlPFC) and 

the posterior parietal cortex [9, 16], whereas SN is a brain network that responses to 

salient events and comprises of the ventrolateral prefrontal cortex (vlPFC), anterior 

insula, and anterior cingulate cortex (ACC) [8]. Rewards processing has also been 

reported as an important part of competitive dynamic [144-146]. Past studies have shown 

the functional connectivity between the striatal network consisted of the orbitofrontal 

cortex, insula, amygdala, and hippocampus, during reward processing [177, 178], and the 

dorsal striatum has also been shown active in regulating motivation [178]. Moreover, 

competition has also been associated with the activation of the mentalizing network, 

consisted of the medial prefrontal cortex (mPFC), precuneus, and temporoparietal 

junction (TPJ) [149, 150]. It was revealed that social exclusion increases the functional 

connectivity of the mentalizing network, compared to social inclusion [149]. 

 Additionally, Astolfi et al. [84] during their hyperscanning study in Prisoner’s 

Dilemma game revealed lower count of significant inter-brain connections when the 

players were performing defective (competitive) interaction, compared to cooperative 

interaction. The lower inter-connectivity found during defective behaviour might indicate 

a selfish behaviour by the betrayers [84, 85]. Apart from the reduction of connection 

density/count, reduction of inter-brain connectivity strength was also reported during 

multi-player competitive selective attention task [86]. 

 In this chapter, connectivity analysis was performed to the data obtained from the 

competitive multi-user BCI gaming that is based on the alpha band, non-verbalised 

operant conditioning in Chapter IV. Connectivity analysis will be divided into two 

approaches, such as the intra-brain connectivity, performed by multivariate GC and DTF 

and the inter-brain connectivity, performed by bivariate GC.  

5.2 Methods 

5.2.1 Connectivity Analysis 

GC and DTF were used for connectivity estimation, where GC provides multivariate 

connectivity analysis in time domain and DTF multivariate connectivity analysis in 

frequency domain. Due to the limited computational speed, 2 minutes out of each 5 
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minutes time-series data (BSD and SSD data from the third experimental session) were 

extracted for further connectivity analyses. In each pair, these 2 minutes data were 

extracted within the identical time points for both players, based on the 2 minutes where 

the RA values of both players have the biggest difference in both gaming conditions. The 

2 minutes were segmented into 6 s epoch with 50% overlap. Independent Component 

Analysis (ICA) algorithm [103, 104] implemented in EEGLAB (version 14.1.2b) was 

performed for further noise removal (e.g. eye blinking, muscle movement, or other 

biological signal). The pre-processed 2 minutes data were later analysed by using GC and 

DTF connectivity analyses, which have been described in Chapter III.  

5.2.2 Statistical Analysis 

A non-parametric paired permutation statistical test (p<0.01) was performed in 

MATLAB with 10000 repetition of all the estimated connectivity data. The method was 

used for the analyses of GC and DTF in order to compare the brain connectivity between 

the gaming conditions (Baseline and BSD; Baseline and SSD; BSD and SSD) and 

between groups (D and ND) for the three conditions (Baseline, BSD, and SSD). 

Statistically significant connections (p<0.01) found in each comparison were later 

projected into a connectivity matrix. False Discovery Rate correction method [152] was 

applied for multiple comparisons.  

 A non-parametric single-sample permutation statistical test (p<0.001) was 

performed in MATLAB with 10000 repetition, with FDR correction applied, to all the 

estimated inter-brain connectivity data. The method was used to find the significant 

connections found in inter-brain GC during BSD and SSD, in different directions between 

players. 

5.3 Results 

5.3.1 Intra-brain Granger Causality 

Intra-brain GC results are presented in three ways: as matrices presenting the grand 

average of GC values of all epochs from all players in each group (Fig. 5.2 and 5.3 (a-c)),  

as connectivity maps displaying only the average values above the 75th percentile of its 

corresponding matrix for an easy visual representation of spatial connectivity localisation 

(Fig. 5.2 and 5.3 (d-f)), as a set of p-value matrices (Fig. 5.2, 5.3 (g-h), 5.5 (a-b), and 5.6), 
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and as bar graphs displaying the average GC values in each zone- following the zonation 

in Figure 5.1 (Fig. 5.4 and 5.5 (c-d)).  

The statistical comparisons from the GC data were performed as the following: 

between Baseline and BSD/SSD, between BSD and SSD, and between groups. Based on 

these presentations, the results will be explained in the following structure:  

(i) the significant connection changes found in the connections involving Pz.  

(ii) the pattern shaped by the most prominent connections shown by the 

connectivity maps (does not apply in the comparisons between BSD and SSD, 

and between groups). 

(iii) the network with a high count of significantly increase/decrease connections 

in found in the p-values matrices. The networks in the p-values matrices will 

be described based on the zonation shown in Figure 5.1. 

(iv) the significant average GC changes in each zone (does not apply in the 

comparison between group D and group ND) as the results of a non-parametric 

paired permutation. 

 

Figure 5.1 The networks zonation: FF (frontal-frontal), CC (central-central), PoPo (parieto-

occipital – parieto-occipital), FC (frontal-central), FPo (frontal-parieto-ocipital), CF (central-

frontal), CPo (central-parieto-occipital), PoF (parieto-occipital – frontal), and PoC (parieto-

occipital – central). The first letter of the abbreviation indicates the source of the network, and the 

second letter indicates the sink. 

Intra-brain GC of group D 

(i) Baseline vs BSD: in BSD, for Pz as a source, increased connections were flowing 

to all frontal, central, and parietal channels. For Pz as a sink, increased connections 

were coming from F4 and P3, and the decreased connections from C3 and Cz.  
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Baseline vs SSD: in SSD, for Pz as a source, increased connections were flowing 

to almost all frontal, central, and parietal channels, except Cz. For Pz as a sink, 

increased connections were coming from P3 and Oz, and the decreased 

connections from C3 and Cz. 

(ii) The most prominent connections during baseline are distributed around all areas 

with Cz sending information to all region. In BSD, the prominent connections are 

formed by a higher count of bidirectional GC mainly clustered around the right 

hemisphere of fronto-central and centro-parietal areas, as well as around bilateral 

occipital area. In SSD, the prominent connections were also found clustered 

around the right hemisphere, particularly around the right fronto-central area 

compared to Baseline and BSD. The causality around the left fronto-central area 

during SSD was found below the 75th percentile, thus displaying a lack of 

connections cluster.  

(iii) Baseline vs BSD: PoPo was found as the network with the highest count of 

significantly active connections in BSD, while CPo shows higher count of 

significantly active connections in Baseline. 

Baseline vs SSD: PoPo was found as the network with the highest count of 

significantly active connections in SSD, followed by PoF, while CPo shows 

higher count of significantly active connections in Baseline. 

(iv) Baseline vs BSD: significant decreases of average GC during BSD were found in 

CC and CPo, and significant increases during BSD were found in all zones coming 

from Po.  

Baseline vs SSD: A significant decrease of average GC during SSD was found in 

CPo and significant increases during SSD were found in FF, FC, and in all zones 

coming from Po.  

Intra-brain GC of group ND 

(i) Baseline vs BSD: in BSD, for Pz as a source, decreased connections were flowing 

to F4, Cz, C4, and P4. For Pz as a sink, an increased connection was coming from 

F4, and decreased connections were coming from F3, Fz, Cz, P3, P4, and Oz.  

Baseline vs SSD: in SSD, for Pz as a source, an increased connection was coming 

to Oz and a decreased connection was coming to P4. For Pz as a sink, an increased 
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connection was coming from C4, and the decreased connections from F3, Fz, C3, 

P3, P4, and Oz. 

(ii) The most prominent connections in Baseline clustered over the midline area, the 

occipital area, and the left fronto-central area, with a lack of connections between 

the bilateral central area and the bilateral parietal area. In BSD, the prominent 

connections are clustered around the localised frontal and occipital areas, and the 

connection between Pz and Cz became one directional. In SSD, the connectivity 

pattern is relatively similar to baseline with the connections from P3 to C3 and 

from Oz to F4 remain, similar to BSD.  

(iii) Baseline vs BSD: FPo was found as the network with the highest count of 

significantly active connections in BSD, while PoPo shows higher count of 

significantly active connections in Baseline. 

Baseline vs SSD: CPo was found as the network with the highest count of 

significantly active connections in SSD, while FPo and PoPo show higher count 

of significantly active connections in Baseline. 

(iv) Baseline vs BSD and Baseline vs SSD: significant decreases of average GC during 

BSD were found in FC, FPo, CF, CC, and in all zones coming from Po.  
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Figure 5.2 (a-c) The average intra-brain GC matrices of group D for Baseline, BSD, and SSD. 

(d-f) The connectivity map for each condition- each map displays the average GC values above 

the 75th percentile of its corresponding matrix above them. (g-h) The matrices of p-values 

generated from a non-parametric paired permutation (p<0.01) of the intra-brain GC values from 

all trials between Baseline and each gaming condition, with FDR correction applied. The blue 

and red squares indicate the significant connections, blue indicates higher average GC value in 

Baseline and red indicates higher average GC value in gaming.  
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Figure 5.3 (a-c) The average intra-brain GC matrices of group ND for Baseline, BSD, and SSD. 

(d-f) The connectivity map for each condition- each map displays the average GC values above 

the 75th percentile of its corresponding matrix above them. (g-h) The matrices of p-values 

generated from a non-parametric paired permutation (p<0.01) of the intra-brain GC values from 

all trials between Baseline and each gaming condition, with FDR correction applied. The blue 

and red squares indicate the significant connections, blue indicates higher average GC value in 

Baseline and red indicates higher average GC value in gaming.  
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Figure 5.4 The bar graphs of the average GC values (mean ± standard error) in each zone for (a) 

group D, Baseline vs BSD, (b) group D, Baseline vs SSD, (c) group ND, Baseline vs BSD, and 

(d) group ND, Baseline vs SSD. A non-parametric paired permutation (p<0.01) was performed 

to compare the statistic between two conditions, with FDR correction applied. The blue bars 

indicate the average GC during Baseline and the red bars indicate the average GC during gaming 

experiment (BSD/SSD). 

Comparisons between BSD vs SSD  

(i) Group D: in BSD, for Pz as a source, stronger connections were flowing to most 

channels in the cortical areas (frontal, central, parietal, and occipital areas). For 

Pz as a sink, weaker connections were coming from C3, Cz, and Oz, and a stronger 

connection was coming from C4.  

Group ND: in BSD, for Pz as a source, weaker connections were flowing to Fz, 

F4, Cz, and Oz. For Pz as a sink, a weaker connection was coming from Cz, and 

stronger connections were coming from F4, C3, and Oz. 
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(ii) Group D: in BSD, group D shows higher count of significant connections in PoPo, 

while in SSD, higher count of significant connections was found in CPo. 

Group ND: in BSD, group ND shows higher count of significant connections in 

CPo (left), while in SSD, higher count of significant connections was found in 

PoF and CPo (from midline/Cz). 

(iii) Group D: significantly higher average GC during BSD compared to SSD were 

found in PoF and PoC, and significantly lower average GC during BSD compared 

to SSD were found in FF, FC, CC, and CPo. 

Group ND: A significantly higher average GC during BSD compared to SSD was 

found in FPo, and significantly lower average GC during BSD compared to SSD 

were found in CF, CC, CPo, and PoF. 

Comparisons between group D and group ND 

(i) Baseline: for Pz as a source, group D shows weaker connections to F4, C4, P3, 

P4, and, and Oz. For Pz as a sink, group D shows stronger connections from all 

central channels, and weaker connections from Fz, P3, and Oz.  

BSD: for Pz as a source, group D shows stronger connections to all fronto-central 

channels. For Pz as a sink, group D shows stronger connections from Fz, Cz, C4, 

and P4.  

SSD: for Pz as a source, group D shows stronger connections to P3 and Oz, and 

weaker connections to Fz, C3, and C4. For Pz as a sink, group D shows stronger 

connections from Fz, F4, C3, Cz, C4, P3, and Oz.  

(ii) Baseline: group D shows higher count of significant connections in CPo, while 

group ND shows higher count of significant connections in PoPo. 

BSD: group D shows higher count of significant connections in PoF and PoC, 

while group ND shows higher count of significant connections in FF and FC. 

SSD: group D shows higher count of significant connections in CPo, while group 

ND shows higher count of significant connections in PoPo. 
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Figure 5.5 (a-b) The matrices of p-values generated from a non-parametric paired permutation 

(p<0.01) of the intra-brain GC values from all trials between BSD and SSD for (a) group D 

and (b) group ND, with FDR correction applied. The blue and red squares indicate the significant 

connections, blue indicates higher average GC value in BSD and red indicates higher average GC 

value in SSD. (c-d) The bar graphs of the average GC values (mean ± standard error) for BSD 

and SSD in each zone for (c) group D and (d) group ND. A non-parametric paired permutation 

(p<0.01) was performed to compare the statistic between two conditions, with FDR correction 

applied. The blue bars indicate the average GC during BSD and the red bars indicate the average 

GC during SSD. 
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Figure 5.6 The matrices of p-values generated from a non-parametric paired permutation (p<0.01) of 

the intra-brain GC values from all trials between groups (D and ND) in (a) Baseline, (b) BSD, and 

(c) SSD, with FDR correction applied. The blue and red squares indicate the significant connections, 

blue indicates higher average GC value in group D and red indicates higher average GC value in group 

ND. 

 

5.3.2 Directed Transfer Function 

DTF results are presented in three ways: as matrices presenting the grand average of DTF 

values of all epochs from all players in each group (Fig. 5.7 and 5.11),  as connectivity 

maps displaying only the average values above the 75th percentile of its corresponding 

matrix for an easy visual representation of spatial connectivity localisation (Fig. 5.8 and 

5.12), as a set of p-value matrices (Fig. 5.9, 5.13, 5.15, and 5.17) and as bar graphs 

displaying the average GC values in each zone (Fig. 5.10, 5.14, and 5.16). 

The statistical comparisons from the DTF data were performed as the following: 

between Baseline and BSD/SSD, between BSD and SSD, and between groups. Based on 

these presentations, the results will be explained following the same structure as in intra-

brain GC results presentation. 

DTF of group D 

(i) Baseline vs BSD: in BSD, for Pz as a source, increased connections were flowing 

to Fz and F4 (in lower beta band), to C3 (in theta band), and to Cz (in theta, alpha, 

and lower beta bands), and decreased connections to P4 (in alpha band) and Oz 

(in all frequency bands). For Pz as a sink, increased connections were flowing 

from F3, Fz, and C3 (in all frequency bands), and decreased connections from Cz 

and C4 (in all frequency bands), and from Oz (in theta and both beta bands). 

Baseline vs SSD: in SSD, for Pz as a source, decreased connections were flowing 

to P4 (in lower beta band) and Oz (in alpha and both beta bands). For Pz as a sink, 
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increased connections were flowing from F3 and C3 (in all frequency bands), and 

decreased connections from C4 (in theta, alpha, and higher beta bands).  

(ii) In all frequency bands and all conditions, the prominent connections were evenly 

distributed throughout all channels and densely clustered over the midline 

channels.  

(iii) Baseline vs BSD: FPo was found to have higher significant connection count in 

BSD in all frequency bands, followed by FC in theta and alpha bands, while CPo 

was found to have higher significant connection count in Baseline in all frequency 

bands, followed by PoF in theta and alpha bands.  

Baseline vs SSD: FPo and CPo (from the left hemisphere) were found to have 

higher significant connection count in SSD in all frequency bands. In Baseline, 

higher significant connection count was found in CF in all frequency bands and 

in CPo in theta, alpha, and lower beta bands, all from the right hemisphere. 

(iv) Baseline vs BSD: significant decreases of average DTF during BSD were found 

in FC (theta, alpha, and lower beta), FPo (theta, alpha, and higher beta), CC and 

PoPo ( all frequency bands), and significant increases of average DTF during BSD 

were found in FF, CF, and PoF (all frequency bands) and in CPo (lower beta).  

Baseline vs SSD: significant decreases of average DTF during SSD were found in 

FC (alpha), FPo (all frequency bands), and PoPo (theta and both beta bands), and 

significant increases of average DTF during SSD were found in FF (all frequency 

bands), CF and PoF (theta, alpha, and higher beta), and PoC (both beta bands).  
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Figure 5.7 The average DTF matrices for group D for Baseline, BSD and SSD conditions, in 

each frequency band. 
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Figure 5.8 The connectivity maps display the average DTF values for group D above the 75th percentile 

of its corresponding matrix shown in Figure 5.7, for Baseline, BSD and SSD conditions, in each 

frequency band. 

 

 

 



95 
 

 
Figure 5.9 The matrices of p-values generated from a non-parametric paired permutation (p<0.01) 

of the DTF values from all trials between Baseline and each gaming condition (Baseline vs 

BSD and Baseline vs SSD) for group D in each frequency band with FDR correction applied. 

The blue and red squares indicate the significant connections, blue indicates higher average DTF 

value in Baseline (lower in gaming) and red indicates lower average DTF value in Baseline 

(higher in gaming).  
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Figure 5.10 The bar graphs of the average DTF values (mean ± standard error) in each zone 

between Baseline and each gaming condition (Baseline vs BSD, and Baseline vs SSD) for group 

D, in each frequency band. A non-parametric paired permutation (p<0.01) was performed to 

compare the statistic between two conditions, with FDR correction applied. The blue bars indicate 

the average DTF during Baseline and the red bars indicate the average DTF during gaming 

experiment (BSD/SSD). 
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DTF of group ND 

(i) Baseline vs BSD: in BSD, for Pz as a source, decreased connections were flowing 

to all channels in all frequency bands. For Pz as a sink, increased connections were 

coming from F3 and C4 (in all frequency bands), Fz (in both beta bands), and C3 

(in theta and both beta bands), and decreased connections were coming from P3 

(in both beta bands), P4 (in theta and both beta bands), and Oz (in higher beta 

band).  

Baseline vs SSD: in SSD, for Pz as a source, decreased connections were flowing 

to all channels in all frequency bands. For Pz as a sink, increased connections were 

coming from F3, F4, and C3 (in all frequency bands), and decreased connections 

were coming from Cz and P4 (in all frequency bands), P3 and Oz (in higher beta 

band). 

(ii) The most prominent connections in Baseline were evenly distributed around all 

areas in all frequency bands, with a dense cluster formed over the midline 

channels. During both gaming conditions, the most prominent connections are 

clustered around the left fronto-central channels with larger area of the left-

hemisphere become more involved in SSD compared to BSD.  

(iii) Baseline vs BSD: in BSD, higher significant connection count was found in FPo 

and CPo in all frequency bands, while in Baseline, higher significant connection 

count was found PoF and PoC in all frequency bands.  

Baseline vs SSD: in SSD, higher significant connection count was found in FC, 

FPo, and left hemispheric CF, CC, and CPo, in all frequency band, while in 

Baseline, higher significant connection count was found in PoF, PoC, and PoPo 

in all frequency bands.  

(v) Baseline vs BSD: significant decreases of average DTF during BSD were found 

in FC and CC (theta and both beta bands), FPo, CPo, PoC, and PoPo (all frequency 

bands), and significant increases of average DTF during BSD were found in FF, 

CF, PoF in all frequency bands.  

Baseline vs SSD: significant decreases of average DTF during SSD were found in 

FC, FPo, CPo, and PoPo (all frequency bands) and PoC (theta) and significant 

increases of average DTF during SSD were found in FF, CF, PoF in all frequency 

bands.  
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Figure 5.11 The average DTF matrices for group ND for Baseline, BSD and SSD conditions, in 

each frequency band. 
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Figure 5.12 The connectivity maps display the average DTF values for group D above the 75th percentile 

of its corresponding matrix shown in Figure 5.11, for Baseline, BSD and SSD conditions, in each 

frequency band. 
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Figure 5.13 The matrices of p-values generated from a non-parametric paired permutation 

(p<0.01) of the DTF values from all trials between Baseline and each gaming condition 

(Baseline vs BSD and Baseline vs SSD) for group ND in each frequency band with FDR 

correction applied. The blue and red squares indicate the significant connections, blue indicates 

higher average DTF value in Baseline (lower in gaming) and red indicates lower average DTF 

value in Baseline (higher in gaming).  
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Figure 5.14 The bar graphs of the average DTF values (mean ± standard error) in each zone 

between Baseline and each gaming condition (Baseline vs BSD, and Baseline vs SSD) for group 

ND, in each frequency band. A non-parametric paired permutation (p<0.01) was performed to 

compare the statistic between two conditions, with FDR correction applied. The blue bars indicate 

the average DTF during Baseline and the red bars indicate the average DTF during gaming 

experiment (BSD/SSD). 
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Comparisons between BSD vs SSD  

(i) Group D: in BSD, for Pz as a source, stronger connections were flowing to Fz and 

Cz (in all frequency bands), and to P3 (in alpha band) and Oz (in alpha and lower 

beta bands), and a weaker connection  was flowing to P3 (in theta and higher beta 

bands). For Pz as a sink, stronger connections were coming from F3 (in lower beta 

band) and Fz (in alpha and lower beta bands), and weaker connections were 

coming from F4 and C4 (in lower beta band), and from Cz (in all frequency 

bands).  

Group ND: in BSD, for Pz as a source, stronger connections were flowing to C3 

(in all frequency bands), to Cz (in theta and higher beta bands), and to C4 (in theta 

band), and weaker connections were flowing to Fz (in higher beta band), to F4 

and C4 (in all frequency bands), and to Cz (in alpha and lower beta bands). For 

Pz as a sink, stronger connections were coming from Cz (in theta band) and from 

P4 and Oz (in lower beta band), and weaker connections were coming from C3 

(in theta band) and from P3 (in theta and lower beta bands).  

(ii) Group D: in BSD, higher significant connection count was found in FPo in alpha 

and both beta bands, while in SSD, higher significant connection count was found 

in CC and CPo in alpha and lower beta bands.  

Group ND: in BSD, higher significant connection count was found in FC in theta 

and both beta bands and in CC and PoC (higher from midline and the right 

hemisphere in theta, and both beta bands). In SSD higher significant connection 

count was found in PoC (higher from the occipital midline and the left hemisphere 

in theta and both beta bands), while in alpha band PoC activity was higher in SSD, 

particularly coming from the parietal midline and left hemisphere (Pz and P3).  

(iii) Group D: significantly higher average DTF during BSD compared to SSD were 

found in FF (alpha), CF and PoF (all frequency bands) , and CPo (lower beta), and 

significantly lower average DTF during BSD compared to SSD were found in FC 

(theta and lower beta), CC, PoC, and PoPo (all frequency bands). 

Group ND: significantly higher average DTF during BSD compared to SSD were 

found in FC (alpha), FPo, CPo, and PoPo (all frequency bands), and significantly 

lower average DTF during BSD compared to SSD were found in FF, CF, PoF, 

and PoC (all frequency bands), and FC and CC (both beta bands).  
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Figure 5.15 The matrices of p-values generated from a non-parametric paired permutation 

(p<0.01) of the DTF values from all trials between BSD and SSD for each group, in each 

frequency band with FDR correction applied. The blue and red squares indicate the significant 

connections, blue indicates higher average DTF value in BSD (lower in SSD) and red indicates 

lower average DTF value in BSD (higher in SSD). 
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Figure 5.16 The bar graphs of the average DTF values (mean ± standard error) in each zone 

between BSD and SSD for both groups, in each frequency band. A non-parametric paired 

permutation (p<0.01) was performed to compare the statistic between two conditions, with FDR 

correction applied. The blue bars indicate the average DTF during BSD and the red bars indicate 

the average DTF during SSD. 
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Comparisons between group D and group ND 

(i) Baseline: for Pz as a source, group D shows stronger connections to most fronto-

central channels (in theta, alpha, and lower beta bands), to Fz and C4 (in higher 

beta band). For Pz as a sink, group D shows stronger connections from Cz and P4 

(in all frequency bands), from C4 (in lower beta band), from P3 (in theta and 

higher beta bands), and from Oz (in theta and both beta bands), and weaker 

connections from F3 and F4 (in all frequency bands).  

BSD: for Pz as a source, group D shows stronger connections to all channels (in 

all frequency bands, except to Oz in theta and lower beta bands). For Pz as a sink, 

group D shows stronger connections from Fz (in theta and alpha bands), from Cz, 

P3, and P4 (in all frequency bands), and from Oz (in higher beta band), and weaker 

connections from F3, F4 and C4 (in all frequency bands).  

SSD: for Pz as a source, group D shows stronger connections to all channels (in 

all frequency bands, except to Oz in alpha and lower beta bands). For Pz as a sink, 

group D shows stronger connections from Cz, P3, P4, and Oz (in all frequency 

bands), and weaker connections from F3, F4, and C3 (in all frequency bands), 

from Fz (in higher beta band), and from C4 (in theta band).  

(ii) Baseline, BSD, and SSD: group D shows higher significant connection count in 

PoF and PoC in all frequency bands, while group ND shows higher significant 

connection count in FC and FPo in all frequency bands, with Baseline shows more 

scarce significant connections compared to gaming.  

 



106 
 

 
Figure 5.17 The matrices of p-values generated from a non-parametric paired permutation (p<0.01) of 

DTF values from all trials between groups (D and ND) for Baseline and each gaming condition (BSD 

and SSD), in each frequency band with FDR correction applied. The blue and red squares indicate the 

significant connections, blue indicates higher average DTF value in group D (lower in group ND) and 

red indicates lower average DTF value in group D (higher in group ND). 
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5.3.3. Inter-brain Granger Causality 

Inter-brain GC results are presented in two ways: as matrices presenting the grand average 

of GC values of all epochs from all pairs in each direction (i.e. from group D to group 

ND will be called ‘direction I’ and from group ND to group D will be called ‘direction 

II’) (Fig. 5.18), as a set of p-values matrices displaying the significant connections, as a 

result of a non-parametric single-sample permutation test (Fig. 5.19), and  as inter-brain 

connectivity maps displaying the significant connections obtained from the p-values 

matrices (Fig. 5.20).  

 The significant connections found in the inter-brain GC showed that more 

connections were found in direction I during BSD, while there was no significant 

connection found during SSD. This condition indicates that group D achieved their best 

gaming performance (BSD), not only by modulating their intra-brain activity, but also by 

engaging in the social aspect of the game (i.e. competing with their opponent). 

Meanwhile, group D reached their worst gaming performance (SSD) by isolating 

themselves. On the other hand, direction II showed the same amount of significant 

connections during both gaming conditions. During group ND’s best gaming 

performance (SSD), all channels were found active in sending significant connections to 

group D, compared to during BSD. This condition indicates that SSD was achieved due 

the larger brain activation area combined with the lack of social engagement by group D. 

 

Figure 5.18 The matrices of the average inter-brain GC for each condition, i.e. Baseline, BSD, 

and SSD for each direction. 
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Figure 5.19 The matrices of p-values generated from a non-parametric single-sample permutation 

(p<0.001) with FDR correction applied, of the inter-brain GC of all pairs for both gaming 

conditions. The white boxes represent the significant connections. 

 
Figure 5.20 The significant inter-brain connectivity map based on the significant connections 

found in Figure 5.19, for both gaming conditions (BSD and SSD), in both directions.  
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5.4 Discussions 

Multi-user BCI competitive gaming has been previously studied [66, 159], however, the 

information regarding the cortical activation within and between the interacting brain are 

still relatively limited. In this study, we performed intra-brain and inter-brain connectivity 

analysis in order to explore the impact of competitive BCI gaming that is based on alpha 

band operant conditioning, to the brain cortical activity. Three different conditions were 

measured such as pre-gaming Baseline, BSD, and SSD, with the group of players divided 

based on their resting state alpha power, into group D and group ND. Connectivity 

analysis were divided into intra-brain GC, DTF, and inter-brain GC, with a non-

parametric statistical analysis to compare the results based on the types of condition (i.e. 

Baseline-BSD and Baseline-SSD) in order to find out the difference between Baseline 

and each gaming condition, and based on the groups (i.e. between group D and group 

ND) in order to compare the different network activation between players during Baseline 

and both gaming conditions. Intra-brain connectivity detected the dominance of group D 

during gaming, characterised by the stronger connections coming from the parietal area 

(in GC) and by a frequency specific Pz activity as a source channel (in DTF). Inter-brain 

connectivity also found best gaming performance of group D was achieved due to their 

ability to modulate their intra-brain activity as well as by engaging to the social aspect of 

the game, while group ND only engaged in the social interaction with weaker ability to 

modulate their intra-brain activity. 

Intra-brain GC 

Intra-brain GC analysis for group D in both gaming conditions detected an increased 

connectivity around the localised parietal network as well as the bilateral fronto-parietal 

network, and the most successful gaming was characterised by the increased of 

connectivity from Pz to Cz. These results might suggest that they managed to upregulate 

the activity around the Pz channel by increasing its activity as a source, sending 

information to other channels compared to its activity as a sink in receiving information 

from other channel, despite there was no significant alpha power changes occurred at Pz  

(Chapter IV). The activation of fronto-parietal network might reflect the level of task-

engagement performed by the group during gaming. Fronto-parietal network is known to 

be activated during cognitive control, it has been proposed that its role is to regulate the 
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activities of antagonistic networks of default mode network (DMN) and the dorsal 

attention network (DAN) [179, 180]. Intra-brain GC also detected a decreased of network 

connections that are originated from the left central channel in both gaming conditions in 

group D, indicating that the left central area of the brain is more active during Baseline. 

Left-lateralised brain activity during resting state has been reported along with its relation 

to the DMN [181, 182]. The decreasing activity around this part during gaming might 

indicate the deactivation of DMN. In contrast to group D, group ND did not show much 

of a significant increase of connectivity during gaming, instead, they tend to deactivate 

most of the brain networks during gaming.  

Intra-brain GC comparison between BSD and SSD revealed that during their most 

successful gaming (BSD), group D significantly increased their fronto-parietal network, 

with higher connections coming from Pz towards the fronto-central area, confirming the 

control of channel Pz, while maintaining a higher level of task-engagement. Similar 

analysis in group ND showed that during their most successful gaming (SSD), the fronto-

parietal connectivity and the activity of Pz as a source channel are significantly higher 

compared to during BSD, indicating the effort for a better performance, thus reducing the 

score difference between the groups. However, their effort was not enough to outperform 

their opponent. 

Intra-brain GC comparison between groups show that, even during Baseline, the 

two groups displayed statistically significant differences in their connectivity, with 

stronger connectivity found in group D around the fronto-parietal and the localised 

parieto-occipital networks. Based on this result, the connectivity difference during resting 

period between the groups may allow the prediction of a gaming/training outcome, as 

previously studied with the functional resting connectivity and its ability to predict task 

performance [45, 183]. This result also supports our findings in Chapter IV, which 

revealed a statistically significant difference of occipital alpha power between groups 

during Baseline. During gaming, generally higher connectivity was found in all of the 

brain networks in group D regardless the gaming outcome, while group ND showed a 

very few significant connections. This result reflects that group ND has no substantial 

role in achieving SSD condition- as their successful performance, and it is more likely 

that SSD was achieved due to a weaker performance by group D.  
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Directed Transfer Function 

DTF results in group D showed that there was a significant frequency specific increase 

of connectivity from Pz to Cz in the alpha band (as well as in the frequency band that 

might overlap with alpha band, i.e. theta and lower beta band) during BSD. However, 

similar increase did not occur during SSD, which might reflect the effort of the group to 

regulate the parietal activity within a specific frequency range. DTF also detected higher 

posterior midline connectivity (between Pz and Oz) during Baseline when compared to 

both gaming conditions that was not frequency specific. This higher Baseline 

connectivity might be associated to the posterior cingulate cortex (PCC) activity, a brain 

structure that is a part of DMN [184], which is deactivated during gaming performance. 

Additionally, DMN (consisted of mPFC, PCC and TPJ), has been linked to the brain’s 

social function and an abnormal PCC activity has been associated with an impaired social 

function in autistic individuals [185-189], which is relevant to the social interaction 

aspect of the experiment.  

 The DTF results during gaming in group D may suggest the mental strategy that 

potentially caused group D to perform poorly during SSD. In BSD, group D in all 

frequency bands, tend to increase the connectivity around the left frontocentral and left 

frontoparietal areas and to decrease the posterior midline area. While in SSD, group D 

showed a lack of activation around midline area, leaving a separated, lateralised 

connectivity (increasing in the left-frontal and decreasing in the right-central compared 

to Baseline). This result suggests the importance of maintaining the brain activity around 

the midline area as a successful gaming strategy. Moreover, midline area has been 

reported as the system responsible to a self-referential thought and self-evaluation [190, 

191]. Midline areas also included in the brain’s major networks, e.g. DMN and SN [184, 

192].  

 On the other hand, the DTF results in group ND show that, despite having the 

similar connectivity pattern coming from the frontal area like in group D, the group 

showed a significant decrease of connectivity in the fronto-parietal network that is 

coming from the parietal channels, as well as in the localised parietal area, in all 

frequency bands. This indicates that the group not only failed to regulate a frequency 

specific parietal activity during gaming, but also, they show less active fronto-parietal 

network, suggesting a lower level of task engagement performed during gaming.  
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 DTF results from group D and from group ND during SSD consistently showing a 

decrease of connections that are coming from the left fronto-central area. This activity 

can be associated with the activation of the left dlPFC, a structure that has been linked 

to planning and perceptual decision making [193, 194] and has been reported to be active 

in multiple competitive experiments [81, 84]. However, the lateralization of brain 

connectivity detected by DTF is very different to the lateralization pattern found in GC. 

This difference will be discussed later in the chapter. 

Furthermore, the frequency specific increase of connection in group D from Pz and 

Cz, suggest that only the targeted area (Pz) can modify their connectivity within a specific 

frequency band. In addition, taken from the sLORETA results in alpha band presented in 

Chapter IV, the highest increase of source activation and the highest count of increased 

source activation during BSD, all were found in precuneus, a portion of parietal cortex 

that is located closer to the midline area [170], while precuneus activity in SSD was not 

frequency-specific. This result can be associated with our DTF results in alpha band, 

where the increase of connectivity from Pz to Cz was found in alpha band (as well as in 

the frequency which might overlap with alpha, i.e. theta and lower beta band), only during 

BSD.  

 Similarly with intra-brain GC, DTF comparison between groups show that, even 

during resting, the two groups displayed statistically different Baseline connectivity in 

all frequency bands, with higher connectivity around the centro-parietal area was  found 

in group D, while group ND exhibited higher frontal connectivity. These connectivity 

differences during resting might be useful to predict a successful/non-successful 

gaming interaction [45, 183], in line with the results found in intra-brain GC as well in 

spatial alpha power distribution in Chapter IV. 

Inter-brain GC 

Inter-brain GC analysis revealed the influence of the engagement level of the players to 

the social aspect of the game, with the gaming performance. Best gaming performance in 

both groups was achieved when there are more significant inter-connections found ( e.g. 

from group D to group ND in BSD) and when there are more channels actively sending 

the significant inter-connections (from group ND to group D in SSD). Moreover, the lack 

of significant connections from group D to group ND in both conditions, may reflect the 

tendency of isolation by the players when they tried to perform better, as presented by 
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Fallani et al. [85] that the weaker significant connections during defective gaming 

interaction compared to collaboration may reflect selfish behaviour. Additionally, the 

inter-connectivity in our results may not necessarily depicting that signal is physically 

transmitted between brains during interaction. However, our results managed to show that 

the gaming paradigm is not only depending on the player’s individual performance (based 

on their own brain activity), but also depending on the level of engagement to their 

opponent’s performance.  

Notable findings 

Our study analysed the brain intra- and inter- connectivity as a response to competitive 

interaction in an alpha operant-conditioning training paradigm. We found that different 

method of multivariate connectivity analyses, i.e. GC and DTF, might show different 

results, particularly evident after the statistical analysis comparing gaming condition 

with Baseline. The differences between these two methods have been discussed before 

by Eichler [195], stating that despite the close relation in concept between the two 

methods in estimating directed connectivity, DTF estimates the total information 

affecting one time series on another, while GC mainly estimates the direct effect that one 

series can give to another. Moreover, GC can have the tendency to promote type I 

spurious causality, which likely to cause a false detection of a direct effect between two 

time series [195], while DTF detects not only a direct effect but also a cascade effect 

[196]. Different connectivity detection during Baseline and gaming by these two 

methods, consequently, resulted different trend of brain activation pattern after statistical 

analysis. However, both approaches are equally needed in our study to provide 

connectivity information in both time and frequency domain.  

 Moreover, we found that intra-brain connectivity results in this study to some 

extent, complement the single-brain analysis electrophysiological signatures, performed 

in the previous chapter (Chapter IV). Our results revealed that significant connectivity 

changes in a specific frequency band might appear, despite the power spectral density 

results did not find any significant activation in the localised area. These significant 

connections displayed the brain activity as multiple separate networks and depicted their 

influences on each other during resting and active states. In addition, we found that 

individual intra-brain connectivity during resting is potentially useful in predicting 

gaming performance. Lastly, we also revealed the inter-brain connections between 
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players, suggesting that the level of engagement to the social aspect of the game is 

related to the gaming performance.  

Limitations 

The limitations of this study including small number of channels as well as the shorter 

time-series length that were used in connectivity analysis. A larger number of channels 

that evenly distributed throughout the brain areas will provide a better connectivity 

resolution. Faster computational facility was also required in order to perform 

connectivity analysis efficiently. Inter-brain synchrony analysis could be added for 

future direction to provide the information of inter-brain synchronization activity when 

competitive interaction is present [197, 198]. Moreover, there is always a room to 

increase the number of players in order to get better and more precise group statistical 

results.  

5.5 Conclusion 

The study performed intra- and inter- brain connectivity analysis of the data obtained by 

multi-user competitive BCI game that is based on alpha band operant conditioning. Our 

results suggest that group D outperformed group ND regardless the gaming outcome. 

Intra-brain connectivity results showed the effort of group D to upregulate their parietal 

activity within the alpha frequency band while keeping their engagement level to the task, 

which is characterised by the activation of fronto-parietal control network. Results in 

group D also proposed the role of midline activity for a successful gaming strategy. In 

contrast, group ND did not show any indication of successful parietal alpha regulation 

nor a higher level of task engagement. Our results also found that Baseline connectivity 

might be useful in predicting the gaming performance, as the groups showed a different 

resting connectivity pattern. Finally, our inter-brain connectivity results suggest that 

successful gaming condition was achieved when the players are not only modulating their 

intra-brain activity, but also while being engaged to the social aspect of the game.    
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Chapter VI 

 

Collaborative Multi-user BCI:  

Part I – Electrophysiological Features 

 

6.1  Introduction 

Collaborative behaviour holds a crucial role in human survival- along with competitive 

behaviour. If competitive behaviour is beneficial to win a limited resource, collaborative 

behaviour is beneficial in gaining a communal benefit [199]. Due to the frequency of 

collaborative interaction in everyday scenarios and its importance in maintaining human 

survival as a community, it is important to explore and to understand the underlying 

principles of collaborative interaction.  

Li and Nam [76] defined the collaborative Brain-Computer Interface (BCI) as a 

non-invasive BCI system that maintains collaborative interaction by working in a group 

of users, where the users can help each other to perform their joint task. In BCI 

application, collaborative interaction has been used in several BCI paradigm, for 

example: in collaborative BCI speller [200], collaborative BCI for robot arm control [76], 

collaborative BCI involving joint decision making [73], and in collaborative BCI gaming 

[62, 63]. These studies have proven the possibilities of employing social interaction in a 

BCI system, as well as the possibilities to combine brain signatures from multiple 
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individuals as the input of the system and potentially bring benefits to the outcome of the 

system.  

The brain areas such as bilateral superior frontal gyrus, parietal cortex, right inferior 

frontal gyrus, and anterior insula, were reported to be activated by cooperative behaviour 

[78, 79, 89]. The superior frontal gyrus activity is related to a higher memory processing 

[201, 202] as well as serving a broader functions, from cognitive to motor functions [203], 

and the right inferior frontal gyrus has been linked to response inhibition and to attention 

during  a target detection task [165-167]. The superior parietal cortex activity is related 

to cognitive functions, such as in spatial shifting during goal-directed attention state [204-

206],  and in working memory [207], and the inferior parietal cortex was reported to be 

involved in the mental construction of an object shape [208] - which is  relevant to the 

experimental task in Connect Four [78]. Lastly, the anterior insula has been linked to 

emotional awareness and conscious perception [175, 209-212]. 

In this study we performed a synchronic [82] collaborative multi-user BCI gaming 

that is based on the alpha band, non-verbalised operant conditioning. The recorded EEG 

signatures from the gaming experiment were measured and analysed during both resting 

and gaming states, in order to explore the cortical dynamics that occur during an active 

synchronic collaborative task. Moreover, the alpha EEG activity, particularly during resting 

has been proposed as a predictor of a successful cognitive performance [42, 151]. In this study, 

EEG activity resting state of two collaborating players will be recorded and compared, to see 

whether there is any resting state EEG characteristic that can predict collaborative BCI 

performance.  

6.2 Methods 

6.2.1 EEG experiments 

Twenty healthy able-bodied adults (age 26.9 ± 3.7 years old, eight females and twelve 

males) participated in EEG experiments where they were grouped into ten pairs based on 

the order of their appearance. Eight out of ten pairs of participants have known each other 

before the experiment. They signed the written consent form prior to the experiments. 

Ethical permission was granted by the University’s College Ethical Committee.  

The groups of players were divided as group D (dominant players) and group ND 

(non-dominant players). The dominance level between players was determined based on 
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the highest average gaming RA (out of six sub-sessions in each session) in the first two 

gaming sessions. If during the first two sessions the pair is tied in achieving the higher 

average gaming RA, then the highest average gaming RA between players for the first 

two sessions was used to determine the dominance between players. The gaming 

conditions were classified into ‘successful’ sub-session and ‘non-successful’ sub-sessions 

based on their gaming performance in the third session. These conditions were decided 

based on the gaming sub-session where both players gained the highest\lowest mutual 

score. These conditions include: the gaming sub-session with the highest score (Best/BE) 

and the gaming sub-session with the lowest score (Worst/WO). Further technical details 

regarding the game interface, the scoring rules, the EEG experiment setup and sessions 

have been covered in the Method chapter (Chapter III). 

6.2.2 Data analysis 

Power Spectral Analysis 

Prior the analysis, each continuous time-series was segmented into 4 s epoch with a 50% 

overlap. Statistical analysis for individual RA at Pz and individual alpha (IA) peak 

frequency at Pz from all sessions were performed in SPSS 25.0 (IBM corp., USA). Prior 

the statistical analysis, Shaphiro-Wilk normality test was performed to confirm the 

normal distribution of the data. Non-parametric statistical analyses were performed for 

RA and scores data, by using Kruskal-Wallis H test and Wilcoxon signed rank (WSR) 

test. Kruskal-Wallis H test was used to compare more than two groups and the WSR was 

used to compare two groups, i.e. the group of players, D and ND. Parametric statistical 

analyses were performed for IA peak frequency data, by using. two-way ANOVA to 

compare different variables (Session and Group) in one measurement.  

All multi-channel EEG data were uploaded to a STUDY structure in EEGLAB for 

power spectral group analysis. The uploaded data were divided into groups (i.e. group D 

and ND) and into different conditions (i.e. Baseline, BE, and WO). In a STUDY structure, 

spatial distribution of power for all conditions was calculated in the four pre-defined 

frequency bands (theta, alpha, lower beta, and higher beta). A non-parametric unpaired 

permutation analysis for 800 repetition (p<0.05)  [139] was applied to test the statistical 

significance of the absolute power difference between groups or conditions in each 

frequency band, and False Discovery Rate (FDR) statistical correction method [152] was 

applied for multiple comparisons.  
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Fractal Dimension 

The kmax value of 8, as the most commonly used kmax values in EEG signal analysis 

[109, 153, 154] and a 5 s epoch length were chosen for HFD analysis. Prior the HFD 

analysis, data were down-sampled to 128 Hz sampling frequency [155]. Non-parametric 

statistical analysis such as Kruskal-Wallis H test and WSR test were performed to the 

mean HFD data. Kruskal-Wallis H test was used to compare the three conditions (i.e. 

Baseline, BE, and WO) and WSR test was used to compare the two groups (i.e. group D 

and ND). Both tests used confidence level of 95%. Holm-Bonferroni statistical correction 

method was applied for multiple comparisons [156].  

Source Localisation 

Prior exporting data to sLORETA, 2 minutes of data length from each participant from 

each condition (i.e. Baseline, BE, and WO) were divided into 4 s epoch with no overlap. 

The 2 minutes length was chosen based on the duration of the shortest time-series 

(baseline), due to the data length uniformity required for paired statistic in sLORETA. 

The extracted 2 minutes data were taken from the two minutes where the average RA of 

both players have the smallest difference (for BE) and the biggest difference (for WO). 

Four pre-defined frequency bands (theta, alpha, lower beta, and higher beta) were 

selected. Paired t-test statistic was performed using statistical analysis package 

implemented in sLORETA, to compare each of the gaming condition with the baseline in 

each frequency band. The paired t-statistic was calculated on log-transformed data with 

5000 non-parametric randomizations (p < 0.05).  

Post-experimental Workload Analysis 

The post-experimental NASA-TLX scales obtained from all participants were compared 

to find the statistically significant difference between sessions and between groups, for 

each category (i.e. mental, physical, temporal, performance, effort, and frustration). Non-

parametric statistical tests were performed in SPSS, namely Friedmann’s test, WSR test, 

and Kruskal-Wallis H test (p < 0.05). Friedmann’s test was used to determine any 

statistical difference between measurements across multiple variables, namely Sessions 

and Groups (i.e. group D and ND). WSR test was used to compare the scores between 

groups in each session for each category. Lastly, Kruskal-Wallis H test was performed to 

measure the statistical difference in the overall NASA-TLX scores over sessions.  
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6.3  Results 

6.3.1 RA, scoring performance, and individual alpha peak frequency 

In this study, RA was used as a control parameter in gaming, where the scoring results 

were used to measure the user’s gaming performance, as previously mentioned in the 

method section. Figure 6.1 shows the absolute power at alpha band from Pz during 

Baseline and during the highest-scoring sub-session, averaged from all players in each 

group, for each session. This figure indicates that, on average, both groups managed to 

adjust their alpha power during gaming to a similar level over time.  

Table 6.1 and Table 6.2 show the daily sessions’ average (mean ±std) and median 

(median and interquartile range), respectively of the % gaming RA recorded from channel 

Pz along with the gaming scores from all participants across sub-sessions. Due to the 

large values of standard deviations of % RA, the results of median and interquartile range 

were also provided.  

Table 6.3 shows Kruskal-Wallis H test (p < 0.05) found no significant difference 

over sessions in both RA and gaming scores in both groups. Table 6.4 shows that a 

Wilcoxon signed-rank test (p < 0.05) found a significant difference in RA and in gaming 

scores, in both groups between Session I and II, and between Session I and III. Our results 

indicate an increased trend for RA over sessions and a decreased trend for scores. 

Figure 6.2 shows the individual pre-gaming Baseline RA for both groups over the 

three sessions (Fig. 6.2 a-c), mean ±std in each daily session of each single player’s 

gaming RA (Fig. 6.2d-f) averaged over 10 players in each group, and the average gaming 

scores (Fig. 6.2g) in each pair. Mean ±std were used in this figure to show the impact of 

NC on the individual RA, which is more evident if the graphs are presented based on 

mean. The bars with an asterisk represent the mean gaming RA from players with higher 

Baseline RA in each pair (as displayed in Fig. 6.2a-c). The players marked with asterisks 

received feedback of their normalised RA (NC was applied to their RA during gaming) 

instead of their real RA. In some pairs, the players who had larger/smaller Baseline RA 

can be different on different days, they can be from either group D or ND (i.e. pair 3, 

Session II and III, pair 8 and 9 on Session III). This was likely caused by the individual 

variability of natural alpha power that not only differs from one person to another, but 

also from one day to another [157]. However, in a special case like in pair 3, since the 

dominance between players was decided prior the experiment on Session III, the player 
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with the highest Baseline RA in the past two experiments was chosen as the dominant 

player-thus that player received NC, even though that player ended up having lower 

Baseline RA on Session III. In this case, it is suggested that the length of EEG preparation 

time during the last session, where multiple channels were used, might affect the Baseline 

RA level of the player. Generally, the different daily individual Baseline RA suggests 

how important it is to adjust the individual alpha threshold daily before each gaming 

session. To show the difference of average RA values before and after NC was applied, 

the mean ± std of the players’ individual RA in each daily session without NC application 

were presented in Figure 6.3 

Furthermore, the individual alpha (IA) peak at Pz in all participants from each 

session was measured from the power spectrum within the wide band of 6-16 Hz [158], 

from eyes-closed baseline and eyes-open baseline. The frequency of the beginning of 

‘ascent’ and the end of ‘descent’ from the dominant power spectrum within the selected 

frequency width were visually inspected and the decrease of spectral power by more than 

20% from the eyes-closed condition to the eyes-open condition was defined as  IA 

frequency with the maximum decrease as the maximum peak [158]. Table 6.5 shows the 

different IA peak frequency in each player from one session to another, along with the 

mean ± std of IA peak frequency for each group, in every session. Shapiro-Wilk normality 

test was performed prior the parametric statistical analysis to confirm the normal 

distribution of the IA peak frequency data. Table 6.6 shows that two-way ANOVA 

analysis (p < 0.05) found no significant difference in IA peak frequency across sessions 

and between groups in each session.  
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Figure 6.1 The absolute alpha power spectral density at Pz, averaged from all baselines and all 

the highest-scoring sub-sessions, in (a) Session I, (b) Session II, and (c) Session III, for each group 

of players. 

Table 6.1 The mean ± std of RA from channel Pz and gaming scores from all pairs averaged 

over all sub-sessions on each experimental day.  

RA 

Session Group D Group ND 

I 29.0 ± 13.4 20.5 ± 13.6 

II 33.4 ± 15.3 24.5 ± 12.7 

III 31.9 ± 16.2 24.1 ± 12.5 

Scores 

Session  

I 95.4± 76.2 

II 62.5± 40.7 

III 68.7±31.1 
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Table 6.2 The median and interquartile range of RA from channel Pz, and gaming scores from 

all pairs averaged over all sub-sessions on each experimental day.  

RA 

Session Group D Group ND 

I 28.6(18.7-37.5) 16.4(11.9-28.8) 

II 28.8(20.7-41.3) 20.8(15.5-29.0) 

III 29.5(17.7-38.5) 20.9(17.1-24.9) 

Scores 

Session  

I 89.5(32.25-113.5) 

II 65(23-95.25) 

III 74(45.5-91.75) 

 

Table 6.3 Table of p-values and H scores obtained from Kruskal-Wallis H test (p<0.05) of RA 

(of each group) and gaming scores, across all sessions. 

 RA  

Group p-values H-statistic 

D 0.392 1.875 

ND 0.054 5.838 

 Scores  

 
p-values H-statistic 

0.060 5.624 
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Table 6.4 Table of p-values and Z scores obtained from Wilcoxon signed rank test (p<0.05) of 

RA (of each group) and gaming scores between sessions. 

 RA   

Group Comparison p-values Z-score 

D 

*Session I - Session II 0.000 -4.226 

*Session I - Session III 0.017 -2.385 

Session II- Session III 0.074 -1.789 

ND 

*Session I - Session II 0.000 -4.829 

*Session I - Session III 0.003 -2.967 

Session II- Session III 0.208 -1.259 

 Scores   

 Comparison p-values Z-score 

 

*Session I - Session II 1.6 x 10-7 -5.300 

*Session I - Session III 0.004 -2.853 

Session II- Session III 0.325 -0.983 

        *) Comparison with significant p-value. 
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Figure 6.2 (a-c) The individual pre-gaming RA (%) at Pz for all players in all three experimental 

sessions. (d-f) Mean ± std of individual gaming RA (%) at Pz during gaming and (g) the gaming 

scores, all taken from all sub-sessions in each session -the bars with asterisks (d-f) indicate 

normalisation of RA during gaming.  

 

 
Figure 6.3 (a-c) Mean ± std of the real individual gaming RA (%) at Pz from all sub-sessions, 

without any normalisation applied during gaming.   
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Table 6.5 The mean ± std of IA peak frequency (Hz) from each participant in each session. 

Pair 
Session I Session II Session III 

D ND D ND D ND 

1 9.7 10.3 11.8 10.8 10.1 10.8 

2 10 9.6 10.1 9.5 10.9 10.6 

3 10.6 9.1 10.8 9.0 10.4 10.7 

4 9.5 10.2 9.7 9.8 9.9 10.1 

5 9.8 10.1 9.8 10.6 9.9 10.7 

6 11.3 10.6 11.2 10.3 11.7 10.3 

7 9.2 10.4 7.8 11.2 8.7 10.8 

8 7.6 10.2 7.7 10.3 7.7 10.2 

9 9.7 9.8 9.8 9.5 9.5 9.6 

10 9.5 8.7 9.5 8.6 9.5 8.8 

mean 9.7 9.9 9.8 9.9 9.8 10.3 

std 0.9 0.6 1.3 0.8 1.1 0.6 

 

Table 6.6 Table of F and p-values obtained from two-way ANOVA analysis (p<0.05) of IA 

peak frequency.   

Comparison F p-value 

Group 0.676 0.415 

Session 0.131 0.877 

Group*Session 0.014 0.986 

 

6.3.2 Spatial power spectral density 

The spatial power spectral density obtained from the multichannel EEG data between 

tasks (i.e. between Baseline and BE, between Baseline and WO, and between BE and 

WO) in each group (i.e. group D and ND) and between groups in each condition were 

compared by performing a non-parametric unpaired permutation test (p<0.05) in a 

STUDY structure provided in EEGLAB.  

The comparison of the power spatial distribution between Baseline and BE in group 

D (Fig.  6.4) shows a significant decrease of alpha around the central and parietal 

channels, such as at C1, C3, C5, Cz, CP3, CPz, CP6, Pz, and P4. There were no significant 

changes in other frequency bands. While between Baseline and WO in group D (Fig. 6.5), 

significant decrease of power was only found in lower beta at FC6. No significant changes 

were found at control channel Pz in any frequency band during WO, indicating that the 

winning strategy for group D was to significantly decrease their parietal alpha power 
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(which was also extended to the central area), presumably to maintain their alpha level as 

close as possible to their partner’s alpha level.  

No significant changes were found in any channel in group ND in neither of gaming 

conditions as compared to Baseline, in any frequency bands (Fig. 6.6 and 6.7) after FDR 

correction, indicating the group’s inability to modulate alpha power regardless the gaming 

condition. Although uncorrected power changes were found around the left hemisphere 

in beta band for both BE and WO conditions.  

The comparison of spatial power distribution between BE and WO in group D (Fig. 

6.8) and group ND (Fig. 6.9) show no significant difference was found in any channel in 

both groups, in any frequency band, after FDR correction. However, uncorrected power 

differences were found around the central channels in alpha band for group D, and in 

some frontal and parietal channels in beta band for group ND.  

The comparison of spatial power distribution between groups in different condition, 

i.e. Baseline (Fig. 6.10), BE (Fig. 6.11), and WO (Fig. 6.12),  were presented with 16 out 

of 32 channels of group D that are the same location to the channels of group ND, due to 

the unequal number of channels used by the two groups during the experiment. 

Significantly lower occipital alpha power was found in group ND compared to group D, 

during Baseline and BE. No significant difference of alpha power was found at Pz for all 

three conditions. Significantly lower theta power was found in bilateral occipital channels 

in group ND compared to group D, during BE. There was no significant difference found 

beta bands for Baseline and BE, and there was no significant difference found in any 

frequency band for WO.  

 Generally lower posterior alpha power shown by group ND consequently forced 

group D to maintain their alpha power closer to their partner’s level, thus explaining the 

significant decrease of alpha occurred during BE (Fig. 6.4). Moreover, the significantly 

higher natural occipital alpha, found in group D during Baseline (Fig. 6.10) might support 

the idea that resting alpha can be used to predict learning ability in alpha neurofeedback 

training [42], as based on our results, group D shows the ability to adjust their alpha 

activity easier than group ND.  
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Figure 6.4 Non-parametric permutation test (p<0.05) between Baseline and BE for group D, in 

theta, alpha, lower beta, and higher beta frequency bands. FDR correction (p<0.05) was applied 

for multiple comparison. White dot represents a significant difference before FDR correction and 

black dot represents a significant power difference after FDR correction. 
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Figure 6.5 Non-parametric permutation test (p<0.05) between the Baseline and WO for group D, 

in theta, alpha, lower beta, and higher beta frequency bands FDR correction (p<0.05) was applied 

for multiple comparison. White dot represents a significant difference before FDR correction and 

black dot represents a significant power difference after FDR correction. 
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Figure 6.6 Non-parametric permutation test (p<0.05) between Baseline and BE for group ND, in 

theta, alpha, lower beta, and higher beta frequency bands. FDR correction (p<0.05) was applied 

for multiple comparison. White dot represents a significant difference before FDR correction and 

no significant power changes were found after FDR was applied. 
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Figure 6.7 Non-parametric permutation test (p<0.05) between Baseline and WO for group ND, 

in theta, alpha, lower beta, and higher beta frequency bands. FDR correction (p<0.05) was applied 

for multiple comparison. White dot represents a significant difference before FDR correction and 

no significant power changes were found after FDR was applied. 
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Figure 6.8 Non-parametric permutation test (p<0.05) between BE and WO for group D, in theta, 

alpha, lower beta, and higher beta frequency bands. FDR correction (p<0.05) was applied for 

multiple comparison. White dot represents a significant difference before FDR correction and no 

significant power changes were found after FDR was applied. 
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Figure 6.9 Non-parametric permutation test (p<0.05) between BE and WO for group ND, in theta, 

alpha, lower beta, and higher beta frequency bands. FDR correction (p<0.05) was applied for 

multiple comparison. White dot represents a significant difference before FDR correction and no 

significant power changes were found after FDR was applied. 
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Figure 6.10 Non-parametric permutation test (p<0.05) between groups in the Baseline condition, 

in theta, alpha, lower beta, and higher beta frequency bands. FDR correction (p<0.05) was applied 

for multiple comparison. White dot represents a significant difference before FDR correction and 

black dot represents a significant power difference after FDR correction. 
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Figure 6.11 Non-parametric permutation test (p<0.05) between groups in BE condition, in theta, 

alpha, lower beta, and higher beta frequency bands. FDR correction (p<0.05) was applied for 

multiple comparison. White dot represents a significant difference before FDR correction and 

black dot represents a significant power difference after FDR correction. 
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Figure 6.12 Non-parametric permutation test (p<0.05) between groups in the WO condition, in 

theta, alpha, lower beta, and higher beta frequency bands. FDR correction (p<0.05) was applied 

for multiple comparison. White dot represents a significant difference before FDR correction and 

no significant power changes were found after FDR was applied. 
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6.3.3 Higuchi Fractal Dimension 

To measure the signal complexity during different conditions in all channels, Higuchi’s 

Fractal Dimension (HFD) analysis was performed in both groups. Non-parametric 

statistical test such as Wilcoxon signed rank test and Kruskal-Wallis H test (both with 

p<0.05) were performed to see if there are any significant changes in EEG signal 

complexity between conditions at any of the channels. 

 Figure 6.13 shows the mean ± std of HFD for different conditions (i.e. Baseline, 

BE, and WO) in each group. The trend of average HFD values shows an increasing trend 

of HFD values in group D during gaming at the posterior channels compared to Baseline. 

While results in group ND indicate an increasing trend of HFD values at the posterior 

channels only occurs during WO, compared to Baseline and BE. This increasing trend 

might reflect the tendency of both players to decrease their EEG power in the posterior 

area during gaming, which only reported to be significant in the alpha band of group D 

during BE. However, Kruskal-Wallis H test (p<0.05) of HFD values found no significant 

difference of HFD values from Baseline, BE, and WO, in each group (Appendix 2.1). 

Wilcoxon signed rank test found significant HFD increase from Baseline to BE in group 

D at channel P3 and O1 (Appendix 2.2), however there were no significant changes found 

in any channel, after Holm-Bonferroni correction (p<0.05) was applied. No significant 

changes were found between Baseline and BE in group ND at any channels, and between 

Baseline and WO at any channels in both groups (Appendix 2.2 and 2.3). 

 Figure 6.14 shows the mean ± std of HFD for both groups in each different 

condition (i.e. Baseline, BE, and WO). The trend of average HFD values during Baseline 

and WO show lower HFD in group D over the central, parietal, and occipital area, 

compared to group ND. While BE shows a very similar trend for both groups However, 

Wilcoxon signed rank test comparing the two groups found no significant differences in 

HFD at any channel, for the three conditions (Appendix 2.4).  

 Antagonistic relationship between HFD values and alpha activity has been 

previously reported [107, 110]. However, no significant HFD differences were found 

between Baseline and BE at central and parietal channels and between groups in Baseline 

and BE at occipital channels, where significantly different alpha power were found, thus 

our results failed to verify the antagonistic relationship between HFD and alpha activity. 

However, despite the lack of statistical significance, Figure 6.13 shows the HFD trend at 
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channel Pz between the two groups during Baseline and during gaming, where HFD at 

Pz in group D was lower compared to group ND in Baseline and WO, and became very 

similar in BE. This trend might indicate the groups’ effort to mutually maintain their EEG 

activity at Pz at the same level.  

 

 

Figure 6.13 Mean ± std of HFD in all channels during Baseline, BE, and WO condition for (a) 

group D and (b) group ND.  
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Figure 6.14 Mean ± std of HFD in all channels of both groups during (a) Baseline, (b) BE, and 

(c) WO. 
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6.3.4 sLORETA source localisation analysis 

Source localisation activity was performed only for group D during the third experimental 

day. Non-parametric paired t-statistics (p < 0.05) which is implemented in the sLORETA 

software was applied to the source localisation data for each gaming condition against 

Baseline (BE against Baseline, and WO against Baseline), and for BE against WO, for 

each frequency band. Statistically significant voxel activation was found between BE and 

Baseline conditions in higher beta band and between WO and Baseline conditions in 

lower beta band (Appendix 2.5 and 2.6). No statistical significance was found in the other 

frequency bands in any of the gaming conditions.  No statistical significance was found 

in any frequency between BE and WO.  The maximum and minimum strength of the 

voxel values from each comparison for each frequency band, was reported in Table 6.7 

and 6.8, Figure 6.15, 6.16, and 6.17. The areas with the highest count of positive and 

negative source activity were presented in Table 6.9 and 6.10. 

 For BE against Baseline (Fig. 6.15), increase of source activity were found around 

the bilateral frontocentral, left temporo-parietal area in theta band,  around the left 

temporal and left parietal areas in alpha band, and around the left parietal and left occipital 

areas in both beta bands. Decreasing source activity were found around the right parietal 

and occipital areas in theta band, around the right parietal-occipital-temporal area in alpha 

band, and around the bilateral frontal area in both beta bands. The largest increase of 

source activity were found around the cingulate cortex and the frontocentral area in theta 

band, around the parietal cortex in alpha band, and around the occipital cortex in both 

beta bands- including the significant increase found in higher beta band (Appendix 2.5), 

with the majority of increasing activity occurred in the left hemisphere. Whereas the 

largest decrease of source activity were found around the parietal cortex in theta band, 

around the parahippocampal gyrus (limbic lobe) in alpha and lower beta bands, and 

around the frontal cortex in higher beta band, with the majority of decreasing activity 

occurred in the right hemisphere.  

For WO against Baseline (Fig. 6.16), increase of source activity were found mainly 

around bilateral central and the left parietal areas in theta band, and around the left parietal 

and left occipital areas in alpha and both beta bands. Decreasing source activity were 

found around the right frontal-temporal-parietal areas in theta and alpha bands, and 

around the right frontal and right temporal areas in both beta bands. The largest increase 
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of source activity were found around the right frontal cortex in theta band, around the left 

parietal cortex in alpha and lower beta bands- including the significant increase found for 

lower beta band (Appendix 2.6), and around the left occipital cortex in higher beta band. 

Whereas the largest decreasing source activity were found around the right temporal 

cortex in theta band, around the right uncus (limbic lobe) in alpha band, and around the 

right frontal cortex for both beta bands, with the majority of decreasing activity occurred 

in the right hemisphere.  

In both gaming conditions (BE and WO), the largest increase of source activity in 

alpha band, despite not significant, occurred in the parietal cortex and it is more alpha 

frequency-specific in BE, indicating the effort to modulate alpha from Pz by the players, 

which is in line with our spatial power distribution results. The significant increase of 

source activity in beta bands around the posterior area (parietal and occipital) might be 

related to visual attention task, as it was previously reported that occipital beta activity 

facilitates visual attention task [213, 214] . In both gaming conditions, the brain structures 

with the highest count of increased source activity was found in MFG for theta and alpha 

bands, and in precuneus for both beta bands, while the highest count of decreased source 

activity was found in precuneus for theta and alpha bands, and in MFG for both beta 

bands. This shows a clear activation pattern between MFG and precuneus that is specific 

to the lower and higher frequency bands.  

For BE against WO (Fig. 6.17), higher source activity were found around the 

bilateral temporal area and bilateral frontal-temporal area in theta band, around the right 

temporal and right frontal areas in alpha band, and around the right temporo-parietal 

cortex in both beta bands. Whereas the lower source activity was found around the 

bilateral parietal cortex (postcentral gyrus) in theta and alpha bands and extended to the 

frontal area for both beta bands. The highest count of increased source activity was found 

in the superior temporal gyrus (STG) in all frequency bands and the highest count of 

decreased source activity was found in precuneus for theta, alpha, and lower beta bands, 

and in the medial frontal gyrus (medFG) for higher beta band.  
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Figure 6.15 Paired t-statistics (p<0.05) of the source localisation via sLORETA between the 

average BE and the average Baseline condition of group D, in the frequency band of (a) theta, (b) 

alpha, (c) lower beta, and (d) higher beta. The figures inside the grey box is a 3D representation 

of the localisation map, and the boxes below it is the 3D slices representing the negative (left side) 

and the positive (right side) voxel values- blue for negative values and red to yellow for positive 

values. Voxel’s coordinate positioning shown in the 3D slices figures is based on the Montreal 

Neurological Institute (MNI) coordinate system. 
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Figure 6.16 Paired t-statistics (p<0.05) of the source localisation via sLORETA between the 

average WO and the average  Baseline condition of group D, in the frequency band of (a) theta, 

(b) alpha, (c) lower beta, and (d) higher beta. The figures inside the grey box is a 3D representation 

of the localisation map, and the boxes below it is the 3D slices representing the negative (left side) 

and the positive (right side) voxel values- blue for negative values and red to yellow for positive 

values. Voxel’s coordinate positioning shown in the 3D slices figures is based on the Montreal 

Neurological Institute (MNI) coordinate system. 
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Figure 6.17 Paired t-statistics (p<0.05) of the source localisation via sLORETA between the 

average BE and the average WO conditions of group D, in the frequency band of (a) theta, (b) 

alpha, (c) lower beta, and (d) higher beta. The figures inside the grey box is a 3D representation 

of the localisation map, and the boxes below it is the 3D slices representing the negative (left side) 

and the positive (right side) voxel values- blue for negative values and red to yellow for positive 

values. Voxel’s coordinate positioning shown in the 3D slices figures is based on the Montreal 

Neurological Institute (MNI) coordinate system. 
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Table 6.7 The location of the maximum and minimum voxel values obtained from paired t-test 

analysis in sLORETA between gaming condition (BE/WO) and Baseline. 

Frequency and 

dynamic 
Brain lobe Hem. BA Structure 

Max/

Min 

value 

MNI 

coordinate 

(x,y,z) 

BE 

Theta 

Increase Limbic L 24 
Cingulate 

Gyrus 
2.37 -5,-10,30 

Decrease Parietal R 39 

Inferior 

Parietal 

Lobule 

-2.17 50,-65,45 

Alpha 

Increase Parietal L 40 

Inferior 

Parietal 

Lobule 

4.65 -45,-65,45 

Decrease Limbic R 36 
Parahippocam

pal Gyrus 
-2.21 30,-25,-30 

Lower 

Beta 

Increase Occipital L 19 

Middle 

Occipital 

Gyrus 

5.97 -40,-90,5 

Decrease Limbic R 28 
Parahippocam

pal Gyrus 
-2.92 15,-10,-15 

Higher 

Beta 

Increase Occipital L 19 Cuneus 7.34 -25,-95,20 

Decrease Frontal R 9 
Superior 

Frontal Gyrus 
-3.1 15,55,35 

WO 

Theta 

Increase Frontal R 6 
Superior 

Frontal Gyrus 
3.43 20,5,70 

Decrease Temporal R 20 
Fusiform 

Gyrus 
-5.59 45,-35,-30 

Alpha 
Increase Parietal L 40 

Inferior 

Parietal 

Lobule 

4.52 -45,-65,45 

Decrease Limbic R 20 Uncus -5.34 35,-10,-40 

Lower 

Beta 

Increase Parietal L 19 Precuneus 7.36 -25,-85,40 

Decrease Frontal R 44 
Precentral 

Gyrus 
-4.16 45,5,10 

Higher 

Beta 

Increase Occipital L 19 

Middle 

Occipital 

Gyrus 

4.78 -55,-75,5 

Decrease Frontal R 11 
Superior 

Frontal Gyrus 
-4.63 30,55,-15 

*Hem. = Hemisphere 

  



145 
 

Table 6.8 The location of the maximum and minimum voxel values obtained from paired t-test 

analysis in sLORETA between BE and WO gaming conditions. 

Frequency and 

dynamic 

 

Brain Lobe Hem. BA Structure 

Max/Mi

n 

value 

MNI 

coordinate 

(x,y,z) 

Theta 
Increase Temporal R 38 

Superior Temporal 

Gyrus 
1.95 35,15,-45 

Decrease Parietal L 1 Postcentral Gyrus -3.78 -35,-35,70 

Alpha 
Increase Temporal R 38 

Superior Temporal 

Gyrus 
3.5 30,20,-40 

Decrease Parietal L 3 Postcentral Gyrus -4.43 -15,-40,70 

Lower 

Beta 

Increase Temporal R 20 
Inferior Temporal 

Gyrus 
2.64 60,-50,-20 

Decrease Frontal L 6 
Superior Frontal 

Gyrus 
-1.86 -15,-15,70 

Higher 

Beta 

Increase Temporal R 37 
Inferior Temporal 

Gyrus 
4.97 50,-55,-10 

Decrease Frontal R 6 Precentral Gyrus -2.24 30,-15,70 

*Hem. = Hemisphere 

Table 6.9 The brain structures with the highest counts of source activity, found after paired t-test 

analysis in sLORETA between gaming condition (BE/WO) and Baseline. 
Task Frequency Activity Brain Structure No. of voxels 

BE 

Theta Increase Middle Frontal Gyrus 341 
 Decrease Precuneus 337 

Alpha Increase Middle Frontal Gyrus 462 
 Decrease Precuneus 296 

Lower beta Increase Precuneus 364 
 Decrease Middle Frontal Gyrus 482 

Higher beta Increase Precuneus 364 
 Decrease Middle Frontal Gyrus 480 

WO 

Theta Increase Middle Frontal Gyrus 316 
 Decrease Superior Temporal Gyrus 254 

Alpha Increase Middle Frontal Gyrus 318 
 Decrease Inferior Frontal Gyrus 255 

Lower beta Increase Precuneus 364 
 Decrease Middle Frontal Gyrus 445 

Higher beta Increase Precuneus 364 
 Decrease Middle Frontal Gyrus 434 
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Table 6.10 The brain structures with the highest counts of source activity, found after paired t-
test analysis in sLORETA between BE and WO. 

Task Frequency Activity Brain Structure No. of voxels 

BE vs 

WO 

Theta Increase Superior Temporal Gyrus 383 
 Decrease Precuneus 364 

Alpha Increase Superior Temporal Gyrus 333 
 Decrease Precuneus 364 

Lower beta Increase Superior Temporal Gyrus 308 
 Decrease Precuneus 338 

Higher beta Increase Superior Temporal Gyrus 277 
 Decrease Medial Frontal Gyrus 352 

 

6.3.5 Nasa TLX questionnaire 

The perceived experimental workload was measured by performing non-parametric 

statistical analysis to the post-experiment NASA-TLX questionnaire scores, shown in 

Figure 6.18 and 6.19. Table 6.11 shows that no significant difference was found from 

Friedman’s test (p<0.05) across the three sessions in any category for neither of the 

groups, and  Wilcoxon signed rank test (p<0.05) comparing the scores between groups 

in each category found a statistically significant difference  in performance category in 

Session II.  Lastly, no significant difference was found from Kruskal-Wallis H test 

(p<0.05) when comparing the overall scores across the three sessions for each group.  

Three categories (i.e., mental, effort, and performance) are shown to have generally 

higher scores compare to the rest categories, with  the higher scores achieved in 

‘performance’ , followed by ‘effort’ and ‘mental’ in group D, whereas in group ND the 

generally higher scores were achieved in ‘mental’, followed by ‘effort’ and ‘performance’ 

categories. The trend of higher scores in ‘performance’ by group D reflects that the group 

felt that they performed poorly, particularly in Session II, despite the average gaming 

scores from that Session Is not the lowest. Moreover, despite being non-statistically 

significant, the scores trend for ‘effort’ shows that both players felt that they put similar 

level of effort to the game, which is important in our collaborative gaming setup. 

Meanwhile, the scores trend for group ND indicate that they felt higher mental load as 

well as physical load during the last experimental session. The results of the mean overall 

data (Fig. 6.19c) may suggest that both groups perceived the workload of the experiment 

in a relatively similar way from time to time regardless their gaming outcome (the average 

gaming scores is the highest during Session I and the lowest during Session III).  
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Figure 6.18 The mean ± std of NASA-TLX scores in each category, such as (a) mental, (b) 

physical, (c) temporal, (d) performance, (e) effort, and (f) frustration, for both groups of players 

in three different sessions. 

 
Figure 6.19 The mean ± std of (a-b) NASA-TLX scores in each group, for each category in three 

sessions, and (c) the overall scores (summed up of the scores in all category) for each group in 

three sessions.  
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Table 6.11 Table of statistical results of NASA-TLX scores for each category and for the 

overall score. 

Statistical test Category Group p-values Chi-square 

Friedman Test 

Mental D 0.972 0.057 
 ND 0.886 0.242 

Physical D 0.066 5.429 
 ND 0.078 5.091 

Temporal D 0.508 1.355 

 ND 0.135 4.000 

Performance D 0.966 0.069 

 ND 0.452 1.588 

Effort D 0.607 1.000 
 ND 0.558 1.167 

Frustration D 0.128 4.108 
 ND 0.779 0.500 

 Category Session p-values Z-scores 

Wilcoxon signed 

rank test 

Mental I 0.283 -1.074 
 II 0.553 -0.593 
 III 0.528 -0.632 

Physical I 0.483 -0.701 
 II 0.506 -0.665 
 III 0.066 -1.836 

Temporal I 0.248 -1.156 
 II 0.959 -0.051 
 III 1.000 .000 

*Performance I 0.122 -1.548 
    *II 0.038 -2.075 
 III 0.283 -1.074 

Effort I 0.553 -0.594 
 II 0.575 -0.561 
 III 0.760 -0.306 

Frustration I 0.441 -0.771 
 II 0.767 -0.297 
 III 0.833 -0.210 

 Category Group p-values H-statistic 

Kruskal-Wallis H 

test 

Overall score 

across 

sessions 

D 0.750 0.576 

ND 0.651 0.859 

*) Category with significant p-value. 
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6.4  Discussion  

Multi-user BCI collaborative gaming has been previously studied [62, 63], however, the 

information regarding the EEG signatures changes within the interacting brain are still relatively 

limited. In this study, we analysed the EEG signatures in order to explore the impact of 

collaborative multi-user BCI gaming on brain cortical activity. Three different conditions 

were measured such as pre-gaming Baseline, BE, and WO, with the players divided into 

group D and group ND. The results from each offline analysis (i.e. power spectral 

analysis, signal complexity analysis, and source localisation analysis) were compared 

based on the types of task (i.e. Baseline-BE ,Baseline-WO, and BE-WO) and based on 

the groups (i.e. between group D and group ND). Power spectral density analysis found 

that alpha activity at Pz behaved differently in group D and group ND. The consequence 

of a successful game control was characterised by downregulation of alpha power at Pz 

by group D, and by the similar level of Pz alpha activity to the level during Baseline by 

group ND. Source localisation analysis found a significant increase of source activity in 

beta band around the parieto-occipital cortex of group D in both gaming conditions. 

Resting EEG comparison between group revealed a different posterior alpha activity 

between the group, suggesting the use of resting alpha activity as a predictor for the game 

performance.  

RA, scoring performance, and individual alpha peak frequency 

Statistically significant increases of RA at Pz was found between Session I and II, and 

Session I and III in both groups, and statistically significant decrease of scores was found 

also from Session I and II, and Session I and III. The trend for averaged RA in both groups 

increases from Session I to II and slightly decreases from Session II and III, whereas the 

trend for the average score is consistently decreasing from Session I to Session III.  

Both players significantly increased their RA level at the same period (from Session 

I to Session II and from Session I to Session III), suggesting that multi-user BCI 

collaborative training is beneficial for communal learning. In order to explore about the 

community learning, more training sessions as well as a post-experimental assessment 

were required in the experimental design [34, 35]. Furthermore, collaborative BCI 

training has been proposed for other community benefits, e.g. in improving communal 

decision making [73, 74, 215]. Both groups show that their RA level was better during 

the later training sessions, compared to the first one. However, there is no significant 
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increase of RA was found from Session II to Session III, indicating a plateau during the 

later sessions, which is likely caused by the physical factors e.g. heavier EEG setup from 

the multi-channel EEG used in the third experiment. Higher number of channels requires 

longer pre-experimental preparation time and it is physically heavy for the players’ head 

as they were used to the single-channel setup in the previous sessions, the longer 

preparation time and the higher physical effort may increase the chance of fatigue or 

distraction. The decreasing scores over sessions might reflect the complexity of the task, 

which not only required the players to adjust alpha power to the same level with each 

other but also to retain the condition in a certain duration in order to score.  

Similar to the competitive experiment in Chapter IV, the neurofeedback training 

paradigm used in this study did not apply a typical single-user neurofeedback paradigm, 

where the user was asked to maintain their brain activity based on their own feedback. In 

this study, the users were asked to maintain their RA level at Pz while engaging in a 

collaborative interaction- and for them to train not only based on their own performance, 

but also in relative to their opponent’s performance/feedback which is changing over 

time. It is therefore important to take other factors into account (e.g. the collaborating 

member of the pair and their natural Baseline RA level) in measuring the efficacy of this 

training paradigm. 

The comparison of average RA before and after NC application revealed that the 

players who were labelled as ‘NC’ (players who received NC), managed to equalise their 

RA to the same level as their partner. In this case, normalisation of RA might play a role 

in helping the players to navigate the collaborative game. This indicates that unlike in 

competitive gaming where NC was used to avoid bias, in collaborative gaming there is a 

chance for NC to create bias, suggesting that the scores were not only achieved due to the 

players gaming strategy, but also due to the normalisation. It was also revealed that the 

player who were labelled ‘NC’ in a pair was not always the same person in every session. 

This is caused by the variability of natural alpha power that can vary from one person to 

another due to multiple reasons, such as the time of the day, caffeine consumption, and 

fatigue [216-219], suggesting that it is important to perform a daily adjustment of 

individual RA threshold. Our individual alpha peak frequency analysis further confirmed 

this variability, showing that alpha peak can be varied for one person over different days 

[158, 161].  
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Spatial distribution of power spectral density  

The spatial power distribution results revealed a significant decrease of alpha power 

around the left-central and centroparietal areas, including channel Pz, during BE 

compared to Baseline in group D. Whereas during the same condition, group ND did not 

show any statistically significant changes in any channel/frequency band. This indicates 

that group D was the one that actively (and efficiently) adapting their power level to the 

same level as group ND, hence the significant alpha decrease at Pz, while group ND 

maintained their alpha power level similar to Baseline. Generally, alpha activity has been 

known to be higher during resting state, especially during eyes-closed, and supressed by 

eyes-opening as well as by higher cognitive processing [160]. The decrease of alpha 

power shown by group D in the results of this study may also indicate the level of task 

engagement. The participants were asked to control alpha, however since the majority of 

group ND have lower alpha, group D had to level down their alpha power in order to gain 

better join-performance. Additionally, group comparisons revealed that during resting, 

group D showed a significantly higher natural alpha around the occipital area compared 

to group ND. This suggests that individuals with higher natural alpha power during 

resting can adjust their alpha level easier when they are required to, compared to the ones 

with lower natural alpha power,  supporting the idea proposed by Wan et al. [42], in which 

they reported that the alpha amplitude during eyes-open or eyes-closed condition could 

predict the outcome of an alpha neurofeedback training.  

Signal complexity analysis via Higuchi Fractal Dimension  

The signal complexity analysis did not find any statistically significant differences in 

different conditions and between groups after Holm-Bonferroni correction. However, 

prior to correction, significant increases of HFD from Baseline to BE were found at 

channel P3 and O1 (left parieto-occipital area). The average HFD at Pz of the two groups 

show almost identical values only during BE, despite there is no statistical significance 

found for group comparison of HFD at Pz in any condition. This close similarity of signal 

complexity at Pz during BE may reflect the condition in which both players not only 

managed to adjust their RA to the same level, but also their signal complexity level. Alpha 

(and mu) activity has been reported to have a negative relationship with HFD values [107, 

109, 110], however due to the lack of statistical significance in our HFD results, we failed 

to validate this relationship between alpha and HFD based on our results. 
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 Additionally, the trend of average HFD values in group D tend to increase during 

gaming compared to Baseline, particularly around the posterior channels. Similar 

tendency also occurs in group ND only during WO compared to Baseline. Previous 

studies have reported lower complexity of EEG signal are associated to resting condition 

or other  internally engaged task (e.g. in meditation) [163] and higher EEG signal 

complexity are associated to problem solving [164], self-focused emotion regulation 

[220], and divergent thinking- particularly higher in the occipital area [221]. The 

increasing tendency of HFD values in the posterior channels during gaming might be 

related to the thinking process to achieve higher gaming scores, which is consistent in 

group D regardless the gaming conditions, while in group ND only occurs during WO.  

sLORETA source localisation analysis  

The results from sLORETA source localisation show that increasing source activity was 

found in the parietal area for both gaming conditions. This result, despite not statistically 

significant, might indicate the effort of parietal alpha modulation, as instructed by the 

gaming task. Significant increase of source activity was found in beta bands around the 

left parietooccipital areas for both gaming conditions when compared to Baseline. The 

lateralisation of beta activation around the brain posterior areas (i.e. parietal and occipital) 

might be associated to visual attention control [213, 214]. 

 Source localisation analysis also detected the dynamic around the limbic lobe 

during BE condition, showing an increase of theta activity around the anterior cingulate 

cortex (ACC) and decreasing of alpha and lower beta activity around the 

parahippocampal gyrus. Cingulate cortex is engaged in processing information about an 

outcome of an action, including rewards and punishment processing [222], while theta 

activity around the ACC has been linked to a task’s rule prediction as well as in task’s 

error adjustment [223]. Moreover, ACC has also been reported as the structure involved 

in social synchrony [224]. The increasing activity around this area might indicate the 

increasing of engagement level of the players to the social interaction task. 

Parahippocampal gyrus has been reported to connect the default-mode network (DMN) 

with the memory processing area around the temporal lobe during resting state [225], the 

decreasing activity of this structure might indicate the weaker activation of DMN as a 

consequence of task engagement. Increasing theta activity was also found around the 

frontal area during WO condition. Frontal theta activity has been reported to be negatively 
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correlated with the DMN and also known as the indicator of cognitive control [226, 227]. 

Additionally, the highest number increased/decreased source activity in both gaming 

conditions revealed the activation pattern between MFG and precuneus that is frequency 

specific. MFG was more active in lower frequency band (theta and alpha) and precuneus 

was more active in higher frequency band (both beta bands). The MFG activity has been 

associated to attention and lingual and numerical processing [103, 204, 228] and generally 

prefrontal cortex has been associated with emotional processing and the regulation of 

motivation or withdrawal [229]. Precuneus activity has been linked to visuo-spatial 

imagery, episodic memory retrieval, and self-referential processing [170]. 

 Comparison between BE and WO revealed that higher source activity was found 

around the right temporo-frontal (in theta and alpha bands) and temporo-parietal (in lower 

and higher beta bands) areas in BE, and higher source activity was found around the 

bilateral parietal area (extended to the frontal area) in all frequency bands in WO. These 

results suggest the tendency to support the previous reports of temporal cortex as a part 

of the ‘social brain’, particularly as a mentalizing system [149, 230, 231]. To be more 

specific, the right temporoparietal junction has been linked to social interaction and 

attention orientation [168, 232, 233]. 

 The results of spectral power distribution, signal complexity, and source 

localisation analyses show the tendency of lateralised brain activity in group D in the left 

hemisphere, during BE compared to Baseline. The number of channels that show 

significant alpha power changes are higher in the midline and left hemisphere compared 

to the right hemisphere. Despite the lack of statistically significant difference after 

correction, higher HFD values were found at the left parieto-occipital channels. Lastly, 

most of the increasing dynamics of source activity mainly take place in the left parieto-

occipital areas. It has been reported that, the left inferior parietal lobe is active during the 

detection of perspective differences [234], which in our collaborative gaming condition 

might imply to the effort of the players in trying to interpret their partner’s perspective of 

the game, in order to achieve the joint goal. Moreover, the activity of the left posterior 

parietal cortex has been linked to the ability of attending and selecting salient stimuli in 

the environment [235]. 
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NASA-TLX questionnaire 

Our results show that mental, effort, and performance are the categories that generally 

obtained higher scores in both groups, indicating that throughout the gaming experiments, 

the players mainly are more concern to the factors that they can internally control, such 

as how they perceive the mental load of the task, the effort they put on the task, and the 

ability to predict their own performance, rather than to  the other situational categories 

such as temporal and physical. Whereas the frustration category, despite being able to be 

internally controlled by the players, the scores are lower compared to mental, effort, and 

performance. The scores trend indicates less confidence in group D in judging their own 

performance, meaning that they felt that they performed poorly compared to group ND, 

particularly in Session II, despite the fact that their EEG analysis results show the 

opposite.  

Notable findings 

Our study has demonstrated the application of collaborative interaction in an alpha 

operant-conditioning training paradigm. Further testing and exploration are still needed 

to measure the efficacy of this paradigm for individual control of alpha power. This study 

has revealed the characteristics of electrophysiological signatures in response to 

collaborative interaction of both groups, while they were regulating parietal alpha activity 

at the same time. This study focused on the electrophysiological response of a single-

brain during a two-person interaction. In order to investigate how these activated brain 

areas influencing one another and how different brain areas in different individuals 

interacting with each other during collaboration, we performed intra-brain and inter-brain 

connectivity analysis to the data obtained by the experiment of this study, which will be 

presented and discussed further in the upcoming chapter. 

 Limitations 

The limitations of this study including the different number of channels used by the two 

groups during the third experimental day. A larger and balance number of channels (for 

both players) will provide the opportunity to gain better results, especially in spatial 

power spectral and source localisation analyses. More training sessions are needed in the 

future to produce more information related to the learning process when collaborative 

interaction is present. Larger number of participants are also required to produce better 
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statistical analysis, therefore better and more precise validation over the statistically 

significant results can be made. In order to further study the efficacy of the collaborative 

BCI training, control group, post-training baseline analysis and post-training assessment 

should be performed in the future. 

6.5  Conclusion 

The study introduced a multi-user collaborative BCI game that is based on alpha band 

operant conditioning. Our results suggest that group D have the better ability to adjust 

their alpha power at Pz to be closer to their partner, and this ability can be predicted based 

on their resting alpha power. This study also found that the level of alpha power during 

Baseline was higher in group D than in group ND, supporting the idea to use Baseline 

alpha power as a predictor of gaming performance. Signal complexity analysis confirmed 

that both players managed to adjust their signal complexity level at channel Pz during 

BE. Spatial power distribution, signal complexity analysis, and source localisation 

analysis revealed that during BE, group D activated their left-parietal area which might 

reflect the perspective adjustment (to their partner’s). Source localisation analysis in 

group D found a significant increase of source activation in beta band during both gaming 

conditions (i.e. higher beta in BE and lower beta in WO). Source localisation analysis 

also revealed that during BE, a higher number of increased source activity was found in 

the MFG in lower frequency bands (theta and alpha bands) and was found higher in the 

precuneus in beta band, suggesting the role of the two brain structures in regulating a 

frequency-specific brain response to a successful collaborative gaming. Finally, post-

experimental questionnaire revealed that the players perceived the gaming task in a 

relatively similar way in most of the categories across sessions, apart from the 

performance category, where group D felt like they performed poorly, particularly in 

Session II.  
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Chapter VII 

 

Collaborative Multi-user BCI:  

Part II- Connectivity 

 

7.1 Introduction 

In this chapter, the results of the connectivity analysis of the EEG data that were obtained 

from the multi-user BCI collaborative experiment described in Chapter VI are presented. 

In this chapter, robust connectivity measurements such as Granger Causality (GC) and 

Directed Transfer Function (DTF) will be estimated.  

 Hyperscanning studies to explore the brain connectivity during collaborative 

interaction have been performed by applying the different types of collaborative tasks 

[84, 87-89, 236]. Stronger activity of the frontal area has been reported in both types of 

collaborative tasks (i.e., synchronic and diachronic) [79, 237]. During a synchronic 

collaborative selective attention task, Balconi et al. [87], found that intra-brain 

connectivity was generally higher around dorsolateral prefrontal cortex (dlPFC). Sänger 

et al. [236] also reported an enhanced intra-brain connectivity around the frontal and 

central areas during a musical coordination task  
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 Furthermore, several studies have explored the brain-to-brain coupling during 

collaborative interaction, which represents the mutual effort performed by the participants 

in order to achieve the common goal. Synchronic collaborative experiments have shown 

an evidence of brain-to-brain signal coupling between the participants during an explicit 

communication, such as verbal communication and/or face-to-face condition. These 

experiments reported the neural synchrony during a face-to-face structured 

communication between strangers [90] and in romantic couples [91], as well as the non-

structured one [92]. These studies suggest that, regardless the structure of the interaction 

in collaborative task and the strength of inter-personal emotional attachment, 

collaborative interaction has been found to elicit different parts of the brain (i.e. frontal 

cortex, superior temporal lobe, and temporo-parietal junction). Additionally, social 

synchronisation between mothers and their infants was revealed, involving a specific set 

of brain structures, such as the anterior cingulate cortex (ACC), inferior parietal lobule, 

fusiform, cuneus, and supplementary motor area [224],  which may indicate the roots of 

collaborative interaction brain activation,  particularly  the areas that are involved in 

emotional processing and empathy.  

 In this chapter, connectivity analysis was performed on EEG data collected during 

the collaborative multi-user BCI gaming that is based on the alpha band, non-verbalised 

operant conditioning, as described in Chapter VI. Connectivity analysis will be divided 

into two approaches, namely the intra-brain connectivity, performed by multivariate GC 

and DTF and the inter-brain connectivity, performed by bivariate GC.  

7.2 Methods 

7.2.1 Connectivity Analysis 

GC and DTF were used for connectivity estimation, where GC provides multivariate 

connectivity analysis in time domain and DTF multivariate connectivity analysis in 

frequency domain. Due to the limited computational speed, 2 minutes out of each 5 

minutes time-series data (BE and WO data from the third experimental session) were 

extracted for further connectivity analyses. In each pair, these 2 minutes data were 

extracted within the identical time points for both players, based on the 2 minutes where 

the RA values of both players have the smallest difference in both gaming conditions. 

The 2 minutes were segmented into 6 s epoch with 50% overlap. Independent Component 
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Analysis (ICA) algorithm [103, 104] implemented in EEGLAB (version 14.1.2b) was 

performed for further noise removal (e.g. eye blinking, muscle movement, or other 

biological signal). The pre-processed 2 minutes data were later analysed by using GC and 

DTF connectivity analyses, which have been described in Chapter III.  

7.2.2 Statistical Analysis 

A non-parametric paired permutation statistical test (p<0.01) was performed in 

MATLAB with 10000 repetition of all the estimated connectivity data. The method was 

used for the analyses of GC and DTF in order to compare the brain connectivity between 

the gaming conditions (Baseline and BSD; Baseline and SSD; BSD and SSD) and 

between groups (D and ND) for the three conditions (Baseline, BSD, and SSD). 

Statistically significant connections (p<0.01) found in each comparison were later 

projected into a connectivity matrix. False Discovery Rate correction method [152] was 

applied for multiple comparisons.  

 A non-parametric single-sample permutation statistical test (p<0.001) was 

performed in MATLAB with 10000 repetition, with FDR correction applied, to all the 

estimated inter-brain connectivity data. The method was used to find the significant 

connections found in inter-brain GC during BSD and SSD, in different directions between 

players. 

7.3 Results 

7.3.1 Intra-brain Granger Causality 

Intra-brain GC results are presented in three ways: as matrices presenting the grand 

average of GC values of all epochs from all players in each group (Fig. 7.2 and 7.3 (a-c)),  

as connectivity maps displaying only the average values above the 75th percentile of its 

corresponding matrix for an easy visual representation of spatial connectivity localisation 

(Fig. 7.2 and 7.3 (d-f)), as a set of p-value matrices (Fig. 7.2, 7.3 (g-h), 7.5 (a-b), and 7.6), 

and as bar graphs displaying the average GC values in each zone- following the zonation 

in Figure 7.1 (Fig. 7.4 and 7.5 (c-d)).  

The statistical comparisons from the GC data were performed as the following: 

between Baseline and BE/WO, between BE and WO, and between groups. Based on these 

presentations, the results will be explained in the following structure:  

(v) the significant connection changes found in the connections involving Pz,  
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(vi) the pattern shaped by the most prominent connections shown by the 

connectivity maps (does not apply in the comparisons between BE and WO, 

and between groups) 

(vii) the network with a high count of significantly increase/decrease connections 

in found in the p-values matrices. The networks in the p-values matrices will 

be described based on the zonation shown in Figure 7.1. 

(viii) the significant average GC changes in each zone (does not apply in the 

comparison between group D and group ND) as well as the results of a non-

parametric paired permutation. 

 

Figure 7.1 The networks zonation: FF (frontal-frontal), CC (central-central), PoPo (parieto-

occipital – parieto-occipital), FC (frontal-central), FPo (frontal-parieto-ocipital), CF (central-

frontal), CPo (central-parieto-occipital), PoF (parieto-occipital – frontal), and PoC (parieto-

occipital – central). The first letter of the abbreviation indicates the source of the network, and the 

second letter indicates the sink. 

Intra-brain GC of group D 

(i) Baseline vs BE: in BE, for Pz as a source, increased connections were flowing 

to F3 and the decreased connections to Cz, C4, and P4. For Pz as a sink, 

increased connections were coming from P3 and P4, and the decreased 

connections from F3, Fz, Cz, and C4.  

Baseline vs WO: in WO, for Pz as a source, increased connections were 

flowing to F3 and F4, and the decreased connections to Cz, P3, P4, and Oz. 

For Pz as a sink, increased connections were coming from C3 and Oz, and the 

decreased connections from Fz, Cz, C4, and P4. 
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(ii) The prominent connections in Baseline and BE are relatively similar, showing 

clustered bidirectional connections over the midline and the right fronto-

central areas. In WO, bidirectional connections were found clustered around 

the frontal area and in some midline channels, and weaker connections 

towards Oz and around the localised parieto-occipital area. 

(iii) Baseline vs BE: Compared to Baseline, most of the networks were deactivated 

during BE. PoPo was found as the network with the highest count of 

significantly active connections in BE, followed by PoF.  

Baseline vs WO: Compared to Baseline, most of the networks were 

deactivated during WO. FC, CP, CC, and PoF show an equal number of 

significant connections found in WO.  

(iv) Baseline vs BE: significant decreases of average GC during BE were found in 

FC, FPo, all zones coming from C, and PoC, and a significant increase was 

found in PoF. 

Baseline vs WO: significant decreases of average GC during WO were found 

in FPo, CC, CPo, and in all zones coming from Po, and a significant increase 

was found in FF.  
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Figure 7.2 (a-c) The average intra-brain GC matrices of group D for Baseline, BE, and WO. (d-

f) The connectivity map for each condition- each map displays the average GC values above the 

75th percentile of its corresponding matrix above them. (g-h) The matrices of p-values generated 

from a non-parametric paired permutation (p<0.01) of the intra-brain GC values of from all trials 

between Baseline and each gaming condition, with FDR correction applied. The blue and red 

squares indicate the significant connections, blue indicates higher average GC value in Baseline 

and red indicates higher average GC value in gaming. 
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Intra-brain GC of group ND 

(i) Baseline vs BE: in BE, for Pz as a source, decreased connections were flowing to 

all frontal channels and C4. For Pz as a sink, decreased connections were coming 

from F3, Cz, P3, P4, and Oz.  

Baseline vs WO: the significant changes involving Pz were only found as a sink, 

with decreased connections coming from F4, Cz, P3, P4, and Oz.  

(ii) In Baseline, the prominent connections were clustered around the left fronto-

central area and the localised parieto-occipital area, with a lack of connections 

between the two localised areas. In BE, the prominent connections were e evenly 

distributed across all areas, while in WO, the prominent connections were 

clustered around the left hemisphere of all cortical areas (frontal, central, parietal, 

and occipital).  

(iii) Baseline vs BE and Baseline vs WO: all the significant changes found in this group 

are characterised by the deactivation of the most networks during gaming when 

compared to Baseline, particularly the deactivation of CF, PoF, PoC, and PoPo.  

(iv) Baseline vs BE and Baseline vs WO: significant decreases of average GC during 

BE and WO compared to Baseline were found in all zones.  
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Figure 7.3 (a-c) The average intra-brain GC matrices of group ND for Baseline, BE, and WO. 

(d-f) The connectivity map for each condition- each map displays the average GC values above 

the 75th percentile of its corresponding matrix above them. (g-h) The matrices of p-values 

generated from a non-parametric paired permutation (p<0.01) of the intra-brain GC values of 

from all trials between Baseline and each gaming condition, with FDR correction applied. The 

blue squares indicate the significantly higher average GC value in Baseline. 
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Figure 7.4 The bar graphs of the average GC values (mean ± standard error) in each zone for (a) 

group D, Baseline vs BE, (b) group D, Baseline vs WO, (c) group ND, Baseline vs BE, and (d) 

group ND, Baseline vs WO. A non-parametric paired permutation (p<0.01) was performed to 

compare the statistic between two conditions, with FDR correction applied. The blue bars indicate 

the average GC during Baseline and the red bars indicate the average GC during gaming 

experiment (BE/WO). 

Comparisons between BE vs WO  

(i) Group D: in BE, for Pz as a source, weaker connections were flowing to F4 and 

C4, and stronger connections to P3 and Oz. For Pz as a sink, weaker connections 

were coming from F3, Fz, and C3, and stronger connections were coming from 

P3 and P4.  

Group ND: in BE, for Pz as a source, weaker connections were flowing to all 

frontal channels and to Cz. For Pz as a sink, weaker connections were coming 

from F3, P4, and Oz. 
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(ii) Group D: in BE, group D shows higher count of significant connections in PoF, 

PoC, and PoPo. While in WO, higher count of significant connections was found 

in FPo. 

Group ND: most areas remained the similar in both BE and WO. There is one 

significant connection in FC, FPo, CF,CPo, and PoF, showing higher activity in 

BE. While in WO, higher count of significant connections was found in PoF and 

PoPo. 

(iii) Group D: significantly higher average GC during BE compared to WO were found 

in all zones coming from Po, and significantly lower average GC during BE 

compared to WO were found in all zones coming from F, CF, and CC.  

Group ND: significantly lower average GC during BE compared to WO were 

found in FF and all zones coming from Po.  
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Figure 7.5 (a-b) The matrices of p-values generated from a non-parametric paired permutation 

(p<0.01) of the intra-brain GC values from all trials between BE and WO for (a) group D and 

(b) group ND, with FDR correction applied. The blue and red squares indicate the significant 

connections, blue indicates higher average GC value in BE and red indicates higher average GC 

value in WO. (c-d) The bar graphs of the average GC values (mean ± standard error) for BE and 

WO in each zone for (c) group D and (d) group ND. A non-parametric paired permutation 

(p<0.01) was performed to compare the statistic between two conditions, with FDR correction 

applied. The blue bars indicate the average GC during BE and the red bars indicate the average 

GC during WO. 
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Comparisons between group D and group ND 

(i) Baseline: for Pz as a source, group D shows stronger connections to Fz, C3, Cz, 

and C4. For Pz as a sink, group D shows stronger connections from Fz, F4, C3, 

Cz, and C4, and weaker connections from P3 and Oz.  

BE: for Pz as a source, group D shows stronger connections to all fronto-central 

channels. For Pz as a sink, group D shows stronger connections from F3, F4, C3, 

Cz, C4, P4, and Oz.  

WO: for Pz as a source, group D shows stronger connections to all fronto-central 

channels. For Pz as a sink, group D shows stronger connections from F3, F4, C3, 

Cz, and C4, and weaker connections from P4 and Oz.  

(ii) Baseline: group D shows higher count of significant connections in CPo and FPo, 

while group ND generally shows lower significant connection count. For group 

ND, the highest number of significant connections was found in PoC and PoPo. 

BE: All the significant connections found indicated that group D has higher 

connectivity compared to group ND during BE. The highest significant 

connection count was found in PoF and CPo. 

WO: Most of the significant connections found indicated that group D has higher 

connectivity compared to group ND during WO. The highest significant count 

was found in CPo and FPo for group D and in PoF for group ND. 

 
Figure 7.6 The matrices of p-values generated from a non-parametric paired permutation (p<0.01) 

of the intra-brain GC values from all trials between groups (D and ND) in (a) Baseline, (b) BE, 

and (c) WO, with FDR correction applied. The blue and red squares indicate the significant 

connections, blue indicates higher average GC value in group D and red indicates higher average GC 

value in group ND. 
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7.3.2 Directed Transfer Function 

DTF results are presented in three ways: as matrices presenting the grand average of DTF 

values of all epochs from all players in each group (Fig. 7.7 and 7.11),  as connectivity 

maps displaying only the average values above the 75th percentile of its corresponding 

matrix for an easy visual representation of spatial connectivity localisation (Fig. 7.8 and 

7.12), as a set of p-value matrices (Fig. 7.9, 7.13, 7.15, and 7.17) and as bar graphs 

displaying the average GC values in each zone (Fig. 7.10, 7.14, and 7.16). 

The statistical comparisons from the DTF data were performed as the following: 

between Baseline and BE/WO, between BE and WO, and between groups. Based on these 

presentations, the results will be explained following the same structure as in intra-brain 

GC results presentation. 

DTF of group D 

(i) Baseline vs BE: in BE, for Pz as a source, increased connections were flowing to 

P3 (in theta, alpha, and lower beta bands) and P4 (in theta band). For Pz as a sink, 

increased connection was flowing from Fz (in alpha and both beta bands), F4 (in 

all frequency bands), and C4 (in alpha and both beta bands), and decreased 

connections were coming from C3 (in both beta bands), Cz  (in theta, alpha, and 

lower beta bands), P3 (in both beta bands), P4 (in all frequency bands), and Oz  

(in theta and higher beta bands).  

Baseline vs WO: in WO, for Pz as a source, decreased connections were flowing 

to Fz (in higher beta band), Cz (in alpha band), P3 (in alpha and lower beta bands), 

P4 (in alpha band), and Oz (in alpha band).  

(ii) In all frequency bands and all conditions, the prominent connections were evenly 

distributed throughout all channels and densely clustered over the midline 

channels.  

(iii) Baseline vs BE and Baseline vs WO: FC and FPo were found to have higher 

significant connection count during gaming in all frequency, while PoF, PoC, and 

PoPo were more active during Baseline. 

(iv) Baseline vs BE: significant decreases of average DTF during BE were found in 

FC (alpha), FPo and CPo (all frequency bands), CC and PoC (lower beta), and 

PoPo (theta, alpha, and higher beta), and significant increases of average DTF 
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during BE were found in all zones coming to F (all frequency bands), and all zones 

coming to C (theta and higher beta). 

Baseline vs WO: significant decreases of average DTF during WO were found in 

all zones coming to Po (all frequency bands) and CC (lower beta), and significant 

increases during WO were found in all zones coming to F (all frequency bands), 

FC (both beta bands),  

 
Figure 7.7 The average DTF matrices for group D for Baseline, BE and WO conditions, in each 

frequency band. 
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Figure 7.8 The connectivity maps display the average DTF values for group D above the 75th percentile 

of its corresponding matrix shown in Figure 7.7, for Baseline, BE and WO conditions, in each frequency 

band. 
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Figure 7.9 The matrices of p-values generated from a non-parametric paired permutation (p<0.01) 

of the DTF values from all trials between Baseline and each gaming condition (Baseline vs BE 

and Baseline vs WO) for group D in each frequency band with FDR correction applied. The blue 

and red squares indicate the significant connections, blue indicates higher average DTF value in 

Baseline and red indicates higher average DTF value in gaming.  
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Figure 7.10 The bar graphs of the average DTF values (mean ± standard error) in each zone 

between Baseline and each gaming condition (Baseline vs BE, and Baseline vs WO) for group D, 

in each frequency band. A non-parametric paired permutation (p<0.01) was performed to 

compare the statistic between two conditions, with FDR correction applied. The blue bars indicate 

the average DTF during Baseline and the red bars indicate the average DTF during gaming 

experiment (BE/WO). 
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DTF of group ND 

(i) Baseline vs BE: in BE, for Pz as a source, decreased connections were flowing to 

all channels in all frequency bands. For Pz as a sink, increased connections were 

flowing from F3, C3, and Cz (in all frequency bands), and from Cz (in alpha and 

both beta bands), C4 (in both beta bands), P3 (in higher beta band), and P4 (in 

alpha and both beta bands), and decreased connections were coming from Fz and 

F4 (in alpha and both beta bands).  

Baseline vs WO: in WO, for Pz as a source, decreased connections were flowing 

to C3 and all parieto-occipital channels in all frequency bands and to F4 (in theta 

band),  to Cz (in theta, alpha, and lower beta bands) and to C4 (in theta and lower 

beta bands). For Pz as a sink, increased connections were flowing from F3, C3, 

and Cz (in all frequency bands), and from C4 (in theta, alpha, and lower beta 

bands), and decreased connections were coming from P4 in theta band.  

(ii) The prominent connections were evenly distributed throughout all channels in 

Baseline and WO, with a dense cluster around the midline channels. In BE, the 

prominent connections were found clustered in the left hemisphere and 

particularly denser in the left fronto-central area, in all frequency bands.  

(iii) Baseline vs BE and Baseline vs WO: CPo was found to have higher significant 

connection count during gaming in all frequency, while FC and FPo were more 

active during Baseline. 

(iv) Baseline vs BE: significant decreases of average DTF during BE were found in 

FPo and CPo (alpha and both beta bands), and PoPo (both beta bands), and 

significant increases of average DTF during BE were found in FC, PoF, and PoC 

(all frequency bands), CF (theta and lower beta), and CC (alpha and both beta 

bands). 

Baseline vs WO: significant decreases of average DTF during WO were found in 

FF (higher beta), and all zones coming to Po (all frequency bands), and significant 

increases of average DTF during WO were found in all zones coming to C (all 

frequency bands), and PoF (theta and lower beta).  
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Figure 7.11 The average DTF matrices for group ND for Baseline, BE and WO conditions, in 

each frequency band. 
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Figure 7.12 The connectivity maps display the average DTF values for group ND above the 75th 

percentile of its corresponding matrix shown in Figure 7.11, for Baseline, BE and WO conditions, 

in each frequency band. 
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Figure 7.13 The matrices of p-values generated from a non-parametric paired permutation 

(p<0.01) of the DTF values from all trials between Baseline and each gaming condition 

(Baseline vs BE and Baseline vs WO) for group ND in each frequency band with FDR correction 

applied. The blue and red squares indicate the significant connections, blue indicates higher 

average DTF value in Baseline and red indicates higher average DTF value in gaming.  
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Figure 7.14 The bar graphs of the average DTF values (mean ± standard error) in each zone 

between Baseline and each gaming condition (Baseline vs BE, and Baseline vs WO) for group 

ND, in each frequency band. A non-parametric paired permutation (p<0.01) was performed to 

compare the statistic between two conditions, with FDR correction applied. The blue bars indicate 

the average DTF during Baseline and the red bars indicate the average DTF during gaming 

experiment (BE/WO). 



178 
 

Statistical comparisons between BE vs WO  

(i) Group D: in BE, for Pz as a source, weaker connections were flowing to all frontal 

channels in alpha band, and stronger connections were flowing to F3 (in higher 

beta band), C3 (in alpha band), Cz (in alpha, and both beta bands), and Oz (in 

alpha band). For Pz as a sink, weaker connections were coming from P4 in alpha 

band, and stronger connections were coming from P3 (in theta, alpha, and lower 

beta bands), from C3 (in higher beta band), and from Oz (in alpha band).  

Group ND: in BE, for Pz as a source, weaker connections were flowing to Fz, C3, 

and Cz in all frequency bands, to F4 and P4 (in alpha and both beta bands), to P3 

(in alpha and higher beta bands), and stronger connections were flowing to P4 (in 

theta band). For Pz as a sink, weaker connections were coming from most of the 

fronto-central connections in alpha and both beta bands, except from F3 and C3 

(in alpha band) and from P4 (in lower beta band) which indicate stronger DTF in 

BE.  

(ii) Group D: the highest statistically different connectivity between BE and WO was 

found in alpha band. Higher connectivity during BE was found in PoC while 

higher connectivity during WO was found in CF and PoF. 

Group ND: significantly higher connectivity was found in PoF (in both beta 

bands) and PoC (in all frequency bands) during BE, while significantly higher 

connectivity was found in FC (in theta and alpha bands) and FPo (in both beta 

bands) during WO.  

(iii) Group D: significantly higher average DTF during BE compared to WO were 

found in FC (theta), FPo (all frequency bands), CC and PoC (theta), and PoPo 

(alpha and both beta bands), and significantly lower average DTF during BE 

compared to WO were found in FF (theta and higher beta), FC (alpha and lower 

beta), CF (theta, alpha, and higher beta), and PoF (all frequency bands). 

Group ND: significantly higher average DTF during BE compared to WO were 

found in FF and CF (higher beta), FPo (theta and alpha), CPo (theta), PoF (all 

frequency bands), and PoPo (theta, alpha, and lower beta), and significantly lower 

average DTF during BE compared to WO were found in FC, CC, and PoC (all 

frequency bands).  
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Figure 7.15 The matrices of p-values generated from a non-parametric paired permutation 

(p<0.01) of the DTF values from all trials between BE and WO for each group, in each 

frequency with FDR correction applied. The blue and red squares indicate the significant 

connections, blue indicates higher average DTF value in BE and red indicates higher average 

DTF value in WO. 
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Figure 7.16 The bar graphs of the average DTF values (mean ± standard error) in each zone 

between BE and WO for both groups, in each frequency band. A non-parametric paired 

permutation (p<0.01) was performed to compare the statistic between two conditions, with FDR 

correction applied. The blue bars indicate the average DTF during BE and the red bars indicate 

the average DTF during WO. 
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Statistical comparisons between group D and group ND 

(i) Baseline: for Pz as a source, group D shows stronger connections to Fz (in alpha 

and both beta bands), F4, Cz (both in alpha and higher beta bands), C4 (in alpha 

band), P3 (in lower beta band), P4 (in both beta bands), and Oz (in lower beta 

band). For Pz as a sink, group D shows stronger connections from C3, Cz, P4, and 

Oz (in all frequency bands), and from P3 (in both beta bands), and weaker 

connections from all frontal channels (in all frequency bands). 

BE: for Pz as a source, group D shows stronger connections to all fronto-central 

channels and to some parieto-occipital channels in all frequency bands. For Pz as 

a sink, group D shows stronger connections from Fz (in alpha and higher beta 

bands) and Cz (in all frequency bands.), and weaker connections from F3 and C3 

(in all frequency bands).  

WO: for Pz as a source, group D shows stronger connections to most fronto-central 

channels (in theta, alpha, and higher beta bands), and to P4 and Oz (in theta band). 

For Pz as a sink, group D shows stronger connections from Cz (in alpha and both 

beta bands) and from P4 and Oz (in higher beta band), and weaker connections 

from F3 and F4 (in all frequency bands) and from C3 (in theta, alpha, and higher 

beta bands).  

(ii) Baseline: Higher connectivity in group D was found in CPo (in alpha, theta, and 

lower beta bands), PoF (in theta and higher beta bands), and PoPo (in lower beta 

band), and higher connectivity in group ND was found in FPo in all frequency 

bands.  

BE: Higher connectivity in group D was found in PoF (in alpha and both beta 

bands), PoPo (in theta, alpha, and higher beta bands), CPo (in theta band), and 

PoC (in lower beta band), and higher connectivity in group ND was found in FPo 

in all frequency bands. 

WO:  Higher connectivity in group D was found in PoF (in alpha and higher beta 

bands), PoPo (in theta and lower beta bands), PoC (in alpha band), and CPo (in 

theta band), and higher connectivity in group ND was found in FPo in all 

frequency bands. 
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Figure 7.17 The matrices of p-values generated from a non-parametric paired permutation (p<0.01) of 

DTF values from all trials between groups (D and ND) for Baseline and each gaming condition (BE 

and WO), in each frequency with FDR correction applied. The blue and red squares indicate the 

significant connections, blue indicates higher average DTF value in group D and red indicates higher 

average DTF value in group ND. 
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7.3.3. Inter-brain Granger Causality 

Inter-brain GC results are presented in two ways: as matrices presenting the grand average 

of GC values of all epochs from all pairs in each direction (i.e. from group D to group 

ND will be called ‘direction I’ and from group ND to group D will be called ‘direction 

II’) (Fig. 7.18), as a set of p-values matrices displaying the significant connections, as a 

result of a non-parametric single-sample permutation test (Fig. 7.19), and  as inter-brain 

connectivity maps displaying the significant connections obtained from the p-values 

matrices (Fig. 7.20).  

 The significant connections found in the inter-brain GC showed that significant 

connections were found only in direction I during both BE and WO (Fig. 7.19 and 7.20), 

while there was no significant connection found in the opposite direction. This condition 

indicates that group D was more actively engaged to the social aspect of the game- to 

adjust their intra-brain activity to the same level as their partner’s. On the other hand, the 

lack of significant connections in direction II showed that group ND did not contribute 

enough to increase their brain activity to match their partner. These results indicate that 

collaborative scores were achieved due to the active effort of brain activity adjustment by 

group D.  

 

Figure 7.18 The matrices of the average inter-brain GC for each condition, i.e. Baseline, BE, and 

WO for each direction. 

  



184 
 

 

 

Figure 7.19 The matrices of p-values generated from a non-parametric single-sample permutation 

(p<0.001) with FDR correction applied, of the inter-brain GC of all pairs for both gaming 

conditions. The white boxes represent the significant connections. 

Figure 7.20 The significant inter-brain connectivity map based on the significant connections 

found in Figure 7.19, for both gaming conditions (BE and WO), in both directions.  
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7.4 Discussions 

Multi-user BCI collaborative gaming has been previously studied [62, 63], however, the 

information regarding the cortical activation within and between the interacting brain are 

still relatively limited. In this study, we performed intra-brain and inter-brain connectivity 

analysis in order to explore the impact of collaborative BCI gaming that is based on alpha 

band operant conditioning, to the brain cortical activity. Three different conditions were 

measured such as pre-gaming Baseline, BE, and WO, with the group of players divided 

into group D and group ND. Connectivity analysis were divided into intra-brain GC, DTF, 

and inter-brain GC, with a non-parametric statistical analysis to compare the results based 

on the types of condition (i.e. Baseline vs BE and Baseline vs WO), based on BE vs WO, 

and based on the groups (i.e. between group D and group ND). Intra-brain connectivity 

(both GC and DTF) detected the fluctuation of connections coming from Pz in group D 

during gaming, indicating the flexibility to adjust alpha power to the similar level to group 

ND. Inter-brain connectivity during collaboration only found significant inter-brain 

connections from group D during BE and WO, indicating the higher effort to engage in 

collaborative interaction was mainly coming from group D regardless the gaming 

condition.  

Intra-brain GC 

Intra-brain GC results detected  Pz activity during gaming in group D shows more 

fluctuation  (increased connectivity to frontal channels and decreased connectivity to 

central and parietal channels) compared to in group ND, which only shows a decreased 

connections  during BE and no changes during WO. This result is consistent with the 

previous finding s in Chapter VI, that group D has the better ability to regulate their brain 

activity at Pz.  

 Midline connectivity revealed that group D shows a significant decrease in the 

connections between Pz and Cz bidirectionally, and from Fz to Pz.in both gaming 

conditions. The decreasing trend the midline area might indicate the activity of the 

cingulate cortex, which is divided into anterior (ACC) and posterior cingulate cortex 

(PCC) [185, 238]. PCC is a part of the default mode network (DMN) along with medial 

prefrontal cortex (mPFC) and temporoparietal junction (TPJ) [184] ACC is a part of 

salience network (SN), along with ventrolateral prefrontal cortex (vlPFC), anterior insula 

[13, 192]. DMN is a network that is more active during resting and less active during 
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cognitive control and SN detects stimuli and mediates the switching between DMN and 

central executive network [13, 239]. Decreasing activity in the midline area might reflect 

the process of network switching as a response of a cognitive task. Moreover, we also 

found an increase in the bilateral fronto-parietal connection during BE (from F4 to P4 and 

from Pz to F3), which indicate the activation of the fronto-parietal attention network 

[180]. 

 In contrast, the brain networks in group ND tend to decrease during both gaming 

conditions, showing that there was a decrease in the midline area, however there was no 

increase in any network. However, during the best collaborative performance (BE) both 

players decreased the connections coming from the left frontal channels (F3) towards all 

the other channels. In group D, this reduced GC originated from the left frontal area was 

accompanied by a fluctuation in Pz activity, while in group D network connectivity 

reduction occurred more globally. This suggest that the reduction of GC may not 

necessarily reflect a task-specific brain response to collaborative interaction performed 

by the players.  

Intra-brain GC comparison between groups show that, even during Baseline, the 

two groups displayed statistically different connectivity pattern, showing higher GC from 

the fronto-central to the parieto-occipital areas in group D. Based on our results, the 

connectivity difference during resting period between the groups may allow the 

prediction of a gaming/training outcome, as previously studied with the functional resting 

connectivity and its ability to predict task performance [45, 183]. 

Directed Transfer Function 

DTF analysis at channel Pz revealed that group D shows more connectivity fluctuation. 

During BE, Pz shows an increase of towards the parietal cortex in theta, alpha, and lower 

beta bands. While during WO, Pz shows a decrease of connections in alpha and lower 

beta bands towards the central and parietal cortex and towards Fz in higher beta band. In 

contrast, Pz activation in group ND mainly shows decreased connections to different 

cortical areas during both gaming condition, and these changes are less frequency-specific 

compared to group D. These results, once again reflect the effort of the players to regulate 

Pz activity within alpha frequency band, which was successfully done by group D.  

DTF results in group D shows frequency-specific dynamic changes involving Cz, 

i.e. different gaming conditions were marked by different connectivity patterns coming 
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from Cz. Decreased connections was found from Cz to all cortical areas in alpha and 

lower beta bands during BE, and increased connections from Cz to frontal channels (in 

theta, alpha, and lower beta bands) and to central and parietal channels in higher beta 

band, during WO. The fluctuation of midline activity can be associated to the activity of 

cingulate cortex, in which divided into ACC and PCC, and each section of the cingulate 

cortex has been linked to social behaviour [240, 241]. Non-frequency specific increase of 

network connections were found coming from frontal area to all channels and from C4 to 

parietal area, in both gaming conditions compared to Baseline, while non-frequency 

specific decreased were found from C3 and the parietal channels to fronto-central areas. 

Results in group D suggest that the frequency specific changes were facilitated by the 

midline area, while the constant changes in all frequency were facilitated by the bilateral 

channels over the cortical area. However, the lateralization trend in DTF is different than 

the results in GC. This difference will be discussed later in the chapter. 

DTF results in group ND show that non-frequency-specific increased connectivity 

was found from the left fronto-central area to all cortical areas in both gaming conditions, 

and from the midline central channel to all cortical areas only during WO. The activity 

around the left fronto-central area might reflect the activation of the left prefrontal gyrus, 

that is associated with various functions, including  verbal processing as well as self-

related processing [242, 243] and long term memory retrieval [244]. 

  Furthermore, the frequency specific increase of connection in group D in the 

localised parietal area during BE, suggest that a successful collaborative gaming only 

increase the short distance/localised connectivity closer to the targeted area (Pz). In 

addition, taken from the source activation results in alpha band presented in Chapter VI, 

the highest increase of source activation was found in the left inferior parietal lobule 

(IPL), which might explain the increased connection from Pz to P3 in alpha band (as well 

as in the frequency which might overlap with alpha, i.e. theta and lower beta band).  

Similar to intra-brain GC, DTF comparison between groups show that, in Baseline 

condition, the two groups displayed statistically different connectivity pattern in (despite 

being relatively non-frequency specific). The connections from frontal area to all cortical 

areas during Baseline in group ND were higher compared to group D (which is consistent 

with the results in competitive gaming), which remained high during gaming, 

consequently caused them to perform poorly. These dynamical differences during 
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resting might be the useful to predict a successful/non-successful gaming 

performance [45, 183].  

Inter-brain GC 

Inter-brain GC analysis revealed that the significant inter-brain connections were only 

appeared in the direction from group D to group ND. This result indicates the majority of 

the collaborative effort were mainly done by group D, which is in line with the single-

brain EEG analysis results of group D. Compared to the results during competition, 

collaborative gaming showed larger number of inter-brain connections from group D to 

group ND, and the opposite condition for group ND (larger number of connections were 

found in competitive instead). These trends show the tendency of each different group 

(D/ND) to engage only to a certain type of social interaction, i.e. group D was more 

challenged in collaboration and group ND was more challenged in competition, 

suggesting that having different social interaction options in the game can be useful for 

different types of players. Moreover, the inter-connectivity results done by Astolfi et al. 

[84], during the Prisoner’s Dilemma game showed that the inter-brain connection’s 

density were higher when the subjects decided to cooperate, than when they decided to  

defect the other player. Their results show different trend than the ones in this chapter, 

however the difference suggests that the inter-connectivity density are not mainly 

influenced by the types of interaction (cooperation/defective) but also by the manner of 

how the interaction was performed (for example: in a decision-based/turn-taking manner 

or in a simultaneous manner). 

Notable findings 

Our study analysed the brain intra- and inter- connectivity as a response to collaborative 

interaction in an alpha operant-conditioning training paradigm. We found that different 

method of multivariate connectivity analyses, i.e. GC and DTF, might show different 

results, particularly evident after the statistical analysis comparing gaming condition 

with Baseline. It has been proposed that, despite the similar concept of GC and DTF in 

estimating directed connectivity, DTF estimates the total information affecting one time 

series on another, while GC mainly estimates the direct effect that one series can give to 

another [195]. Moreover, GC can have the tendency to promote type I spurious causality, 

which likely to cause a false detection of a direct effect between two time series [195], 
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while DTF detects not only a direct effect but also a cascade effect [196]. Different 

connectivity detection during Baseline and gaming by these two methods, consequently, 

resulted different trend of brain activation pattern after statistical analysis. However, both 

approaches are equally needed in our study to provide connectivity information in both 

time and frequency domain.  

 Moreover, we found that intra-brain connectivity results in this study to some 

extent, complement the single-brain analysis electrophysiological signatures, performed 

in the previous chapter (Chapter VI). Our results revealed that significant connectivity 

changes in a specific frequency band might appear, despite the power spectral density 

results did not find any significant activation in the localised area. These significant 

connections displayed the brain activity as multiple separate networks and depicted their 

influences on each other during resting and active states. In addition, we found that 

individual intra-brain connectivity during resting is potentially useful in predicting 

gaming performance. Lastly, the inter-brain connectivity analysis revealed that the 

significant connections were only found from group D to group ND in BE and WO, 

suggesting that group D had higher level of engagement to the social aspect of gaming, 

and produced higher effort to achieve the mutual scores.   

Limitations 

The limitations of this study including small number of channels as well as the shorter 

time-series length that were used in connectivity analysis. A larger number of channels 

that evenly distributed over all cortical areas will provide a better connectivity resolution. 

Faster computational facility was also required in order to perform connectivity analysis 

efficiently. Inter-brain synchrony analysis could be added for future direction to validate 

the inter-personal brain synchrony that might occur during collaborative task [245, 246]. 

An extensive questionnaire for quantitative measures of user experience is also required 

in order to design a more user-friendly collaborative BCI in the future. Lastly, there is 

always a room to increase the number of players in order to get better and more precise 

group statistical results. 

7.5 Conclusions 

The study performed intra- and inter- brain connectivity analysis of the data obtained by 

multi-user collaborative BCI game that is based on alpha band operant conditioning. Our 
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results suggest that group D have the better ability in adjusting their Pz activity to a similar 

level as their partner’s. Intra-brain connectivity results also highlighted the dynamics of 

midline areas during Baseline and during gaming and revealed a higher activation of 

fronto-parietal control network in group D during gaming compared to group ND.  These 

results indicate that they are capable of both levelling their Pz activity similar to their 

partner’s, while at the same time being engaged to the interactive task. This ability might 

be predictable based on their intra-brain baseline connectivity. Intra-brain connectivity in 

group ND suggests that they did not show any meaningful frequency-specific dynamic in 

the connections that involve Pz, and they were likely to have lower task-engagement 

level. Finally, our inter-brain connectivity results found significant connections only in 

the direction from group D to group ND in both gaming conditions (most successful and 

least successful conditions), which show that group D had higher engagement level to the 

collaborative gaming. 
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Chapter VIII 

 

General Discussion 

 

The aim of this thesis is to investigate the electrophysiological changes that occur in the 

brain, due to the multi-user BCI gaming, by performing EEG signal processing techniques 

i.e. power spectral analysis, signal complexity analysis, source localisation analysis, and 

brain connectivity analysis, where the BCI paradigm used is based on the alpha band non-

verbalised operant conditioning at channel Pz. In order achieve this aim, two main 

experiments have been performed to address the objectives, and they are organised as the 

following: 

• Chapter IV presented the main finding of the EEG power spectral and source 

localisation analysis from the multi-user competitive BCI gaming performance. 

•  Chapter V presented the main finding of the (intra- and inter-) brain connectivity 

analysis from the multi-user competitive BCI gaming performance. 

• Chapter VI presented the main finding of the EEG power spectral and source 

localisation analysis from the multi-user collaborative BCI gaming performance. 

•  Chapter VII presented the main finding of the (intra- and inter-) brain 

connectivity analysis from the multi-user collaborative BCI gaming performance. 
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8.1 Discussions of the main findings 

1) What are the strategies applied by the players when they were engaged to the 

different social interactions applied in the game, judging by the changes of their 

brainwaves? 

• Competitive interaction 

Chapter IV showed that both players maintained Pz alpha power to a close level as in 

Baseline, during successful competitive gaming conditions. The instruction given to the 

players was for them to upregulate their alpha power at Pz to be higher than their 

opponent, thus required them to play based on their own feedback and based on their 

opponent’s feedback. The maintenance of Pz alpha similar to Baseline was the 

consequence of the given instruction. Since alpha activity is higher during resting and 

lower in the presence of visual stimulation and cognitive task [20], the maintenance of 

alpha power to the similar level at Baseline reflects the control to upregulate alpha activity 

even when the power never exceed the level in Baseline. The trend of the averaged 

absolute alpha power at Pz during successful competitive gaming in both groups are 

depicted in Figure 8.1, where the difference level of gaming alpha in each group are very 

distinctive. Moreover, the source localisation analysis in group D during a successful 

competition revealed that the brain area with the highest increase of source activity in 

alpha band was found in the precuneus, which is located in the parietal cortex closer to 

the midline channel. This result was later confirmed by the frequency specific 

connectivity increase found by DTF analysis, from Pz to Cz, which are closely located to 

the precuneus area.  

• Collaborative interaction 

Chapter VI showed that group D the flexibility to adjust Pz alpha activity to a close level 

to group ND, as shown during the most successful collaboration where group D decreased 

alpha power at Pz, while group ND maintained the same alpha level to Baseline. In this 

interaction, the flexibility to adjust alpha level is important, and the results indicate that 

only group D showed a significant activity changes, although maintenance of alpha by 

ND might also indicate their effort to adjust to group D’s level. The trend of the averaged 

absolute alpha power at Pz during successful collaborative gaming in both groups are 

depicted in Figure 8.1, where the similarity of gaming alpha in each group are very 

distinctive. Moreover, the source localisation analysis in group D during a successful 
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collaboration revealed that the brain area with the highest increase of source activity in 

alpha band was found in the left hemisphere of the inferior parietal lobule (IPL). This 

result was later confirmed by the frequency specific connectivity increase found by DTF 

analysis, from Pz to P3., which are closely located to the IPL area. 

 

Figure 8.1 The averaged absolute alpha power at Pz from all players in each group, in each 

session, for competitive gaming (blue box), and collaborative gaming (orange box) and for their 

respective baselines. 

2) How relevant is EEG neurofeedback strategy for the multi-user BCI gaming? 

The exact neurofeedback rule is not entirely relevant, as unlike in the typical single-user 

EEG alpha neurofeedback, where the subject maintains their brain activity based on their 

own feedback. In our multi-user BCI gaming, the goal is to get higher score. Scores can 

be achieved by attending both personal feedback and the feedback of others, thus 

adjusting alpha power level based on the opponent’s/partner’s is much more relevant than 
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following the neurofeedback instruction to upregulate alpha. While upregulating alpha 

power could be clearly related to the winning strategy in competition, in collaboration 

upregulating alpha power would be irrelevant, as the strategy for collaboration is to 

maintain alpha power to the close level to the other player, which could be either 

upregulation or downregulation of alpha power.  

3) What are the differences between competing players in competitive gaming? 

Due to the difference of Pz behaviour in modulating alpha activity, different the intra-

brain connectivity patterns were also found between the groups. Intra-GC brain 

connectivity showed that during both competitive gaming conditions, group D had more 

significantly increased connections compared to group ND, with most connections 

coming from the parietal channels towards the fronto-central channels, while group ND 

only maintained a very few increased connections, mostly coming from the right fronto-

central channels towards the midline and right parieto-occipital channels. DTF analysis 

also found that group D showed frequency specific connections that are coming from Pz, 

particularly stronger during BSD, meanwhile group ND did not show any increased 

connections coming from Pz in any frequency in any gaming condition. In both gaming 

conditions, group ND showed a significantly decreased connections coming from the 

parietal channels towards fronto-central channels in all frequency bands. These intra-

brain connectivity results indicate that group D modulated their parietal cortex activity 

where the control channel (Pz) is located, which did not occur in group ND. In addition, 

in SSD, group D did not show any increased connections from Pz while in group ND the 

same connections remained low, this condition suggest that group ND’s best gaming 

performance (SSD) might not be entirely due to their better performance, but more likely 

due to the poor performance of group D. 

4) Is there any consistency or differences found in the inter-brain connectivity between 

competition and collaboration? 

Chapter V and Chapter VII found that different gaming interactions resulted in different 

inter-brain connectivity for each group of players (Fig. 8.2).  In competition, higher 

number of significant inter-brain connections were found in the direction from group ND 

to group D in both BSD and SSD gaming conditions, while in the opposite direction, 

group D only showed significant inter-brain connections during BSD. These results 
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indicate that: 1) group D achieved their best gaming performance when they actively 

engaged to the social aspect of the game (in addition to their intra-brain activity 

modulation), 2) group ND was more engaged to the social aspect of the game regardless 

their gaming condition – suggesting that the key success of the game is to be engaged in 

both individual (as intra-brain activity modulation) and social aspects, 3) group ND 

showed higher number of channels that are actively sending out significant connections 

to group D during their best gaming condition (SSD), suggesting that larger brain 

activation area combined with the lack of social engagement by group D allow them to 

reach their best gaming performance. 

In collaboration, significant inter-brain connections were found only in the direction 

from group D to group ND, in both BE and WO gaming conditions. Unlike the results 

from competitive gaming, during collaborative gaming, only group D that was actively 

engaged to the social aspect of the game, regardless the gaming condition. This result 

indicates that the gaming scores were mainly achieved due to the higher effort done by 

group D to adjust their intra-brain activity level to the same level as their partner.  
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Figure 8.2 The significant inter-brain connectivity map based on the significant connections 

generated by a non-parametric single-sample permutation (p < 0,001) with FDR correction 

applied, for competitive (blue box) and collaborative (orange box) gaming, in both directions 

(group D to group ND, and group ND to group D).   

 

5) Is there any resting state prognostic brain marker to characterise the players gaming 

performance? 

Both studies showed that both groups had different level of occipital alpha power during 

resting as well as a different intra-brain connectivity pattern between the two groups. 

These results support the idea of using resting alpha power and resting connectivity as a 

predictor of gaming performance [42, 45, 183]. The dominant players were shown to have 

higher occipital alpha power and stronger intra-brain connections, particularly the 
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connections that involved the parieto-occipital channels, compared to the non-dominant 

players. 

6) What are the differences in terms of the brain activities between multi-user interactive 

BCI gaming and conventional physically controlled video gaming? 

The multi-user BCI interactive gaming in our study found that the main changes of brain 

activity in both studies occurred around/involving the parietal area specifically around 

the frequency of alpha band and the other frequency band that might overlap with alpha 

band i.e. theta and lower beta bands, which are evident in group D during competition. 

These posterior activities mainly occurred due to the game experimental design which 

required the control over the parietal cortex of the players. However, despite being non-

statistically significant, we also found a wider activation site around the frontal cortex, 

particularly in the middle frontal gyrus, in group D during both gaming interactions. 

Frontal cortex has been reported to be activated during non-BCI gaming, in both single-

user and hyperscanning studies. [78, 79, 247, 248].   

The brain’s frontal cortex, particularly the prefrontal cortex, has been associated 

with various cognitive functions, e.g. in decision making and social comparison [144, 

193], emotional processing [249, 250], memory processing [251], moral judgement [252],  

planning [194], and motivation to approach or to withdraw [229]. Any of these functions 

can be easily triggered during a very stimulating, multi-sensory activity e.g. interactive 

gaming. Some studies have reported the long-term effect of video gaming in structural 

and functional alteration of the brain, including the frontal cortex [253-256], suggesting 

that the influence of gaming to the frontal cortex activity is more inclined to the tendency 

of gaming in stimulating complex cognitive processes, regardless the type of gaming 

control (BCI/non-BCI). Apart from the specificity of the game control (i.e. alpha activity 

at Pz), our gaming experiments were performed in a non-verbal and non-physical manner, 

therefore the activation of such brain areas responsible for speech processing and motor 

control, e.g. temporal and motor cortex [91, 247], were not highlighted in this study.  

7) Is the mental strategy applied during multi-user BCI gaming similar to during single-

user neurofeedback BCI gaming? 

While certain areas of the brain related to the responses of arousal and dominance are 

active in both conditions [257], a success of the multiuser game is not necessarily related 
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to the single-user neurofeedback BCI strategy, which in this case was to increase the alpha 

band power at Pz. The main difference is that during single user BCI, a player is trying 

to control EEG power with respect to their own baseline level while in multiuser BCI the 

“baseline” is dynamic and affected by an external factor, i.e. performance of the other 

player.  As a consequence, multiuser BCI might not necessarily serve the same purpose 

as single user BCI. For example, single user BCI can be used for therapeutic purpose 

where a player is consistently upregulating brain activity, while in multiuser BCI this 

consistency is lost even when a player is winning the game.  

8.2 Limitations 

For the EEG experiments, a higher number of channels that are evenly distributed 

throughout the cortical areas should be used, as higher number of channels can provide 

better spatial resolution and minimise the effect of volume conduction from the sparse 

electrodes distribution, thus, producing better accuracy, particularly in connectivity and 

source localisation analyses. Equal number of EEG channels should be used by both 

players regardless their dominance level.  

For connectivity analysis, a higher number of channels and longer data length should be 

used, as higher number of EEG channels may allow more precise representation of the 

brain connectivity in a specific or in a larger area, while longer data length would increase 

the number of epochs/trials, thus producing more precise connectivity results.  Faster 

computational power is also required, as a faster computational facility is beneficial to 

perform connectivity analysis efficiently, allowing the use of higher number of channels 

and longer data length.  

For experimental designs, a higher number and more frequent training sessions should be 

added to provide players with more time to learn and to eventually gain better 

performance. Larger number of participants should be recruited, as it can give more 

precise and powerful statistical results. 

8.3 Suggestion for future work 

A post-experimental questionnaire for quantitative behavioural measures and/or for user 

experience measures, would be useful to assess the players perception of the game and 
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the user-friendliness of the BCI paradigm, which will be beneficial for the future 

improvement of the game. 

Inter-brain synchronization analysis would be useful to provide more accurate 

information related to inter-brain connectivity and coupling during different social 

interaction tasks.  

Prior the first gaming session, classifying the players based on their resting state alpha 

power/intra-brain connectivity to make sure each player in a pair is closely matched, 

would be useful to avoid extreme outperformance that might affect confidence level and 

motivation of the players. 

Performing/providing data from the single-user gaming BCI experiment with the similar 

interface would provide comparable information that can be useful to study the efficiency 

of the same interface with/without social interaction. 

8.4 Conclusion 

This thesis studied the brain activity changes as a response to an EEG-based multi-user 

BCI gaming that incorporated different social interaction types (i.e. competitive and 

collaborative interaction), with the BCI paradigm that is based on alpha non-verbalised 

operant conditioning. Extensive analyses of the electrophysiological signatures and brain 

connectivity were performed to the EEG data, in order to explore the brain cortical 

changes during gaming experiments. The results of the analyses were compared between 

competition and collaboration., and it was revealed that different types of interaction 

produced different kind of response in the brain activity of the players. These responses 

including the fluctuation and the spatial distribution of alpha power, the changing brain 

source localisation pattern, and the changes in of intra- and inter-brain connectivity. It 

was found that the level of dominance between players produced different response in 

brain activity, in both gaming interactions. Additionally, it was revealed that the level of 

alpha power and intra-brain connectivity during resting state can be used to predict the 

gaming performance. Overall, the thesis has contributed in providing the information 

regarding the brain’s cortical activity changes during different kinds of multi-user BCI 

gaming interaction, which is expected to benefit for the development of multi-user BCI 

games and for other methodological considerations in designing multi-user BCI 

application.   
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Appendix I 

Appendix 1.1 Table of p-values and H scores from Kruskal-Wallis H test 

(p<0.05) of Higuchi Fractal Dimension from Baseline, BSD, and WO, for 

each group.  

Channel 
Group D Group ND 

p-value H-statistic p-value H-statistic 

AF3 0.818 0.403 0.393 1.866 

AF4 0.801 0.444 0.572 1.117 

F3 0.940 0.124 0.265 2.655 

Fz 0.966 0.070 0.598 1.03 

F4 0.708 0.692 0.566 1.138 

FC3 0.951 0.101 0.418 1.745 

FC4 0.826 0.382 0.737 0.612 

C3 0.983 0.034 0.689 0.746 

Cz 0.991 0.018 0.59 1.055 

C4 0.996 0.008 0.842 0.343 

P3 0.983 0.034 0.917 0.173 

Pz 0.991 0.018 0.876 0.266 

P4 0.988 0.023 0.855 0.312 

O1 0.991 0.018 0.532 1.262 

Oz 0.961 0.080 0.517 1.319 

O2 0.996 0.008 0.665 0.815 
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Appendix 1.2 Table of p-values and Z scores from Wilcoxon signed rank 

test (p<0.05) of Higuchi Fractal Dimension between Baseline and 

competitive gaming (BSD/SSD) in group D.  

Condition Channel p-value Z score 

Baseline vs BSD 

AF3 0.878 -0.153 

AF4 0.241 -1.172 

F3 0.445 -0.764 

Fz 0.878 -0.153 

F4 0.074 -1.784 

FC3 0.646 -0.459 

FC4 0.169 -1.376 

C3 0.799 -0.255 

Cz 0.878 -0.153 

C4 0.959 -0.051 

P3 0.646 -0.459 

Pz 0.721 -0.357 

P4 0.959 -0.051 

O1 0.878 -0.153 

Oz 0.878 -0.153 

O2 0.508 -0.663 

Baseline vs SSD 

AF3 0.445 -0.764 

AF4 0.386 -0.866 

F3 0.575 -0.561 

Fz 0.445 -0.764 

F4 0.333 -0.968 

FC3 0.386 -0.866 

FC4 0.285 -1.070 

C3 0.799 -0.255 

Cz 0.285 -1.070 

C4 0.959 -0.051 

P3 0.959 -0.051 

Pz 0.575 -0.561 

P4 0.721 -0.357 

O1 0.646 -0.459 

Oz 0.721 -0.357 

O2 0.646 -0.459 
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Appendix 1.3 Table of p-values and Z scores from Wilcoxon signed rank 

test (p<0.05) of Higuchi Fractal Dimension between Baseline and 

competitive gaming (BSD/SSD) in group ND.  

Condition Channel p-value Z score 

Baseline vs BSD 

AF3 0.241 -1.172 

AF4 0.241 -1.172 

F3 0.139 -1.478 

Fz 0.799 -0.255 

F4 0.203 -1.274 

FC3 0.169 -1.376 

FC4 0.203 -1.274 

C3 0.575 -0.561 

Cz 0.139 -1.478 

C4 0.333 -0.968 

P3 0.799 -0.255 

Pz 0.878 -0.153 

P4 0.878 -0.153 

O1 0.646 -0.459 

Oz 0.959 -0.051 

O2 0.508 -0.663 

Baseline vs SSD 

AF3 0.059 -1.886 

AF4 0.139 -1.478 

*F3 0.037 -2.090 

Fz 0.285 -1.070 

F4 0.169 -1.376 

*FC3 0.017 -2.395 

FC4 0.139 -1.478 

*C3 0.047 -1.988 

Cz 0.074 -1.784 

C4 0.646 -0.459 

P3 0.285 -1.070 

Pz 0.575 -0.561 

P4 0.646 -0.459 

O1 0.093 -1.682 

Oz 0.074 -1.784 

O2 0.169 -1.376 

*) Channels with significant p-value (before Holm-Bonferroni 

correction). 
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Appendix 1.4 Table of p-values and Z scores from Wilcoxon signed rank test (p<0.05) 

of Higuchi Fractal Dimension between groups (group D and group ND) 

 Baseline BE WO 

Channel p-value Z score p-value Z score p-value Z score 

AF3 0.721 -0.357 0.386 -0.866 0.139 -1.478 

AF4 0.508 -0.663 0.386 -0.866 0.139 -1.478 

F3 0.721 -0.357 0.386 -0.866 0.241 -1.172 

Fz 0.646 -0.459 0.959 -0.051 0.508 -0.663 

F4 0.386 -0.866 0.169 -1.376 0.285 -1.070 

FC3 0.203 -1.274 0.575 -0.561 0.285 -1.070 

FC4 0.285 -1.070 0.386 -0.866 0.508 -0.663 

C3 0.203 -1.274 0.959 -0.051 0.445 -0.764 

Cz 0.445 -0.764 0.646 -0.459 0.203 -1.274 

C4 0.646 -0.459 0.959 -0.051 0.959 -0.051 

P3 0.646 -0.459 0.445 -0.764 0.799 -0.255 

Pz 0.575 -0.561 0.333 -0.968 0.959 -0.051 

P4 0.959 -0.051 0.799 -0.255 0.799 -0.255 

O1 0.333 -0.968 0.386 -0.866 0.333 -0.968 

Oz 0.575 -0.561 0.445 -0.764 0.169 -1.376 

O2 0.333 -0.968 0.285 -1.070 0.646 -0.459 
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Appendix II 

Appendix 2.1 Table of p-values and H scores from Kruskal-Wallis H test 

(p<0.05) of Higuchi Fractal Dimension from Baseline, BE, and WO, for 

each group.  

Channel 
Group D Group ND 

p-value H-statistic p-value H-statistic 

AF3 0.985 0.031 0.922 0.163 

AF4 0.951 0.101 0.756 0.560 

F3 0.973 0.054 0.801 0.444 

Fz 0.939 0.126 0.922 0.163 

F4 0.879 0.258 0.75 0.575 

FC3 0.903 0.204 0.924 0.157 

FC4 0.966 0.070 0.91 0.188 

C3 0.827 0.379 0.953 0.095 

Cz 0.983 0.034 0.924 0.157 

C4 0.953 0.095 0.897 0.217 

P3 0.790 0.472 0.921 0.165 

Pz 0.842 0.343 0.784 0.488 

P4 0.689 0.746 0.636 0.906 

O1 0.652 0.854 0.679 0.774 

Oz 0.842 0.343 0.606 1.001 

O2 0.727 0.637 0.374 1.969 
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Appendix 2.2 Table of p-values and Z scores from Wilcoxon signed rank 

test (p<0.05) of Higuchi Fractal Dimension between Baseline and 

collaborative gaming (BE: best gaming condition; WO: worst gaming 

condition) in group D.  

Condition Channel p-value Z score 

Baseline vs BE 

AF3 0.959 -0.051 

AF4 0.285 -1.07 

F3 0.386 -0.866 

Fz 0.721 -0.357 

F4 0.285 -1.07 

FC3 0.508 -0.663 

FC4 0.959 -0.051 

C3 0.203 -1.274 

Cz 0.241 -1.172 

C4 0.575 -0.561 

*P3 0.028 -2.191 

Pz 0.203 -1.274 

P4 0.114 -1.58 

*O1 0.017 -2.395 

Oz 0.074 -1.784 

O2 0.114 -1.58 

Baseline vs WO 

AF3 0.575 -0.561 

AF4 0.878 -0.153 

F3 0.721 -0.357 

Fz 0.878 -0.153 

F4 0.445 -0.764 

FC3 0.959 -0.051 

FC4 0.799 -0.255 

C3 0.508 -0.663 

Cz 0.445 -0.764 

C4 0.799 -0.255 

P3 0.203 -1.274 

Pz 0.575 -0.561 

P4 0.285 -1.07 

O1 0.074 -1.784 

Oz 0.386 -0.866 

O2 0.203 -1.274 

*) Channels with significant p-value (before Holm-Bonferroni 

correction). 
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Appendix 2.3 Table of p-values and Z scores from Wilcoxon signed rank 

test (p<0.05) of Higuchi Fractal Dimension between Baseline and 

collaborative gaming (BE: best gaming condition; WO: worst gaming 

condition) in group ND.  

Condition Channel p-value Z score 

Baseline vs BE 

AF3 0.878 -0.153 

AF4 0.508 -0.663 

F3 0.508 -0.663 

Fz 0.799 -0.255 

F4 0.878 -0.153 

FC3 0.386 -0.866 

FC4 0.646 -0.459 

C3 0.721 -0.357 

Cz 0.878 -0.153 

C4 0.721 -0.357 

P3 0.721 -0.357 

Pz 0.333 -0.968 

P4 0.878 -0.153 

O1 0.878 -0.153 

Oz 0.878 -0.153 

O2 0.721 -0.357 

Baseline vs WO 

AF3 0.445 -0.764 

AF4 0.203 -1.274 

F3 0.508 -0.663 

Fz 0.959 -0.051 

F4 0.575 -0.561 

FC3 0.878 -0.153 

FC4 0.799 -0.255 

C3 0.799 -0.255 

Cz 0.959 -0.051 

C4 0.959 -0.051 

P3 0.508 -0.663 

Pz 0.203 -1.274 

P4 0.508 -0.663 

O1 0.445 -0.764 

Oz 0.333 -0.968 

O2 0.139 -1.478 
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Appendix 2.4 Table of p-values and Z scores from Wilcoxon signed rank test (p<0.05) 

of Higuchi Fractal Dimension between groups (group D and group ND) 

 Baseline BE WO 

Channel p-value Z score p-value Z score p-value Z score 

AF3 0.959 -0.051 0.799 -0.255 0.575 -0.561 

AF4 0.575 -0.561 0.721 -0.357 0.203 -1.274 

F3 0.799 -0.255 0.721 -0.357 0.878 -0.153 

Fz 0.508 -0.663 0.959 -0.051 0.721 -0.357 

F4 0.878 -0.153 0.799 -0.255 0.878 -0.153 

FC3 0.508 -0.663 0.721 -0.357 0.646 -0.459 

FC4 0.386 -0.866 0.721 -0.357 0.508 -0.663 

C3 0.203 -1.274 0.646 -0.459 0.203 -1.274 

Cz 0.241 -1.172 0.646 -0.459 0.508 -0.663 

C4 0.445 -0.764 0.646 -0.459 0.575 -0.561 

P3 0.203 -1.274 0.959 -0.051 0.721 -0.357 

Pz 0.285 -1.07 0.799 -0.255 0.285 -1.07 

P4 0.333 -0.968 0.646 -0.459 0.721 -0.357 

O1 0.139 -1.478 0.799 -0.255 0.646 -0.459 

Oz 0.386 -0.866 0.575 -0.561 0.508 -0.663 

O2 0.241 -1.172 0.959 -0.051 0.203 -1.274 

 

Appendix 2.5 Significantly increased voxel (p<0.05) found after paired t-test analysis in higher 

beta frequency between Baseline and BE gaming condition 

 

 

 

 

 

 

  

Brain 

lobe 
BA Structure 

Voxel 

value 

MNI coordinate 

(x,y,z) 

Occipital 19 Cuneus 7.34 -25,-95,20 

Occipital 19 
Middle 

Occipital Gyrus 
7.19 -30,-95,15 

Occipital 19 Cuneus 7.14 -30,-90,25 

Occipital 19 
Superior 

Occipital Gyrus 
6.96 -30,-90,20 

Occipital 18 
Middle 

Occipital Gyrus 
6.94 -25,-95,15 
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Appendix 2.6 Significantly increased voxel (p<0.05) found after paired t-test analysis in lower 
beta frequency between Baseline and WO gaming condition 

Brain 

lobe 
BA Structure 

Voxel 

value 

MNI 

coordinate 

(x,y,z) 

Parietal 19 Precuneus 7.36 -25,-85,40 

Parietal 19 Precuneus 7.35 -25,-85,35 

Parietal 19 Precuneus 7.23 -30,-85,35 

Occipital 19 Cuneus 7.16 -30,-85,30 

Parietal 19 Precuneus 7.15 -20,-85,40 

Parietal 19 Precuneus 7.07 -25,-80,40 

Occipital 19 Cuneus 7.04 -25,-85,30 

Parietal 19 Precuneus 7.03 -25,-80,35 

Parietal 19 Precuneus 6.99 -30,-85,40 

Occipital 19 
Superior 

Occipital Gyrus 
6.95 -35,-85,30 

Parietal 7 Precuneus 6.93 -20,-80,45 

Parietal 7 
Superior Parietal 

Lobule 
6.90 -25,-80,45 

Parietal 19 Precuneus 6.87 -20,-85,35 

Parietal 19 Precuneus 6.79 -35,-85,35 

Occipital 19 Cuneus 6.77 -25,-90,35 

Occipital 19 
Superior 

Occipital Gyrus 
6.77 -30,-85,25 

Occipital 19 Cuneus 6.66 -30,-90,30 

Parietal 19 Precuneus 6.66 -30,-80,40 

Parietal 19 Precuneus 6.59 -20,-80,35 

Occipital 19 Cuneus 6.58 -25,-90,30 

Temporal 39 Angular Gyrus 6.57 -35,-80,30 

Occipital 19 
Superior 

Occipital Gyrus 
6.54 -35,-80,25 

Occipital 19 Cuneus 6.51 -25,-85,25 

Occipital 19 
Superior 

Occipital Gyrus 
6.50 -40,-85,30 

Occipital 19 
Superior 

Occipital Gyrus 
6.49 -40,-85,25 

Occipital 19 Cuneus 6.44 -20,-90,35 

Parietal 7 
Superior Parietal 

Lobule 
6.41 -30,-80,45 

Occipital 19 Cuneus 6.40 -20,-85,30 

Temporal 19 
Middle 

Temporal Gyrus 
6.39 -35-85,20 

Occipital 19 Cuneus 6.37 -30,-90,25 

Parietal 19 Precuneus 6.36 -35,-80,35 

Parietal 7 Precuneus 6.33 -25,-75,40 
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Parietal 19 Precuneus 6.31 -25,-75,35 

Temporal 19 
Middle 

Temporal Gyrus 
6.29 -40,-85,20 

Parietal 7 Precuneus 6.29 -20,-75,50 

Occipital 19 
Middle 

Occipital Gyrus 
6.28 -30,-80,20 

Parietal 7 
Superior Parietal 

Lobule 
6.28 -25,-75,45 

Parietal 7 Precuneus 6.27 -20,-75,45 

Parietal 7 Precuneus 6.25 -15,-80,45 

Parietal 19 Precuneus 6.24 -15,-85,40 

Occipital 19 
Superior 

Occipital Gyrus 
6.24 -40,-80,25 

Occipital 7 Cuneus 6.20 -20,-80,30 

Parietal 19 Precuneus 6.20 -30,-75,35 

Temporal 39 
Middle 

Temporal Gyrus 
6.19 -35,-75,25 

Parietal 7 Precuneus 6.18 -25,-75,50 

Parietal 7 Precuneus 6.17 -20,-75,40 

 

 

 

 


	Thesis Cover Sheet (My Version)
	2020PutriPhD

