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Abstract. Brain-computer interfaces (BCIs) have widely been used in medical 

applications, to facilitate making selections. However, whether they are suitable 

for recreational applications is unclear as they have rarely been evaluated for 

user experience. As the scope of the BCI applications is expanding from 

medical to recreational use, the expectations of BCIs are also changing. 

Although the performance of BCIs is still important, finding suitable BCI 

modalities and investigating their influence on user experience demand more 

and more attention. In this study a BCI selection method and a comparable non-

BCI selection method were integrated into a computer game to evaluate user 

experience in terms of immersion and affect. An experiment with seventeen 

participants showed that the BCI selection method was more immersive and 

positively affective than the non-BCI selection method. Participants also 

seemed to be more indulgent towards the BCI selection method. 
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1   Introduction 

A brain-computer interface (BCI) can be described as a communication link between 

the brain and the machine. In a BCI system, signals from the brain are analyzed to 

determine the user’s state of mind or intentions, which in turn can be translated into 

actions [9]. BCI systems have been applied for medical use to help disabled users by 

giving back mobility [8] and breaking the isolation of people with physiological 

disorders [7,11]. 

As successful applications of BCIs become news and commercial BCI input 

devices become publicly available, BCIs are finding their way into recreational use. 

However, as the scope of BCI applications is expanding from medical to recreational 

use, the expectations for BCIs are also changing. Currently they are unable to meet 

the high performance and accuracy of existing input modalities such as mouse and 

keyboard, and are therefore unfit as replacement. Instead they should be seen as 

separate modalities which can be used beside, or in combination with, existing input 
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modalities [17]. However, using BCI as input modality still comes with many 

challenges. Where increasing the performance of BCIs has always been an important 

goal for medical studies, the way they are applied as modalities and the influence they 

have on the user experience is becoming more and more important for recreational 

BCI applications. 

Whether BCIs are suitable for recreational applications is as yet unclear as they 

have rarely been evaluated for user experience. They may turn out to be valuable 

additions for recreational applications such as games which are developed to be 

challenging and enjoyable. Moreover the inaccuracy of BCIs can become a 

challenging factor in games. As gamers love working with new technologies, are 

capable of adapting quickly to a new environment and are used to the concept that 

games have to be mastered [16], they may be more indulgent towards BCI modalities. 

The purpose of this study was to evaluate a BCI system for user experience in the 

terms of affect and immersion. As making selections is an important aspect in many 

games and BCIs are frequently used to make selections, a BCI selection method was 

used in this study. One of the most frequently used brain signals in BCI systems to 

make selections is the steady-state visually evoked potential (SSVEP) [1]. In most 

cases SSVEPs are triggered by presenting a modulated visual stimulus with a periodic 

signal, usually at frequencies above 5 Hz, to a user. The periodic signal of the 

stimulus can then be traced back in the measured brain signals which are mostly 

recorded from the occipital region of the scalp [23]. The power of an SSVEP only 

covers a narrow bandwidth matching that of the stimulus [15]. This makes them 

relatively easy to detect, which is why the BCI selection method used in this study 

was based on SSVEP. The BCI selection method and a comparable non-BCI selection 

method were integrated into a computer game where both introduced a challenge 

factor. As the BCI selection method would be able to directly translate the user 

intentions into in-game actions, it was expected that it would enrich the user 

experience in terms of immersion and affect. 

How immersion and affect can be influenced by input modalities will be explained 

in the background in section 2. The BCI and non-BCI selection methods and how they 

were integrated in a game will be described in section 3. In section 4 the experimental 

setup and how both selection methods were evaluated will be explained. After this, 

the results of the experiment will be reported, followed by the discussion and the 

conclusion. 

2   Background 

2.1   Immersion 

Immersion has meaning in various contexts, such as while reading a book, watching a 

movie or playing games. Whether the term is used consistently in these contexts is 

unclear. However, for playing games there seems to be a shared concept of immersion 

among gamers [4]. Immersion in games is often accompanied by high levels of 

concentration, losing track of time and empathy.  



 

 

In a study by Brown et al. [4] an attempt was made to define immersion within 

games. In their study they examined the concept of immersion experienced by 

gamers. Their results indicate that immersion is not just a static experience, but has 

different levels of involvement. They defined three levels of involvement: 

engagement, engrossment and total immersion. They also state that to reach a certain 

level of immersion, a number of barriers must be crossed. Some of these barriers are 

related to human characteristics, such as personal preferences, empathy and the will to 

invest time and attention. Others are related to the construction of the game such as 

the graphics, a plot and atmosphere. However, to reach a state of total immersion an 

important barrier to take is related to the controls. Through them gamers translate 

their intentions into in-game actions [19] and virtually controls should become 

invisible to the gamer. As intentions originate from the brain, users first need to 

translate their intentions into real world actions to handle the controls. Even if these 

real world actions become virtually invisible for the user, they still need to be 

performed. Using a BCI to detect intentions may allow them to be translated directly 

into in-game actions, making the real world actions redundant. 

In a study by Jennett et al. [12] immersion in games was further investigated. They 

identified five factors of immersion: cognitive involvement, real world dissociation, 

emotional involvement, challenge and control. As in the study of Brown et al., some 

factors were related to human characteristics (cognitive involvement, real world 

dissociation and emotional involvement) and others were related to the construction 

of the game (challenge and control). To measure these factors, as well as the total 

immersion, they developed a questionnaire which was also used in this study to 

measure the immersion while using the BCI and non-BCI selection methods. 

2.2   Affect 

Affect can be referred to as experiencing emotions and has some overlap with 

immersion [12]. It has a large impact on how well users are able to perform tasks and 

how they respond to possible usability problems. According to Norman [18], a more 

positive affect causes users to be more indulgent towards minor usability problems. 

Although there are many dimensions associated with affect, according to Picard [20] 

the three most commonly used dimensions of emotion are valence, arousal and 

dominance. Picard also notes that the valence and arousal dimensions are critical in 

recreational applications. 

Bradley et al. [3] developed a questionnaire, the the self-assessment manikin 

(SAM), to measure emotional responses in these three dimensions. In Fig. 1 some 

emotions associated with valence and arousal can be seen. Integrating the selection 

methods into an enjoyable, challenging and task oriented environment, such as a 

game, should result in a more positive affect in terms of valence and arousal which 

will aid users to overcome the inaccuracy of the selection methods. 



 

 

 

 

Fig. 1. Emotions in the valance and arousal space 

3   Selection Methods 

To measure the effects of the BCI and non-BCI selection methods on the user 

experience in terms of immersion and affect, the selection methods were integrated 

into a simple game. The game, called Mind the Sheep!, offered the players an 

enjoyable, challenging and task oriented environment. 

3.1   Mind the Sheep! 

Mind the Sheep! consists of a playground representing a meadow on which a few 

obstacles, such as fences, gates or trees are placed. There are three dogs in the 

playground which are controlled by the player. Depending on the objectives of a 

specific level, the playground can be populated with a number of sheep or 

collectibles. A screenshot of the game can be seen in Fig. 2 with ten white sheep and 

three black dogs. The goal of the game is to gather all sheep into a pen or gather all 

collectibles as quickly as possible using the three dogs. Players can use one of the 

selection methods to select one of the three dog. 

To move a dog, players point at any location on the playground with the mouse and 

start the current selection method by pressing the left mouse button. As long as they 

hold down the mouse button the selection method continues to be operative thereby 

increasing the accuracy of the selection method. Releasing the mouse button stops the 

selection method and one of the dogs is moved to the location indicated by the player. 

When players indicate a position unreachable for the dogs, the instruction is ignored. 

As the accuracy of the selection methods increase over time, there is a trade-off 

between accuracy and speed. It also requires users to multi-task as they need to 

concentrate on a dog and keep an eye on the sheep at the same time. 



 

 

 

Fig. 2. Screenshot of Mind the Sheep! with three black dogs and ten white sheep. The pen is 

located in the center. 

The dogs use a simple A* search based path finding algorithm to move to a 

specific location on the map. By default, sheep will walk around and graze randomly. 

However, when a dog approaches, they will tend to flock and move away from the 

dog allowing them to be herded in a desired direction. The flocking behavior is 

introduced by using the boids algorithm [22]. By positioning the dogs at strategic 

locations on the map a flock of sheep can be directed into the pen. 

3.2   BCI Selection 

To use SSVEPs for making selections, stimuli emitting unique periodic signals should 

be presented to a user simultaneously. When a user focuses on one of the stimuli, the 

periodic signal of that stimulus can be traced back in the user's brain signals. As each 

stimulus represents a single target, the corresponding target can then be determined as 

the selected one. As users would not want to continuously make selections, they were 

able to start and stop this selection method thereby controlling the presence of the 

stimuli. The size of the stimuli and the frequency of their periodic signals have an 

influence on the how well they are reflected in user's brain signals. Therefore, these 

properties were determined in a pre-experiment study. 

In the pre-experiment study a small white cross was placed at the center of an LCD 

monitor on a black background (Fig. 3). During the study participants were exposed 

to different types of trials, in which the presented stimulus varied in size and 

frequency. The detailed setup of the pre-experiment study was described in [10]. 



 

 

 

Fig. 3. Screen layout of the monitor during the pre-experiment study. 

Based on the work of Volosyak et al. [24], 7 different frequencies (6 Hz, 6.67 Hz, 

7.50 Hz, 8.57 Hz, 10.00 Hz, 12.00 Hz and 15.00 Hz) were used. Their study showed 

that frequencies which are integer factors of the refresh rate of an LCD monitor are 

more suitable for presenting stimuli. Using the factor of the refresh rate produces a 

more stable stimulus frequency because only whole frames are visible on the LCD 

screen. The diameters of the stimuli were set to 2 and 3 centimeters, which is 

consistent with the work in the literature [5,14]. 

In each trial a simple stimulus, a blinking white circle, appeared at the location of 

the cross. The participant focussed for 4 seconds on the stimulus. Between trials, 

participants had 6 seconds rest to relax their vision. All trials were presented 25 times 

and were placed in a random order prior to the study, thus for each participant, 25 

segments of 4 seconds of data were recorded for each different trial. 

The results of the pre-experiment study with 7 participants indicated that a good set 

of frequencies is 10 Hz, 12 Hz and 15 Hz with a diameter of 3 centimeters. Without 

any training, the frequencies in this set were classified correctly with an average recall 

of 78.1 % (σ = 18.5) using a CCA-based detection method which will be further 

explained in section 4.2. 

3.3   Non-BCI Selection 

The BCI selection method introduces a challenge factor when a selection is being 

made as users need to concentrate on a stimulus to make an accurate selection. The 

main challenge is to gather enough data to be able to make a good detection, which is 

directly related to the time the selection method is operative. Although it would be 

much easier for users to make a selection by pointing and clicking with a mouse, this 

would offer little challenge and give the non-BCI selection method a great advantage 

when compared with the BCI selection method. To pose a similar challenge in the 

non-BCI selection method, it was modelled to be similar to the BCI selection method 

in terms of the time required for an accurate selection. 

Similar to the BCI selection method users were able to start and stop the non-BCI 

selection method. When operative, the dogs were highlighted one at a time with an 



 

 

increasing highlight period. The diameter of the stimuli were kept the same as in the 

BCI selection method, 3 centimeters. When users stopped the selection method, the 

current highlighted dog was selected.  

To make an accurate selection, users had to react in time when the dog they wanted 

to select was highlighted. With a highlight period of 250 ms users should have enough 

time to react as this is close to the average human reaction time [13]. The highlight 

period should reach 250 ms only by the time that is equal to the time needed to make 

a selection using the BCI selection method, which is around 2.5 seconds [14]. 

Therefore, the highlight period started with 100 ms and was increased 5% after every 

highlight, with a maximum highlight period of 500 ms. 

4   Methods 

4.1   Experimental Setup 

The experiment held in this study consisted of two different sessions. In each session 

a participant used one of the selection methods (BCI or non-BCI) while playing Mind 

the Sheep!. Each participant used both selection methods. However, a 

counterbalanced measures design was used to avoid confounding variables such as 

learning a strategy to play the game. 

Each session was divided into three trials, a familiarity trial, an easy trial and a 

difficult trial. In the familiarity trial participants could get used to the selection 

method by selecting and moving the dogs. During this trial, participants had to collect 

10 objects which were placed across the playground. Next, in the easy trial, 

participants had to pen a small flock of 5 sheep using the dogs. During this trial two 

pens were placed on the playground, one on the left and one on the right of the screen 

to make the task easier for the participants. Finally, in the difficult trial, participants 

had to gather 10 sheep, which were more scattered across the playground, into one 

pen that was placed in the center of the playground. Between the two sessions, 

participants were given a break of ten minutes. 

The layout of the playgrounds across the trials were kept the same to ensure no 

playground was more difficult for one of the selection methods. However to ensure 

that participants did not create an optimal strategy for a specific trial, the positions of 

the dogs, collectible objects and sheep were altered for the different selection 

methods. 

A timeout was set for each trial for the participants to finish the level by collecting 

all objects or gathering all sheep into a pen. Participants had 3 minutes, 5 minutes and 

10 minutes for the familiarity, easy and difficult trials respectively. Since immersion 

in games is often accompanied by losing track of time, the time left was not visible 

for the participants. Otherwise it could have influenced their perception of the elapsed 

time. 

The game ran on a PC which was connected to a projector1. The projector was 

mounted on the ceiling and projected the game on a screen approximately 3 meters 

away from a participant. The sizes of the stimuli were scaled proportionally with the 

                                                           
1 Mitsubishi WD510U, 93.3", 60Hz, 1360x768 



 

 

increased distance to the screen. To make sure the frequencies for the SSVEP based 

BCI selection method were correctly presented by the projector they were checked 

with a light sensor. 

Participants sat on a chair behind a table and by using the mouse on the table they 

were able to start and stop the selection methods. The data acquisition ran on a 

separate PC and sent the raw electroencephalography (EEG) data to the game PC. 

4.2   SSVEP Detection 

Prior to the experiment, 32 electrodes were placed according to the international 10-

20 system [21]. For the EEG data acquisition a BioSemi ActiveTwo system2 was 

used. During each SSVEP selection EEG data was used from eight parietal-occipital 

electrodes (i.e. Pz, P3, P4, PO3, PO4, Oz, O1, O2). The EEG data was re-referenced 

to the common average reference (CAR) [6] of all 32 electrodes, after which a 

detection method was used to determine which frequency the participant was focusing 

on. 

There are various methods to detect the presence of SSVEP. One of the most 

popular and widely used detection methods is power spectral density analysis (PSDA) 

where a fast Fourier transform (FFT) is used to estimate the power spectral density 

(PSD) of a time window of the EEG signal. The magnitude of each stimulation 

frequency can then be used for classification. A relatively new approach is using 

canonical correlation analysis (CCA) where sets of reference signals are constructed 

for each one of the stimulation frequencies. Each set contains the sine and cosine for 

the first, second and third harmonic of the stimulation frequency. The re-referenced 

EEG data and each set with reference signals are used as input for the CCA. CCA 

tries to find pairs of linear transformations for the two sets such that when the 

transformations are applied the resulting sets have a maximal correlation. The 

stimulation frequency with the highest maximum correlation is classified as the 

frequency the participant was focusing on. 

As CCA-based detection methods have some improvements and advantages 

compared to PSDA-based detection methods, such as better signal-to-noise ratio 

(SNR), lower inter-subject variability and the possibility of using harmonic 

frequencies [2], a CCA-based detection method was used in this study. 

4.3   Questionnaires and Data Acquisition 

To measure the affective reaction of the participants while playing the game, they 

were requested to fill in a SAM [3] after each trial. It was expected that if participants 

became more frustrated by using a selection method, this would result in higher 

arousal and lower valence scores. The dominance would also be higher if participants 

had the feeling that a selection method was working properly and that they were in 

control. 

                                                           
2 BioSemi, Amsterdam, The Netherlands 



 

 

After each session participants filled in a questionnaire on immersion. The 

questionnaire by Jennett et al. [12] was used for this. It contains 31 questions and is 

designed to measure the total immersion as well as five different factors of immersion 

(cognitive involvement, emotional involvement, real world dissociation, challenge 

and control). Although valence, arousal and dominance would probably differ 

between selection methods for which participants have an aversion, this does not 

necessarily mean participants would not become immersed in the game. 

Furthermore some game statistics, such as the number of times a dog was selected, 

the total number of selections, the average selection duration and the time participants 

needed to finish a trial were collected while participants played the game. Ideally 

participants would use all the dogs as this would make it easier to gather the sheep. 

The number of times a particular dog was selected would be a good indication of how 

well the selection methods performed for the participants. 

At the end of the experiment participants were asked which selection method they 

would like to use if they were given the opportunity to play the game again. This 

should have given a good indication of which selection method the participant 

preferred. 

After the experiments, scores were obtained for the total immersion, the five 

immersion factors, the SAM questionnaire and the game statistics. The results from 

the SAM questionnaire were averaged over the three trials to get an average score for 

the valence, arousal and dominance scales. As each participant used both selection 

methods, the scores were compared using a Wilcoxon signed-rank test to determine if 

there was a significant difference between the two selection methods. 

4.4   Participants 

Seventeen participants (7 female and 10 male), aged between 17 and 37 (μ = 22.00, σ 

=4.74) participated in the experiment. All participants except for one had normal or 

corrected-to-normal vision and described themselves as daily computer users. 

Although eight participants had at least one-time experience with EEG, fourteen 

participants had no experience with BCIs. Before the experiment, all participants 

signed an informed consent form and they were paid according to institution's 

regulations. 

5   Results 

When the 17 participants were asked which selection method they would choose if 

they were given the opportunity to play the game again, 5 of them chose the non-BCI 

selection method and 12 of them chose the BCI selection method. This is a first 

indication that participants prefer the BCI selection method over the non-BCI 

selection method. A detailed insight might be provided by the scores for immersion, 

the SAM questionnaire and the game statistics, which are described below. 



 

 

5.1   Immersion 

Based on the immersion questionnaire the total immersion score was calculated for 

both selection methods. On average the participants rated the BCI selection method (μ 

= 160, σ = 14.55) higher than the non-BCI selection method (μ = 144, σ = 21.89). 

This difference was significant (Z = -2.155, p = 0.031). 

The five immersion factors were also analyzed and the scores, averaged over 

participants, are shown in Table 1. The scores for all factors, except for the challenge 

factor, are higher for the BCI selection method. The five immersion factors were 

examined for significant differences between the BCI and non-BCI selection methods. 

There are significant differences for the cognitive involvement factor (Z = -2.219, p = 

0.026), the real world dissociation factor (Z = -1.992, p = 0.046), the emotional 

involvement factor (Z = -2.013, p = 0.044) and the control factor (Z = -2.310, p = 

0.021). For the challenge factor no significant difference (Z = -0.476, p = 0.634) was 

found. 

Table 1. Scores of the five immersion factors, averaged over participants. Values are 

represented as μ(σ) with * indicating a significant difference with p < 0.05. 

 non-BCI BCI 

Cognitive
*
 53.12 (9.01) 58.47 (5.36) 

Dissociation
*
 25.18 (5.64) 28.06 (4.79) 

Emotional
*
 54.35 (8.54) 59.88 (5.95) 

Challenge 20.88 (2.89) 20.71 (2.34) 

Control
*
 32.06 (5.77) 37.06 (5.08) 

5.2   Affect 

Based on the SAM questionnaire the total SAM scores were calculated for both 

selection methods and the average results are shown in Table 2. 

Table 2. Average SAM scores, the values are represented as μ(σ) with * indicating a significant 

difference of p < 0.05. 

 non-BCI BCI 

Valence
*
 6.37 (1.55) 7.08 (1.31) 

Arousal 4.82 (2.31) 4.53 (2.37) 

Dominance 5.65 (2.46) 6.08 (1.64) 

 

For the valence scale the difference was significant (Z = -2.012, p = 0.044), 

however, no significant difference was found for the arousal (Z = -0.315, p = 0.752) 

or dominance (Z = -0.403, p = 0.687) scores. 



 

 

5.3   Game Statistics 

The game statistics which were collected during the experiments are shown in Tables 

3 and 4. They show the number of selections and the average selection time. For the 

number of selections (Table 3) there are significant differences for the easy task trial 

(Z -2.202, p = 0.028) and the difficult task trial (Z = -2.107, p = 0.035). However, no 

significant difference was found for the familiarity trial (Z = -1.866, p = 0.062). 

Table 3. Average number of selections for each trial, presented as μ(σ) with * indicating a 

significant difference of p < 0.05. 

 non-BCI BCI 

Familiarity 12.53   (4.87) 10.47   (2.67) 

Easy
*
 43.00 (26.27) 27.88   (7.86) 

Difficult
*
 98.88 (65.90) 74.12 (30.28) 

Table 4. Average selection time (in seconds) for each trial, presented as μ(σ). 

 non-BCI BCI 

Familiarity 1.92 (0.86) 2.49 (1.71) 

Easy 1.96 (1.04) 2.64 (2.63) 

Difficult 1.95 (1.31) 1.71 (0.85) 

 

Although no significant differences were found for the average selection time 

(Table 4) between the BCI and non-BCI selection methods for any of the three trials, 

it can be seen that for the familiarity and easy task trials the average selection times 

for the BCI selection were around 0.5 seconds higher. However, for the difficult task 

trial the average selection time was lower. 

6   Discussion 

Most participants indicated that they preferred playing the game with the BCI 

selection method. This seems to be supported by the results of the immersion 

questionnaire. The total immersion score was significantly higher for the BCI 

selection method, indicating that participants were more immersed than when using 

the non-BCI selection method. For the BCI selection method participants only had to 

make their intentions clear to the BCI system by concentrating on the dog they wished 

to selected. Besides starting and stopping the selection method, there were no other 

actions required. However, for the non-BCI selection method, participants still had to 

translate their intentions into an action, stopping the selection method at the correct 

time. As participants were able to translate their intentions directly into in-game 

actions while using the BCI selection method, they might have become more easily 

immersed. 

Further inspection of the five immersion factors showed that all factors, except for 

the challenge factor, were significantly higher for the BCI selection method. The 

questions related to the challenge factor were about the game itself. As the averages 



 

 

of the challenge factor were almost equal for the two selection methods, they indicate 

that participants did not find the game more challenging using one of the two 

selection methods. For using the selection methods, the control factor might be a 

better indicator. As the control factor was significantly lower for the non-BCI 

selection method, it indicates that participants had more trouble using the non-BCI 

selection. 

The results of the SAM questionnaire indicate that participants were more content 

using the BCI selection method. The results of the cognitive involvement and real 

world dissociation factors were also significantly higher for the BCI selection method. 

This could have been caused by the fact that participants had to concentrate on a dog 

while using the BCI selection method and did not have to translate their intentions 

into real world actions. 

Some participants developed a strategy to deal with the trade-off between accuracy 

and speed. When they wanted to be accurate in their selections, they waited long 

enough to make an accurate selection. However, when they wanted to be quick, they 

moved all three dogs as one by pressing rapidly at a location on the playground. 

Although this behavior was observed for both selection methods, for the BCI 

selection method participants appeared to switch between precise and quick whenever 

they wished. However, for the non-BCI selection method they appeared to prefer only 

making quick selections, explaining the significantly higher number of selection for 

the non-BCI selection method. 

For the BCI selection method the number of selections was lower and, although not 

significant, the average selection time was higher. Participants were also more 

immersed and content. Apparently, participants accepted that for a good SSVEP 

detection they had to wait a couple of seconds. However, for the non-BCI selection 

method they understood that it was related to their own reaction speed and suddenly 

they appeared to be in a hurry. Although the non-BCI selection method was modeled 

to be similar to the BCI selection method, it might have had an effect on the 

preference of the participants, as they did not want to wait to make a selection. The 

non-BCI selection method did introduce the same challenge and required participants 

to multi-task similarly to the BCI selection method. However, participants seemed to 

be more indulgent towards the BCI selection method than towards the non-BCI 

selection method. This could be caused by the curiosity of participants for the BCI 

selection method or the self overestimation by participants while using the non-BCI 

selection method. 

7   Conclusion 

In this study a BCI system was compared to a non-BCI system to evaluate the user 

experience in terms of immersion and affect. For the BCI system a selection method 

based on SSVEP was integrated into a game, introducing a challenge factor. A 

comparable non-BCI selection method based on time was also implemented into the 

game, introducing an equal challenge. Seventeen participants played the game with 

both selection methods in three trials. They rated each selection method on immersion 

and affect. 



 

 

The results show that the BCI selection method was found to be more immersive 

and positively affective than the non-BCI selection method. While using the BCI 

selection method participants were able to directly translate their intentions into in-

game actions, which made it easier for them to become more immersed. In this case, 

the user experience in terms of immersion and affect seemed to be improved while 

using the BCI selection method. Furthermore, participants appeared to have more 

patience when using the BCI selection method than when using the non-BCI selection 

method, which could have been caused by the curiosity of participants for the BCI 

selection method or the self overestimation by participants while using the non-BCI 

selection method. 

For future studies it would be interesting to look at long term effects on immersion 

and affect. Is the BCI selection method still significantly more immersive and 

affective when participants are used to it? Another question is whether the indulgence 

towards the BCI selection method is permanent or only temporary. It would also be 

interesting to add a selection method based on pointing and clicking which was left 

out of this research. Thereby testing for the cognitive load as the selection methods 

used in this study required participants to multi-task. Given the intended purpose of 

this research, it would also be interesting to use commercial BCI input devices (e.g. 

Emotiv's EPOC). This would also require a proper study comparing the equipment 

used in this research and commercial BCIs to determine the differences and if they are 

feasible to use within the setup of this experiment. Other (non-)BCI selection 

methods, such as speech and gestures could also prove to increase immersion and 

affect. 
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