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A B S T R A C T

Brain-Computer Interfaces (BCIs) are systems that extract informa-
tion from the user’s brain activity and employ it in some way in an
interactive system. While historically BCIs were mainly catered to-
wards paralyzed or otherwise physically handicapped users, the last
couple of years applications with a focus on entertainment meant for
healthy users gained a lot of momentum in research. While from a
disabled user’s perspective functionality and accuracy have been key
to get a working system, especially for healthy users the user’s expe-
rience (UX) can be considered even more important. A vast amount
of effort has been put into increasing the accuracy of various types of
BCIs, less research has been done on the impact this accuracy has on
the UX.
This thesis is structured in the following way: I Introduction, II Stud-
ies and III conclusion. Within part II, 4 systems and experiments are
conducted and described. With these experiments we try to show
what the influence of accuracy on the UX is.
In the first chapter of Part II we outline an experiment in which a
large group of users played a simulation of various levels of control
(similar to the way a BCI works). This online experiment consisted of
a rather simple game in which users controlled a fictituous hamster
with a fixed amount of control. After every level of control the user
answered a short questionnaire on UX. We found that for the lower
half of the control scale, a linear relationship exists between control
and the fun a user experiences. The interesting finding was that for
higher levels of control, fun reaches an optimum and even tends to de-
crease above a certain level of control. The non perfect control could
make the game more interesting to people, an indiciation that we can
use a BCI to make a game more challenging and interesting.
In the second chapter we describe an experiment which compares the
modalities of using actual movements and imagined movements (or
Motor Imagery, MI) in an Event Related (De)Synchronization (ERD/ERS)
based BCI. Within the group of 20 participants the average accuracy
was higher for actual movement, but most participants found imag-
ined movement to be more challenging and fun. MI is a popular
paradigm within the field of BCI, especially physically handicapped
or paralyzed users can still use their brain activity to control such a
system. For healthy users however, we can still use the signals from
actual movements as well. Which and why signals fare better is dis-
cussed in this chapter.
Building on the first and second chapters in which we simulated a
BCI and in which the input was solely from a BCI; in the third chap-



ter we looked at whether a game with combined keyboard, mouse
and BCI input would be favoured against the classical game with
just keyboard and mouse. In a large study with 48 participants we
found that the participants enjoyed playing the game with BCI con-
trol as long as the one without the use of a BCI, while their level of
perceived control was significantly lower in the game with the use
of BCI. This chapter shows us that by implementing the BCI input
in such a way that it’s not detrimental to the UX (i.e. not frustrating
or boring) the advantages (i.e. interesting new technology, a different
modality to master besides hand-eye coordination) can overcome the
disadvantages.
In the fourth chapter, we present BrainBrush, a system that takes in-
put from three different modalities: brain activity (by means of the
P300 in the EEG), eye blinks (also from the EEG) and head movement
(by means of a gyroscope). The experiment that was carried out is of
a qualitative nature but also used a well-validated questionnaire for
the usability of the system. After two design iterations the final results
show that a system including multiple modalities can be engineered
which can measure itself with conventional (i.e. not using brain ac-
tivity) systems. What we see is that these physiological signals can
result in lower control for some, with careful design the system can
still be useful and provide a good experience.
From the results of all these studies we can draw the conclusion
that using a BCI as an input channel can make a game or system
more challenging and interesting, although it’s far from perfect as a
controller. However, care has to be taken when implementing a BCI-
based input. By evaluating the UX in user studies we are able to see
whether the BCI just frustrates the user or adds an extra dimension.

S A M E N VAT T I N G

Brein-Computer Interfaces (BCI’s) zijn systemen die gebruik maken
van de hersenactiviteit van de gebruiker van het systeem. De laatste
jaren zijn er op het gebied van de neurowetenschappen, elektrotech-
niek en informatica veel technieken, apparaten en methodes ontwik-
keld die dit mogelijk maken. Sommige BCI’s gebruiken enkel her-
senactiviteit en geen enkele andere vorm van invoer, deze methode
vloeide voornamelijk voort uit de belangrijkste aanjager voor het ge-
bruik van BCI’s, patienten met Amyotrofe Laterale Sclerosis (ALS),
nekwervelfractuur of anderszins verlamde of anderszins in hun bewe-
ging en uitdrukkingskracht beperkte personen. De laatste jaren wordt
er echter ook steeds meer gekeken naar toepassingen voor gezonde
personen en dit proefschrift is daar een voorbeeld van. De belangrijk-
ste vraag waar ik in dit proefschrift antwoord op probeer te geven is
wat de invloed van de precisie van de BCI is op hoe de gebruiker het
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systeem ervaart.
Deze thesis is opgebouwd uit de volgende delen: I Introductie, II
Experimenten and III Conclusie. Deel II bestaat uit de beschrijving
van vier verschillende BCI systemen waar elk een experiment mee is
uitgevoegd om de relatie tussen de precisie van de BCI en de gebrui-
kerservaring (UX) te onderzoeken.
In het eerste hoofdstuk van Deel II wordt een experiment beschre-
ven met een grote groep gebruikers die een spelletje speelden met
een simulatie van een BCI waarin verschillende niveau’s van controle
wordt gemoduleerd. Dit spelletje kon destijds online gespeeld wor-
den en bestond uit verschillende doolhoven waaruit de de hamster
die door de proefpersonen bestuurd werd moest ontsnappen. Na elke
ronde in het spel kreeg de gebruiker een korte vragenlijst over de af-
gelopen rond voorgeschoteld. Gebruikers speelden meerdere rondes
en zo kregen we genoeg data om een en ander te onderzoeken. Zo
zagen we bijvoorbeeld dat voor de lage waardes wat betreft controle
er een lineaire relatie was tussen de hoeveelheid control en hoe leuk
de proefpersonen het spelletje vonden. Interessanter nog was dat juist
voor de hogere waardes van controle het plezier aftopt en een maxi-
mum bereikt. Een manier om dit te verklaren is dat de niet perfecte
controle over de hamster een extra uitdaging creeert die spel interes-
santer maakt.
Het tweede hoofdstuk beschrijft een experiment waarin twee modali-
teiten om een BCI mee aan te sturen (op basis van ERD: Event Gere-
lateerde Desynchronisatie in het EEG) gebruikt worden: echte bewe-
gingen en ingebeelde bewegingen (Motor Imagery, MI). In de groep
van 20 proefpersonen was de gemiddelde precisie (wat overeenkomt
met controle) hoger voor de herkenning van echte bewegingen uit
het EEG dan voor ingebeelde bewegingen. Maar de meeste proef-
personen vonden de ingebeelde bewegingen uitdagender en leuker.
De MI modaliteit wordt veel gebruikt voor mensen die een handicap
hebben zoals eerder genoemd. Voor gezonde gebruikers kunnen na-
tuurlijk ook de echte bewegingen gebruikt worden. Een uitgebreide
discussie van de voor- en nadelen staat in dit hoofdstuk.
Voorbordurent op het eerste en tweede hoofdstuk in Deel II waarbij
er eigenlijk maar sprake is van 1 modaliteit, kijken we in het derde
hoofdstuk naar een experiment waarin 3 modaliteiten (toetsenbord,
muis en BCI) geprefereerd wordt boven de ordinaire combinatie zon-
der BCI. In een groot experiment met maar liefst 48 proefpersonen
zagen we dat de proefpersonen net zo lang bleven spelen met de BCI
als toevoeging als zonder BCI. Ze gaven tegelijkertijd aan dat hun
controle in het spel een stuk lager was in het geval van de BCI. Wat
dit hoofdstuk in feite aantoont is dat het implementeren van een BCI
in een systeem kan gebeuren zonder dat het negatieve effecten heeft
op de gebruikerservaring door bijvorobeeld frustratie of saaiheid van-
wege een slechtwerkende BCI. De voordelen, zoals het gebruiken van
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een vernieuwende technologie en het bieden van een nieuwe uitda-
ging, kunnen dan naar de voorgrond geschoven worden.
In het vierde hoofdstuk presenteren we BrainBrush, een systeem dat
gebruik maakt van 3 niet-alledaagse modaliteiten, namelijk: hersen-
activiteit, oogknipperingen en hoofdbewegingen. Met dit systeem is
een voornamelijk kwalitatieve analyse uitgevoerd. Naast deze analyse
is er ook een uitstekend gevalideerde vragenlijst voor de bruikbaar-
heid van systemen gebruikt die erg algemeen toepasbaar is. Na een
dubbele iteratie van het ontwerp van het systeem laat de score uit
deze vragenlijst zien dat BrainBrush, ondanks de van nature onnauw-
keurige fysiologische signalen, qua bruikbaarheid het helemaal niet
slecht doet en zeer bruikbaar is.
Het resultaat van al deze experimenten is dat BCI een spel of een
systeem uitdagender en/of interessanter kan maken voor gebruikers,
ondanks het onnauwkeurige karakter van de signalen. Er moet hoe
dan ook goed opgelet worden bij het ontwerpen van zulke systemen.
Voorts dienen er duchtige analyses van de gebruikerservaring gedaan
te worden, zowel tijdens als na het ontwerpproces om te voorkomen
dat een onnauwkeurige BCI voor frustratie zorgt.
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Part I

PA RT I I N T R O D U C T I O N

This part contains a general introduction to Brain-Computer
Interfaces and the various aspects of user experience
evaluation that play an important role in this thesis.
Finally we formulate our motivation and the research
questions addressed in this thesis.





1
I N T R O D U C T I O N

1.1 general introduction

Brain-computer interfaces (BCIs) aim to provide a reliable con-
trol signal for assistive technology for people. BCIs make use
of the brain activity of the user to control anything from a
wheelchair to a video game. With the merge of the fields of
human-computer interaction (HCI) and BCI new applications
are being developed for entertainment and education which
may of interest to users with and without disabilities. BCIs
will be integrated into existing interactive applications. The aim
of such applications is to create positive experiences that en-
rich our lives rather than only providing reliable control. It is
suggested at several keynote presentations at large BCI con-
ferences that reliability is the most important issue to be ad-
dressed to achieve technology transfer to the market and the
society. However, perfectly reliable systems are not necessarily
usable. Even reliable assistive technologies may get abandoned
by users when usability is not warranted [122]. Making interac-
tive systems usable is the core expertise of the field of HCI. The
process of designing interactive systems in the field of HCI con-
sists of analysis of requirements, design and implementation of
the system and user evaluation. To evaluate such systems, the
user experience (UX) needs a more important role in BCI stud-
ies. Researchers should not only focus on the reliability of the
control signal, so that we can better understand how such a
system can satisfy the needs of the user. In the following sec-
tions we will introduce various concepts important to the field
of other input modalities such as BCIs, user experience (UX)
evaluation and related concepts. Hereafter we motivate our re-
search and introduce the main research question.

1.2 unreliable input

Recent developments in interfaces between humans and ma-
chines show that there is a need for less artificial means of in-
teraction between the two. The most prominent examples of the
moment are the Nintendo Wii and the Microsoft Kinect, both
gesture interfaces. But speech, eye gaze, and other physiologi-
cal measures are also promising a more intuitive way of inter-
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action. By allowing the user to apply knowledge from previous
interactions, for example from interacting with the real world
or from interacting with comparable systems, the interface is
easy to learn, easy to remember, and easy to use, which are key
aspects for usable systems [89, 14, 93]. Brain activity as input
modality also has potential in this area, as it can provide some
insight in the intention of the user, without depending on exter-
nal expression. Unfortunately, most of the current systems are
still in the phase of proving that using brain activity for control
is even possible, and are therefore not making full use of the
intuitiveness this input could provide. The biggest issue right
now is the reliability with which we can recognize and analyze
the signals we need.

1.2.1 Physiological Modalities

One thing physiology-based inputs have in common is that the
interpretation of the input is often problematic. This is mainly
because of the noisiness and ambiguity of the input, but also
because of the problem of intentionality, see [31, 114, 63] for ex-
ample. This noise and ambiguity will make an unreliable input
channel. We try to clarify this through three examples:

1.2.1.1 Keyboard

In case of input through a keyboard, the keys which are pressed
by a user are always recognized as what was typed in. There is
(in case of a wired keyboard) no measurable noise between the
keyboard and the computer and no problematic interpretation
of the keystrokes. The only possibility for an error to occur is by
uncontrolled motor activity of the user. A recognition or classi-
fication rate is not applicable in this case.

1.2.1.2 Vision-based

In case of a gaze, gesture or other vision-based interface: Inter-
faces based on gaze, gestures et cetera depend on visually cap-
turing (part of) the user. Either eyes or limbs point in a certain
direction or make a certain movement which is classified by
the computer and translated into an action within the system.
Users can make errors by not accurately carrying out what they
intended to do. As the system depends on the captured image,
different kinds of artefacts and noise can hinder classification
of the correct action. Pixel noise, different lighting, occlusion,
movement of the person, movement of the camera, vibrations
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et cetera all may have a negative impact on the recognition rate.
Input can change over time, for example as the user becomes
more fatigued and is less expressive, or as the sun sets and the
lighting changes. Besides, there can also be a large variability be-
tween users, such as between children and elderly, or men and
women. As an example of ambiguity: when somebody waves
their hand, it could mean ‘good bye’, ‘hello’, or even ‘no’. A fi-
nal problem is intentionality (also referred to as the Midas touch
problem [64]). Not all actions will have a purposeful intention
related to it. What if the user was not waving at the system, but
waving to get rid of a mosquito passing by? Or in the case of
an eye tracker, the user will already look at the system simply
to take in information. In that case, not every eye gaze is meant
as an input command. Especially when the system is always on,
there will be times when the user is not purposefully interacting
with the system.

1.2.1.3 Brain-based

Brain-Computer Interfaces (BCI) are dependent on the brain ac-
tivity generated by the user performing a task. This can either
be the user attending a visual, auditory or tactile stimulus, or by
generating brain activity by actively performing a mental task
(e.g. imaginary motor movement, performing mental calculus).
Errors can occur when the user is not attending the stimulus
or not (correctly) performing the mental task. But because of
the highly varying nature of the resulting measured signal, the
system will make errors in recognizing the users intention to
attend/not attend or to perform the mental task or not. Recog-
nition rates vary greatly between users and within users over
time, largely independent of the type of BCI [139]. Related to
the Midas touch problem, in BCIs it is difficult to detect whether
the user is performing a task or not (idling) [152].

In the last two cases, there is an inherent noise (with different
causes) on the input channel to the system. This noise makes
recognizing the users intentions non-trivial. We therefore define
unreliable input as the system not being able to reliably recog-
nize the users intention, caused by inherent noise on the input
channel.

1.2.2 BCI input

In the case of brain-computer interfaces, each of these problems
can be even more difficult to solve as there is no way to obtain
a ground truth. Systems based on visual input can be evalu-
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ated using expert assesments on recordings of for example gaze
and movements. First, BCIs require robust and noise-free brain
activity recordings which is problematic at user’s homes. For
the general population, undergoing surgery to get electrodes
implanted is also not a viable option, as the surgery, but also
long-term implantation of these electrodes, are still too risky.
Finally, there is the issue of response time. If a system is to
be used for direct control, the response time should be mini-
mal. This means that systems that depend on indirect measures
such as increased blood flow in more active brain areas will be
considered too slow for this purpose. What the general home-
user then is left with is electroencephalography (EEG). Unfortu-
nately, this measurement is highly sensitive to noise, both from
the environment and from the user’s body. It has a good tempo-
ral resolution, but because it uses electrodes on the outside of
the head, it is difficult to exactly measure the signal of interest.
Instead a smeared out, attenuated signal from numerous inter-
fering sources is measured. Even if all this would have been per-
fect, the brain has multiple inter-cell interactions that not only
use one type of interaction (0 or 1) but multiple interactions and
many different neurotransmitters. As an example, certain areas
of the brain are involved in making gestures. These areas may
also activate, however, when the user is imagining to make that
gesture, or when the user is looking at somebody else making
that gesture [35], [85]. The problem of intentionality also still re-
mains, as the user’s brain may be responding to something that
is not at all related to this particular part of the interaction with
the system. As a result, the interpretation of such physiologi-
cal input modalities may never be perfect, and at the moment,
brain input seems to be the least perfect of all.

In most studies concerning user control, the input itself is con-
sidered to be near perfect, although mistakes may still be made
because the user is distracted, unskilled, or is unsure about
what to do. The general solutions that are provided to solve
problems caused by imperfect control are therefore generally in
the range of: make sure that the system is responsive (small de-
lays for feedback or updated system status), that the feedback is
easily understood, and include an undo button [93]. There are
very little guidelines for interfaces where the control input itself
may be a critical issue. How many mistakes can be made before
a system becomes unusable or unacceptable? One could argue
that it is not the actual control that matters, only the user’s per-
ception, but how do these two relate? And do we even need to
aim for perfect control? Especially in the case of entertainment
applications, some imperfections may add to the challenge of
the task up until the point the user gets frustrated. Keeping in
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mind a not perfect control when designing a game can keep the
user in a state of flow while they deal with the problem and
learn how to cope with the imperfect control [99].

1.3 user experience and bci modalities .

In the field of BCI, brain activity is recorded and automatically
interpreted to be applied in various applications. Measuring
brain activity is already well known in medicine using the elec-
troencephalogram (EEG). EEG is a proven method, which has
a number of advantages over other methods: it is non-invasive,
has a high temporal resolution, does not require a laboratory
setting, is relatively cheap, and it is even possible to create wire-
less EEG head-sets.

BCI systems need to make decisions based on very short seg-
ments of EEG data to make it useful for different applications
such as wheelchairs, robots, and personal computers. In the
case of software applications, BCI can be used as an additional
modality of control, for evaluation of the user or the application,
or to build adaptive user interfaces [97].

Games are usually the first applications to adopt new paradigms,
driven by the gamers’ continuing search for novelty and chal-
lenges [98]. Apart from them being a suitable platform to bring
this new interaction modality to the general population, games
also provide a safe and motivational environment for patients
during training or rehabilitation [46, 77]. Research has shown
that using BCI instead of the conventional mouse and keyboard
can add to the user experience by making a game more chal-
lenging, richer, and more immersive [103]. This was done by
comparing keyboard control with BCI control for a simple game
called BrainBasher, and evaluating the user experience with the
Game Experience Questionnaire [61]. Both this game and this
questionnaire were also used for the study described in chapter
3, comparing actual and imagined movement.

Before BCI technology can be accepted, adopted and utilized
by the general population there are still a number of issues that
need to be addressed: artifacts in the recorded brain data (sig-
nals that do not stem from the brain), inter and intra-subject
variability, inter and intra-session variability, long training pe-
riods, low transfer rates (of commands), and the phenomenon
that some people are unable to use a BCI at all [120]. Apart
from that, more attention from the Human Computer Interac-
tion community is required on how this new input modality
influences the user experience, and how the interaction can be
improved [75].
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While most research into using movement for BCI has focused
on imagined movement, some clinical research shows that ac-
tual movement in fact elicitates a more pronounced and there-
fore better discernable signal in the motor cortex [86].

Actual movement can also be used with other interfaces than
a BCI. Interfaces such as motion tracking systems, for example,
which are probably more reliable at this moment. One big po-
tential advantage of a BCI however is that the measured brain
signals are always preceding actual muscle activity at the limbs,
and can be measured before the muscles activate. This advan-
tage is amplified by the onset of a potential in preparation of a
movement, the so called Bereitschaftspotential, or Readiness Po-
tential [71, 124]. A very useful aspect of the RP is the lateralized
readiness potential (LRP), where the preparation of left-sided
movement is reflected in a potential occurring at the right mo-
tor cortex, and vice-versa. Krauledat et al. show that this lateral-
ized readiness potential can be used to classify actual movement
even before the movement itself is carried out [72]. This could
give a gamer an advantage over other interfaces especially in
fast paced, highly reactive games.

But using BCI can also provide other benefits. While measur-
ing brain activity for detection of movement, whether actual or
imagined, other information can be derived from the brain as
well, such as the user’s mental and emotional state. This could
be used to make smarter applications which are more aware of
the user.

1.4 passive bcis and ux

A good game provides an immersive experience to the user,
giving them the feeling they are in the game. But BCIs are in-
herently different from the classical input devices such as the
mouse, keyboard and joystick. A BCI poses the user with an
unreliable input channel to control the game. Does this hinder
immersion and feelings of presence in the game? Can a BCI be
of value in a popular modern game? Is it fun to play with BCI
control?

1.4.1 BCI Games evaluated on UX

BCI games have been developed by several research groups, of-
ten as proof-of-concepts or to evaluate the use of mental task in
an online application. One classic example of a BCI game which
also inspired us to some extent is Brainbal, developed by Hjelm
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et al. [56, 55]. The concept of the game is to relax more than your
competitor. Thus two players are competing to be more relaxed,
which makes it a paradoxical and fun game. In this study the ra-
tio between frontal alpha and beta waves is taken as a measure
of relaxedness.

Pineda et al. [107] developed a BCI for a 3D shooter game. For-
ward and backward movements were controlled by the key-
board, turning left and right by alpha levels over the motor
cortex. As this study focussed on the ability of participants to
learn to control their alpha/mu levels over the course of several
weeks the study only included 4 participants. They found that
control over mu activity was easily obtained and maintained.

Instead of focussing only on bit rates and accuracies Plass-Oude
Bos et al. applied a user-centered approach and found that the
ease of executing a certain mental task is an important factor as
well [113]. Gürkök et al. found that certain mental tasks for BCI
games while being appropriate might not be the best option as
the major modality for interaction. [50].

1.4.2 Immersion and Presence

According to Witmer et al. [145] both involvement and immer-
sion are necessary for experiencing presence. Witmer et al. in-
troduced a presence questionnaire addressing these factors for
specific use in virtual environments. Nowadays, games can be
at least as realistic as virtual environments. A succesful game
drags the user along with its immersive graphics, compelling
characters and creative narrative. Users are then able to feel
themselves present in the environment or world that is created
by the game.

The sense of presence can be interrupted by distracting factors
such as audiovisual stimuli that are not congruent with the vir-
tual world or interfaces that are unnatural or faulty. At the inter-
section of these games which aim at providing the ideal circum-
stances for a feeling of high presence, evaluation of the user
experience is key to make games with BCIs succesful. Van de
Laar et al. [134] made an attempt to evaluate a BCI game with
a questionnaire based on the GEQ by IJsselsteijn et al. [61] with
specific items on the role of the BCI. Van de Laar et al. [135] gave
an overview of the several methods available to researchers to
evaluate BCI games and when to use them. Administering a
questionnaire is the best method for quantifying results. To be
able to answer the why question, interviewing would be a better
method.
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1.5 motivation and research question

In the earliest stages of a new technology (such as BCIs) show-
ing that the principle works, making a proof-of-concept and im-
proving performance are the most vital of all. This can be cap-
tured under the category ‘Functionality’. Functionality is some-
thing that fills a need. If a certain problem exists that cannot
be solved with existing tools or apparatuses, a new one has to
be invented. To apply this to the case of BCIs: studies showed
that (amongst others) ALS (Amyotrophic Lateral Sclerosis) or
SCI (Spinal Cord Injury) patients who suffer from locked-in
syndrome are still able to cognitively function. With the use
of a BCI they are again able to communicate with the outside
world. Once this basic need has been filled, the next step is to
look at the usability of the tool, does it doe what is has to do
efficiently and effectively? This also contains higher level con-
cepts like learnability and usefulness. In the case of a BCI: can
we improve the speed and accuracy at which the user can com-
municate? Until recently these were the foci of research within
the field of BCIs. Inventing and developing proof-of-concepts of
BCIs with novel mental tasks to efficiently and effectively com-
municate through brain activity and to improve the speed and
accuracy of doing so. For users who cannot communicate other-
wise filling the basic need of communicating is the most impor-
tant of all, how the software that comes with the BCI works or
how long it takes the technician to set up the hardware is of sec-
ondary importance. However, with the advent of cheaper EEG
hardware and affordable and energy efficient computer power
even in mobile devices, the user group has expanded tremen-
dously. Now also early adoptors of new technology, gamers, ac-
tually everybody interested to try can put on an EEG device and
use a BCI. Although this provides near endless possibilities for
new applications, this also poses a lot of interesting questions as
not only the functionality and the usability are important (other-
wise nobody without the need for a BCI would even consider it),
but also the user experience (UX) comes into play. McNamara
et al. show us a nice overview of the three different concepts
we discussed here [87]. User experience contains higher level
concepts as immersion (the user is involved and/or lost track
of time), fun, engagement, presence (in case of a game, users
experience being ‘in’ the virtual world) et cetera. Even though
usability and user experience evaluation is not common in cur-
rent BCI studies, the user’s experience may influence objective
performance measures, such as BCI classifier accuracies, and
has a big impact on whether users are actually willing to use
a specific system. But because it is nigh impossible to evaluate
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all factors and variations in software that influence software we
choose to investigate what the influence of the accuracy of the
BCI itself is on the user experience of the whole application. The
most obvious application for healthy users are video games as
they provide a platform for new technologies to be exploited.
This leads us to the main research question of this thesis:

How does the accuracy of a BCI influence the UX?

We will try to get an answer to this question by doing several
studies in all of which we used some kind of (simulated) BCI
control in a game and looked at the effect on the UX. In the next
section we will give an overview of the thesis.

1.6 overview of the thesis

This thesis is about the influence of BCI performance on the user
experience. Chapter 2 gives an introduction on Brain-Computer
Interfaces and how to design and implement more user friendly
BCIs. Various User Experience and Usability aspects are ex-
plained to establish a firm fundament for the following chap-
ters. In Chapter 3 we will look at how much control is enough
to experience a fun game. In an experiment we modulated the
amount of control users had through their keyboard to control
a character through a semi-open maze. After every round with
a set amount of control they filled in a questionnaire indicat-
ing their user experience. The results indicate that generally
speaking more control resulted in more fun, however at a cer-
tain point this effect plateaus or even turns around. From that
point on, performance seems not to be the most important fac-
tor anymore and other factors gain a bigger influence on the
user’s amount of fun experienced in the game. In Chapter 4

we will look at different modalities that influence user experi-
ence. Users played a game with two different modalities, imag-
ining a right or left hand movement and actually performing a
movement with their left or right hand. While actually perform-
ing the movement was easier, required less effort and yielded
a higher accuracy, imagining was more challenging and fun to
do. This shows us that accuracy is not the only important fac-
tor. For Chapter 5 we conducted an experimental study with
a game which does not have BCI as its main modality for in-
teraction but as an added modality reflecting the users mental
state in the game to control the shape of the avatar. Although
the amount of control in this BCI can be quite high in a clin-
ical setting, a large part of the 42 users reported that the BCI
control was not very accurate for them. Nevertheless, most of
them saw great interest in the mapping of the BCI to the game
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and indicated that they had the idea to gain more control over
time. Objective measures showed that they did not spent less
time playing the game and the difference in the experienced
fun while playing the game was also not significant. The results
therefor indicate that by replacing part of the interaction by a far
from perfect BCI control can gain interest from users and does
not impart frustration to such an extent that they want to spend
less time playing with it. Chapter 6 contains an experimental
study we did with a more qualitative nature. We developed a
canvas-based painting application with 3 different modalities,
eye blinks, head movement and a brain activity based modal-
ity. The main objective was to find out whether it was possible
to design an application with more than one novel modality
in the most intuitive manner possible. As the results are hard
to quantify (there is no clear objective in a creative painting
application) we are particularly interested in the subjective as-
sessment of the participants in this chapter. Chapter 7 contains
a general discussion on some of the previous chapters, where
we saw some further explanation or elaboration on certain top-
ics fit. These added discussions will be about the methods we
applied or interpretation of results which came about after the
actual publication of the articles in their respective journals. We
felt the need to add this chapter, as scientific studies and their
respective articles in our opinion never finish: there always is
something more to ask, question, discuss or interpret.
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• Van de Laar, B.L.A. and Reuderink, B. and Plass-Oude Bos,
D. and Poel, M. and Nijholt, A. (2013) How much control is
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Systems Man and Cybernetics Part B. Accepted.

• Van de Laar, B.L.A. and Plass-Oude Bos, D. and Reuderink, B.
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2.1 abstract

The research on brain-computer interfaces (BCIs) is pushing
hard to bring technologies out of the lab, into society and onto
the market. The newly developing merge of the field of BCI
with human-computer interaction (HCI) is paving the way for
new applications such as BCI-controlled games. The evaluation
or success of BCI technologies is often based on how accurate
the control of a user is over the technology. However, while this
is still key to its usability, other factors that influence the user
experience (UX) can make or break a technology. In this paper
we first review studies that investigated user experience with
BCIs. Second, we will discuss how methods from the field of
HCI can contribute to the evaluation of BCIs. From experience
drawn from two case studies we provide recommendations for
evaluating BCIs.

2.2 introduction

Brain-computer interfaces (BCIs) aim to provide a reliable con-
trol signal for assistive technology for disabled persons. With
the merge of the fields of human-computer interaction (HCI)
and BCI new applications are being developed for entertain-
ment and education which may be interesting for users with
and without disabilities. BCIs will be integrated into existing
interactive applications. The aim of such applications is to cre-
ate positive experiences that enrich our lives rather than only
providing reliable control. Recently, it was suggested at several
keynote presentations at large BCI conferences that reliability
is the most important issue to be addressed to achieve technol-
ogy transfer to the market and the society. However, perfectly
reliable systems are not necessarily usable. Even reliable assis-
tive technologies may get abandoned by users when usability
is not warranted [122]. Making interactive systems usable is the
core expertise of the field of HCI. The process of designing in-
teractive systems in the field of HCI consists of analysis of re-
quirements, design and implementation of the system and user
evaluation. To evaluate such systems, the user experience (UX)
needs a more important role in BCI studies. Researchers should
not only focus on the reliability of the control signal, so that we
can better understand how such a system can satisfy the needs
of the user.

At this point we should make clear that the concept of usability
is not the same as user experience, although they are related.
The most widely accepted model of measuring user-oriented
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quality assessment of interactive systems consists of three ele-
ments: functionality, usability and the user experience [87]. Func-
tionality is about what one can do with the system, id est, what
role does it fulfill? Technical aspects such as performance, main-
tainability, reliability and durability are important. Usability con-
tains higher level concepts such as satisfaction, efficiency, ef-
fectiveness, learnability and usefulness. These can partly result
from the functionality but are mainly defined by the interaction
of the user with the system. Hence, these concepts cannot be
tested without real users. User experience is about what the user
feels and experiences using the system. User experience there-
fore contains higher level concepts as immersion (the user is
involved and/or lost track of time), fun, engagement, presence
(in case of a game, users experience being ‘in’ the virtual world)
et cetera. Even though usability and user experience evaluation
is not common in current BCI studies, the user’s experience may
influence objective performance measures, such as BCI classifier
accuracies, and has a big impact on whether users are actually
willing to use a specific system.

In this paper, we review studies that investigate user experience
in BCI research and the benefits of including such evaluations.
Then, we will argue how the use of various techniques from the
field of HCI can be advantageous for evaluating BCIs. In the last
part of this paper we will elaborate on some case studies and
provide recommendations for evaluating user experience with
BCIs.

2.3 current state of user experience evaluation of

bci

2.3.1 User Experience Affects BCI

User-centered approaches can increase usability and user ac-
ceptance, which is why some BCI groups involve users in the
design process. They assess user needs, develop user require-
ments, and evaluate the usability [153, 80, 59, 105]. What is of-
ten ignored, however, is the importance of assessing the UX and
user acceptance in a structured way during or directly after in-
teraction with the system. The BCI studies that do include UX
evaluations indicate three main reasons: its potential to increase
user acceptance, to improve performance of the system, and to
increase enjoyment. Each of these are discussed in more detail
next.

In a study by Münßinger et al., the mood and motivation of
users of a BCI painting application was evaluated using a vi-
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sual analogue scale (VAS) [92]. Patients with amyotrophic lat-
eral sclerosis (ALS) were more motivated to train with the ap-
plication than healthy users. While the healthy users also had
other options for creative expression, this BCI application pro-
vided a unique opportunity to the paralyzed patients. Several
BCI studies suggest a relation between motivation and BCI task
performance [78, 95], and small but significant effects have been
found [69] using an adapted version of the Current Motiva-
tion Questionnaire. This questionnaire assesses the current mo-
tivation in learning and performance situations [117]. Similarly,
the users’ belief of how accurately they can control a BCI has
an influence on their actual performance. Barbero and Grosse-
Wentrup observed that participants who normally perform around
chance level, perform better when they think they are doing
better than they actually are (positive bias). Capable partici-
pants, however, performed worse when given inaccurate feed-
back, whether the bias was positive or negative [7].

Motivation may be only one of the performance-related factors
that are influenced by the UX. By evaluating and improving the
UX, other relations between the user and BCI recognition per-
formance could be exploited to improve performance measures.
There could also be mechanisms with indirect influences. For
example, a system that is perceived as more beautiful is also
perceived as more usable [132]. This perception could influence
motivation which in turn could influence performance. Simi-
larly, a more positive experience may cause users to be more in-
dulgent towards minor usability problems, increasing the user
acceptance [100].

Most current BCI applications still serve only as a proof of con-
cept [90], which may be why the entertainment value is often
not evaluated. An exception is the BCI game BrainBasher, which
was evaluated for the influence of different graphical interfaces
and different user tasks [104, 134]. The Game Experience Ques-
tionnaire was used to assess immersion, tension, competence,
flow, negative affect, positive affect, and challenge [62]. In the
first study, the UX and performance were determined for a clin-
ical setup with minimal information on the screen. This was
compared to a game-like setup of exactly the same task. The
game version resulted in higher immersion. The second study
compared the UX for imaginary and actual movement. Imag-
ined movement was perceived as more challenging, but when
using actual movement the participants stayed more alert.

While more research is still needed, the few studies so far sug-
gest that UX can affect a BCI system in important ways. There-
fore it is vital that the UX of BCI systems is properly evaluated.
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2.3.2 BCI Affects User Experience

UX can influence the performance of BCIs, but BCIs can affect
the UX as well, in two ways: (1) through the effects of using this
particular input modality; and (2) by using information about
the user’s mental state to adapt the interface or the interaction
itself, with as goal to improve usability and UX. Here are some
examples to illustrate this.

Using BCI for input can in itself influence the UX. Friedman et
al. investigated whether the use of imaginary movement to walk
in a virtual world would increase the sense of being present
there, using the Slater-Usoh-Steed presence questionnaire com-
bined with a non-structured interview [42, 125]. In a follow-
up experiment, Groenegress et al. compared the presence ex-
perienced with a P300 interface to eye gaze and wand naviga-
tion [47]. Both experiments concluded that the BCI did not have
a positive influence on presence. In a study by Vilimek and Zan-
der [140], an eye gaze system was augmented with a BCI to
simulate the mouse click. The resulting workload of the BCI
method was compared to the standard method of using dwell
times for activation, using the NASA TLX [54]. There was no
significant difference between the workload for either activation
method, so the BCI did not result in a higher cognitive demand.
A more recent study by Hakvoort et al. compared a BCI selec-
tion method with a non-BCI selection method, made equivalent
in terms of time and effort necessary for selection [53]. The com-
parison was based on affect, evaluated with the self-assessment
manikin [15], and on immersion, which was determined with
the questionnaire developed by Jennett, et al. [66]. In this case,
the BCI did turn out to be more immersive and to result in a
more positive experience.

With the help of BCI, users can also be supported in the tasks
they are trying to accomplish, which in turn should increase
user satisfaction. For example, error-related brain activity can
be detected and used to fix user or system errors for improved
error handling [150]. The amount of information presented on
screen can be adjusted according to the user’s workload [126].
BCI could also be used to create or maintain specific user ex-
periences. As an example, brain activity indicators of stress or
boredom can be used to keep the user in the optimal state of
flow, where the challenge of the task is matched to the skill of
the user [29, 36].

But the influence of BCI on UX may extend even further. Ob-
bink, et al. investigated the influence of using a BCI on social
interaction in a cooperative game [101]. The social interaction
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was assessed in terms of the amount of speech, number of utter-
ances, and gestures. Additionally, a custom questionnaire at the
end of the experiment was provided to evaluate the participants’
self-reported, subjective experience. Because of the higher diffi-
culty of the BCI-based selection, compared to point-and-click
with a traditional mouse, there were more utterances and em-
pathic gestures (see also section 4).

All in all, whether BCI is used to affect the UX purposefully
or whether this happens by simply using this input modality,
in both cases it is important to evaluate and be aware of the
effects. The next section will show different methods to do this,
and discuss the implications for using them to evaluate BCIs
specifically.

2.4 applying hci user experience evaluation to bcis

Although evaluating the usability and UX of BCI systems is not
common practice, in HCI research and development, especially
for entertainment technologies which simply aim to improve
the well-being of users, UX is a major concern. Therefore, the
HCI community designs for UX and develops methods to evalu-
ate it. Current methods for evaluating UX in entertainment tech-
nologies can be classified into quadrants of a plane which has
an objective versus subjective axis and a qualitative versus quan-
titative axis [82] (see Fig. 1). The objective methods are based
on overt and covert user responses during interaction while the
subjective methods rely on user expressions after the interac-
tion. The quantitative methods employ statistical analysis on
collected data whereas the qualitative methods are interpreta-
tions of user responses by researchers. Below, we describe the
methods corresponding to the quadrants formed by these two
axes and discuss their contribution in evaluating BCI systems.

2.4.1 Observational analysis

Observational analysis is a qualitative-objective method which
relies on overt user response. The classical way of observing
overt user behaviour is through audiovisual recorders which
provide qualitative data for gestures, facial expressions and ver-
balisations. There are some difficulties associated with annotat-
ing and analysing such rich data though. Firstly, while analysing
the data, the researchers should acknowledge their biases, ad-
dress inter-rater reliability and not read inferences where none
are present. Secondly, there is an enormous time commitment
associated with observational analysis. The ratio of analysis time
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Figure 1: A classification of current user experience evaluation methods
used in human-computer interaction for entertainment technolo-
gies (adapted from [82]).

to data sequence time ranges from 5:1 to 100:1 [83]. Thirdly, the
operation of audiovisual recorders impose restrictions such as
a noise-free environment during audio recording or consistent
illumination during video capturing. Some restrictions are also
imposed by brain activity recording devices. For example, the
electrocencephalogram (EEG, measuring electrical brain activ-
ity) is affected by the user’s movement [39], so users are usually
asked to keep their bodies and faces motionless. Thus, overt
behaviour of users of BCIs will be minimal and observational
analysis may not obtain sufficient data to analyze UX. Moreover,
severely disabled people, such as patients with locked-in syn-
drome (LiS) who lose all their muscle control except for vertical
eye movements [12] and who constitute a non-negligible user
group for BCIs, are not able to show any overt behaviour at all.
Consequently, in clinical experiments observational analysis is
not a strong method for evaluating UX, although for studies in
natural environments it might prove useful.

2.4.2 Neurophysiological measurement

Task performance metrics have been suggested as quantitative-
objective measures of UX but these are not necessarily the in-
dicators of UX. Especially in entertainment applications, there
might not be a clear task or users might prefer navigating in
the virtual environment without any urge to complete tasks.
More recently, use of neurophysiological signals was proposed
to model the emotional state of users in play technologies [83].
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Examples of psychophysiological signals are EEG, galvanic skin
response (GSR, measuring skin conductivity) and electrocardio-
gram (ECG, measuring electrical heart activity). Measured emo-
tions capture usability and playability through metrics relevant
to play experience so they provide objective data. They account
for user emotion and they are represented continuously over a
session. While interacting with a BCI, at least one neurophysi-
ological signal, the EEG, can already be recorded as it is used
as an input signal. It is a golden opportunity to extract UX-
related features from the brain signals using the same signals.
Several problematic issues can be identified when recording
psychophysiological signals. First of all, the research on using
neurophysiological sensors to measure UX is in its infancy. The
neurophysiological correlates of UX or its components are not
well-defined which makes this method rather a questionable
one. Secondly, the sensors attached to the user might induce
discomfort to the user, restrict movements or influence the ex-
perience. So, the researchers should limit the number of sensors
applied on the user. Thirdly, while measuring the UX through
the same neurophysiological sensor that is used for controlling
the application, UX-related responses should be differentiated
from task-related activity.

2.4.3 Interviewing and questionnaires

Interviews and questionnaires provide subjective data for as-
sessing UX. They take place after interacting with a system thus
are unobtrusive but then not able to extract instantaneous expe-
riences during interaction. One way to converge capturing short-
term UX might be to conduct questionnaires and interviews in-
crementally, id est, in multiple sessions, rather than conducting
a single questionnaire/interview after the interaction has taken
place. For disabled users, especially those with LiS, using sub-
jective methods might not seem to be the easiest way to assess
UX as these people might not be able to talk or write. However,
if the interviews and questionnaires are prepared in such a way
that they can be answered using a small number of choices, such
as yes, no and maybe, then they can be completed by these users
as well.

Interviewing is a qualitative-subjective technique. During inter-
views, researchers should be careful to pose the right questions
during the interview, if necessary, by monitoring the interac-
tion and detecting unexpected events. The interviewers should
remain neutral and refrain from asking leading questions. An
example demonstrating the use of interviews in BCI UX eval-
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uation is the study by Gürkök et al. [52]. In their study, the
authors conducted interviews with participants to find out the
reasons why people switched between BCI and speech control
in a multimodal game.

Questionnaires are designed to provide quantitative-subjective
data. Users rate the items in a questionnaire on a Likert-scale
or a Visual Analogue scale, which yields a number of how
much they agreed with a statement. Development of UX ques-
tionnaires for entertainment applications has received attention
from researchers, especially those who are interested in games.
The recently developed Game Engagement Questionnaire [16]
includes items related to absorption, flow, presence and immer-
sion. There are also questionnaires focusing exclusively on the
components that contribute to UX such as presence [133] and
immersion [66].

2.4.4 Other methods

Another concept that is often related to UX is the usability of
the interface. Many heuristics have been proposed for evaluat-
ing the usability of video games [102]. However heuristic eval-
uation does not involve actual users and the usability of an in-
terface alone does not represent the UX. Before questionnaires
are used to evaluate BCIs, they may require adaptation taking
into account that state-of-the-art BCI applications are relatively
simple thus modest in providing rich UX. BCI recognition per-
formance should also be taken into account, as a relatively low
performance might influence the UX.

Analysing logged software data is also considered as a quantitative-
objective method for UX evaluation in some studies. Logs are
not direct correlates of UX but they might be helpful in un-
derstanding the course of interaction, identifying problems or
certain preferences, and thus in designing for better UX. For
example, by analysing the frequency of key presses in a game,
one can derive a cluster of events to which the player was more
reactive and can use this new information to design better inter-
action.

The important factors in selecting the right UX assessment method
for BCIs can be listed as the ease of deployment and analysis
for the researcher, the comfort of deployment on the user, the
strength and reliability in representing the actual UX, and the
width of the user spectrum. As seen within this section, all the
methods partially fulfill these criteria. Nevertheless, question-
naires stand as strong candidates as they are easy and comfort-
able to apply, suitable for extracting statistical analyses quickly,
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Figure 2: A screenshot from the game Mind the Sheep! depicting the game
world with ten sheep, three dogs and the pen.

strong and reliable when validated and applicable to the major-
ity of the BCI users.

2.5 case studies

In this section we will elaborate on two case studies in which
we applied various methods of UX evaluation and will try to
explain why we chose a certain method and how it answers our
research questions.

2.5.1 Case study: Mind the Sheep!

We did a series of UX evaluation studies using the multimodal
game we developed, called Mind the Sheep!. The game world
(see Figure 2) is a meadow on which a number of (white) sheep
move autonomously and the (black) shepherd dogs can be com-
manded by the player. When a dog approaches some sheep, the
sheep will tend to flock and move away from the dog. This way
the sheep are herded in a desired direction. The goal of the
game is to gather the sheep in a pen as quickly as possible.

The game can be played using different modalities in different
ways. In the BCI controlled version of the game, to command
a dog, the player positions the cursor at the point to which the
dog is supposed to move. The player holds the mouse button
pressed to provide the command to select the dog. Meanwhile,
the dog images are replaced by circles flickering at different fre-
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quencies and the player concentrates on the circle replacing the
dog they want to select (so as to obtain an SSVEP). The stimula-
tion persists and EEG data is accumulated as long as the mouse
button is held. When the player releases the mouse button, the
signal is analysed and a dog is selected based on this analysis.
The selected dog immediately moves to the location where the
cursor was located at the time of mouse button release.

In the first study we describe here, we compared BCI control
to simple mouse control to study the social interaction between
players in the cooperative multimodal version of the game [101].
To control the dogs using the mouse, the player first clicks on
the dog they want to select and then on the location they want
the dog to move to. In the cooperative multiplayer version of
the game, co-located players work together to pen the sheep so
they need to interact while playing to develop a strategy. How-
ever, interaction means such as speech and bodily movements
might impair the accuracy of the BCI due to the noise they im-
pose on the EEG. So there is a trade-off between maintaining
a strategy during the game and maintaining a certain accuracy
level. We did an experiment with 10 pairs playing the game
with both controllers. We performed an observational analysis
of the audio-visual data recorded during the play. Though non-
significantly, during mouse control the participants produced
more speech and instrumental gestures, which are overt messag-
ing channels. This implies that they interacted more freely with
mouse control. On the other hand, during BCI control partic-
ipants produced, again non-significantly, more utterances and
empathic gestures, which are emotion signalling channels. This
finding suggests that the participants were affected more by the
events during the BCI game; perhaps they were surprised, or
things went wrong more often.

In another study with the single-player version of Mind the
Sheep!, we evaluated UX in terms of immersion and affect through
questionnaires [53]. Again, we compared BCI control to mouse
control but this time the way the mouse was used was different.
Now, the player had to hold the mouse button pressed when
they wanted to make a selection. The dogs were highlighted one
at a time with an increasing highlight period. When the player
released the mouse button, the currently highlighted dog was
selected. To make an accurate selection, the player needs to re-
act in the time when the dog they want to select is highlighted.
This way, mouse control becomes similar to BCI control so that
they both offer some challenge to the player. In our experiment
we let 17 participants play the game with BCI and mouse con-
trol and after each game we evaluated UX using the self assess-
ment manikin [15] for affect and the immersion questionnaire
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[66]. Evaluation results showed that BCI control was found to
be more immersive (p=0.031) and positively affective (p=0.044)
than mouse control. Furthermore, analysis of the logged game
data revealed that participants appeared to have more patience
with BCI control than mouse control, which could have been
caused by the curiosity of participants for BCI control or by
their self overestimation during mouse control.

2.5.2 Case study: Hamster Lab

The aim of the study was to investigate the effect of level of
control on user experience. We conducted an experiment, with
200 participants, in which they played a game with a varying
amount of control: the game is called Hamster Lab [? ]. The
user controls a hamster situated in maze like game levels, set
in a laboratory setting, see Figure 3. The user controls the ham-
ster by pressing the arrow keys on a keyboard. This way, the
user has five possible options for control: up, right, down, left
and do not move. The 15 controlled conditions in the game are
specified with a certain amount of control. From perfect control,
where every press of the button is directly translated to the cor-
responding action in the game, to 20% control, id est, chance
level, where there is an even chance for a certain action to be
translated to any of the five possible actions. Using this ma-
nipulation of control we can simulate the feeling of unreliable
input such as is the case with a BCI. Thus, whereas the rela-
tion between control and user experience can only be investi-
gated through correlational analysis in conventional BCI exper-
iments, through this simulation we can study the effects using
controlled conditions. Hamster Lab is an online game suitable
for playing in a web browser. This made it easier to gather par-
ticipants for the study we will next describe.

This study was conducted to find the relationship between fun
and control. After the user commanded the hamster to the ex-
its of the four mazes a short questionnaire was presented to
the user. The questionnaire was kept to a bare minimum of
what we wanted to know. There were 9 questions in total: 6

were Visual Analogue Scale (VAS) items and 3 questioned for
basic demographics (age, gender and a field where user could
give feedback. As it was an online game probably not all par-
ticipants were motivated to answer the number of questions
one would normally ask after an experiment. Furthermore, we
wanted the participants to play multiple sessions to gather more
data. Based on IP adresses 200 unique participants started a
round. 351 rounds in total were started. 212 (60,4%) of these
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Figure 3: A screenshot from the game Hamster Lab depicting the game
world with the hamster in the first level of the game.

runs were continued through the four levels and filled in the
questionnaire completely. By most participants the short ques-
tionnaire was appreciated (12 people played 5 rounds of 4 lev-
els). Though for 39,6% of the runs, even 9 questions were too
much for the participant to bother, as some entries in our database
showed with comments like "Why these questions, I want to
play!" and items that remained unanswered. This number in-
cludes the runs that were started and terminated halfway, for
example participants that did not like the game and closed their
browser window.

The six VAS items provided us with information on the UX
of the participants on the following concepts: fun, frustration,
control, dominance and empowerment. First we had to assert
that our way of influencing the amount of control was also per-
ceived by the user as such. Regression analysis on the amount
of control and the perceived control showed a very significant
linear trend, hence, the higher the amount of control ‘given’ to
the user, the higher the amount of control they perceived. For
the relationship between fun and control we hypothesized that
fun is positively influenced by control (users are able to do the
things they intend) but an optimum exists before the maximum
amount of control (the game is too easy and/or nothing surpris-
ing happens). A regression analysis showed that more variance
was explained using a third order polynomia (34,9%)l than us-
ing a linear (29,1%) trend would. The third order polynomial
showed an optimum before the 100% control mark which was
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also shown by comparing the medians of the conditions with
a high amount of control. This supports our hypothesis and is
also in line with the idea that users playing a game want to
have some kind of challenge in a game. In this way, the unre-
liable input from a BCI can be used as a challenge in a game
[99]. The result is validated only for this specific game, other
games might show a curve looking slightly different but with
the same characteristics. Games that are in itself a big challenge
for the user might require 100% control. An interesting conclu-
sion from this is that one wants to use a BCI for control, the
game difficulty needs to be adjusted to balance the user skills
and game challenge for the optimal experience of flow [29].

2.6 discussion and conclusions

In this paper we stressed the need for UX evaluation of BCI
applications. While some research has been done on this, it re-
mains largely an uncultivated area of research. However, we can
learn from methods developed in the field of human-computer
interaction.

To evaluate a BCI system several methods are available: obser-
vational analysis can be used in settings where the interaction
of the user(s) with the BCI system as a whole is important. For
example in the case study of Mind the Sheep! we showed that
observational analysis is a useful method when evaluating sys-
tems in a realistic setting especially when users can also interact
with each other. When overt user response to the system is lim-
ited, id est, in case of a clinical experiment, when the user is
disabled, or in non observable settings such as for example a
web-based experiment, observational analysis is less useful.

Neurophysiological measurements are a quantitative-objective
method to assess UX. However, these techniques are still topic
of research and most are not very reliable at the present. If a reli-
able neurophysiological method is used however, this provides
a worthful source of information as the signal is continuous of
nature, as opposed to for example a questionnaire.

Interviews are especially useful in explorative studies. Asking
open (non-leading) questions can lead to the reason why a user
does or does not like a certain aspect of the system or why the
users did what they did. This information is hard to capture
through other methods, as it is quite detailed in nature.

Questionnaires are quantitative of nature and answers to the
questionnaire can easily be quantified to prove effects over groups
of participants. This makes it a frequently used method to eval-
uate systems. Standardized questionnaires exist on various as-



2.6 discussion and conclusions 29

pects of UX. However, if one wants to evaluate a system on all
these aspects the user has to fill in hundreds of questions, with
the risk of ‘questionnaire fatigue’ (filling in the questionnaire at
random, or the same answer for each item) and users choosing
for the safe middle option, because at some point, all questions
seem to be the same. In the case study Hamster Lab, we showed
that when a high number of participants is involved or data is
gathered over multiple sessions it is possible to limit the items
in the questionnaire to exactly what is needed to answer your
research question.





Part II

PA RT I I S T U D I E S

The three chapters in this part describe the three stud-
ies we did to get an answer to our research question.
Each chapter starts with a short introduction, related
work, methods and a discussion of the results from
the study.
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3.1 abstract

Brain-computer interfaces (BCI) provide a valuable new input
modality within human-computer interaction systems. However,
like other body-based inputs such as gesture or gaze based sys-
tems, the system recognition of input commands is still far from
perfect. This raises important questions, such as: What level of
control should such an interface be able to provide? What is
the relationship between actual and perceived control? And in
the case of applications for entertainment in which fun is an
important part of user experience, should we even aim for the
highest level of control, or is the optimum elsewhere? In this pa-
per we evaluate if we can modulate the amount of control and
if a game can be fun with less than perfect control. In the exper-
iment users (n=158) played a simple game in which a hamster
has to be guided to the exit of a maze. The amount of control
the user has over the hamster is varied. The variation of control
through confusion matrices makes it possible to simulate the
experience of using a BCI, while using the traditional keyboard
for input. After each session the user completed a short ques-
tionnaire on user experience and perceived control. Analysis of
the data showed that the perceived control of the user could
largely be explained by the amount of control in the respective
session. As expected, user frustration decreases with increasing
control. Moreover, the results indicate that the relation between
fun and control is not linear. Although at lower levels of con-
trol fun does increase with improved control, the level of fun
drops just before perfect control is reached (with an optimum
around 96%). This poses new insights for developers of games
who want to incorporate some form of BCI or other modality
with unreliable input in their game: for creating a fun game,
unreliable input can be used to create a challenge for the user. 1

3.2 introduction

Recent developments in interfaces show that there is a need for
less artificial means of control. The most prominent examples
of the moment are the Nintendo Wii and the Microsoft Kinect,
both gesture interfaces. But speech, eye gaze, and other phys-
iological measures are also promising a more intuitive way of
interaction. By allowing the user to apply knowledge from pre-
vious interactions, for example from interacting with the real
world or from interacting with comparable systems, the inter-
face is easy to learn, easy to remember, and easy to use, which

1 For more information and additional discussion, please refer to Chapter 7
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are key aspects for usable systems [89, 14, 93]. Brain activity as
input modality also has potential in this area, as it can provide
some insight in the intention of the user, without depending on
external expression. Unfortunately, most of the current systems
are still in the phase of proving that using brain activity for con-
trol is even possible, and are therefore not making full use of
the intuitiveness this input could provide.

3.2.1 Unreliable input

One thing physiology-based inputs have in common is that the
interpretation of the input is often problematic. This is mainly
because of the noisiness and ambiguity of the input, but also
because of the problem of intentionality, see [31, 114, 63] for ex-
ample. This noise and ambiguity will make an unreliable input
channel. We try to clarify this through three examples:

3.2.1.1 Keyboard

In case of input through a keyboard, the keys which are pressed
by a user are always recognized as what was typed in. There is
(in case of a wired keyboard) no measurable noise between the
keyboard and the computer and no problematic interpretation
of the keystrokes. The only possibility for an error to occur is by
uncontrolled motor activity of the user. A recognition or classi-
fication rate is not applicable in this case.

3.2.1.2 Vision-based

In case of a gaze, gesture or other vision-based interface: Inter-
faces based on gaze, gestures et cetera depend on visually cap-
turing (part of) the user. Either eyes or limbs point in a certain
direction or make a certain movement which is classified by
the computer and translated into an action within the system.
Users can make errors by not accurately carrying out what they
intended to do. As the system depends on the captured image,
different kinds of artefacts and noise can hinder classification
of the correct action. Pixel noise, different lighting, occlusion,
movement of the person, movement of the camera, vibrations
et cetera all may have a negative impact on the recognition rate.
Input can change over time, for example as the user becomes
more fatigued and is less expressive, or as the sun sets and the
lighting changes. Besides, there can also be a large variability be-
tween users, such as between children and elderly, or men and
women. As an example of ambiguity: when somebody waves
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their hand, it could mean ‘good bye’, ‘hello’, or even ‘no’. A fi-
nal problem is intentionality (also referred to as the Midas touch
problem [64]). Not all actions will have a purposeful intention
related to it. What if the user was not waving at the system, but
waving to get rid of a mosquito passing by? Or in the case of
an eye tracker, the user will already look at the system simply
to take in information. In that case, not every eye gaze is meant
as an input command. Especially when the system is always on,
there will be times when the user is not purposefully interacting
with the system.

3.2.1.3 Brain

Brain-Computer Interfaces (BCI) are dependent on the brain ac-
tivity generated by the user performing a task. This can either
be the user attending a visual, auditory or tactile stimulus, or by
generating brain activity by actively performing a mental task
(e.g. imaginary motor movement, performing mental calculus).
Errors can occur when the user is not attending the stimulus
or not (correctly) performing the mental task. But because of
the highly varying nature of the resulting measured signal, the
system will make errors in recognizing the users intention to
attend/not attend or to perform the mental task or not. Recog-
nition rates vary greatly between users and within users over
time, largely independent of the type of BCI [139]. Related to
the Midas touch problem, in BCIs it is difficult to detect whether
the user is performing a task or not (idling) [152].

In the last two cases, there is an inherent noise (with different
causes) on the input channel to the system. This noise makes
recognizing the users intentions non-trivial. We therefor define
unreliable input as the system not being able to reliably recog-
nize the users intention, caused by inherent noise on the input
channel.

3.2.2 BCI based input

In the case of brain-computer interfaces, each of these problems
can be even more difficult to solve as there is no way to obtain
a ground truth. Systems based on visual input can be evalu-
ated using expert assesments on recordings of for example gaze
and movements. First, BCIs require robust and noise-free brain
acitivity recordings which is problematic at user’s homes. For
the general population, undergoing surgery to get electrodes
implanted is also not a viable option, as the surgery, but also
long-term implantation of these electrodes, are still too risky.
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Finally, there is the issue of response time. If a system is to
be used for direct control, the response time should be mini-
mal. This means that systems that depend on indirect measures
such as increased blood flow in more active brain areas will be
considered too slow for this purpose. What the general home-
user then is left with is electroencephalography (EEG). Unfortu-
nately, this measurement is highly sensitive to noise, both from
the environment and from the user’s body. It has a good tem-
poral resolution, but because it uses electrodes on the outside
of the head, it is difficult to only measure what we need to mea-
sure. Instead a smeared out, attenuated signal from numerous
interfering sources is measured. Even if all this would have been
perfect, the brain is a very complex system, and specific areas
may activate for different reasons. As an example, certain areas
of the brain are involved in making gestures. These areas may
also activate, however, when the user is imagining to make that
gesture, or when the user is looking at somebody else making
that gesture [35], [85]. The problem of intentionality also still re-
mains, as the user’s brain may be responding to something that
is not at all related to this particular part of the interaction with
the system. As a result, the interpretation of such physiologi-
cal input modalities may never be perfect, and at the moment,
brain input seems to be the least perfect of all.

In most studies concerning user control, the input itself is con-
sidered to be near perfect, although mistakes may still be made
because the user is distracted, unskilled, or is unsure about
what to do. The general solutions that are provided to solve
problems caused by imperfect control are therefore generally in
the range of: make sure that the system is responsive (small de-
lays for feedback or updated system status), that the feedback is
easily understood, and include an undo button [93]. There are
very little guidelines for interfaces where the control input itself
may be a critical issue. How many mistakes can be made before
a system becomes unusable or unacceptable? One could argue
that it is not the actual control that matters, only the user’s per-
ception, but how do these two relate? And do we even need to
aim for perfect control? Especially in the case of entertainment
applications, some imperfections may add to the challenge of
the task up until the point the user gets frustrated. Keeping in
mind a not perfect control when designing a game can keep the
user in a state of flow while they deal with the problem and
learn how to cope with the imperfect control [99]. In this study
we let users utilize the keyboard for interaction and simulate
unreliable input by manipulating the input from the keyboard
and mapping it, with different levels of accuracy, to actions in
the game.
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3.3 related work

In the next section we will outline the related work relevant to
this study. We will start with what control actually is and how to
measure it. Control which is not perfect includes errors. How to
deal with errors and how users perceive control concludes this
section.

3.3.1 How to measure control?

There are many different measures of performance of the recog-
nition by the system. Accuracy is the easiest one to understand,
as it is simply the percentage of correct interpretations. The op-
posite measure is the error rate. Precision (fraction of retrieved
instances) and recall (fraction of relevant instances) are the de
facto measures in the information retrieval and visual action
recognition domain. However, when dealing with an interac-
tive system the interval at which actions can be performed and
speed of processing become important as well. Also, as accu-
racy and error are dependent on the number of classes and the
ratio between samples from the different classes, more complex
measures should be taken into account.

For example in the case of the interpretation of moving either
left or right, a random choice should yield a 50% accuracy on
average, but in the case of left, right, forward, and back, the
random classifier would only achieve 25%. This means that per-
formance of 75% accuracy in a 2-class system is very different
from the same accuracy in a 4-class system.

For an example of acceptable accuracies within the BCI domain
for a four class problem: Ware et al. have evaluated the level
of acceptable and desirable accuracy in a 4-class steady-state vi-
sual evoked potential (SSVEP) based brain-computer interface,
with five participants, by incrementally decreasing the accuracy
of the interface. They found that accuracy levels of at least 77%
were accepted and desired [141]. These results are based on a
very limited number of participants, but it may be an initial in-
dication of the level of control a 2 class SSVEP BCI should aim
towards.

However, in case of a two class problem, if the user moves to the
left 70% of the time, and the system would be a simple classifier
that always selects the class with the highest prior probability
(the class which has been used most in the past), it could al-
ready achieve an accuracy of 70%, where if the classes would
be equal, the result would have been 50%. To address this prob-
lem, various performance measures have been designed. One of



3.3 related work 39

these is the ROC which displays the ratio between the true pos-
itive rate (the fraction of correctly detected target movements)
and the false positive rate (detecting a target movement). The
related AUC value of the ROC that gives the probability that a
target event (e.g. movement to the left) has a higher confidence
than a non-target event (all other events) [40]. While the ROC
and AUC-ROC give a reliable measure of performance when
the prior probabilities of the events are unequal, they are inher-
ently binary, i.e. they measure the performance for discerning
only two classes. A performance measure for multiple classes
that has been gaining popularity in the BCI field is the ITR,
which measures the amount of information expressed in bits
that can be communicated through an unreliable channel per
unit of time. In this case, the unreliable channel is the BCI, and
the user is supposed to use an optimal encoding strategy for
its message. Current, non-invasive BCIs have an ITR of up to
10–25 bits per minute [146]. The type of BCIs with the highest
ITRs are so called P300 speller systems. These systems make
use of the Event Related Potential (ERP) associated to attending
a stimulus in the EEG of the user. This ERP starts to show up
300 ms after the (visual) stimulus has been given to the user. By
visually highlighting all letters of the alphabet the system can
distill what letter the user was attending to [38].

The advantage of measuring performance with the ITR is that,
when calculated based on MI [27], it is insensitive to unequal
prior event probabilities, and incorporates both the precision of
and the time needed to detect an event: The more time you take
for a selection, the more data the system can gather about the
input you are trying to provide, the higher the resulting inter-
pretation accuracy. But while a higher accuracy will increase the
throughput, it will generally take more time which reduces the
ITR in turn. Therefore this measure gives a good indication of
the trade-off between time and accuracy.

Because the ITR incorporates both the speed of communication,
and the amount of information a single event contains, it might
measure a quality that is as much related to the ability of the
user to express its intent as possible with an objective measure.
Similarly, the difficulty index ID in Fitts’ law is also a measure
of information, measured in bits [41]. The assumption of using
an optimal encoding strategy made in the ITR might be difficult
to achieve in practise however. Most BCI based spelling appli-
cations do not use text prediction, and based on context the op-
timal predictions might change. But while an optimal encoding
in the decoder might not always be feasible, some environments
might be forgiving enough to let the user exploit alternative
control strategies to optimize their information throughput. For
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example, an unreliable command to turn left might be replaced
with turning right for a longer period when time and space
permit. Finally, Furdea et al. proposed the Written Symbol Rate
(WSR) for BCI based speller systems. This approach only ac-
counts for correctly written symbols excluding corrections [43].

3.3.2 Dealing with Errors in BCIs

In most cases, it is better for the system not to take action on an
input than to take the wrong action. For example, in the case
of a P300 speller, to correct an incorrect character, one selection
is needed to delete it, and another selection to then select the
correct one. Now there are dynamic P300 spellers that do not
make a selection until the confidence level for a specific option
is above a certain threshold [123].

Such systems not only act when the certainty is high enough,
but also use repeated inputs to increase the certainty for a spe-
cific selection. This last feature is part of many potential-based
BCIs, as these features are very sensitive to noise and difficult
to detect based on one repeat (single-trial). Systems based on
other types of brain activity features could also make use of
these same principles, by looking at the confidence levels of the
classifier, or by combining successive classifications until a cer-
tain threshold is reached.

Quek et al. [115] developed a simulation tool for control in appli-
cations using a BCI but without the need of an actual participant
and an EEG cap connected to the system. Various factors, such
as error rate, non stationarities due to a changing state of mind,
noise and delay are incorporated in their models. However use-
ful this study is, for our study this approach was unusable for
a couple of reasons. The study by Quek et al. only simulates
two classes (i.e. left and right), needs EEG data from users to
generate a model and would therefore be too time consuming
and from a logistics point of view impossible for our intended
experiment.

3.3.3 Perception of BCI Control

Various studies have been carried out not only focussing on ac-
curacy but also taking into account how users perceived exert-
ing control through a BCI. In a comparison of user experience
between actual and imaginary movement control of a BCI game,
users had better control with actual movement, which also re-
sulted in higher alertness. Imaginary movement was perceived
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as more challenging [134]. A more longitudinal study was done
in which 14 participants played a BCI game repeatedly over a
period of five weeks. They used three different mental task pairs
during each session. The results indicate that the user prefer-
ence for certain mental tasks is primarily based on the correct
recognition of the tasks by the system, and secondly on the ease
of task execution [112]. To further improve possible recognition
rates Zander and Jatzev developed and demonstrated an appli-
cation detecting whether the errors occur on the user or system
side. This could allow for new ways of dealing with errors, to
improve the usability of any system [149]. Control and dealing
with errors are important constructs in evaluating input meth-
ods that are unreliable. When evaluating games or virtual envi-
ronments on user experience, which can be presence in virtual
worlds [145] or user experience of BCIs [135] one has to not only
look at the absolute performance, but also at the qualitative as-
pects of the input channel, such as the learning curve, obtrusive-
ness and intuitiveness. Combining improved recognition rates,
user centered design, intelligently handling the inevitable errors
and proper user experience evaluation will all help generating
a better user experience for BCIs.

3.3.4 Perception of Control

From psychology, it is known that people tend to overestimate
their ability to control events; this effect is called the illusion of
control. In a laboratory study, participants had a varying control
over a pair of lights. Even when their actual control was none
at all, the participants indicated they had some level of control
(the illusion of control) [5]. Langer demonstrated that this il-
lusion of control is stronger when certain factors are present,
such as competition, individual choice, familiarity with the ac-
tion or elements part of the action, and level of involvement [74].
Thompson et al. propose that this perception is already created
simply from the intention to create a particular outcome (turn
on the left light), and a possible connection between the action
executed (press a button) and the outcome (left or right light
on). If the expected outcome is positive, people tend to overes-
timate their level of control, whereas if the outcome is negative,
people tend to downplay their amount of control [130]. Nijboer
et al. showed that mastery confidence was related to BCI perfor-
mance. However, this was shown only in 2 out of 4 participants
[94].
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3.4 methods

The goal of this study is to investigate whether we can modulate
control in a game and what relation exists between control and
fun.

Hypothesis 1: If we can construct a method that resemble the
various accuracy levels in the same way one experiences when
controlling a BCI and this is validated by the perceived control
of participants, then we have a proper way of modulating con-
trol.

Hypothesis 2: If the modulation of control is related to the re-
ported values for fun, then we can further investigate what the
relation is between these two and whether an optimum or point
of no improvement exists.

We need to look at various conditions with different amounts
of accuracy to evaluate the experience of control. This requires
a lot of data points, not attainable by doing experiments in a
lab. We therefore set up an experiment which can be done by
using a web browser. The experiment consists of a Flash® based
game developed by a professional game studio. We varied the
amount of control users had in the game and evaluated their
user experience by administering a questionnaire after finishing
the game. In the following sections we will elaborate on the
design of the game, how we varied the amount of control and
what data was used for analysis.

3.4.1 Experimental Design

The game consists of four levels, increasing in difficulty. Four
levels in consecutive order make up one round, one or more
rounds (usually five) make up one run. See Figure 4 for an
overview. Participants started every round in a randomly as-
signed condition. In total there were 15 different conditions,
each with a different amount of control (see Section 3.4.3). Be-
fore starting each round users were given instructions on the
control of the game, what they were supposed to do to finish
the game as well as how to complete the questionnaire. After
finishing a round, the in-game questionnaire was adminstered
and a new condition randomly chosen for the next round. Par-
ticipants in this experiment finished at least one round, and
there was no maximum number of rounds. This means partici-
pants could opt to quit the experiment after every round. Partic-
ipants were however encouraged to play for five runs. Five runs
would amount to an average experiment duration of 25 minutes
including breaks.
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Figure 4: Runs, rounds and levels.

Figure 5: A screenshot of the game that was used for the experiment.

3.4.2 Game

In the game used for the experiment, participants controlled a
hamster by pressing the four arrow keys on the keyboard. The
game setting is an evil laboratory where experiments on ham-
sters are carried out on computer-brain interfacing with the goal
to control hamsters. Users can take control over one hamster to
lead it to freedom. A screenshot of the game can be seen in
Figure 5.

The amount of control of the user over the hamster varies ran-
domly across rounds (see section 3.4.3). One round in the game
consists of four sequential levels, shaped in the context of the
evil laboratory. Respectively a cage, a labyrinth, an office room
and the block where the laboratory is situated have to be es-
caped from. Each level is a maze with dead ends and some
occasional obstacles. Touching the obstacles causes the player
to ‘die’ and to be transported back to where they started in that
level. When the user finishes a level, immediately the next level
is presented. After the last level a questionnaire was presented
(see section 3.4.5). After completing the questionnaire, the users
could play another round, most probably with a different level
of control. After five rounds the total amount of time they took
to rescue five hamsters was recorded and compared to the times
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that were already in de database to provide the user with a rank.
This was supposed to motivate the participants to play again. If
a certain round was too hard, the user had the opportunity to
press a button ‘skip round’ to skip the current round an go di-
rectly to the questionnaire. After the start of a level, it took one
minute for this button to become active.

3.4.3 Levels of control

The level of control in the game was manipulated by using spe-
cific control schemes for each of the conditions consisting of
different levels of control.

The events that are used to control the game consist of direc-
tives to move in one of four directions, or not to move at all,
resulting in five possible events at each evaluation of the game
loop. When the user has perfect control — which is usually
the case with button-based input — each directive of the user
is directly translated in the corresponding action. With unreli-
able controllers, such as a BCI, it is possible that a different,
unintended action is performed. For each directive, action pair,
the probability of making this mistake can be denoted, which
results in a so-called confusion matrix. The behaviour of an im-
perfect BCI with discrete output can be fully described by this
confusion matrix.

The 15 conditions in the game are specified with a confusion ma-
trix. We have chosen to start with the simple assumption that
each class (four directives for movement, or no action) is de-
tected correctly with the same probability (accuracy), and that
all mistakes are equally likely:
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where a is the percentage of correctly detected events, and e =
1-a

5-1

is the rate for a specific confusion. Rows of C
a

correspond
to a specific directive (the ground truth) and sum to one, the
columns correspond with a specific detection.

The specific accuracies are chosen such that the MI of the con-
fusion matrices C

a is distributed evenly with 15 points over the
whole possible range. Given the rate of events, the ITR can be
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Figure 6: The relation between the MI and the accuracy for a five-class con-
fusion matrix with the same probability for all correctly detected
events, and the same probability of each pair of mistaking one
event for another.

calculated from the MI. The accuracies of the different through-
puts with regular increases is displayd in Figure 6. The loga-
rithmic relation between the accuracy and MI results in rela-
tively few conditions with low accuracies. Given a information
(I) of 0.0, the resulting accuracy wil be 20% (see Figure 6) which
equals a random distribution over five classes.

The MI in bits is calculated as follows, with a discrete variable
Y for the different directives, and discrete variable X for the
different detections:

I(X; Y) =
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where p(x,y) = C

a

x,y is the joint probability distribution func-
tion of X and Y, and p

1

(x) and p

2

(y) are the marginal probabil-
ity distribution functions of X and Y respectively. Note that the
marginal probability distributions are assumed to be uniform.
This is the same assumption used in [146] for ITR calculation.

In summary, we constructed 15 levels of control based on the
equally spaced MI of control schemes with equal probabilities
of correct detection, and equal probabilities for each confusion.
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3.4.4 Participants

Participants to the experiments were invited to play the game
through various means (e-mail, social media and mouth-to-mouth).
Based on IP addresses 200 unique participants started a round.
351 rounds in total were started. 212 (60.4%) of these runs were
continued through the four levels and properly filled in the
questionnaire. The average age of all participants was 24.99

years (SD = 7.76). 8 (3.8%) participants refused or gave a bo-
gus answer on the age question. 52.5% of the participants indi-
cated male and 47.5% of the participants indicated female on the
gender question. Only 45.8% of all participants replied to this
question. 12 participants played the game for the maximum of
5 rounds and got a high score ranking in the game. The fastest
to finish did this in a time of 21 minutes and 42 seconds, the
slowest in 35 minutes and 3 seconds.

3.4.5 Questionnaire

The questionnaire was presented to the user within the flash
game, before they could continue with another run in the game.
The questionnaire included three open questions and six Visual
Analogue Scale (VAS) items. Two open questions were included
to gather basic demographics, namely age and gender. The third
open answer box was for general remarks and additions.

The six VAS items measured the amount of fun, engagement
and control the users experienced in the game. Table 1 shows
the items for each construct. The way users answered the VAS
was through a graphical slider. Of course, the experiment being
carried out by means of a computer this VAS was digital but
approaching the analogue domain with values ranging from 0

to 100. One click on the scale put the slider on the designated
point, also indicated by the changing number right below the
scale. Users could correct their answers until they clicked on
the ’next’ button, to go to the next page with three items.

3.5 results

In this section we will analyse the results from the questionnaire
data. First we will report the data on the perceived control, to
assert that our method of varying the amount of control is also
experienced by the user in the correct way. In the section there-
after we will analyse the relationship between the amount of
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Table 1: Constructs and items

Construct Items

Control 1. I had the feeling the hamster
did what I wanted it to do

2. I had the feeling the computer
was following my commands

Frustration 3. I was frustrated while playing the game

Fun 4. Playing the game was fun

Empowerment 5. During the game: I felt empowered

Satisfaction 6. During the game: I felt satisfied

control induced by the confusion matrices on the amount of
fun the user experiences.

3.5.1 Perceived control

First we cleaned up the data from obviously erroneous responses.
If one of the following criteria were met the response would re-
moved from our dataset:

A. Partly filled in questionnaires: if only the first or the first
and second page with questions was filled in and not the
subsequent page(s), the complete response was removed
from the dataset.

B. Meaningless questionnaires: if all questions were answered
with the initialisation value (the VAS scale was initialised
in the middle with a pointer), the complete response was
removed from the dataset.

In section III.B we mentioned that participants had the ability
to skip a round after one minute. We included these records as
it still provides us with useful data. After the cleanup process
we got 158 data points to base our analysis on. Looking at the
cleaned questionnaire data we first describe the distribution of
data points over the conditions. We expected and even distribu-
tion of data points over the conditions as these were randomly
initialized. The minimum amount of data points per condition
was 7 for the lower half of the accuracy scale and 10 for the
higher part of the scale. A complete overview of the number of
data points per condition can be seen in Table 2.
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Table 2: Number of samples per condition.

Samples per condition.

MUI # MUI #

0 9 1.35 13

0.17 7 1.5 14

0.34 13 1.66 10

0.53 8 1.84 14

0.71 9 2.05 11

0.86 11 2.17 10

1.03 9 2.32 10

1.22 10

We then constructed the scale ‘perceived control’. This scale was
made up out of two items: “I had the feeling the hamster did
what I wanted it to do." and “I had the feeling the computer
was following my commands.". A reliability analysis of the pro-
posed scale resulted in a Cronbach’s Alpha of 0.885 which made
this scale a proper measurement of how much control the par-
ticipants experienced in the game. As the range for each VAS is
0–100 and the scale is the addition of the seperate item scores
the range for the scale will be 0–200, the medians of these val-
ues are plotted in Figure 7. To validate if we indeed varied the
amount of control as we intended a linear regression was car-
ried out. This revealed a significant linear trend explaining 50%
of the variance in the data (R2 = 0.499,p < 0.001) as can be seen
in Figure 7.

We analyse another item, frustration, in the same manner and
this further validates our method of influencing control. Linear
regression showed a significant negative trend and explained
13.3% of the variance (R2 = 0.133,p < 0.001), shown in Figure 8.

3.5.2 Fun - Control

To validate our most important hypothesis, control positively
influences fun, up to a certain point where fun is decreasing
because the challenge is becoming less, we analyse the ques-
tionnaire data for fun and compare it to the amount of control.
To assess whether a linear model or another model would ex-
plain our data better, we first performed a linear regression over
all data points. This showed a significant trend (R2 = 0.291,p <
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Figure 7: The median values of Perceived control are plotted for all con-
ditions (varying amounts of Control(MUI)) in the experiment. A
linear regression through all data is plotted as well (R2 = 0.499).

Figure 8: The median values of Frustration are plotted for all conditions
(varying amounts of Control(MUI)). A linear regression through
all data is plotted as well (R2 = 0.133).
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Models for curve fitting

Model R

2 AIC delta(AIC)

1th order (linear) 0.291 977.683 n/a
2nd order (quadratic) 0.336 969.434 -8.249

3rd order (cubic) 0.349 968.305 -1.129

4th order 0.356 968.170 -0.135

Table 3: 1

st through 4

th order models with respective R

2, AIC and the
change in AIC from the lower order polynomial.

Figure 9: Medians of Fun vs. Control and the third order curvefit through
all data points.

0.001) through the data. Second, third and higher order polyno-
mials were also tested. The third order polynomial, which can
be seen alongside the first order (linear) polynomial in Figure 9,
proved to provide the best fit with an explained variance in the
data of 34.9% (R2 = 0.349,p < 0.001) taking into account that
higher order polynomials yield a slightly higher R

2 but also
require sacrificing another degree of freedom for every incre-
mentation of the order. Another measure for this which takes
the added complexity of higher order polynomials into account
is the Akaikes Information Criterion (AIC) [4]. Less informa-
tion loss is resembled in a lower AIC. While the difference in
the AIC for the second and third order polynomial is substan-
tial, the difference between the third and fourth order is only
marginal compared to the former.



3.6 discussion 51

The third order polynomial as well as the medians show a clear
downwards tendency from the linear trend after the mui=2.05/acc=96.73%
point. This supports our hypothesis that control is needed for
fun, upto a certain point, after which fun is not dependent on
control anymore and other aspects of the UX start to play a role.
Another interesting fact is that the condition in which move-
ment is completely random (20% accuracy, mui=0) participants
apparently found it relatively fun to play the game. When par-
ticipants do have some amount of control e.g. the
(mui=0.17/41,22% accuracy)-condition this effect is gone.

3.6 discussion

This study showed that it is possible to influence the amount
of perceived control the user has in a game that has a 4 class,
2 dimensional control of navigation. This is supported by the
fact that users reporting the amount of control they experienced
showed a strong relation to the amount of control they were
given. We hypothesized an illusion of control; an overestimation
of control on the near perfect side of control. Our data did how-
ever not support this hypothesis. We also did not find support
for an underestimation of control at the low side. A possible ex-
planation for this might be that in our study, users are given a
certain amount of control defined by the confusion matrix in a
session. This given amount of control is something they cannot
alter by increasing their effort. Whereas with a BCI user may
alter their amount of control, to a certain extent by the effort
they put in. In this case the effort put in by the user is highly
dependent on the motivation they have, which may be related
to the performance of a P300-based BCI [68].
The second part of our analysis showed that the amount of
control largely explains the amount of fun one experiences. Al-
though fun is dependent upon the amount of control, at a cer-
tain point an optimum is reached. Our analysis showed that in
our experiment after 96.73% of accuracy the fun decreases. This
could be explained by the concept of flow [29], where challenge
is related to skills in which an optimum exists where a state of
flow is achieved. In this state of flow the skills of the user and
the challenge asked from the user are both high and in balance.
If the skill increases, the user would shift into boredom, if on the
other hand the challenge increases, the user shifts into anxiety
or frustration. This is related to the results we see in our data.
Users have a certain skill of controlling the hamster and have a
varying amount of control (the challenge), up to a certain point
this challenge is more suited to their skill, until the optimum
is reached. After this the fun decreases and general user expe-
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rience shifts into boredom. This explanation is also supported
by some user comments, for example: “This is the third time I
played this game, and the hamster listened quite well. Especially if
your first hamster vere never obeyed anything (sic), a well-listening
hamster is almost boring." This mechanism of shifting towards
boredom could therefor be the reason the amount of fun partici-
pants experienced is decreasing after the optimum. At the other
end of the scale, the concept still holds: users reported being
frustrated through the respective item in the questionnaire, as
well as through the open question while playing the game with
a low amount of control, for example: “I haven’t quite forgiven
hamsters after the last game even though this one was better."
and “Frustration thy name is hamster. You know he was per-
fectly happy in his cage...". This is also what is often seen in
BCIs, if the recognition accuracy is too low, the BCI is just a
frustration to the user. It might give the user false hope which
leads to frustration.
Like in almost all of HCI research, the results in this study, es-
pecially the point for the highest amount of fun, are based on
just this game we used to experiment with. Using another game
would probably yield another optimum at a different amount of
control. Probably even using other level layouts would alter this
result. However, we show that this effect is apparent in this par-
ticular setting. The game mechanics also included obstacle-like
enemies in the harder levels, which upon collision would send
you back to the beginning of the level (resetting one’s progress).
This means our simulation also includes the effects of making
an error and users experiencing the cost of an error when using
a real BCI. Without the possibility to make errors that have such
a high cost, the challenge would probably be smaller as one will
eventually get to the end of the level. Trying to anticipate on er-
roneous movements (and steering clear of the obstacles) is part
of the challenge in the last two levels. A smaller challenge with
the same amount of control could decrease frustration for the
low accuracy conditions and increase boredom (and decrease
fun) for the high accuracy conditions. We think that therefore
the optimum could shift to the left in such a game.

Still, the game can be quite challenging, even with perfect con-
trol, when there is a motivation to finish as quickly as possi-
ble. In games that are simpler, for example, that only use 2

classes for navigation, or are less challenging in game play, the
optimum probably shifts to the lower end of the control scale.
Games with some kind of BCI control often only have one di-
mension of control, so the previous is especially applicable to
these kind of games.
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Our results show that in the lower levels of control, the accuracy
has an important influence on the user experience. And while
a higher accuracy leads to a better user experience in the lower
parts, the better the accuracy gets, the less influence it is going
to have on the user experience. In this particular game we esti-
mated this critical point to be around 96.73% (although around
86% one can already see the effect in the data) . In comparison
to state of the art BCIs this is a very high accuracy. There are
however some trade offs that have to be made in designing and
implementing a BCI. The trade off between speed and accuracy
is an important issue for this discussion. The longer the BCI gets
to measure the EEG of the respective mental task, the higher the
chance it will make the right decision. However, this sacrifices
speed. Another common trade off is the number of classes used
in a BCI. While we tried to simulate a 5 class (4 directions + ’No
operation’) often BCIs are still implemented with a 2 or 3 class
operation which results in a less complex game with either a
one-dimensional control or a timed sequential control in which
a direction to walk towards has to be chosen based on a timer.
In the first case the accuracy of classified results will be higher
than in a 4/5 class interaction but the richness of the interaction
will be lower. This could mean that the point where either an
optimum is reached or plateauing sets in will be lower than the
point we found in our study. Therefore it might not be worth-
while to strive for the highest possible accuracy at the cost of
other factors which might have a bigger influence on the user
experience. In the second case, the richness of interaction might
be higher because of more possible actions, but the sequential
selection of commands could increase the latency of the interac-
tion to a point where it might be just a frustration for the user.

Overall, in our results the exact point at which added accuracy
does not improve the user experience anymore is not that im-
portant, however, the finding that there is such a point at all,
is. We think these findings could be an advocacy for not only
optimizing for accuracy but taking other factors into account as
well. Even outside the field of BCI this finding could be useful.
Essentially in all modes of interaction where uncertainty is a
factor, like physiological computing or gesture based interfaces
a trade-off exists between system response time and accuracy.
Although recognition accuracies might be higher or lower and
interaction options might be more diverse than in a typical BCI,
the effect we found might be present in these interaction meth-
ods as well.
Until now, no perfect BCI exists. However, according to our find-
ings a perfect BCI controlled game might not be a system which
is only optimized for accuracy. At some point accuracy does
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not influence the fun anymore and other factors start to become
more important. Therefore, turning the shortcomings of a BCI
into a challenge for the user, a challenge outside of the game
itself, might be a possible way to create a fun game.
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4.1 abstract

Most research on Brain-Computer Interfaces (BCI) focuses on
developing ways of expression for disabled people who are not
able to communicate through other means. Recently it has been
shown that BCI can also be used in games to give users a richer
experience and new ways to interact with a computer or game
console. This paper describes research conducted to find out
what the differences are between using actual and imagined
movement as modalities in a BCI game. Results show that there
are significant differences in user experience and that actual
movement is a more robust way of communicating through a
BCI. 1

4.2 introduction

In the field of BCI, brain activity is recorded and automatically
interpreted to be applied in various applications. Measuring
brain activity is already well known in medicine using the elec-
troencephalogram (EEG). EEG is a proven method, which has
a number of advantages over other methods: it is non-invasive,
has a high temporal resolution, does not require a laboratory
setting, is relatively cheap, and it is even possible to create wire-
less EEG head-sets.

BCI systems need to make decisions based on very short seg-
ments of EEG data to make it useful for different applications
such as wheelchairs, robots, and personal computers. In the
case of software applications, BCI can be used as an additional
modality of control, for evaluation of the user or the application,
or to build adaptive user interfaces [97].

Games are usually the first applications to adopt new
paradigms, driven by the gamers’ continuing search for novelty
and challenges [98]. Apart from them being a suitable platform
to bring this new interaction modality to the general popula-
tion, games also provide a safe and motivational environment
for patients during training or rehabilitation [46, 77]. Research
has shown that using BCI instead of the conventional mouse
and keyboard can add to the user experience by making a game
more challenging, richer, and more immersive [103]. This was
done by comparing keyboard control with BCI control for a sim-
ple game called BrainBasher, and evaluating the user experience
with the Game Experience Questionnaire [61]. Both this game
and this questionnaire were also used for the research described
here, comparing actual and imagined movement.

1 For more information and additional discussion, please refer to Chapter 7
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Before BCI can be adopted by the general population there are
still a number of issues that need to be addressed: artifacts in the
recorded brain data (signals that do not stem from the brain),
inter and intra-subject variability, inter and intra-session vari-
ability, long training periods, low transfer rates (of commands),
and the phenomenon that some people are unable to use a BCI
at all [120]. Apart from that, more attention from the Human
Computer Interaction community is required on how this new
input modality influences the user experience, and how the in-
teraction can be improved [75].

While most research into using movement for BCI has focused
on imagined movement, some clinical research shows that ac-
tual movement in fact elicitates a more pronounced and there-
fore better discernable signal in the motor cortex [86].

Actual movement can also be used with other interfaces than a
BCI. Interfaces such as a motion tracking system, for example,
which is probably more reliable at this moment. One big po-
tential advantage of a BCI however is that the measured brain
signals are always preceding actual muscle activity at the limbs,
and can be measured before the muscles activate. This advan-
tage is amplified by the onset of a potential in preparation of a
movement, the so called Bereitschaftspotential, or Readiness Po-
tential [71, 124]. A very useful aspect of the RP is the lateralized
readiness potential (LRP), where the preparation of left-sided
movement is reflected in a potential occurring at the right mo-
tor cortex, and vice-versa. Krauledat et al. show that this lateral-
ized readiness potential can be used to classify actual movement
even before the movement itself is carried out [72]. This could
give a gamer an advantage over other interfaces especially in
fast paced, highly reactive games.

But using BCI can also provide other benefits. While measur-
ing brain activity for detection of movement, whether actual or
imagined, other information can be derived from the brain as
well, such as the user’s mental and emotional state. This could
be used to make smarter applications which are more aware of
the user.

4.3 related work

A few BCI games based on imagined or actual movement do al-
ready exist. [108] designed a first-person shooter game in which
the user could move using the keyboard, and turn by imagined
movement. Players learned to control the BCI by experimenting;
no instructions were given beforehand. Other examples include
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the virtual environments of [79], the board game of [67], and
the game BrainBasher [103] that we used in this study.

Both actual and imagined movement can be used for BCIs. Obvi-
ously, actual movement is a more natural and intuitive way for
users to communicate and neurological process known as Event-
Related Desynchronization (ERD) express themselves. All these
games involve movement tasks, and are based on a [106]. ERD
is detectable as a decrease in power in the �-frequency band
on corresponding motor cortices. Before use the BCI has to be
adapted to person-specific examples of the ERD using machine
learning techniques.

Actual movement is characterized by a more pronounced and
reliable signal in the motor cortex [86]. This more pronounced
signal is a very welcome advantage in the world of BCI where
every extra percent of accuracy is appreciated.

When looking at the success of the Nintendo Wii, it becomes
clear that actual movement is well enjoyed by gamers 2. More-
over, imagined movement in adulthood is not as trivial as ac-
tual movement is. Although for example professional sports-
men and musicians use imaginary movement for training an ac-
tual motor skill it still is not as trivial to do as actual movement
[65]. Though one can think of various applications in which
imagined movement is used, these are almost always associated
with skills which require a lot of training. Actual movement
might therefore be a more natural and easier way of interacting
with a BCI.

4.4 methods

The main question in this study is whether there are differences
between imagined and actual movement in a BCI gaming envi-
ronment. Some of the differences that will be looked into are
the gaming experience for the user and the detectability of the
signal from the EEG. We also looked at the generalizability of
these BCI modalities for different user groups based on demo-
graphical characteristics.

4.4.1 Experiment Setup

To answer these questions an experiment has been carried out
in which users communicate with the BCI game BrainBasher

2 “Nintendo wiining the console war", December 2008.
http://www.igizmo.co.uk/articles/news/744-gaming-nintendo-wiining-console-
war
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[103] using both kinds of movement. First, users fill in a form
regarding demographics including handedness as well as char-
acteristics that could influence their ability to focus on the task
(like alcohol and caffeine consumption habits). This data is used
to check for group differences during analysis. Our experiment
consists of two parts: actual movement and imagined move-
ment. The order of performing actual and imagined movement
is randomly assigned for each subject. Each part consists of two
sessions. For the experiment design see Figure 10.

For the system to be able to recognize the user’s actions, a train-
ing session is required to create a user-specific classifier. This is
followed by a game session, after which the subject fills in a user
experience questionnaire. This questionnaire has been designed
based on the Game Experience Questionnaire (GEQ) developed
at the Game Experience Lab in Eindhoven [61]. With this infor-
mation the user experience for actual and imagined movement
can be compared. Between all sessions are breaks in which the
user can relax for a minute or two.

The experiment is set up as a randomized cross-over experiment
to eliminate sequence and learning effects induced by the suc-
cession of both tasks [21]. The subjects are randomly assigned
to either group A or group B, taking care that both groups in the
end have an equal number of subjects. Both groups perform the
same tasks (‘receive the same treatment’) but in a different order.
In Figure 10 this crossover design can be clearly seen halfway
the diagram. After all experiments are done we compare the re-
sults of the actual movement sessions versus the results of the
imagined movement game sessions. The new questionnaire has
also been evaluated so it can be used for assessments of other
BCI games and other BCI paradigms.

The setup is situated in a normal office environment, in contrast
to a shielded room. This setting was chosen deliberately as it is
a more representative setting for home use. Besides this, the
EEG system used has active electrodes which pick up a lot less
noise than passive electrodes would. During the experiments
themselves, only the researcher and the subject will be in the
room. This way distractions will be kept to a minimum, while
still being able to provide help when needed.

4.4.2 BrainBasher

The BCI game used for this research is BrainBasher [103]. The
goal of this game is to perform specific brain actions as quickly
as possible. For each correct and detected action you score a
point. Game control is achieved by two mental tasks: left hand
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Figure 10: Overview of the experiment setup
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Challenges

Future Work

The Human Media Interaction (HMI) group at the University of 
Twente has fairly recently (in 2007) started conducting research
in the area of brain-computer interaction (BCI). The focus of 
our group is applying BCI for use by the general population, in 
games in particular.

Although BCI research has long been dedicated to the medical
domain, there is a lot of potential for use with healthy subjects. 
Besides direct control, the mental state of the user can be used
to adjust the application. New methods of input can be
developed for a more direct and natural way of interaction. 

As a master thesis final project, research has been conducted 
to look into the effects of using this novel input modality of 
brain-computer interaction (BCI) to control a game. It also 
looks into the potentially beneficial effects of bringing game 
elements into BCI experiments.

BrainBasher
To do this, a simple game has been developed called 
BrainBasher, which you control with your brain. The goal is 
to perform specific brain actions as quickly as possible. For 
each correct and detected action you score a point.

Game control was achieved by two mental tasks: left hand 
movement imagery (imagine moving the left index finger up 
and down) versus right hand movement imagery.

Methods
BrainBasher was evaluated with fifteen subjects using the 
Game Experience Questionnaire (GEQ) from the Eindhoven 
Game Experience Lab. Three variations of the game were 
evaluated for comparison: the original game with BCI input, 
one with keyboard input, and one with a more clinical look 
leaving out all extraneous information.

Results
The keyboard-controlled game was considered easy and 
boring, whereas using BCI for input resulted in a more 
challenging, immersive, and richer experience. The design and 
additional information presented by the game also resulted in 
higher immersion compared to the clinical design.

Conclusions
BCI as input modality can certainly add to the game 
experience, and vice versa: the effects game elements (like an 
explicit goal, scoring, feedback) can have on subject 
motivation during clinical experiments should not be ignored.

Publication
Oude Bos, D. and Reuderink, B. BrainBasher: a BCI Game,
In: Extended Abstracts of the International Conference on Fun
and Games 2008, 20 October 2008, Demo Paper. 
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“Any sufficiently advanced technology is 
indistinguishable from magic”

Arthur C. Clarke

Further Reading

To enable use of BCI by the general population, BCI needs to 
be taken out of the highly-controlled laboratory environments 
and into the real world. Testing BCI games in more realistic 
environments will highlight many unresolved issues.  

Intuitive Interaction The mapping of a BCI paradigm to 
a particular task should be intuitive and natural to the user, as 
this will increase (or maintain) the immersion. This intuitive 
quality also makes it easier to learn and remember the mental 
tasks available within the application. 

Fusion and Artifacts In a real-world situation, people 
will talk and move during game-play. This results in artifacts 
in the recorded brain activity. One can decide to remove the 
artifacts, or use them as an additional source of information. 
Apart from combining with other modalities, there is also the 
question of what BCI paradigms may be used simultaneously.

Transfer Rate The information transfer rate attainable 
with EEG is not comparable to classical input methods. Our 
aim is then not to replace those existing methods, but to 
improve the interaction experience. Still, it is important to use 
fast processing methods in order to give feedback quickly, for 
more natural interaction.

Accuracy It is not (yet?) possible to have a perfect detection 
of mental actions or states. This is has to be taken into account 
when defining uses of BCI in applications. Even worse for the 
goal of providing BCI for the general population is that some 
users will not be able to use particular BCI paradigms.

Training In most BCI systems, both the user and the system 
learn to achieve an optimal performance. Usually a training 
period is required to provide initial detection. This training 
period should be short, and preferably part of the game itself.

Brain-Activity Measurement EEG setups in research 
are cumbersome in the amount of time it takes to mount, how 
it restricts movement, and the maintenance it requires. There 
are commercial headsets which are a lot more usable. 

A. Lécuyer, F. Lotte, R. Reilly, R. Leeb, M. Hirose, M. Slater, 
“Brain-Computer Interfaces, Virtual Reality, and Videogames”,
IEEE Computer, Vol 41, Num 10, pp. 66-72, 2008 

This research will focus mainly on intuitive interaction, 
fusion with classical input modalities (mouse and keyboard) 
and using multiple BCI paradigms simultaneously, plus the 
influence of all of these elements on the user experience
within the uncontrolled environment of a popular game.

Some ideas of using BCI in World of Warcraft:

Shapeshifting Based on the level or relaxation or 
agitation, the user can move from one mode of gameplay
(spell-casting) to another (direct combat). While using 
conventional means would break immersion, this could 
actually be a more ‘realistic’ approach (from the point of 
view of the game world).

Emotes One of our master students (Lennart Boot) has 
looked into detection of facial expressions from the EEG. 
Smile, frown, and neutral are easy to detect. Mapped onto 
emotes, this could be a natural display of the user’s emotion. 

Background Music The affective state of the user could 
influence the background music to increase immersion.

Spell Casting A higher level of concentration could result 
in more effective (higher level) spells being used. Spell 
selection requires new BCI paradigms for natural interaction.

Hand-to-hand Combat Actual or imaginary 
movements could be mapped onto special moves that can be 
performed in hand-to-hand combat. A master student (Bram 
van de Laar) is comparing actual and imaginary movement. 

Fishing In the game it is possible to fish. The user looks at 
the bobber and when it bounces with a splash sound, reels in 
the catch. As this is a rare and task-relevant event, it could be 
opportunity of looking into single-trial P300 detection.

A. Nijholt, D. Tan, G. Pfurtscheller, C. Brunner, J. del R. Millan, et 
al., Brain-Computer Interfacing for Intelligent Systems. IEEE 
Intelligent Systems, 23 (3). pp. 72-79. 2008. ISSN 1541-1672
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Figure 11: The symbols for left and right hand movement.

movement versus right hand movement. For the actual move-
ment task both hands are laid on the desk in front of the user.
When the appropriate stimulus appears they have to perform
a simple tapping movement with their whole hand. When per-
forming the imagined movement task users are instructed to
imagine the same movement, without actually using any of
their hand muscles.

Before the user can play however, they will have to undergo a
training session in which stimuli (in the form of symbols denot-
ing the user actions, see Figure 11) and breaks are alternated.
During the stimulus the subject performs the indicated action:
movement of the left or right hand. The user is instructed to
stay relaxed and not to move, excluding the break periods, to
prevent artifacts in the EEG. This is of course with the exception
of the hand movement in the case of the actual movement ses-
sions. In our system, the training consists of two short sessions,
taking ten minutes in total. The EEG data from both training
sessions are used for training the classifier of the BCI system.

During the game session the user is instructed to take care that
they carry out precisely the same movement (be it actual or
imagined) as in the preceding training session. The difference
is that they have to react as fast as they can to each new sym-
bol popping up by performing the action right away. Bashing
a symbol is accomplished when the classifier recognizes the ac-
tion, according to a confidence level of at least 60%. Every bash
results in one point added to their total score. The goal of the
game is to bash as many symbols in the allocated three minutes,
to achieve a maximum score. (Figure 12)

As already explained, the system is trained on the ERD which
is generated by planning, imagining and executing motor func-
tions. The activity comes from the motor cortex in which the
movement for every limb is prepared. The motor cortex is the
most backward positioned part of the frontal lobe, stretching in
a narrow band from the ears to the top of the scalp.
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Figure 12: A game session.

Figure 13: BrainBasher System View
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Figure 14: Photograph of a subject playing BrainBasher.

We used a 32 electrode setup to measure the ERDs. These elec-
trodes are fitted into the small plastic holes of an EEG cap. The
small holes are filled with electrolytic gel to provide a proper
electrical (low inductance) connection to the scalp on which the
potentials can be measured. The cap has to be set up by some-
one else than the user, because all the plastic holes have to be
filled with gel by hand. Although the part of the brain the ERDs
can be measured is quite small, we used the full set of 32 elec-
trodes to use spatial filtering and to eliminate sources of noise
outside the head. Setting up the system will take somewhere
between 10 and 15 minutes. In the Figure 14 the system with
the cap, the electrodes and the game BrainBasher can be seen in
action.

4.4.3 The BrainBasher BCI

A schematic view of the total system is shown in Figure 13.
The user interacts with the system by executing brain actions,
and also by keyboard to traverse the menu. Brain activity is
acquired with a BioSemi EEG setup using 32 electrodes, sam-
pled at 256Hz. For training the system, examples of the ERD
for both the left hand and right hand are used to train a classi-
fier to be used during the online game session. The EEG data
processing pipeline is shown in Figure 17. First the raw data is
re-referenced to the common average reference (CAR) by sub-
tracting the mean of all channels to remove far away sources
of noise [81]. After re-referencing a bandpass-filter isolates the
frequency range (8-30Hz) in which the ERD occurs. Then we
train spatial filters (spatial filters operate in the space domain,
as opposed to filtering in the frequency domain) to suppress
irrelevant signals with the common spatial patterns (CSP) algo-
rithm [70] to isolate activity on the motor cortices. Now that
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we have filtered the signal both in the time domain and in the
spatial domain, we calculate the energy of the signal by taking
its variance. A Linear Discriminant Analysis (LDA) is applied
to make a final prediction based on these band power features.
After training the BCI generates a new prediction every quarter
of a second, based on the real-time EEG data. These predictions
are used to play the game.

4.4.4 BCI performance evaluation

After the training session, we evaluate the accuracy of the clas-
sifier by a cross-validation procedure. It is to be expected that a
classifier has to have a certain minimum performance for plea-
surable experience. Another frequently used performance mea-
sure for BCIs is the information transfer rates (ITR), represent-
ing communicated information measured in bits per minute.
The ITR more directly expresses the utility of a BCI for a user
that intends to use the BCI to communicate, and is preferable
to other measures because it combines both the quality and the
speed of the BCI into a single performance measure. Current
BCI are reported to obtain ITRs of up to 10–25 bits per minute
[146].

The ITR is estimated by calculating how much information the
predictions of the BCI give on the intentions of the users (the
ground truth), know as the mutual information I:

I(X; Y) =
X

y2Y

X

x2X

p(x,y) log
2

p(x,y)
p

1

(x)p
2

(y)
(3)

where X and Y are the (discrete) predictions and the ground
truth respectively, p(x,y) is the joint probability distribution
function of X and Y, and p1(x) and p2(y) are the marginal prob-
ability distribution functions of X and Y respectively. Mutual
information measures the decrease in uncertainty in a signal Y
(the desired action) given signal X (a derivation of the EEG).

The duration of a trial is needed to calculate the ITR in bits per
minute from the mutual information as follows:

ITR = 60⇥ I(X; Y)
�t

(4)

where �t is the time in seconds between one trial and the next,
assuming their class labels are independent of each other.
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Figure 15: BrainBasher BCI Pipeline
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4.4.5 Questionnaire design

To evaluate the user experience a questionnaire based on the
GEQ [61] is developed. Although the GEQ consists of a lot of
useful questions for evaluating various games, its main purpose
is evaluating complex and immersive 3D virtual games. There-
fore the questionnaire has been adapted to evaluate the user
experience especially in BCI games. Questions that are not ap-
plicable, (e.g. the questions about the storyline, the complexity
and the flow of the game) were left out. On the other hand
we added questions, specifically on the amount of control the
user experiences. The amount of control is a trivial aspect when
using mouse and keyboard. These are reliable ways of commu-
nicating with the computer compared to a BCI system which is
not so reliable. Also items about user concentration and alert-
ness were added. This is an important aspect because users will
have to concentrate to use a BCI game and possibly get tired
more quickly than normal.

The questionnaire consists of statements to which users can re-
spond on a 5 point Likert-scale ranging from ‘completely dis-
agree’ to ‘completely agree’. Some examples of items in the
questionnaire might be: “I liked playing the game.”, “I felt the
computer recognized my actions." or “I’m exhausted.”

To analyse the results of the questionnaire, we will use Cron-
bach’s Alpha [28]. Alpha is a measure of internal consistency.
It is (to a certain extent) a measure of how reliably a scale con-
structed out of the selected items will measure the concept. This
does not necessarily mean that you are measuring the concept
you intended to measure, therefore further (qualitative) vali-
dation is needed. Alpha is only an estimator of reliability: it
measures to what extent the different items are correlating and
are consistent, taking subject and environment variance into ac-
count. In this research the Standardized Alpha will be used be-
cause we want to sum standard scores to construct scales from
Likert scale items. The goal vor every scale is a value for Alpha
larger than the commonly accepted threshold of 0.7 [26].

4.5 results

First we describe the demographics of the test subject pool, then
we analyse the questionnaire used for evaluation. Using the re-
sults from the questionnaire we can look at the differences in
user experience between actual and imagined movement.
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participants Twenty healthy persons participated as test
subjects in this study. The average age across the group was
26.8 (standard deviation: 12.3, minimum: 13 and maximum: 58).
Of the twenty participants 10 (50%) were male and 10 (50%)
were female. Test subjects were randomly assigned to either
group A or group B. Group A would do imagined movement
as their first task and actual movement second, group B would
do exactly the opposite. Each group had ten (50%) participants.
19 (95%) participants were Dutch, 1 (5%) participant German.
Apart from standard demographics we also asked participants
their handedness, because this characteristic might be of in-
fluence: 5 (25%) participants were dominantly left-handed 15

(75%) were right-handed. 14 (70%) received an education higher
than average. Computer usage and game experience varied a
lot among participants: 8 (40%) participants used a PC for more
than six hours a day, 5 (25%) used a computer on a less than
daily basis. The same variance goes for game experience: 2 (10%)
played games two hours a day, 8 (40%) on a weekly basis, 6

(30%) on a monthly basis and 4 (20%) never played a video
game.

questionnaire construction All participants filled in
the questionnaire after both tasks without missing any ques-
tions. The responses on the same items for both movement tasks
were stored in the same respective variables for scale analyses
and in separate variables to analyse the differences in user expe-
rience between both tasks. Scale reliability analysis was carried
out in order to evaluate if the newly developed questionnaire
would be useful as a reliable tool to assess user experience in
BCI games. The total user experience questionnaire consisted
of 42 items over 8 scales. Each item consists of responses to a
statement on the user’s experience on a 5 point Likert-scale.

Some items were recoded to avoid an expected negative corre-
lation. Correcting the scales for items that did not contribute to
the scales consistency, e.g. deleting items with a low or negative
Inter-Item Correlation, Standardised Alpha’s ranged from 0.620

to 0.865 and all scales consisted of at least three items.

To evaluate the usefulness and dimensionality of the resulting
scales, a factor analysis was done on all scales separately. Factor
analysis is a multivariate analysis technique which can be used
to analyse data with “large sets of correlated variables [..]” and
as such can be usefull “as a means of examining and describing
the internal structure of the covariance and correlation matrices
involved”. The method used in the factor analysis called Princi-
pal Components Analysis (PCA) yields one or more linear com-
binations of variables in which the maximum explained vari-



68 evaluating user experience of actual and imagined movement in bci gaming

Construction of Scales

No.
of
items

Alpha Var. explained

Alertness 3 0.783 70.4%
Challenge 5 0.777 56.4%
Control 3 0.783 69.9%
Goals 3 0.754 67.7%
Fatigue 3 0.759 67.6%
Immersion 3 0.620 57.0%
Negative Experiences 5 0.638 41.9%
Positive Experiences 7 0.865 55.8%

Table 4: Constructed Scales including alpha and variance explained by 1st
principal component.

ance in the data is attained. If one is looking for unidimension-
ality, then the first extracted component, id est, the one which
explains the most variance, should explain by far the most vari-
ance in the data.

Looking at our data the first principal components extracted by
the factor analyses of every scale explained more than 56% of
the variance in the data, except for the Negative Experiences
scale. Scree plots [24] also indicated strong unidimensionality
across all scales except for the Negative Experiences scale, which
turned out to be a two dimensional scale. Scree plots can be
used for an heuristical evaluation of the number of relevant
components in a factor analysis. These plots are constructed by
plotting the value of each successive eigenvalue against the rank
order. The point at which a strong ’knee’ occurs can be used as
the cutoff for the number of dimensions. This gave a confirma-
tion for the earlier findings. An obvious knee shape could be
seen in all plots except for the Negative Experiences scale.

The corrected questionnaire consisted of 32 items divided over 8

scales. An overview of all corrected scales with their respective
Alpha’s and variance explained by the first dimension in factor
analysis can be found in Table 1. The variance explained by the
first factor measures to what extent a scale is measuring only
one underlying attribute or construct.

differences in user experience The final corrected scales
were used to compare the user experience for users performing
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Differences of Imagined vs. Actual Movement

Diff
of
avg

StDev t Sig (2-tail)

Alertness -.65 1.20 -2.42 .03

Challenge .40 .83 2.17 .04

Control -.30 1.34 -1.00 .33

Goals -.18 .50 -1.63 .12

Fatigue .40 1.11 1.62 .12

Immersion -.15 .60 -1.12 .28

Negative Experiences .00 .59 .00 1.00

Positive Experiences -.24 .89 -1.22 .24

Table 5: Paired t-Tests Scales, comparing imagined and actual movement

both kinds of movements. A direct comparison by means of
paired t-tests was done. The results of these test can be seen
in Table 2. The first column is the difference of the means of
both scales, the second column is the total standard deviation,
the third the t-score and the last column is the two-tailed signifi-
cance of the difference. The data show that the differences in the
user experience for the Alertness as well as the Challenge scales
are significant. Actual movement scored significantly higher on
the Alertness scale (t(19)=-2.42, p=0.03) which could be attributed
to mental tiring process of performing imagined movement. The
same trend is also shown in the Fatigue scale, while there is no
significant difference between actual and imagined movement
(p=0.12). One possible explanation for this can be found in the
correlation between the Fatigue and Alertness scale. These show
a strong negative correlation in actual movement (r=-0.707, p<0.001).
Challenge also significantly differs between both kinds of move-
ment (t(19)=2.17, p=0.04). User experience data therefore indi-
cates that performing imagined movement is more of a chal-
lenge than actual movement is.

performance Using the error rate calculated by the classi-
fier from the EEG data we can compare the performance achieved
on different subjects. For each subject two error rates are avail-
able, one for actual and one for imagined movement. The aver-
age rate for actual movement is 38.67%, while the average error
rate for imagined movement is 42.28%. A Wilcoxon signed-rank
test showed that actual movement error rates are significantly
lower (W+(20) = 48, p = 0.0328). Looking at performance across
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ITR for all subjects

Subject AM IM Subject AM IM

A1 3.8 4.2 B1 2.0 4.1
A2 8.7 2.3 B2 2.6 2.1
A3 2.4 2.0 B3 3.8 2.1
A4 4.5 3.8 B4 4.8 10.5
A5 6.5 3.8 B5 6.0 2.3
A6 4.1 1.8 B6 2.6 4.2
A7 2.3 2.3 B7 2.7 5.3
A8 3.3 3.9 B8 2.3 2.3
A9 x 2.4 B9 5.1 1.7
A10 x x B10 5.7 2.6

Table 6: ITR for actual and imagined movement for all subjects (in bit-
s/minute), missing data is marked with x.

different groups there are no significant differences between
men and women in actual (t(19)=0.584, p=0.570) or imagined
(t(19)=0.205, p=0.840) movement. Comparing left handed with
right handed test subjects also didn’t show any significant dif-
ferences in actual or imagined movement (t(19)=-0.876, p=0.403

and t(19)=0.99, p=0.923 respectively).

The Information Transfer Rate or ITR (see Section 4.4.4) is an-
other performance measure we calculated for every subject. This
makes our results more comparable with other BCI’s as well it
is more informative than purely an accuracy rate. Note that the
ITRs are calculated just for the training data and that therefor
the maximum achievable ITR is 15 bits per minute. In the ac-
tual game session the bitrate can be higher, for the best subjects
probably over 30 bits per minute. It is however difficult to give
accurate numbers for this prediction because our BCI is self
paced without a definite time window.

The calculated ITRs can be seen in Table 6. (Due to an unfortu-
nate loss of data we were not able to calculate the ITR for all
subjects.)

These findings support the accuracy measure in that actual move-
ment provides a more usable signal on average.
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4.6 discussion

Results from this study showed that differences in user experi-
ence and in performance between actual and imagined move-
ment in BCI gaming do exist. Actual movement produces a
more reliable signal while the user stays more alert. On the
other hand, imagined movement is more challenging.

To be able to assess the differences in user experience between
actual and imagined movement, we developed a questionnaire
for evaluating BCI games. While this questionnaire was found
to be a numerically grounded tool to be used in this setting,
further research for validation is needed.

User experience data from this questionnaire showed two sig-
nificant differences. Users found more challenge in performing
imagined movement. This might be due to a higher error rate,
which makes sense; looking at the average error rate, it is harder
to perform imagined movement. If we assume imagined move-
ment is a skill that can be learned this might be an advantage
for using imagined movement. Gamers are always looking for
challenges and limitations that they can overcome by practice
[98].

On the other hand, for a few test subjects, the BCI system could
not correctly recognize any movement. This corresponds to an
error rate of 50%, in which case simple random ‘guessing’ would
be as good as classification. Participants who achieved a high er-
ror rate also were not able to score any game points (other than
maybe by chance). This is an issue that frustrates the user and is
something that has to be resolved for wider acceptance of BCI
gaming. This problem of not being able to be understood by a
BCI is referred to as BCI illiteracy [120].

One could argue that perhaps the feedback of the movement
classification in the top bar in the game screen could be a dis-
traction. This could affect the performance in a negative way.
On the other hand, the feedback bar can actually improve per-
formance, as the users can see how close they are to the wanted
classification. This improves their awareness of how to best per-
form the mental task, and also functions are a motivator when
they are close to the target.

Alertness is the other scale in which a difference was found.
This alertness has to do with the state of mind of the user af-
ter they played the game. The fact that they felt less alert af-
ter performing imagined movement is explainable. Imaginary
movement requires more concentration and is a less natural ac-
tion to perform. Doing something you do everyday does not tire
you as much as doing something completely new. This was also
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reflected in the Fatigue scale, which scored slightly higher for
imagined movement.

The generalizability over various demographic groups was good
and there were no significant differences in performance. While
there have been some anecdotal findings that women would be
better in communicating through a BCI, results show no sig-
nificant differences between men and women. Data also did
not show any differences between left and right handed peo-
ple. While the gathered data does not provide a clear view on
how age is related to performance in the game, one might hy-
pothesize that imagined movement is a skill of young children
who mimic movements of others. A child sees someone per-
forming a certain movement that can be of advantage to the
child, for example grabbing something, they then try to per-
form it themselves. This probably is a skill that fades over time
when a person gets older. While at a higher age humans are
still able to mimic movements, it takes more time to learn them.
This is possibly a ground for older people not performing well
at imagined movement in general. Altough it was made clear
to every subject what kind of movement they had to imagine
and how they could do it, some people still reported that they
struggled with the concept of imagining a movement.

Future work could include research into the different ways of
imagining movement. As McFarland et al. [86] already explain:
when given the instruction to imagine a movement, most peo-
ple will try to sense the movement. Other kinds of imagination
(e.g. visualizing the movement) might activate different cortical
areas. Some users might even prefer to visualize a movement
if they find it more natural or less tiring. Evaluating the perfor-
mance and user experience of these different tasks are a valu-
able addition.

The developed questionnaire seems to be a instrument that can
aid us in evaluating differences in user experience between dif-
ferent modalities for BCI, but it might also be of interest for eval-
uation of BCI games other than BrainBasher. Then further re-
search on the validity and generalizability of the questionnaire
is needed.

Although the game works in an online manner and the classifi-
cation algorithm is fast enough to be computed real-time, there
always is an inherent delay in feedback. This is due to the fact
that the classification algorithm needs a measurement of EEG
data of a few seconds. Currently this measurement is two sec-
onds. The consequence is that users get feedback of what they
did with a a delay of up to two seconds. This delay sometimes
leads to confusion and a lower positive affect towards the sys-
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tem. Due to differences in brain signals and quality of record-
ings, it is possible that some users were able to produce a rec-
ognizable brain action faster (with less delay) than other users
regardless of the fixed two seconds window. For example, if the
CSP filters are able to separate the relevant signals better for
one subject than an other, less noise is present in the two sec-
onds window, and the classifier can be relatively certain about
the class of the performed brain action even if the signal is only
present in the last fragment of the classification window. In the
presence of more noise, a larger part of the classification win-
dow needs to contain the signal for a positive detection, result-
ing in higher response times. The current problem that response
times can be higher than with ordinary kinds of interfaces also
call for inovative game design. If the game is designed for usage
with a BCI, the user should still be able to get immersed into
the game, instead of being distracted by the slower response of
the system. On the other hand, a BCI can provide new kinds of
games, using the users mental state (e.g. relaxation level, emo-
tions) as a part of the game itself and in such a way create an
even more immersive world than is possible using a mere key-
board and mouse [129].

Future research might include shortening the response time of
the underlying system of the game and finding out what this
does for acceptance of and positive affection towards the BCI.
Other BCI for movement, such as the LRP could also be ex-
plored to reduce the response delay. Preliminary research [116]
indicates that the LRP of actual movements is already recog-
nizable before a button press can be detected. Furthermore, the
LRP can still be recognized reliably at rates of two strokes per
second. This last property would make BCIs usable in fast paced
games, which is something that traditional BCIs do not allow
for.

Because of the similarities in brain activity between actual and
imagined movement and the somewhat lacking of intuitivity
for imagined movement one might suggest using actual move-
ment as a training for using imagined movement. The user of
the BCI can get accustomed to using movements for communi-
cations and at the same time trying to imagine the movement.
With the acquired data from the actual movement, the imagined
movement could be classified.
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5.1 abstract

Brain-computer interfaces (BCIs) are not only being developed
to aid disabled individuals with motor substitution, motor re-
covery and novel communication possibilities but also as a modal-
ity for healthy users in entertainment and gaming. This study
investigates whether or not the incorporation of a BCI in the
popular game World of Warcraft (WoW) has effects on the user
experience. A BCI control channel based on parietal alpha band
power is used to control the shape and function of the avatar
in the game. In the experiment, participants (n=42) who were
experienced and inexperienced WoW players played with and
without the use of BCI in a within-subjects design. Participants
themselves could indicate when they wanted to stop playing.
Actual and estimated duration was recorded and questionnaires
on presence and control were administered. Afterwards oral
interviews were taken. No difference in actual duration was
found between conditions. Results indicate that the difference
between estimated and actual duration was not related to user
experience but was person specific. When using a BCI, con-
trol and involvement were rated lower. But BCI control did not
significantly decrease fun. During interviews experienced play-
ers stated that they saw potential in the application of BCIs in
games with complex interfaces such as WoW. This study sug-
gests that BCI as additional control can be as much fun and
natural to use as keyboard/mouse control, even if the amount
of control is limited.

5.2 introduction

Brain-Computer Interfacing (BCI) systems were in the past and
still are motivated by the wish of paralyzed or otherwise dis-
abled people to utilize new means of communication or to ex-
tend their mobility. Electroecephalography (EEG) is most often
used to capture the electrical brain activity. Examples of these
applications are the P300 based spelling systems in the case of
communication [38] and the use of imagined movement [76] or
SCPs [13] to control, for example, a wheelchair. The first BCI
game was developed by Vidal et al. [138]: a simple game in
which the user had to navigate through a maze by looking at
off-screen fixation points flashing periodically. However, since
those years the available computational power has greatly in-
creased, hardware costs have fallen and the number of peer
reviewed research articles on BCIs has increased rapidly [147].
From around the year 2000, more and more research groups
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developed BCI games. For an overview, see the survey in the
article by Plass-Oude Bos et al. [110]. As EEG headsets are be-
coming cheaper [151] and BCI technology more available, appli-
cations of BCIs in entertainment is becoming more interesting
[44].

A good game provides an immersive experience to the user,
giving them the feeling they are in the game. But BCIs are in-
herently different from the classical input devices such as the
mouse, keyboard and joystick. A BCI poses the user with an
unreliable input channel to control the game. Does this hinder
immersion and feelings of presence in the game? Can a BCI
be of value in a popular modern game? Is it fun to play with
BCI control? In this study we will try to answer these questions
by first reviewing related work from previous studies on BCI
games and how to evaluate user experience in games through
questionnaires and duration estimation. In the methods sections
we will explain how we incorporated BCI control in the modern
game World of Warcraft (WoW) and how we designed our ex-
periment.

5.3 related work

In this section we will look at other BCI games based on the
user modulating the bandpower of certain frequency bands in
their brain activity. We will also look at relevant user experience
questionnaires and how duration estimation can play a role in
user experience evaluation.

5.3.1 BCI Games

BCI games have been developed by several research groups, of-
ten as proof-of-concepts or to evaluate the use of mental task in
an online application. One classic example of a BCI game which
also inspired us to some extent is Brainball, developed by Hjelm
et al. [56, 55]. The concept of the game is to relax more than your
competitor. Thus two players are competing to be more relaxed,
which makes it a paradoxical and fun game. In this study the ra-
tio between frontal alpha and beta waves is taken as a measure
of relaxedness.

Pineda et al. [107] developed a BCI for a 3D shooter game. For-
ward and backward movements were controlled by the key-
board, turning left and right by alpha levels over the motor
cortex. As this study focussed on the ability of participants to
learn to control their alpha/mu levels over the course of several
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weeks the study only included 4 participants. They found that
control over mu activity was easily obtained and maintained.

Instead of focussing only on bit rates and accuracies Plass-Oude
Bos et al. applied a user-centered approach and found that the
ease of executing a certain mental task is an important factor as
well [110]. Gürkök et al. found that certain mental tasks for BCI
games while being appropriate might not be the best option as
the major modality for interaction. [50].

5.3.2 User experience

According to Witmer et al. [145] both involvement and immer-
sion are necessary for experiencing presence. Witmer et al. in-
troduced a presence questionnaire addressing these factors for
specific use in virtual environments. Nowadays, games can be
at least as realistic as virtual environments. A succesful game
drags the user along with its immersive graphics, compelling
characters and creative narrative. Users are then able to feel
themselves present in the environment or world that is created
by the game.

The sense of presence can be interrupted by distracting factors
such as audiovisual stimuli that are not congruent with the vir-
tual world or interfaces that are unnatural or faulty. At the inter-
section of these games which aim at providing the ideal circum-
stances for a feeling of high presence, good user experience is
key to make games with BCIs succesful. Van de Laar et al. [134]
made an attempt to evaluate a BCI game with a questionnaire
based on the GEQ by IJsselsteijn et al. [61] with specific items
on the role of the BCI. Van de Laar et al. [135] gave an overview
of the several methods available to researchers to evaluate BCI
games and when to use them. Administering a questionnaire is
the best method for quantifying results. To be able to answer
the why question, interviewing would be a better method.

5.3.3 Measuring Immersion

When people play a game and are immersed in the experience,
they tend to forget the time. This experienced, subjective du-
ration is considered by Waterworth [144] to be influenced by
the amount of activity in the working memory. Users who are
deeply engaged in experimental tasks or activities such as play-
ing computer games might experience a different duration from
those who are not engaged to that extent. Previous studies have
not reached a consensus on the direction or the nature of this
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relation. On one hand Waterworth et al. [142] suggested that
a high level of presence would yield an overestimation of du-
ration. On the other hand the study by IJsselsteijn et al. [60]
stated the opposite; in the case of a high level of presence the
user would underestimate the duration, no significant data sup-
ported this claim however. Davies [30] suggested that a high
level of presence may cause the user to either under or over-
stimate the duration. In an experiment by Waterworth et al.
[143] designed to assess the validity of their model posed in
[142], participants looked at audiovisual streams with varying
content and durations. They found relatively weak relations for
some streams between presence and estimated duration. How-
ever, the experiment was non-interactive and the longest du-
ration between being interrupted from the experience was 104

seconds. The various studies on measuring immersion by es-
timation duration do not agree with each other. In this study
we will do an analysis of duration estimation in two conditions
that are interactive and longer than previous studies to assess
whether duration estimation can be of value in UX evaluation.

5.4 methods

5.4.1 World of Warcraft

World of Warcraft (WoW) is a Massive Multiplayer Online Role
Playing Game (MMORPG), meaning that thousands of users
log on to servers with their virtual characters to battle monsters
or each other and evolve their character through an interactive
narrative set in a fictional medieval virtual world. The game is
immensely popular with currently more than 10 million sub-
scribers. The objective of the game is essentially to level up, get
better abilities and better gear. This is done by achieving experi-
ence points, gained by completing quests, slaying enemies and
exploring the world.

In our experiment participants played a character which is part
of the Night Elf race and is a druid. The druid has the unique
ability to transform itself into bear shape, more or less provid-
ing a completely different character.

5.4.1.1 Bear shape

The bear shape simulates the armor and health similar to a war-
rior, therefore providing a so-called Tank ability. In this shape
the player is able to soak up damage, especially useful when
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fighting more than one enemy. At the same time the bear has
slow speed but high impact attacks at close range (melee).

5.4.1.2 Druid shape

The druid shape is able to cast magic spells on enemies, id est,
attacking from a distance. The druid is also able to heal itself
and others through spells. More suitable for healing after a fight
or when fighting only one enemy from a distance, the druid
requires a different playing strategy than when in bear form.

5.4.2 ↵WoW

In our adaptation of WoW, called ↵WoW, we make use of the
power in the alpha band over parietal regions. According to
Cantero et al. [23] high alpha levels in the parietal lobe indicate
a state of relaxed alertness. Also Barry et al. “[..]confirm the
arousal link between alpha and electrodermal activity" [8].We
mapped this state of relaxed alertness to the shape of the Night
Elf in druid shape who is strongly dependent on intelligence
and mental concentration. The opposite state of relaxed alert-
ness (the decrease in alpha band activity) would be a state of
stress or agitation providing a natural relation to the bear which
is eager to fight.

The relation of alpha levels to inhibitory processes and passive
or idling states of certain parts of the brain is often studied but
also often misunderstood as suggested by Basar et al. [10] and
[11]. According to Basar et al. [9] and Pineda et al. [107] users
can train their alpha levels. This is also what we observed dur-
ing the many demos we gave of ↵WoW at international (e.g.
AISB2009 [1]) and national conferences and popular-scientific
events (e.g. TEDxAmsterdam 2009 [2]). One person often served
as demo subject and learned to control alpha levels to such an
extent that intentionally transforming every 5 seconds was pos-
sible.

5.4.3 Experimental setup

Our experimental setup was mirrored over two rooms because
of the large number of participants. Both rooms contained a lap-
top, including a fast graphics card and a high definition screen
suitable for playing video games. An external mouse was con-
nected to the laptop.
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To acquire the EEG data we used Emotiv’s EPOC. The Emotiv
EPOC is an inexpensive wireless EEG device. Although inex-
pensive it provides more sensors than other inexpensive sys-
tems and high usability [127]. It has also been used in other BCI
based games for example by Van Vliet et al. [137]. We fitted the
set on the users head, tilted at an angle of about 25

o (see Fig. 16)
to be able to measure the parietal brain activity with the O1, O2,
P7 and P8 channels. After tilting the headset these sensors are
approximately located at the P1, P2, CP7 and CP8 positions re-
spectively. Figure 18 shows randomly taken examples of EEG
data segments indicative of a participant in a ‘Stressed’ state
(high arousal), a ‘Relaxed’ state (low arousal) and a segment of
data with eyes closed to compare.

A webcam with a built-in microphone was placed in the cor-
ners of both rooms to monitor the participant when the experi-
menter left the room and to record video and audio during the
interview at the end of the experiment. An overview of the ex-
perimental setup (seen from the webcam) can be seen in Fig. 19.

We used 2 separate WoW accounts on 2 different servers but
within the same game area. We made a default interface lay-
out with offensive and defensive actions recommended for the
respective character level. When leveling up a character, it was
moved to an area that matched its competence and possible
new actions were added to the action bar. Since the character’s
armor perishes over time, it was repaired after every session. Ev-
ery participant played two sessions, one with and one without
BCI control. See also section 5.4.4.1.

5.4.3.1 Control signal

The pipeline we used (see Figure 17) to assess the amount of
alpha power in the parietal region starts with the acquisition
of the EEG data from the Emotiv EPOC headset. The EEG data
from channels O1, O2 , P7 and P8 is selected and streamed to the
analysis pipeline. The online data stream is cut into windows of
two seconds with an inter window interval of 250 ms (4 Hz). For
every window a Fast Fourier Transform (FFT) is computed for
all channels and the band power from 8 – 13 Hz is averaged over
all channels. An adaptive Z-score normalization with a time
window of two minutes is used to convert the band power into a
usable control signal and limit the influence of outliers. A short
term smoothing including the previous two windows is applied
with a 20%, 30% and 50% contribution respectively. Because it
is nearly impossible to validate the control signal in the game
setting, we also did a control experiment to validate it which we
will explain in section 5.4.5.



82 experiencing bci control ; to bci or not to bci?

Figure 16: Photograph of the Emotiv EPOC headset that was tilted forward
about 25
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Figure 17: The pipeline including the signal processing steps as imple-
mented in Alpha WoW. For a detailed description see sec-
tion 5.4.3.1.

Figure 18: Examples of EEG data during Eyes closed, ‘Relaxation’ and
‘Stressed’ states.
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Figure 19: Overview of the experimental setup

5.4.3.2 Mapping the control signal to game actions

The control signal is a 4 Hz signal in the [0, 1] range. To map
this signal to actions within WoW we interpret and convert the
control signals into virtual key strokes. Every 250 ms the value
of the control signal is rounded to the nearest first decimal and
sent through a keystroke to the game to supply the user with
feedback through means of an animated orange bar, known as
the ‘stress bar’ (see Fig. 20). The longer the bar, the lower the
value of the control signal and the lower the amount of alpha
activity. As to control of the actual shape shifting we applied
hysteresis, id est, direction specific thresholds of 0.3 and 0.7 to
trigger the transformation. As the control signal is normalized
the 0.3 and 0.7 thresholds roughly compare to either one stan-
dard deviation below and one standard deviation above the av-
erage of the signal. To transform to bear form a control signal of
0.3 or lower is needed, to transform from bear to druid a control
signal of 0.7 or higher is needed.

To make sure the user really intended to transform after 1 sec-
ond (4 windows) of dwell time an indication of the upcoming
transformation is shown. In case of transforming from bear to
druid the edges of the screen flashed a translucent blue for 1

second, in case of transforming from druid to bear the edges
flashed a translucent red for 1 second. If the control signal still
exceeds the threshold 1 second after the onset of the flash (8
windows in total), the actual transformation was triggered.
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Figure 20: Screenshot of WoW with the add-on enabled. The orange bar (top
left) provides feedback on the user’s current alpha level. Bigger
means less alpha.

5.4.4 Participants and instructions

Forty-two participants were recruited for this study. Before the
experiment, participants were asked to fill in an online ques-
tionnaire indicating whether and if so what experience they had
with games and specifically with WoW. If they indicated having
experience with WoW, some additional questions were asked.
Twenty-eight participants (66.7%) had no previous WoW expe-
rience while 14 participants (33.3%) had previous WoW experi-
ence. The participants’ ages ranged from 17 to 49 years (Mean:
24.86 SD: 6.88). 12 participants (29%) were female, 30 partici-
pants (71%) were male. The experimental sessions were done
on an individual basis, lasting about 100 minutes per partici-
pant. Participants were paid 12e for their efforts (unless em-
ployed by the University of Twente). All participants were asked
to sign a written informed consent form prior to the experiment.
All instructions were provided in English.

5.4.4.1 Progression of the experiment

The participant was welcomed and took a seat at the laptop. To
make the time assessment as unbiased as possible, participants
were asked to turn off mobile phones and to hand them in to-
gether with their wrist watches for the duration of the experi-
ment. WoW by default has a small on screen clock which we re-
moved through a script at the start of every experiment. Because
the desktop of the Windows environment was visible before
launching WoW we hid the taskbar. The Emotiv EPOC headset
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was installed on the participant’s head and the experimenter
made sure all sensors were operating at green signal quality
levels, which indicates proper impedance levels according to
the manufacturer of the headset. The participant received gen-
eral instructions on playing WoW and played a tutorial session
of 5 minutes to get acquainted with the controls and interface.
The experimenter answered any questions posed by the partic-
ipant. After this, either a session with or without BCI control
started with the according instructions. After the BCI pipeline
was started the normalized control signal was given the time to
stabilize for 1 minute before the actual session started. If instruc-
tions were clear, the experimenter literally told the user to play
the game until they did not want to play anymore. In the case
that they wanted to stop the current session, the participant was
instructed to ring a bell that was on the table he was sitting at.
The experimenter left the room and started the stopwatch. If the
user did not ring the bell within 30 minutes, the experimenter
interrupted the participant playing the game, if the user did ring
the bell, the experimenter immediately noted the time that had
passed and went back into the experiment room. In either case,
the experimenter immediately adminstered the questionnaire
because the participants had to make an estimation of the du-
ration of the session. After the questionnaire was finished, the
experimenter prepared for the second session and gave the par-
ticipant the according instructions. During this time, absolutely
no mention of time passed was given, even when asked for by
the participant. The second session followed the same course of
events as the first. After the second session, the Emotiv EPOC
was removed from the participants head and recording of video
and audio started to capture the oral interview that followed.

5.4.4.2 Questionnaire

The questionnaire administered in this study was based on the
presence questionnaire by Witmer et al. [145]. This question-
naire although published in 1998 is still the de facto question-
naire for measuring presence. According to Van Baren et al.
[133] most other presence questionnaires are based on the one
by Witmer et al. and are less well validated. We used the Involve-
ment/Control scale and the Natural scale as the other sub scales
in this questionnaire would not provide us with useful infor-
mation. We also added two scales. The Transformation Control
scale has specific items on the amount of control the user has
over the transformation action. The items in this scale are based
on [134], specified on BCI specific issues that would not be cap-
tured by the Involvement/Control Scale. The Fun/Achievement
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scale was also added to provide us with information on the
amount of fun, concentration and achievement the user experi-
enced.

5.4.5 Validation of the control signal

To assess the performance users can achieve by means of the
BCI pipeline used in the first experiment, we conducted a sec-
ond experiment in a more controlable and clinical setting. The
concept of the game is a ball that continuously falls down and
has to be ‘pushed’ into the correct (green) basket, see figure 21.
The bottom of the screen is divided into two equal parts (bas-
kets) both randomly appearing either red or green during the
fall of one ball. It takes 7 seconds for the ball to fall down. In
this window of 7 seconds the participant has to push the ball to
the left or to the rights depending on which half of the screen
is green. By generating high alpha levels the ball is pushed to
the left, consequently, by generating low alpha levels the ball is
pushed to the right. The same pipeline and control signal as de-
fined in the previous section is used for this experiment, with
the screen divided into ten equal parts, according to ten cor-
responding levels in the control signal. (0.1, 0.2, 0.3 etc.). Near
real-time feedback is generated at a rate of 4 Hz as in the first
experiment. Whenever the ball ends up in the green part the
score is increased by one. Ten participants were recruited for
this second experiment. Eight participants were male, two par-
ticipants were female. Participants were not given a monetary
reward. Participants trained for three sessions of 20 trials each.
After the training 5 sessions were done resulting in 100 trials
per person.

5.5 results

In this section we will first assess the internal consistency of the
scales we used in our questionnaire. Next we will review our
measure for duration estimation by the participants. Next we
will do an analysis of variance on our data to assess whether
users experienced the condition with BCI control differently
(and if so in what way) than the condition without BCI con-
trol. Lastly we will review the results of the second experiment
on how much control is attainable with the BCI pipeline that
was used.
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Figure 21: Screenshot of the ball/basket game.

5.5.1 Item Analysis

In our questionnaire we used the sub scales Involvement/Con-
trol and Natural from the Presence questionnaire by Witmer et
al [145]. The reported Cronbach’s Alpha for the whole question-
naire was 0.81. In our study we found the Cronbach’s Alphas to
be a bit lower, 0.733 for Involvement/Control and 0.655 for Nat-
ural. We constructed two other scales, one on Transformation
Control, involving questions on the mechanism to shape-shift
specifically and a scale we would call Fun/Achievement, which
indicates whether the user had fun, liked to do things he/she
could not do in real life, felt a sense of achievement and was
concentrated on the game. Both showed good internal consis-
tency, with a Cronbach’s alpha on normalized items of 0.844

and 0.725 respectively.

5.5.2 Duration Estimation

As explained in Section 5.3.3 the relation between presence and
duration estimation by the user is not that clear. Some stud-
ies point towards overestimation in the case of high presence,
other studies state that underestimation is more prone to hap-
pen. For every participant an actual (objective) duration and an
estimated (by the user) duration were recorded. Comparing the
means over all users with a Wilcoxon signed ranks test yielded
no significant differences for either the actual duration between
conditions (p = 0.456) or estimated duration (p = 0.227) be-
tween conditions. To evaluate whether overestimation or under-



88 experiencing bci control ; to bci or not to bci?

Table 7: Grand averages of participants. Durations per condition (min.) and
number of over- and underestimations of duration.

Grand averages

BCI noBCI

avg act 26.1 26.6
avg est 23.5 24.5

over 20 20

exact 7 9

under 15 13

avg over 10.1 11.0
avg under -6.3 -10.2

estimation of duration was more prone to happen we counted
the number of cases in which the difference in durations was
bigger than zero and the cases in which the difference was
smaller than zero. An overview can be seen in Table 7 This table
also shows the average amount of over and underestimation.

To be able to see if there were differences between experienced
and not experienced participants, we split up this analysis ac-
cording to this group factor. An overview of these results can
be seen in Table 8. This result hints at a slightly better notion of
time for experienced participants. The average overestimation
is lower and the percentage of participants who estimated the
duration correctly is higher for this group.

Because there is no clear trend in these results we took the ab-
solute value of the difference between the actual time and the
estimated time according to the following equation:

Duration_diff = |Duration_act. -Duration_est.| (5)

Using a Pearson product-moment correlation to correlate this
measure to the 4 scales in the questionnaire, compensating for
multiple comparison with a Bonferroni correction yielded no
significant results. A Wilcoxon test showed no significant dif-
ference between Duration_diff between the two conditions (z =
-1.144,p = 0.259). However, looking at the Duration_diff mea-
sure within subjects over the two conditions showed a strong
correlation (⇢ = 0.59, p < 0.001).
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Table 8: Averages of experienced and inexperienced participants. Durations
per condition (min.), number of over and underestimations of dura-
tion and average amount of over and underestimations.

Experienced Inexperienced

BCI noBCI BCI noBCI

avg act 25.8 26.1 avg act 26.2 26.8
avg est 23.0 23.2 avg est 23.8 25.1

over 8 7 over 12 13

exact 3 5 exact 4 4

under 3 2 under 12 11

avg over 8.0 8.3 avg over 11.6 12.4
avg under -6.2 -9.5 avg under -5.8 -10.5

5.5.3 Analysis of Variance

A 2x2 one-way repeated measures MANOVA was conducted
to compare scores on the four scales (Involvement, Natural-
ness, Transformation Control and Fun/Achievement) at Con-
dition 1 (no BCI) and Condition 2 (BCI). Between subject fac-
tors are gender (female/male) and experience (yes/no). The
overview of this analysis can be seen in Table 9 and Table 10.
There was a significant effect for Condition (Wilk’s Lambda
= 0.426, F(4,37) = 12.452, p < 0.001, multivariate partial eta
squared = 0.574). Further investigation of the univariate within-
subjects tests showed that both the Involvement/Control scale
(F=20.369, p < 0.001, partial eta squared = 0.337) and Trans-
formation Control (F=40.373, p < 0.001, partial eta squared =
0.502) largely caused this effect. No significant interaction effect
was found for Condition x Experience (p = 0.421), Condition x
Gender (p = 0.391) nor Condition x Experience x Gender (p =
0.784). Between-subjects, the univariate test with source Experi-
ence showed a significant effect for the Natural scale (F=5.655,
p = 0.022) with a positive direction, id est, Experienced players
scored higher on Natural. All other test proved not significant.

5.5.4 Second experiment: accuracy

All 10 participants in the second experiment performend 100

trials. In table 11 we report the accuracy for every subject, the
average accuracy (74.1%) the standard deviation and the corre-
sponding Student’s t confidence interval for a sample size of 10.
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Table 9: Multivariate tests. Effect, Wilks‘ Lambda, F-measure, hypothesis df,
Error df and p-value. ‘Experience’ is between-subjects, ‘Condition’
is within-subjects

Multivariate tests

Effect ⇤ F df
1

df
2

p

Experience 0.724 3.328 4 35 0.021

Condition 0.548 7.222 4 35 0.001

Table 10: Within-subjects and between-subjects univariate tests. Source of
the effect, Effect, Mean Squares, F-measure, hypothesis df, Error
df and p-value

Univariate tests

Source Effect MS F df
1

df
2

p

Condition Involvement 1.699 11.179 1 38 0.002

Transf. Control 37.561 21.708 1 38 0.001

Experience Natural 10.001 5.728 1 38 0.022

74.1% +- 9.95% = 64.15% to 78.15%. Random chance level for a
binary BCI would be 50%.

5.6 discussion

The reliability analysis of the scales showed good internal con-
sistencies for all scales, although somewhat lower than reported
by Witmer et al. [145]. The cause of this lower internal consis-
tency may be caused by the fact that we used a modern game
in our experiment instead of a by today’s standards old fash-
ioned virtual environment. Another difference is in the popula-
tion of participants that is becoming more and more educated in
operating computers, controlling input devices and navigating
through 3D immersive worlds. We constructed the Transforma-
tion Control scale to measure the amount of control over the
transformation action. This scale showed a high internal con-
sistency of 0.84 with only 6 items. A high internal consistency
makes sense considering the specific nature of the scale. It mea-
sures the amount of control over the transformation either with
or without BCI. The Fun/Achievement scale consists of 4 items
on positive effects: having fun, like to do things in the game,
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Table 11: Subject accuracies, average, standard deviation and Confidence In-
terval.

Per subject performance

Subject Accuracy

S1 67%
S2 82%
S3 97%
S4 63%
S5 56%
S6 83%
S7 88%
S8 62%
S9 61%
S10 82%

average 74.1%
stdev 13.9%
CI 9.95%

being able to concentrate and having a sense of achievement.
Concerning concepts broader apart, but still achieving a good
internal consistency.

As mentioned before participants could indicate when they wanted
to stop playing. The actual duration was recorded as well as
their estimation. There was no significant difference in actual
duration between conditions, suggesting that participants did
not prefer one or the other.

Further analysis of the actual and estimated durations showed
no clear over or underestimation of time. This is not in line
with what most previous studies reported. Looking at the abso-
lute difference between actual and estimated duration we saw
no correlation to any of the scales, supporting the findings by
Waterworth et al. [143] that duration estimation is not a clear
indication of presence. Furthermore we saw a very strong cor-
relation within subjects. This suggests that duration estimation
is largely a personal trait. Further analysis indicated that experi-
enced participants were a little better at estimating the duration.
This may well be due to the lower workload involved because
of familiarity with the interface and the workings of the game.



92 experiencing bci control ; to bci or not to bci?

The analysis of variance in the form of a one way repeated mea-
sures MANOVA showed that in the multivariate case there was
a significant difference between playing with BCI control for
shape-shifting and playing without BCI control (with keyboard-
/mouse control) for shape-shifting. Looking at the univariate
test we can see where these differences stem from. The Involve-
ment/Control scale and the Transformation Control scale showed
a large effect. Both scales were rated lower in the BCI condition,
which was to be expected. The amount of perceived control over
the transformation was lower in the BCI condition because the
control channel was not completely accurate. The user might
might evoke the right amount of alpha but due to the inher-
ent delay with BCIs (in this case 2 seconds) the transformation
might happen later than expected and cause the user’s avatar
to unnecessarily lose hitpoints. In the case of low or no control
the user might also consider the BCI as a hindrance rather than
an aid, thus limiting involvement.

Although the amount of perceived control was significantly lower
the Fun/Achievement scale showed no significant difference be-
tween conditions. Our data suggests (through the MANOVA
analysis) that fun in this case is not deteriorated by the lower
amount of control in the BCI condition. This may have several
reasons:

1. Participants found the EEG headset and BCI a novel and fun
gadget to play with, notwithstanding the fact that it might have
provided them with less involvement in the game. This might be
due to a novelty effect of using brain activity and EEG devices
in general. Some participants also stated something along these
lines during the interview. Either they wanted to see if they
could get better at controlling the transformation process or
they said they liked participating in the experiment but would
not pay to play with a similar setup including the BCI at home.
This possible novelty effect is something that is hard to prove or
disprove. It can cloud user experience evaluation of BCI games
in general. The only way to investigate whether, and if so to
what extent, the novelty effect is influencing these results is to
perform several follow-up experiments with the same partici-
pants.

2. The BCI provided the users for which it worked better with
an added modality to aid them playing the game. Several expe-
rienced WoW players stated in their interview that they could
see such a kind of BCI as a nice challenge when playing with a
low-level character. They also felt that their amount of control
would improve over time, providing them with a useful extra
modality in a game which always has a shortage of buttons to
express the plethora of functionalities in such a complex game.
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3. For the participants who experienced no or little control, the
BCI did not interrupt their experience to such an extent that it
became a frustration. Some participants also reported this. “I
just kept on playing and tried to quickly adapt. At a certain
point I memorized all the shape specific functions and their re-
spective buttons."

There was a between-subjects effect of Experience on the Natu-
ralness of the game. This result was to be expected. Experienced
players are already familiar with the workings of the game, the
controls for navigation, the style of interaction with the virtual
world the game is set in and perhaps even the type and race of
the virtual character used in the experiment. One experienced
participant remarked something about this during the interview.
The question (which is in the Natural scale) about how natural
the way of moving through the virtual environment was some-
what unclear. Of course using arrow keys is not natural, but if
one does this every day it becomes a second nature.

The second experiment in which we evaluated the performance
of the BCI pipeline in a more clinical setting showed that on
average participants achieved an accuracy of 74.1%. This is sig-
nificantly higher than one would expect from a system operat-
ing on random choices. Looking into the per subject accuracies,
there were two distinct groups. One group (5 participants) who
got barely above chance level control (56% - 67%) and one group
(5 participants) which achieved good to excellent control (82%
- 97%). As the participants are not the same as the participants
who participated in the first experiment we cannot analyse the
effect of a low or high accuracy on user experience. However,
this result shows that control with the currect BCI pipeline is
definitely possible but whether the user has good control is sub-
ject dependent.

This study was largely based on one game and the results we
found might not generalize to other kinds of games. This is
one of the problems within the field of HCI research in gen-
eral. In prototype development certain design choices are made.
The type of game, interaction style, aesthetical choices, et cetera
are all choices that can have an influence on the outcome of
the evaluation. As the number of choices and resulting number
of combinations of choices is far bigger than the possibilities
for evaluation of these choices it is hard to generalize or even
be conclusive about any result. However, we think that the re-
sults we presented in this paper point into certain directions
that might be usefull in the field of BCI controlled games.
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6.1 abstract

We combined the new developments of multimodal Brain-Computer
Interfaces (BCI) and wireless EEG headsets with art by creat-
ing BrainBrush. Users can paint on a virtual canvas by moving
their heads, blinking their eyes and performing selections using
a P300 BCI. A qualitative evaluation (n=13) was done. A ques-
tionnaire was administered and structured interviews were con-
ducted to assess the usability and user experience of the system.
Most participants were able to achieve good control over the
modalities and able to express themselves creatively. The user
experience of the modalities varied. The use of head movement
was considered most positive with the use of eye blinks coming
in second. Users were less positive about the use of the BCI be-
cause of the low reliability and higher relative cost of an error.
Even though the reliability of the BCI was low, the BCI was con-
sidered to have an added value: the use of BCI was considered
to be fun and interesting. 1

6.2 introduction

The act of creative expression is considered by many to be a
purely human ability and skill [3]. Creative expression allows
humans to express their identity and it can take multiple forms:
for instance making music, dancing, painting, writing or acting.
Apart from these more traditional forms of art, new art forms
have emerged, such as computer art, motion graphics and the
use of virtual reality environments for art.

In recent years, a neurorevolution has taken place in which neu-
rotechnology is a hot topic. For instance, research has been done
on improving task performance using neurotechnology. Some
athletes now use neurofeedback training to enhance their per-
formance by managing the stress of training and competition
[33]. Furthermore, Ros et al. have shown that the microsurgi-
cal skills of ophthalmic microsurgeons can be improved sig-
nificantly with neurofeedback training [118]. Neurotechnology
has even been applied to the field of economics, creating the
science of neuroeconomics: combining neuroscience, economics
and psychology to explain the human decision making process
[119]. In neuromarketing, neurotechnology is used to research
why consumers make certain choices: for instance, why con-
sumers prefer either Pepsi or Coca Cola [84]

Brain-Computer Interfaces (BCIs) are another example of re-
search in the field of neuroscience are. A BCI provides a direct

1 For more information and additional discussion, please refer to Chapter 7
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interface between a human brain and a computer, without using
peripheral nerves or muscles. For years BCI research has mainly
focused on assistive technology for people with disabilities. For
instance, patients with the motor neuron disease Amyotropic
Lateral Sclerosis (ALS) can now benefit from BCIs like the P300

speller [37], brain-controlled wheelchairs [45] or BCIs to control
their environment [57].

In recent years, BCI research has also focused on applications
for healthy people. One example is the ‘NeuroPhone’ system
developed by Campbell et al. which allows neural signals to
drive mobile phone applications on an iPhone using a wireless
EEG headset, for instance to dial a phone number using the
same principles as the P300 speller [22].

Furthermore, research is being done on incorporating BCI tech-
nology in games. Plass-Oude Bos et al. developed AlphaWoW,
incorporating BCI in the game ‘World of Warcraft®’ [113]. They
used alpha waves in the EEG for automatic adaptation of the
avatar shape from bear to elf and vice versa. Gürkök et al. used
SSVEP for sheep herding in the game ‘Mind the Sheep!’ [49].

BCIs can also provide a unique link between the source of cre-
ativity, the brain, and art. Christoph De Boeck created a respon-
sive environment, Staalhemel
(http://www.staalhemel.com), where 80 steel segments are sus-
pended in a room, above the visitor’s head. The visitors wear a
portable EEG headset and as they walk through the room, tiny
hammers are activated by their brainwaves, tapping rhythmical
patterns on the steel segments.

Other examples of the use of Brain-Computer Interfaces for art
include the ‘Brain-Computer-Music Interface’ which enables a
disabled person to create music [88], and the ‘Câmara Neu-
ronal’, a performance where the brain signals of the performer
are translated into audio and visual compositions
(http://projects.jmartinho.net/3486412/Camara-Neuronal-Video-
Teaser).

The German artist Adi Hösle, in cooperation with the Institute
of Medical Psychology and Behavioural Neurobiology at the
University of Tübingen, designed the application ‘Brain Paint-
ing’, a painting application which is controlled using a BCI
and enables paralyzed patients to express themselves creatively.
In ‘Brain Painting’, all actions are performed using the P300

paradigm. The system uses two screens for the painter: one
screen displays the P300 matrix while another, larger, screen
shows the painting canvas. The standard P300 speller matrix,
containing characters and numbers, was adapted to contain sym-
bols indicating different colors, objects, grid sizes, object sizes,
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transparency, zoom and cursor movement. By repeatedly mak-
ing selections using this P300 speller matrix, users can paint
pictures on the virtual canvas. In the first evaluation of the
‘Brain Painting’ application, with 3 ALS-patients and 10 healthy
subjects, both the ALS-patients and the healthy subjects were
able to use the application with high accuracies: during a copy-
painting task, the ALS patients achieved an average copy-painting
accuracy of 70.18% while the healthy subjects scored an average
accuracy of 80.53% [91]. One participant in the ‘Brain Painting’
study, who was severely disabled due to ALS, described her ex-
perience with the system: “I am deeply moved to tears. I have not
been able to paint for more than 5 years. Today I again had butterflies
in my stomach, a feeling that I have missed for so much, so much [sic].
I was so sad, I was plagued by fears of loss, I was in shock because I
could not paint. For me the picture I have created is so typical for me,
no other paints in my style, and despite five years of absence, I am sim-
ply an artist again; I’m back to life!”. Even though this feedback is
very positive, the artistic freedom of the painter is limited due
to the fact the cursor cannot be moved freely; the cursor can
only be moved in a predetermined grid.

In continuation of the ‘Brain Painting’ research, Holz et al. de-
veloped the ‘Brain Drawing’ application to overcome the cur-
sor movement limitation of the ‘Brain Painting’ system. In the
‘Brain Drawing’ application, imagined movement is used to con-
trol the cursor when drawing. During the first evaluation with
1 subject, the subject performed a Copy Drawing task in which
he was instructed to draw a simple object (circle, ellipse or rect-
angle) on a virtual canvas. Holz et al. considered 4 out of 36

copied drawings to be succesful by visual inspection and the
subject found it very difficult to draw. The subject had to focus
his attention for a long period because he continuously had to
imagine movement, which resulted in high workload [58].

Todd et al. used two different BCIs in their research on how cre-
ativity can be supported and assessed using a BCI [131]. With
their first BCI, users could only control a drawing cursor in hor-
izontal and vertical directions by looking at one of four LEDs
placed at the top, bottom, left and right of the screen. The cur-
sor would move in the direction of the LED the user looked at,
and continue drawing in that direction until the user looked at
another LED. For the second application, the four LEDs were
mapped onto four shapes (circle, star, square and line). After
choosing a shape, the shape would be drawn on the canvas.
Users did not have any control over the position, size or color
of the shapes. Todd et al. concluded that relying completely on
the efficiency of a BCI for image production is not practical as
BCI technology is not yet mature enough for 100% reliability.
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A possible solution they suggest is to create a hybrid, or mul-
timodal, BCI by combining a BCI with other input modalities
such as an eye-tracker.

These examples show that the focus in BCI research should shift
from reliability to usability and user experience as is also re-
ported by the FutureBNCI roadmap [3]. This shift in focus is
necessary in order for BCIs to migrate out of the lab and into
society. Healthy persons can choose from various alternative in-
put modalities. For healthy persons to choose for BCI, the user
experience and usability must be adequate. Most people have
never used a BCI and the novelty of this new technology can be
a reason for people to decide to use a BCI instead of alternative
input modalities, even if a BCI is less reliable and slower. How-
ever, if the user experience and usability are not good, people
are expected to choose a different input modality which pro-
vides a better user experience and usability. Due to the fact that
the focus in BCI research has mainly been on the reliability, no
standardized methods to assess the user experience for BCIs ex-
ist yet. Gürkök et al., Plass-Oude Bos et al. and Van de Laar et al.
addressed the need for standardized methods to assess the user
experience for BCIs [51, 111, 136]. Van de Laar et al. proposed a
questionnaire consisting of a core containing general questions
and modules for the different kinds of mental tasks and ways
of interacting with the BCI [135].

In this study, we combined the new developments of multi-
modal BCIs and wireless EEG headsets with art by creating a
multimodal interactive system (called BrainBrush) which allows
healthy persons, but possibly also patients, to express them-
selves creatively. We evaluated this system to explore how the
different modalities contribute to the user experience and whether
BCI has an added value for this system.

6.3 methods

First we will describe how BrainBrush was developed and how
the design choices were made. Second we will outline how we
set up our experiment to evaluate the system.

6.3.1 Development of BrainBrush

BrainBrush (see figure 1) was developed in a two step iterative
process. The outcome of the first evaluation and how this influ-
enced our design choices is however beyond the scope of this
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paper. For a more in-depth description see the work by Brug-
man [18].

We aimed to design the BrainBrush system in such a way that
it would be appealing to healthy persons and would also be us-
able for patients who had lost control from their neck down (e.g.
due to spinal cord injury). We expected healthy persons would
find it appealing to be able to operate the BrainBrush system us-
ing only head movement, eyeblinks and brain activity because
it is completely different to how healthy people normally use a
computer. For patients who do not have control over their limbs,
it is a necessity to be able to operate the system using nothing
else than the described modalities.

Head movement, the P300 speller and eyeblinks were used as
the input modalities for the BrainBrush system. Head move-
ment has been used successfully in the past as an input modal-
ity, for instance to control a cursor [34]. Furthermore, the P300

speller has proven to be a robust BCI paradigm [48] and has
been used in many BCI systems. The P300 signal is a positive
deflection in the ongoing EEG signal observed roughly 300ms
post stimulus over the centro-parietal area of the skull [37]. Fi-
nally, eyeblinks have been used for communication systems for
ALS patients, such as the system for making selections on a com-
puter screen proposed by Takeshita et al. [128]. However, the
eyeblinks are usually detected using a camera and image pro-
cessing techniques, instead of using an EEG headset. Chambayil
et al. have shown promising results for their virtual keyboard
BCI which uses eyeblinks to select characters [25]. All three
modalities can be captured by one device: the Emotiv EPOC,
using the EEG sensors and built-in gyro sensors.

The task of creating a brushstroke requires the system to pro-
vide users with a way to signal when they want the paintbrush
to be put to the canvas and to signal once again when they want
to take the paintbrush off the canvas,
thereby ending the brushstroke. This on/off switch for the paint-
brush has been implemented by detecting intentional eyeblinks
in the EEG data based on an algorithm by Plass-Oude Bos et al.
[109]. A template was constructed out of an EEG recording with
40 intentional eye blinks. A threshold is set for the Euclidean dis-
tance between the template and the live EEG data over channels
AF3 and AF4. Both template and window have a length of 103

samples. When the Euclidean distance is below the threshold
on either of the channels the on/off switch is triggered.

Head movement was implemented by using the gyro sensors
of the Emotiv EPOC headset. An application called the Mouse
Emulator is provided with the device and was used to convert



6.3 methods 101

Figure 22: User interface in Painting mode with the ‘New Painting’ menu
option at the top and the ‘Undo’ and ‘Redo’ menu options at the
bottom

head movement into cursor movement in order to move the
paintbrush across the virtual canvas.

In BrainBrush, we use P300 speller grids for the selection of
brushes and colors because the P300 speller is suitable for mak-
ing selections from a large set of options in a relatively short pe-
riod of time [6], compared to other Brain-Computer Interfacing
paradigms. In a study performed by Guger et al. with healthy
participants, 88.9% of the participants were able to achieve at
least 80% accuracy using the P300 speller paradigm [48], show-
ing the robustness of the P300 signal. Although, we suspect a
lower accuracy in our system because of the lower signal qual-
ity of the EPOC hardware. For BrainBrush, we use the original
grid structure, but instead of grids with characters, grids with
pictures are used where each picture depicts a certain brush or
color (see Figures 2 and 3). The P3Speller module of the BCI2000

framework is used for the implementation of the P300 speller
grids [121]. The stimulus duration is set to 100ms and the inter-
stimulus interval to 175ms. For the selection of a brush or color,
15 sequences of flashes are shown, meaning each row and col-
umn flashes 15 times. Therefore, the target is flashed 30 times
in total.

Finally, BrainBrush uses the open source MyPaint application
to provide us with a virtual canvas (see figure 1). An overview
of the complete system can be seen in figure 25.
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Figure 23: User interface during brush selection showing the 11 available
brushes and the eraser

Figure 24: User interface during color selection showing the 12 available col-
ors
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Figure 25: BrainBrush system overview
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6.3.2 Experimental Design

The BrainBrush system was evaluated on user experience with
a qualitative user study. We want to gain an understanding of
underlying reasons and motivations for both the positive and
negative opinions the participants formed about the user expe-
rience with the system and the various input modalities. Par-
ticipants were asked to fill out an informed consent form and
provide their demographic details. They were given instructions
on how to use the P3 Speller. They could try the P300 speller
in a practice session, after any questions the experimenter pro-
ceeded to record a training session for the P300 classifier [73].
Training data consisted of a 10 letter word (‘BRAINPOWER’)
with 15 sequences utilizing all 14 channels of the Emotiv EPOC.
After the training session an online session was carried out in
which participants tried to spell the 5 letter word ‘PAINT’ using
the P3Speller without feedback so not to bias their expectations.
Next, participants were given instructions on using BrainBrush.
After 5 minutes of familiarizing themselves the free painting ses-
sions started and the experimenter left the room. Participants
could take as long as they wanted, up to 30 minutes. If they
wanted to stop painting at an earlier point in time, they would
ring a bell to signal the experimenter. After the free painting ses-
sion, the experimenter would administer the SUS questionnaire
[17] followed by an in-depth structured interview.

6.4 results

The group of participants for the user study consisted of 8 males
(61.5%) and 5 females (38.5%). All participants were aged 20 to
29, the average age was 24.8 (standard deviation: 2.9). 11 par-
ticipants (84.6%) are right-handed, 2 left-handed (15.4%). All
participants had the Dutch nationality.

None of the participants reported relevant medical conditions.
Out of 13 participants, 2 participants (15.4%) indicated that they
had previously participated in BCI research. Four participants
(30.8%) indicated they regularly exercise some form of creative
expression: participant 001 paints, draws and designs daily for
study-related purposes; participant 012 paints once a week as
a form of recreation; participant 008 regularly uses Photoshop
and participant 009 sometimes plays the drawing-game ‘Draw
Someting’ on the iPad.

During the interviews after the free painting session, the partic-
ipants were asked what accuracy they thought they had been
able to achieve with the brush and color selection during the
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Table 12: P300 classification accuracy during copy spelling and free painting

Copy spelling BrainBrush
Participant Result Accuracy Accuracy
001 R6INW 40% Regularly incorrect
002 XAINT 80% 70%
003 PACNZ 60% 80%
004 RHINT 60% Regularly incorrect
005 R5IZT 40% Regularly incorrect
006 - < 50%
007 LAINT 80% At the beginning: 50%

At the end: 100%
008 RAIPT 60% 70%
009 RAINT 80% 21 out of 24 sessions correct (88%)
010 RAINT 80% 70%
011 - Brush selection: 50-60%

Color selection: 90%
012 L5BNN 20% Choice decided beforehand: 100%

Otherwise: lower
013 RGUNC 20% 25-33%
Average 56.4%

free painting session. These results together with the results
from the online session are shown in table 12.

During the experiments of participants 006 and 011, the clas-
sifier was accidentally not loaded during the online spelling
session. Therefore, no copy spelling results are available for
these participants. For the other 11 participants, the average
accuracy during copy spelling was 56.4% (standard deviation:
23.4%, minimum 20%, maximum 80%).

The average SUS score for all participants was 66.2 (standard
deviation: 14.2, minimum: 45, maximum: 87.5). A score of 68

would be average for all systems tested with SUS. During the
interviews participants were asked to order the three modali-
ties on pleasantness. An overview of the results can be seen in
figure 26.

A summary of all analyzed topics covered in the questionnaire
can be seen in table 13.
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Figure 26: Ordering of pleasantness of modalities: Head movement was
most often ranked most pleasant, eyeblinks most often second
and the P3Speller (BCI) most often last.

Table 13: Summary of interview results

+ +/- - Total

Expectations 6 7 0 13

Transfer creative ideas 4 3 6 13

Draw picture in mind 3 7 3 13

Time spent painting 4 2 7 13

Purchasing the system 0 4 9 13

Eyeblinks 7 2 4 13

Head movement 7 4 2 13

P3Speller 4 3 6 13

BCI for creative expression 9 2 2 13

Combination of modalities 9 1 3 13

Fun 12 1 0 13
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6.5 discussion and conclusion

In this study, we set out to develop a multimodal interactive sys-
tem which allows persons to express themselves creatively and
included Brain-Computer Interfacing technology. Using this mul-
timodal interactive system, we wanted to research how the dif-
ferent modalities contribute to the user experience and whether
BCI has an added value.

We developed the BrainBrush system, which lets users paint on
a virtual canvas using their head movement for brush control,
eyeblinks to turn the brush on and off, and the P300 speller to
select different brushes and colors. The presented system is the
first of its kind utilizing these modalities.

A user study with thirteen participants showed that the Brain-
Brush system does not enable all users to express themselves
creatively. The group of users who were able to achieve good
control over all three input modalities were able to expres them-
selves creatively and made nice paintings. However, for all users
to be able to achieve this, the reliability of the input modalities
must be improved.

The head movement modality was considered to be the most
pleasant. However, misalignment of the cursor and a lack of
smoothness negatively influenced the user experience. Replac-
ing the Emotiv Mouse Emulator program with new software to
translate head movement to cursor movement, is expected to
improve the user experience.

After the head movement modality, the use of eyeblinks to turn
the brush on or off was considered to be the most pleasant. In
general, the user experience for this input modality was posi-
tive. However, the user experience can be further enhanced by
performing more research into the topic of intentional eyeblink
detection and improving the detection.

The P300 speller was considered to be the least pleasant input
modality. In contrast to the other two input modalities, the user
experience was not positive: using the P300 speller was consid-
ered to be mentally tiring and it caused physical discomfort and
frustration. Participants suggested improvements to the P300

training setup and to the BrainBrush system.

The multimodal aspect of the system was good for the user ex-
perience. The combination of the three input modalities within
the BrainBrush system was considered to be positive: it was
a combination that made sense to most users and the input
modalities were well balanced.
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Finally, concerning the value of BCI for a multimodal interactive
system for creative expression, we can conclude that BCI does
have an added value: even though there were some issues due
to the BCI modality, the use of BCI was considered to be fun,
cool and interesting.

We feel the BrainBrush system in its current state offers a good
basis, and with the suggested improvements, the user experi-
ence should improve further.





Part III

PA RT I I I C O N C L U S I O N

This part of the thesis consists of two chapers: the
first contains a discussion on the previous chapters.
In the second chapter we will review the results of
the various studies and study their implications. Fur-
thermore we will discuss any limitations and future
work regarding the research in this thesis.





7
G E N E R A L D I S C U S S I O N

In this chapter we will elaborate on the experimental studies we
conducted and discuss some points which were less relevant in
their respective articles but are worth looking into more exten-
sively.

7.1 discussion of chapter 3

In Figure 8 in Chapter 3 we saw an interesting sawtooth shape.
We will also discuss the sample size and the validity of fitting a
curve to our data.

7.1.1 Dataplots

In Chapter 3 we analysed the relations between control and frus-
tration and between control and fun. If we recall Figures 8 and
9 one can observe some sort of sawtooth characteristic in the
plotted data. One might argue that something else is influenc-
ing the values for frustration and fun apart from the MUI. This
however cannot be the case. There are four arguments why the
apparent sawtooth characteristic is probably a coincidence:

– The data points were acquired from participants wo were
randomly assigned in multiple play sessions, at least one
and at most five, to the 15 conditions. If there was to be
a certain order in which participants were assigned to the
conditions, or if there were any differences other than just
the amount of control this could point to some underlying
factor influencing the shape of the plot. This was not the
case.

– If one compares the two figures more closely, one can see
that the sawtooth characteristic is completely different be-
tween the two plots. While in Figure 8 it is more apparent
in the middle of the plot, in Figure 9 it is only apparent on
the right side of the plot.

– If we also recall Figure 7 we can see that the sawtooth char-
acteristic is not at all apparent in this plot. Hence the effect
is probably not caused by an underlying factor modulated
by the MUI value.
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Figure 27: 2nd to 5th order curve fits, relating to the curve fit analysis in
Chapter 3.

The somewhat erratic shape of the plots can probably be ex-
plained by the low signal-to-noise ratio of the item measuring
the concept. Because of the nature of this experiment we had to
use extremely short and simple questionnaires to even attain the
sample size we got and to be able to carry out the analysis and
answer our research question. If we could have used a more so-
phisticated questionnaire and have gotten the same sample size
the plots might be a lot smoother and clearer because of the
higher signal-to-noise ratio.

7.1.2 Curve fit and sample size

Although in absolute terms we had a large participant pool for
a BCI-based study, the sample size per condition was still on
the low side for psychometric analysis of the data. As in any
result there is a margin of error for the curve fitting. But as all
of higher order curves show the same characteristic, id est, the
deviation from the linear trend for higher values of the ‘Con-
trol’ dimension, one can only conclude that the data itself un-
deniably shows this characteristic. When we have a look at Fig-
ure 27 we can see the second, third, fourth and fifth order curve
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Linear

R

2

0,291

dof 155

p value <0.001

Quadratic

R

2

0,336

dof 154

p value <0.001

p value (increase in r

2) <0.001

Qubic

R

2

0,349

dof 153

p value <0.001

p value (increase in r

2) 0.0265

Quartic

R

2

0,356

dof 154

p value <0.001

p value (increase in r

2) 0.073

Table 14: F-test of curve fit.

fits. The third, fourth and fifth order plots all show the same
characteristic for the higher values of control.

To further ground these findings we did additionals F-tests to
test for significance of the increase in R

2 value with the degrees
of freedom taken into account. The results of these test are sum-
marized in Table 14.

The F-tests were performed by calculating the r

2 value for the
regressions and increase thereof between the n

th order and
n- 1

th order and the degrees of freedom for both regressions
respectively as parameters.

The results show a significantly increased explained variability
going from a first to second and second to third order curve fit.
The fourth order fit still explains the variability better but the
F-test shows this increase is not significant (p>0.05). The results
of this test are in agreement with the test based on Aikaike
Information Criterion (AIC) as performed in chapter 3.
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When looking at the number of data points (Table 2) for the
higher values of ‘Control’, one can also conclude that this effect
is not based on outliers. However, the optimum in the curve is
not at all an exact results and is probably heavily dependent on
various factors such as sample size, design of the game levels
and complexity of the game characteristics as also explained in
Section 3.6 of Chapter 3. At this point our results are only to
be considered as a step in the direction of forming a hypothesis.
Before we can make more definitive conclusions, a bigger sam-
ple size and especially more variation in the design, the type
and type of interaction of the game need to be considered.

7.2 discussion of chapter 4

In the experimental study we conducted for chapter 4 we looked
at the differences between actual and imagined movement re-
garding accuracy of the two modalities but also in user expe-
rience. To evaluate the user experience in both modalities we
modified an existing questionnaire and assessed to what extent
it still was numerically constistent by means of the Cronbach’s
Alpha and a Principal Components Analysis (PCA) on the items
in each scale. We designed the study to be of the randomized
crossover type to exclude confounders such as learning effects.
One might argue that a proper multivariate analysis such as a
PCA requires a large sample size to get meaning out of the data.
Often a number like n=200 or 20 times the number of items in
the questionnaire is asked for. However, as the nature of this
research is such, that questionnaires cannot be adminstered in
parallel to large groups and every participant has to be physi-
cally be located inside the lab for the duration of the experiment
(in the order of 2 to 3 hours) a sample size of 20 is already quite
a hard task. Furthermore, a sample size of 200 or more is not
always needed for the data to make sense in a PCA analysis.
There are various other fields of research for which it is hard to
get a large sample size while PCA analyses still have prove to
make sense and are methodologically valid to use [19].

From a mathematical point of view a PCA mainly consists of
estimating the covariance matrix. This covariance matrix has

(n ⇤ (n+ 1))/2 (6)

degrees of freedom. Therefore, with only 3 variables such as
most scales in our questionnaire it is very feasible to make a
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proper estimate of the covariance matrix with only 20 samples.
Filling in 3 for Equation 6 gives us:

(3 ⇤ (3+ 1))/2 = 6 (7)

In this case the number of samples (20) is more than three times
bigger than our degrees of freedom. Therefore covariance es-
timation should not pose a problem for the cases where the
number of variables = 3.

One might argue to what extent the paired observations of one
participant in two different conditions are valid observations
and can be used in the estimation of the same covariance ma-
trix (and thus be used in the same PCA analysis). The paired
observations are likely to be correlated as some aspects do not
change between conditions. At the very least, they provide a
more stable estimation of the covariation matrix because they
are highly correlated. This is actually one of the strong points
of the randomized crossover design of the study.

To further quantify to what extent the data is admittable to
performing a PCA analysis on the data from this study, we
performed more analyses on all 40 responses per item on all
scales. More specifically, we performed Bartlett’s test of Spheric-
ity and Kaiser-Meyer-Olkin’s (KMO) test which is a measure
for sampling adequacy. In the case of a low number of samples
Bartlett’s test should result in significant values p <= 0.05 and
the KMO test should result in values >= 0.5. See also [19], [20]
and [32] for a more in-depth and mathematical discussion of
the issue of using a low number of samples when performing a
PCA.

The results of the post hoc tests are shown in Table 15. One
can see that for all scales Bartlett’s test is very significant (p <=
0.004) and except for the Negative Experiences scale, all results
for the KMO test are > 0.541 which complies to the constraints
that were set for both tests. If we recall the discussion of the
results in Chapter 4 we see that our initial doubtfull findings on
the Negative Experiences scale are further justified by this test
that shows that this scale is not useful for this study and should
be ignored. Perhaps when one repeats this study in a similar
fashion but with a higher number of samples, we can find out
whether we can confirm that this scale is constructed out of too
many different aspects, thus resulting in a multi-dimensional
scale not accurately measuring one concept, or is biased by cer-
tain factors skewing the scale in a certain direction. For the in-
terested reader we present the scree plots showing the loading
of the factors onto the principal components in Appendix ??.
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Scale Bartlett’s test KMO test

Alertness p<0.001 0.585

Goals p<0.001 0.541

Control p<0.001 0.665

Positive Experiences p<0.001 0.798

Challenge p<0.001 0.711

Fatigue p<0.001 0.666

Immersion p=0.004 0.620

Negative Experiences p<0.001 0.471

Table 15: Bartlett‘s test of sphericity and Kaiser-Meyer-Olkin test for the
questionnaires scales used in Chapter 4

7.3 discussion of chapter 6

In Chapter 6 we did an experiment (n=13) with a qualitative
nature. Part of the objective was to gather insights as to why
users like or dislike certain aspects. In the experimental study
we did for this chapter we also gathered some quantitative data.
As we can see from the SUS questionnaire we can see a score
of 66.2 which is only 1.8 points less than the average score for
500 studies. Normalizing the score 66.2 would put it at the 50%
rank. For a system incorporating an EEG headset, which is not a
mainstream technological device, this is quite promising. How-
ever, the background of the participants might have helped us
raise the score a bit here. Most of the participants were stu-
dents at a technologically oriented university. Usually, technol-
ogy students have a higher acceptance of and more interest in
new technologies. However, there also were some participants
wo drawed, sketched or painted on a daily basis, for education-
al/professional or leisure purposes. It is interesting to see that a
system incorporating a complex device such as an EEG device
can still be so easily accepted by novel users. What we can learn
from this chapter is that a new techonology such as an EEG de-
vice or a BCI control mechanism can be accepted, as long as it
is implemented in an intuitive manner.
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C O N C L U S I O N S

In this section we will first have another look at the research
question and at the studies we did to answer this question.

8.1 answering the research question

For this section it is important to recall our research question:
what influence has the accuracy of a BCI on the user experience?
We conducted several studies in which this theme was central.

In the first study we evaluated the relationship between accu-
racy, perceived control and whether the user had fun. In the
second study we let the user do two different BCI paradigms in
a game and evaluated both on accuracy and user experience. In
the third and last study we evaluated a game with and without
the use of a BCI. All studies were conducted with different (BCI-
based) games. In the next sections we will discuss the findings
from the studies.

8.1.1 Control

From the study in Chapter 3 we saw that users have a quite de-
cent understanding of how much control they have over a char-
acter in a game. Although we hypothesized an underestimation
in the lower part (it seems that a bit higher than random level
seems still random) and an overestimation in the higher parts
(almost all of the time seems all of the time) of the control scale,
we could not validate this hypothesis.

When looking at the relationship between control and fun we
see two interesting effects: the first is that low control is related
to a low amount of fun. The linear relationship goes through
the control scale until a point where it settles and at higher lev-
els of control even decreases. Another way to formulate this is
that at a certain point, the level of control is not anymore the
deciding factor for the amount of fun experienced by the user.
Other factors that influence UX come into play. Another rea-
sonable explanation for this effect is that the added uncertainty
of the imperfect control adds a certain challenge to the game.
This chapter shows that BCI control can be an added challenge
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for the user, a challenge which they can try to master just like
mastering other abilities is needed for succesfully completing a
game.

8.1.2 UX evaluation of a BCI game with direct control

In Chapter 4 we saw that actual movement provides a better
recognition accuracy than imagined movement in a BCI based
game. We looked at UX more in-depth than in the first study by
taking more extensive measures by means of a more detailed
questionnaire. Through the more detailed and numerically con-
sistent questionnaire we were able to better analyse the various
aspects of UX in BCI games and how they influence each other.
Participants indicated that they found more challenge in play-
ing with the imagined movement modality. At the same time
there was nog significant difference between both modalities
regarding positive and negative experiences. Combining these
results with the results from the first study we can deduce that
a lower level of control is not always a bad thing. The analy-
sis of the data from this study indicates that participants were
not experiencing significantly more negative aspects (e.g. frus-
tration) although we saw that it was more mentally tiring to
use imagined movement. Of course a novelty effect while us-
ing the imagined movement cannot be excluded, but remarks
made by the participants generally pointed towards a prefer-
ence for imagined movement. Although imagined movement
gave a lower level of control and was more mentally tiring, par-
ticipants really liked it, indicating that the level of control is not
the critical factor in BCI games.

8.1.3 UX evaluation of an additional BCI control in a popular game

In Chapter 5 we set out to answer the question whether BCI
control can be an added value to a modern video game. We re-
cruited experienced WoW players and participants without any
experience with WoW. We compared the actual duration of the
two conditions (with and without BCI control) and our analysis
showed they equally liked to play with and without BCI control.
The questionnaires provided us with some more insights. Con-
trol and involvement was lower in the BCI condition, but the
amount of fun was not significantly different in the two condi-
tions. Several reasons might explain this: participants found the
BCI a novel and interesting modality to play with, it provided
them with a challenge and/or they could cope with or antici-
pate on the lack of control. Whether this novelty effect wears off
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and user lose interest remains to be seen. Even without perfect
control the addition of BCI control could make a game that gets
users curious and interested in this new modality.

8.1.4 BCI control in a multimodal application

In Chapter 6 we implemented and evaluated an application that
incorporated BCI control, eye blink detection and head move-
ment. The evaluation was mainly done in a qualitative manner
and in an iterative proces so we could improve upon the appli-
cation. There are no existing guidelines for this kind of appli-
cations yet and user centered, iterative design is a good way to
design such an application. From the results in the final study
we could see that most users were not cognitively overloaded
with the combination of three modalities. Actually, switching be-
tween modalities in the way we implemented it in BrainBrush
might have actually helped to lower the total workload.

8.2 overall conclusions

Overall the results from these chapters show that BCI accuracy
is only important up to a certain point. (See chapters 3 & 4) If
the BCI is even less accurate, one solution is to not base the in-
teraction solely on the BCI control so that users can compensate
for it by other means (Chapter 4). Another option is to give them
the opportunity to learn to control the BCI, while using conven-
tional control as an added challenge in the game (Chapter 5).
Another possibility is to make the application more multimodal
(as in Chapter 6). In this chapter we found out that BCI control
can be used in combination with other modalities to make a
hands-free painting application.

8.2.1 Passive BCIs

The results from chapter 4 showed that even when a BCI pro-
vides much lower control than a keyboard or mouse alternative,
it is still possible to make an enjoyable game. For the short term
acceptance of BCIs passive BCIs (as defined by Zander et al.
[148]) are probably the most viable. One can make use of an
added input channel, but does not have to rely on it for con-
trolling the application. Especially in games, hybrid approaches
in which the application monitors the brain activity, provides
feedback but doesn’t put the user in complete (lack of) control.
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This way, the user can get used to the game and gradually gain
control without getting frustrated.

8.2.2 BCI for direct control

Even the state-of-the-art studies do not provide us with a BCI
with an accuracy high enough to directly replace a keyboard
and/or mouse for healthy users. We should therefore be in-
ventive in applying BCI in games and software in general to
provide an advantage or challenge over just using a keyboard
and/or mouse. Besides the noise in the signals coming from
the EEG one possible reason might be that it can be hard to
do something one never did before, for example imagining a
movement. Various studies have shown that training has a pos-
itive impact on the accuracy one can achieve with a BCI. Often
these studies require training in the order of a couple of hours
per week for a month or two. It would be interesting to see
what would happen if more longitudinal studies would occur.
To compare, how long has one to train before one can properly
put a keyboard to use at an acceptable speed? A big difference
between a keyboard and a BCI is that a keyboard is much more
intuitive. The key that is typed is what is shown on screen, if
one typed the wrong letter, the screen immediately shows the
mistake that was made. With a BCI things are, at least up until
now, not so transparent. When e.g. an imagined movement is
not detected or wrongly detected, does the error stem from the
user? Or from the system? And in the case of the system, was
it an artefact from the EEG? Or was the classifier not trained
well enough? The challenge for future research on BCI for di-
rect control is to improve the transaprancy of the system to the
user and to determine whether the user made a mistake or the
system. As HCI researchers we need to make an intuitive inter-
active system for users to get the proper feedback and motivate
them to train for longer periods of time.

8.3 limitations and future work

It might be a cliche, but every study a researcher conducts gener-
ates a lot of data to validate his hypothesis, but there are always
some findings that do not make sense, at least at first. Some-
times one can do further analyses on the data, discuss with col-
leagues and come up with a logical explanation. But it can also
be the case that some findings just generates a lot of new ques-
tions for new studies. In this section we will elaborate on where
the limitations in our study stop us from drawing further con-
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clusions and our data feeds us with new hypothesis that war-
rant new studies to answer the questions that were raised.

8.3.1 The games

In every study and experiment choices have to be made depend-
ing on the number of measures to take, amount of time or ef-
fort needed. Also in the studies in this thesis a choice had to
be made that every experiment was evaluated with one game.
With only one game it is somewhat hard to generalize the re-
sults, but at least the results can be relevant or the amount of
time needed to evaluate is feasible. This is one of the problems
within HCI research in general. In prototype development cer-
tain design choices are made (type of game, interaction style,
aesthetical choices, etc.). All these choices can have an influence
on the outcome of the evaluation. As the number of choices and
resulting number of combinations of choices is far bigger than
the possibilities for evaluation of these choices it is very hard to
be conclusive about any result when following this reasoning.
However, one needs to be carefull not to generalize too much an
make a well argumented reasoning why certain findings could
be generalized and useful for other studies as well. We think
that the effects we found cannot be directly generalized and that
more studies have to be done to study the hypotheses raised by
our data. At least we are convinced that similar findings will be
generated by those studies.

8.3.2 BCI hardware

In the studies for the third and fourth chapter we used differ-
ent EEG hardware to acquire the signal for our BCI. We used
the BioSemi Active 2 in the study for the third chapter and the
Emotiv EPOC for the study in the fourth chapter. Because the
BioSemi system is a professional, wired, gelled EEG cap and
the Emotiv a water-based, wireless system this might or might
not have had an influence on a couple of aspects we couldn’t
control for:

• Participants might be weary of participating in an experiment
in which they have to strap on a cap with connectors that will
be eletrically connected to their scalp by the use of gel.

• Participants might like the design of the Emotiv EPOC more,
because it was smaller, shiny black and wireless. Also the previ-
ous issue of the gel of course comes into play.
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• On the other hand, various anecdotal findings showed that users
feel some pressure on their scalp from the EPOC that over time
might be painfull.

• Apart from possible usability issues outlined above, there is a
difference in signal quality from both EEG hardware sets as
found by Nijboer et al. [96].

Although we could not control these variables, they were prob-
ably not detrimental to our findings. In both studies we used
the EEG sets, the participants were wearing the same EEG set
in both conditons. Especially in chapter 4 this was an important
choice as to not measure the effect of wearing or not wearing an
EEG set while playing the game.

Regarding the difference in signal quality, we don’t think the
lower signal quality of the EPOC influenced the findings to a
large extent. As shown in the validation experiment in chapter
4 we saw that some participants were able to achieve rather high
accuracies using the Emotiv EPOC.

8.3.3 Participants

As in any experiment but especially in BCI experiments it is
a lot of work to recruit participants. As BCI experiments often
involve quite a long setup time with the participant required
at the experiment location, the time invested by the participant
is rather high, usually not less than an hour. This of course bi-
ases the ‘kind’ of participants that participate in these studies.
Possible participants that are not open to such kind of techno-
logical hardware directly attached to their body or participants
not willing to invest so much time in an experiment are the ones
that are often missing from these experiments. What kind of in-
fluence this has on our results we cannot accurately assess as
this is a very hard practical problem. The Emotiv EPOC helps
solve this issue to a certain extent. The setup time is much lower
than with professional gel-based systems. Also the burden on
the participant is much less than with conventional systems.
However, as mentioned before the performance is also lower.
There will probably always be a trade-off between faster and
easier to setup systems and more accuracy from more elabo-
rate systems. The number of participants used in the studies
vary, in the first study we had a lot of participants, but also a
lot of ‘conditions’. Although we had enough participants per
condition and could paint a clear picture regarding the relation
between fun and accuracy, with a data file with two to three
times the number of participants/data points we would be able
to make a much more convincing case. In the second study we
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had 20 participants, evenly spread between males and females
and with a spread in age as well. The spread over age was not
very even though and a higher number of subjects might have
revealed a relation between age and accuracy. Although we had
decent number of subjects in the last study (42) and we had
experienced as well as inexperienced WoW players participate
we could not find many significant differences between these
groups.
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A P P E N D I C E S





A
A P P E N D I C E S

a.1 questionnaire used in chapter 3

Control:
1. I had the feeling the hamster did what I wanted it to do
2. I had the feeling the computer was following my commands
Frustration:
3. I was frustrated while playing the game
Fun:
4. Playing the game was fun
Empowerment:
5. During the game: I felt empowered
Satisfaction:
6. During the game: I felt satisfied
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a.2 questionnaire used in chapter 5
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a.3 questionnaire used in chapter 6

SUS - System Usability Scale

1. I think that I would like to use this system frequently

2. I found the system unnecessarily complex

3. I thought the system was easy to use

4. I think that I would need the support of a technical person to
be able to use this system

5. I found the various functions in this system were well inte-
grated

6. I thought there was too much inconsistency in this system

7. I would imagine that most people would learn to use this
system very quickly

8. I found the system very cumbersome to use

9. I felt very confident using the system

10. I needed to learn a lot of things before I could get going with
this system
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