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Abstract

Brain-computer interface (BCI) technologies, or technologies that use online
brain signal processing, have a great promise to improve human interactions
with computers, their environment, and even other humans. Despite this prom-
ise, there are no current serious BCI technologies in widespread use, due to the
lack of robustness in BCI technologies. The key neural aspect of this lack of
robustness is human variability, which has two main components: (1) individual
differences in neural signals and (2) intraindividual variability over time. In
order to develop widespread BCI technologies, it will be necessary to address
this lack of robustness. However, it is currently unknown how neural variability
affects BCI performance. To accomplish these goals, it is essential to obtain data
from large numbers of individuals using BCI technologies over considerable
lengths of time. One promising method for this is through the use of BCI
technologies embedded into games with a purpose (GWAP). GWAP are a
game-based form of crowdsourcing which players choose to play for enjoyment
and during which the player performs key tasks which cannot be automated but
that are required to solve research questions. By embedding BCI paradigms in
GWAP and recording neural and behavioral data, it should be possible to much
more clearly understand the differences in neural signals between individuals
and across different time scales, enabling the development of novel and increas-
ingly robust adaptive BCI algorithms.

Keywords
Games with a purpose (GWAP) « Human variability « Brain-computer interface
(BCI) « Electroencephalography (EEG)

Introduction

Brain-computer interface (BCI) technologies, or technologies that use online brain
signal processing, have a great promise to improve human interactions with com-
puters, their environment, and even other humans (Lance et al. 2012). In particular,
BCI technologies have a strong likelihood for enhancing or revolutionizing several
fields, including training and education, medicine, and communication technologies.
Broadly speaking, there are four classes of BCI systems that utilize neural data to
estimate or predict behavior: active, reactive, passive, and hybrid (Lance et al. 2012;
Wolpaw et al. 2002; Zander and Kothe 2011). Active BCIs rely on neural signals
intentionally induced by the operator, typically after some degree of training or
associative mapping. These volitionally generated patterns of brain activity are
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then used as an input modality to directly control a computer, prosthetic limb, or
some specific function of a given technological system (e.g., sensorimotor rhythms
for control of virtual movement (McFarland et al. 2010)). Reactive BCIs rely on
neural responses elicited by an external stimulus or event, which are then used as an
input modality to a technological system (e.g., P300 spellers (Krusienski et al. 2006)
and for multimedia image triage and search systems (Sajda et al. 2010; Pohlmeyer
et al. 2011)). Passive BClIs, including cognitive monitoring systems, utilize implicit
or ongoing neural responses for the purposes of detecting an operator’s current
cognitive or affective state. Indicators of fatigue (Balasubramanian et al. 2011),
mental workload (Miihl et al. 2014), and emotional state (Bos et al. 2010) can be
used as supplemental information to adaptively enhance or augment performance of
human-system interactions. Finally, hybrid BCIs may utilize any combination of
active, reactive, and passive approaches. In addition, hybrid BCIs may integrate other
signals reflective of operator state, including eye movement dynamics or behavioral
performance, as well as incorporate context awareness information obtained from the
environment or technological system itself (Zander and Jatzev 2012; Pfurtscheller
et al. 2010; Jangraw et al. 2014).

This chapter is written from the viewpoint of having a strong interest in the
development of serious (i.e., primarily nonentertainment in purpose), nonmedical
BCI technologies that improve the performance of healthy individuals. As a result,
this chapter focuses on BCI technologies that are noninvasive, i.e., based on sensors
which are not within the user’s body. While some medical BCI technologies are
invasive, i.e., based on sensors which are actually within the user’s body, we
consider noninvasive methods to be a more practical and user-acceptable approach
for nonmedical BCIs. In addition, this chapter focuses on mobile neuroimaging
technologies, primarily EEG. While the ability and precision of measuring brain
activity have been dramatically improved in recent years due to the advances in
neuroimaging technology, including functional magnetic resonance imaging
(fMRI), magnetoencephalography (MEG), and functional near-infrared spectros-
copy (fNIRS); electroencephalography (EEG) remains the most promising near-
term method for realizing broadly available BCI. For all classes of BCI, the
majority of approaches, algorithms, and systems continue to utilize EEG as the
neuroimaging modality of choice.

BCI technologies have seen expanding usage primarily within the medical and
entertainment domains (van Erp et al. 2012). For example, BCI technologies have
been used in the development of medical technologies that provide a clinical
population with a capability that they have lost, such as the BCI-controlled wheel-
chair (Vanacker et al. 2007) or P300 speller (Krusienski et al. 2006), which enables
the disabled to slowly type via neural signals alone. They have also been applied to
the development of entertainment technologies such as the Emotiv EPOC, a
low-cost EEG headset designed to be used as a game controller, or the Force
Trainer toy by Uncle Milton, which uses a single EEG electrode to control a fan
and blow a light plastic ball through an obstacle course. Despite these successes,
there are essentially no current BCI technologies in widespread use. This is because
developing serious, nonmedical BCI technologies is a fundamentally different
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problem space than developing either medical or entertainment BCIs. For example,
medical BCI technologies do not have to perform to the level of a healthy individ-
ual’s motor control system to be useful. When comparing normal mouse movement
to BCI-controlled mouse movement, Hochberg et al. (2006) found that users could
reach a target on a screen 100 % of the time in under 1.3 s with a mouse but could
only reach the target 75 % of the time in under 7 s using a BCI to control the mouse
cursor. While this may be acceptable for some clinical populations, entertainment
BClIs that perform poorly provide for frustrating gameplay (Dakan 2010), but have
limited real-world effect. Serious, nonmedical BCI technologies will need to
perform to a higher standard than either medical or entertainment BCI technologies
and may also need to emphasize different approaches (see Box 1).

Box 1: A Brief Overview of Relevant BCl Paradigms

There are many different BCI paradigms, several of which are described
elsewhere in this volume. The current most commonly used BCI paradigm is
the motor imagery paradigm, where a subject attempts to directly control the
movement of an effector by imagining the movement of an extremity such as
a hand or a foot. We take the view that this paradigm is poorly suited to
serious, nonmedical BCI technologies due to its poor performance when
compared to existing control technologies (Hochberg et al. 2006). As a result,
in this chapter, we focus on three different BCI paradigms: the steady-state
visually evoked potential (SSVEP) paradigm, the rapid serial visual presen-
tation (RSVP) paradigm, and a specific driving performance estimation
paradigm. This section provides a brief overview of each of these paradigms,
including analytical methods and potential applications.

The SSVEP paradigm is a reactive BCI paradigm and involves detecting
which one of a number of objects the subject is attending to on a screen by
rapidly flickering the objects at distinct frequencies and phases. While the
subject’s attention is focused on a specific object flickering at a specific
frequency, a phase-locked increase in the spectral power of that frequency
can be detected in the visual cortex. Even through using simple methods such
as a fast Fourier transform (FFT) followed by classification, SSVEP can be
detected fairly reliably, rapidly, and with minimal time spent training either
the player or the classifier, due to its high signal-to-noise ratio (SNR). More
advanced methods, such as canonical correlation analysis, allow for faster
processing, a broader range of frequencies, and multiple stimuli at the same
frequency but differing phases (Bin et al. 2009). One area in which SSVEP-
based BCI technologies have been successfully used is in spelling applica-
tions that allow paralyzed patients to communicate.

The RSVP paradigm is also a reactive BCI paradigm, but it consists of
subjects looking for targets in a rapidly presented stream of images. In RSVP,
images are presented to a subject at a rate of about 5-10 Hz. These images

(continued)



Towards Serious Games for Improved BCI 5

either belong to a sparsely appearing target class or are distracter images
which do not belong to that target class. When the subject sees an image in the
target class, their brain will generate an evoked neural response which can be
detected using a machine learning classifier. Successful approaches include
ensembles of logistic regression classifiers or spatial filtering followed by
binary classification. Generally, the target images can make up no more than
15-20 % of the total number of images. Otherwise, two things occur: First,
the strength of the neural signal will begin to attenuate, and as a result,
classifier performance will begin to degrade. Second, the subject will begin
to increasingly make mistakes as a result of an effect known as the “atten-
tional blink.” What this means is that, if two target images occur too close
together in time, the subject has a drastically increased probability of missing
the second target. RSVP has two key strengths: first, the neural signal evoked
when the subject sees a target can be recognized by a classifier with a high
degree of accuracy. Second, the neural signal can be evoked by a variety of
targets, leading to a potentially broad space of applications. One area in which
RSVP has been successfully applied is in the domain of satellite image
analysis. By using RSVP to pre-triage satellite images, targets such as
airfields can be detected more rapidly than with manual search (Sajda
et al. 2010). Figure 1 shows the neural response from an RSVP task. Within
this neural response can be seen an SSVEP-like neural signal induced by the
flashing of the images in the RSVP task.

While there are many passive BCI paradigms for neurally estimating
performance at simulated driving tasks, we will be focusing on the paradigm
described by Lin et al. (2005). In this task, the subject drives a car down a
simulated road and attempts to stay in the lane through periodic but random
“lane-deviation events,” which consist of a lateral force that attempts to push
the driver off of the road. The intended goal of this paradigm is to estimate
when driving performance decrements are more likely to occur, potentially
enabling them to be mitigated and thus decreasing the likelihood of accidents.
These lane-deviation events provide a probe to evaluate the performance of
the driver as their fatigue and attention fluctuate and as time-on-task
increases.

In order for BCI technologies to achieve this higher standard of performance, they
must be able to handle or adapt to human variability, both in terms of individual
differences and intraindividual variability. Every individual is different, as are their
neural signals, even those generated by individuals in similar mental states or being
exposed to the same stimuli. In practice, what this means is that the feature
extraction and classification methods underlying a BCI technology will perform
very poorly unless they are calibrated or customized for each individual user.
In fact, a percentage of the population may even be “BCI illiterate” in that BCI
technologies cannot be effectively trained on the neural signals of those individuals
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(Pfurtscheller et al. 2010). People also have significant intraindividual variability,
which can lead to differences in neural signals within the same individual during
similar mental states or in reaction to the same stimuli at different points in time
(Wu et al. 2010). Therefore, static feature extraction and classification methods that
are customized to the individual user will still have large fluctuations in perfor-
mance over time. However, there are currently few BCI technologies that attempt to
adapt to the neural states of the individual users.

For serious, nonmedical BCI technologies to be viable, it will be crucial to
develop algorithms that can address both aspects of human variability by adapting
to the individual user and to the changes in their neural signals at multiple time scales.
To develop these algorithms, it will be necessary to study how individual differences
and variability in neural response affect BCI performance, which will require data
from large numbers of individuals using BCI technologies over considerable lengths
of time. One promising method for obtaining this needed data is through the use of
BCI technologies embedded into games with a purpose (GWAP). As defined by von
Ahn (2006), GWAP are a game-based form of human computation which players
choose to play for enjoyment. As a side effect of the gameplay, in GWAP the player
performs key tasks which cannot be automated but that are required to solve research
questions (von Ahn 2006). In this case, the player will interact with BCI paradigms
embedded into the gameplay while recording neural and behavioral data. Through
the analysis of this data, it should be possible to much more clearly understand the
differences in neural signals between individuals and across different time scales.

However, the development of BCI-based GWAP to study the effects of individ-
ual differences and intraindividual variability on BCI performance faces significant
challenges. First, among these is the fact that the individual differences and
intraindividual variability being studied will have significant negative effects on
the performance of the BCI paradigms embedded in the GWAP. The challenge
arises from the fact that forcing the player to continually use BCI paradigms that do
not function due to low performance will make the game unenjoyable and
non-immersive. As a result, the GWAP will not attract a large player base that
spends significant time with the game, and there will not be sufficient data to make
the GWAP worthwhile. In this chapter, we argue that this challenge can be
addressed by making the BCI paradigms peripheral to the main gameplay experi-
ence and sufficiently rewarding to the player.

The remainder of this chapter will review the research on individual differences
and human variability and their effects on the robustness of BCI technologies, the
potential value of GWAP for long-term and large-scale data collection, and the key
challenges for developing GWAP for collecting large-scale and long-term BCI data.

Human Variability and BCl Performance

As previously mentioned, humans are highly variable. People display significant
individual differences, with each individual generating distinct neural signals, even
under highly similar conditions. People also show strong intraindividual variation,
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Fig. 1 Example neural signals from a 5-Hz RSVP task. In this task, a person is attempting to
discriminate target images from background images in a continuous image stream. Target images
are sparsely appearing images that the subject is tasked with identifying. Background images are
commonly appearing images that the subject is tasked with ignoring. The three curves show 1 s of
averaged neural response time-locked to image presentation. The black line shows neural response
to a background image, the red line shows neural response to a target image, and the blue line
shows the difference between the two. Slight but regular positive and negative deflections induced
by image presentation which are similar to an SSVEP response can be seen in both the target and
background neural responses. In addition, a large positive target-evoked inflection that peaks
around 600 ms can be seen in the target neural response. The difference wave clarifies this target-
evoked response by subtracting out the SSVEP-like response. The scalp maps show the location of
the averaged neural responses as recorded on the scalp. Further description of this specific task and
data can be found in Touryan et al. (2014)

with neural signals varying across similar conditions at multiple time scales. A
hypothetical example of this can be seen in Fig. 2.

In this section, we will provide a review of human variability, including both
individual differences and intraindividual variability, and how this variability
affects BCI performance. We will focus on three distinct examples, showing how
both individual differences and intraindividual variability affect the underlying
neural signals that BCI technologies rely upon. First, we will discuss the effects
of individual differences and intraindividual variation on a three-image-class RSVP
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Measured Signal (Behavior, EEG, etc.)

W 4 ! !

Minutes Days Months

Time

Fig. 2 Hypothetical example of intraindividual variability over time. Variability occurs in the
course of minutes and hours, days and weeks, and even over months. Some of this fluctuation is
internally driven, such as short-term fluctuations in attentional focus, while some of it is in
response to changes in the external environment. Some of this variability is cyclic and predictable,
such as circadian rhythm and sleep cycles; most of it is not. The cumulative result of this
variability is neural signals that are nonstationary (i.e., the statistical properties of the signal
change over time) and non-ergodic (i.e., the signal may not return to previously seen states),
negatively impacting BCI performance

task (see Box 1). We will then discuss how the prior state of an individual affects
their neural signals in a binary RSVP task and how this effect is modulated by
individual differences. Finally, we will give an example of how individual differ-
ences and intraindividual variability affect the estimation of task performance from
neural data.

Human Variability Example #1: Evoked Potentials

A specific example of both individual differences and intraindividual variability
from three different people performing an RSVP task (see Box 1) with three
categories of image stimuli, target, nontarget, and background images, can be
seen in Fig. 3. In this task, target images are sparsely appearing images that the
subject is tasked with identifying. Nontarget images are sparsely appearing images
that are visually similar to the targets but which the subject is tasked with ignoring.
Background images are commonly appearing images that the subject is also tasked
with ignoring. In Fig. 3, the top rasters show the single-trial evoked neural
responses time-locked to target images. Each horizontal row of the raster contains
the single-trial neural response to one target appearance, and each vertical column
contains one sample of EEG data. The color represents the amplitude of the neural
response, with blue pixels representing lower-amplitude EEG recordings, red pixels
representing higher amplitude, and green and yellow representing intermediate
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Fig.3 An example of human variability in both single-trial evoked neural responses and averaged
ERPs from an RSVP task. Each column contains the data from a different subject. Top three rows
show rasters of the single-trial evoked neural responses time-locked to target, nontarget, and
background images, respectively. Each horizontal row of the raster contains the single-trial neural
response to one target appearance, and each vertical column contains one sample of EEG data.
Blue pixels represent lower-amplitude EEG recordings, red pixels represent higher amplitude, and
green and yellow represent intermediate amplitude. Bottom row shows the averaged event-related
potentials (ERPs) from the three preceding rasters

amplitude. Similarly, the next two rasters show the neural responses to nontarget
and background images, respectively.

Finally, the bottom images show the averaged event-related potentials (ERPs)
from the three preceding rasters. ERPs are a traditional method for handling signal
variability in EEG by averaging the EEG signal that occurs immediately after a
stimulus (Geisler et al. 1958). Given enough trials where the data is time-locked to
stimulus onset, the averaging will smooth out the variation that is not phase-locked
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to the stimulus and leave only the common phase-locked neural response. The non-
phase-locked variation removed by this approach is a combination of
intraindividual variation and the low signal-to-noise ratio (SNR) of EEG.

In Fig. 3, intraindividual variability in the recorded neural activity can be seen in
the row-to-row differences in both the peak amplitude of the neural signal and the
poststimulus latency of that peak within each raster. This row-to-row variability
causes the noisy appearance of the rasters. Clear individual differences between the
amplitude, latency, and even the amount of variability in the neural signals can also be
seen in the different subjects’ rasters. For example, Subject 11 has considerably more
variability in their rasters than does Subject 13. The averaged ERPs at the bottom of
Fig. 3 also reveal a very interesting pattern of individual differences in the neural
response to the nontarget images. Specifically, it shows that for some subjects (such as
Subject 07), the neural response to the sparse nontarget images was indistinguishable
from the response to the sparse target images. For other subjects (Subject 13), the
neural response to the nontarget stimuli was indistinguishable from the background
images, while other subjects (Subject 11) were between these end points.

Human Variability Example #2: Effect of Prior State on Evoked
Neural Signals

As the state of an individual changes due to intraindividual variability, this state
affects their neural signals in a way that is modulated by individual differences. The
concept of a “state” in this instance is intentionally ambiguous. Consider fatigue as
an example of state change. Over time, individuals will have levels of decreased
and increased fatigue. Different levels of fatigue have clear effects on an individ-
ual’s neural signals (Gevins et al. 1977). However, from the perspective of BCI
development, coping with these effects is extremely difficult for several reasons.
First, fatigue is a very loaded term, potentially being used to mean many different
but interrelated states, including sleep deprivation, physical exhaustion, time on
task, visual fatigue, mental fatigue, boredom, and inattention (Matthews and
Desmond 2002; Jung et al. 1997). While each of these different states will affect
the neural response to stimuli, the effects are often concurrent and not clearly
distinguishable. In addition, they will have differing effects on different individuals
and will even affect the same person differently based on additional factors such as
the stressfulness or consequences of their current situation.

Further, BCI research tends to use a limited number of approaches to address
fatigue. The most common approach is avoidance. Most BCI research is done with
experimental sessions that are sufficiently short and far apart in order to minimize
the effects of task-related fatigue. When this does not occur, another approach often
used is to discard the data recorded while the subject was fatigued and focus
exclusively on the period of time when the subject was alert. Approaches like
these are used to minimize the effects of fatigue because the alternative is BCI
systems that fail to perform reliably. As a result, the actual quantitative effect of
fatigue on BCI algorithms and technologies is poorly understood.
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Fig. 4 Pre-stimulus cognitive state modulates sensory encoding of rapidly presented visual
stimuli. Rapid serial visual presentation (RSVP) task in which subjects must classify the category
of an object in an image corrupted by visual noise. The difficulty of the task is manipulated by
controlling the noise level, through manipulating the images’ phase coherence. Shown are three-
phase coherence levels, with a lower coherence resulting in more noise in the image

Fatigue is not the only state that a person can be in which affects their neural
signals. Many other factors of intraindividual variability, including emotion, stress,
and prior experience, can modify neural signals and thereby affect BCI perfor-
mance. It is not at all clear how these factors all affect neural signals independently
and even less understood how they are interrelated. The interrelation and complex-
ity of these factors mean that it can often be easier to consider abstract states,
defined as changes in neural signal during a task.

Consider the example shown in Fig. 4, a modified RSVP task where the
objective is to classify rapidly presented images masked with visual noise. In this
task, the image is “flashed” for 30 ms, and the subject must respond with a button
press to determine if the image was from category 1 (face) or from category 2 (car).
The goal of the BCI experiment is to classify whether or not the user correctly
identified the category of the image, using only the neural data. This is done by
using a windowed logistic regression to identify “discriminating components” in
the post-image presentation neural data that can be used to identify the image class
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Fig. 5 Peak-to-peak amplitude of alpha power, grouped by the strength of the early poststimulus
component. Greater strength of the early poststimulus component is associated with lower
pre-stimulus alpha amplitude. Note that shortly after image presentation, alpha power drops
sharply and is no longer useful for predicting targets. Instead, it becomes necessary to rely on
the discriminating components identified using logistic regression (Reprinted from Neurolmage,
87, Lou et al., Prestimulus Alpha power predicts fidelity of sensory encoding in perceptual
decision making, 242-251, Copyright (2014), with permission from Elsevier)

at a statistically significant level (Lou et al. 2014). This process identified two
primary discriminating components: one that is early (appearing approximately
170 ms after the image was displayed) and one that is late (appearing approximately
350 ms after image presentation).

Interestingly, the strength of these post-image presentation discriminating com-
ponents is directly affected by the pre-image presentation state of the subject, as
defined by the oscillations that occur in the alpha frequency band (7—13 Hz) prior to
the display of the stimulus image. These oscillations may reflect idling processes in
the brain, with occipital (visual) alpha potentially serving as an index of attention.
High alpha power is associated with idling and a resulting reduction in visual
attention, while low alpha power represents engagement with the visual stimulus.
However, the spectral power of EEG frequencies is highly variable over time. Thus,
a subject might have different behavioral and neural responses evoked by the exact
same visual stimulus, depending in part on their pre-stimulus alpha state. Figure 5
illustrates the variability of pre-stimulus alpha oscillations as a function of the
strength of the early poststimulus discriminating component. Trials where the
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Fig. 6 Decoding of EEG results in two poststimulus evoked components that predict the subjects’
choice: an early component and a late component. Shown is the decoding accuracy (chance is
choice probability of 0.5) across 12 subjects for the two components. The early component,
occurring around 170 ms poststimulus, is less of a predictor of the decision than the late
component, which occurs around 350 ms poststimulus (Reprinted from Neurolmage, 87, Lou
et al., Prestimulus Alpha power predicts fidelity of sensory encoding in perceptual decision
making, 242-251, Copyright (2014), with permission from Elsevier)

pre-stimulus alpha amplitude is low will tend to result in highly informative
poststimulus evoked responses (red curve in Fig. 5). Conversely, higher
pre-stimulus alpha results in less informative evoked responses (blue curve in
Fig. 5). This relationship between the pre-stimulus alpha and the evoked compo-
nents is true for the early component but not the late component.

Figure 6 shows that, in addition to being affected by the state of the subject, the
information content of the two discriminating components also varies substantially
across the subjects. While the late component is more informative than the early
component for every subject, for some subjects (e.g., S06), both components are
significantly predictive. For other subjects (e.g., S09) neither is, and for some
subjects (e.g., SO1) only the late component significantly predicts performance.

Human Variability Example #3: Estimating Behavioral Performance

For the third example, consider a passive BCI that attempts to estimate performance
at a task, based solely on neural signals (see Box 1). Intuitively, it seems like
developing a system that can estimate behavioral performance at a task from neural
signals should be straightforward. After all, the neural signals are the underlying
driver that causes the behavioral task performance. However, due to the effects of
human variability; the behavioral task performance, the neural data being used to
estimate the behavior, and the relationship between the two are all widely variable,
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both within and across individuals. As a result of this variability, robustly predicting
task performance using neural signals remains a promising but elusive goal.

Figure 7a demonstrates the variability of behavioral performance by showing the
change in average relative reaction times to a lateral force across 80 90-min
simulated driving sessions. This behavioral reaction time was smoothed using a
causal 90-s bell-shaped moving average filter to eliminate variance at cycle lengths
shorter than 1-2 min. The results follow a well-known trend of vigilance data, with
three distinct states clearly visible in the data: initial near-perfect (relative RT = 1)
performance begins to decay after about 1 min. Thereafter, reaction time to lane-
deviation event rate rises steadily until ~10 min into the task, after which it remains
more or less stable near three to four times the optimal RT. While this group mean
shows a strong time-on-task effect in this sustained attention task, the fluctuations
in task performance during a single session could largely differ from the group
trend and from those of other sessions.

Figure 7b shows that the behavior was highly variable both by individual and
over time. For example, some subjects had poor performance in the first half of the
session (e.g., S07), while others had exactly the opposite (e.g., S44). Similarly, the
relationship between neural activity and behavior was also highly variable across
subjects and over time. Figure 7c shows the correlations between EEG log power
spectrum and behavioral performance at the simulated driving task at each EEG
frequency. Some subjects had higher correlations between neural signals and
behavior in the lower frequency bands (e.g., S49), while, for others, the higher
frequency bands were more informative (e.g., S75). In addition, as shown in
Fig. 7d, the relationship between EEG spectra and the behavioral reaction time
varies as the subject performs the task. While increases in both the theta (4-7 Hz)
and alpha (8-15 Hz) bands are generally predictive of periods of slower reaction
time, they do not seem to predict just how slow the reaction time will be and, thus,
how problematic the period of slow reaction times is for the driving task.

Across all three of these examples, both individual differences and
intraindividual variability significantly affect the neural signals of BCI users. In
terms of implications for robust and reliable BCI, this means that systems must be
able to be calibrated to the individual user and must be able to adapt to the
variability that occurs in both the individual’s neural signals and task performance.
These are known problems in many areas of science and engineering, and several
techniques have been developed in order to address them, often by attempting to
capitalize on the similarities between and across individuals.

These include machine learning approaches such as transfer learning, active
learning, online learning, deep learning, and data mining approaches such as
collaborative filtering. Transfer learning is a class of machine learning methods
where data, features, or models from one domain are used to make predictions in
another domain and which can be used to transfer information learned from one
subject to help understand data collected from another subject or the same subject at
a later time (Pan and Yang 2010). Active learning methods select the most infor-
mative data for labeling and incorporation into a model and can be used to more
rapidly calibrate systems to individual users (Settles 2010). Online and adaptive
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Fig. 7 (a) Group mean relative reaction time to lane-deviation events averaged across 80 90-min
simulated driving experiments. (b) Relative reaction times to lane-deviation events across five
example subjects, showing the differing variability of individual behavior. (¢) Correlation between
EEG spectral power and reaction time for five individual simulated driving sessions. Correlations
are computed separately for 120 EEG frequencies between 0.98 and 30 Hz. (d) Reaction time,
theta band power, and alpha band power over the course of one experimental session for
subject SO7

learning methods continually update as the system is used, attempting to adapt to
the user. Deep Learning methods attempt to identify the most meaningful repre-
sentation of the data and develop models based on that representation. Collabora-
tive filtering approaches attempt to identify the data in a data set that is most
relevant to a specific individual based on that individual’s similarities and differ-
ences from a set of other known individuals.

One key aspect that unites all of these distinct methodologies is that their
performance tends to increase as the amount of data available to train and infer
upon increases. To date, however, the amount of data that is available from
individuals using BCI technologies is highly limited, particularly with regard to
serious, nonmedical BCI technologies. We argue that using these approaches to
develop robust and reliable BCIs will require large amounts of data from large
numbers of individuals using BCIs over long periods of time. In order to
collect this large-scale and long-term data, it will be necessary to embed BCI
paradigms and technologies into systems that people either need to use or will
want to use. As a result, we argue that it should be possible to embed BCI
paradigms into a video game in order to obtain the required data. Games have
previously been utilized for both long-term and large-scale data collection.
Often, these results are achieved through the use of games with a purpose or
GWAP (Box 2).
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Box 2: The Use of Games for Large-Scale and Long-Term Data Collection
Perhaps the earliest example of a successful large-scale GWAP is the ESP
game, also known as the Google Image Labeler game (von Ahn 2006). In this
game, two randomly selected players would be shown the same set of images.
Their task was to provide as many labels for each image as possible within a
short period of time, without communicating with the other player. If the
labels provided by the two players matched, then both players received
points. Players had profiles with persistent scores, and Google maintained
high-score lists for the game. The image labels provided by these players
served as the ground truth labels for searching the images with Google Image
Search.

Another early example of large-scale data collection using a game was the
deployment of the tracking real-time user experience or TRUE system (Kim
et al. 2008), by Bungie Studios during the development of Halo 3. The TRUE
system logged large quantities of data, including user interactions, contextual
information, and attitudinal data from users who playtested Halo 3. While not
technically a game with a purpose, the data collected using the TRUE system
allowed identification of problematic and frustrating areas in the game, as
well as improved fairness in multiplayer matches, resulting in an overall more
enjoyable gaming experience (Thompson 2007).

A more recent game with a purpose is the Airport Scanner game for
Android and iPhone, which simulates the task of searching for contraband
using an airport X-ray scanner. To date, anonymous data from thousands of
users performing millions of scans have been collected from players of the
game. Researchers have used this data to explore questions about how well
the airport baggage screening task can be performed. In particular, they found
that the less often a target appeared, the less likely it was to be seen by the
players. This was true even when looking at the high scoring subset of players
(Mitroff and Biggs 2013). Interestingly, this low-probability, high-conse-
quence detection problem is exactly what Transportation Security Adminis-
tration (TSA) screeners encounter on a daily basis but is very hard to replicate
in a relatively short laboratory experiment.

Games have also been used to study performance at cognitive tasks. In
particular, Lumosity provides a web-based platform for simple games which
are intended to be used for training various aspects of cognition. Recently,
Lumosity has made the data collected by individuals playing these games
available to researchers. This data set is the largest existing set of cognitive
performance data, consisting of over 35 million users playing 600 million
game trials. Researchers hope to use this data to obtain new insights into
human cognition and how people think. Initial analyses reveal that aging and
lifestyle factors such as amount of sleep taken and alcohol consumed signif-
icantly correlate with task performance (Sternberg et al. 2013).

(continued)
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The final example here is the Foldit GWAP. Foldit is a collaborative online
multiplayer protein-folding game (Cooper et al. 2010). Foldit players gener-
ate complex protein folds through directly manipulating protein structures
and working with automated protein structure prediction technologies. Pro-
tein folding is an extremely complex problem, with even simple proteins
having over 1000 degrees of freedom. It is also a problem that can have
potentially high real-world payoff in the understanding of disease and in the
development of novel drugs. One of the key successes of Foldit was in
identifying the crystal structure of the retroviral protease (a key component
of a retrovirus that influences viral maturation and proliferation) of the
Mason-Pfizer monkey virus, which causes AIDS in monkeys. This structure
had previously proved to be elusive to uncover through standard methods,
and it is hoped that understanding this structure will lead to new antiviral
treatments (Khatib et al. 2011).

Challenges in Developing GWAP for BCI

However, there is one primary challenge that must be overcome to develop a
BCI-based GWAP. This is the challenge of developing an entertaining and engag-
ing game such that large numbers of people will choose to play the game and use
the BCI paradigms within the game in the face of the fact that the technical
capability for robust and reliable BCIs is currently lacking. As a result, any
BCI-based GWAP run the risk of either overemphasizing the BCI paradigms and
being too frustrating and unpleasant to play or overemphasizing the gameplay and
not providing viable data. Developing viable GWAP that incorporate BCI will
require carefully balancing three key factors: the game must be engaging such that
people will play for significant periods of time; BCI paradigms must be seamlessly
integrated with the game while keeping gameplay entertaining and ensuring that
sufficient experimental control is maintained; and sufficient information must be
recorded to contextualize the resulting data so that it can be usefully interpreted. A
hypothetical game that attempts to address all three of these challenges is shown in
Fig. 8.

Developing Engaging Gameplay

In order to obtain the amount of data required to successfully address the issue of
robustness and reliability in BCI, we will require the truly large-scale and long-term
usage that only comes from intrinsic motivation, i.e., subjects play the game
because they enjoy it. While there are an increasing number of BCI games avail-
able, none of them have obtained a large and dedicated audience sufficient to
provide the needed large-scale and long-term data. One of the key reasons for
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Fig. 8 A hypothetical game with a purpose for collecting long-term and large-scale BCI data.
This hypothetical game is based upon an existing gameplay model which is known to be engaging,
that of an opposed gem-matching game, similar to the Puzzle Quest series. The game includes
multiple BCI paradigms that are integrated both mechanically and artistically with the game and
records multimodal physiological and behavioral data for contextualization
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this is that BCI games often focus on the BCI usage as the central aspect of the
experience (Marshall et al. 2013).

Many of these games are focused on directly controlling the movement of
objects on the screen through neural signals, either through the player directly
imagining the movement of the object or through modulation of the spectral power
within the alpha frequency band by attempting to feel more “relaxed” or “stressed.”
As the BCI paradigm is usually the central focus of the game, further aspects of
gameplay and game design tend to be very limited. While these games can initially
be highly entertaining, the novelty of the BCI wears off in a matter of minutes. Once
this occurs, it becomes clear that BCI technologies currently lack the robustness and
reliability required to be a primary human interface device, leading to gameplay
which is frustrating and unenjoyable (Dakan 2010). In fact, if the user gets frus-
trated by a BCI with subpar functional performance, this frustration itself affects
their neural signals and can further degrade functionality.

For BCI-based GWAP to be successful, the focus of the design should be on
ensuring that the game is sufficiently engaging and enjoyable that players will be
intrinsically motivated to play the game. Understanding the user experience is a
crucial aspect of game design, and previous research shows a key relationship
between engagement, user experiences, and increased play time (Hassenzahl and
Tractinsky 2006). We argue that focusing the game design on engagement, enter-
tainment, and immersion first gains several advantages. It will make it possible to
create a game that can be fun for hours, making the long-term data collection much
less painful on the subjects and thereby decreasing the likelihood of subjects
dropping out of the experiment. It will also be much more likely to obtain a large
player base that will willingly play for free, enabling large-scale data collection.
One way to ease the development of a sufficiently engaging game is to utilize an
existing model of gameplay.

Integrating BCls with Gameplay: The Free-To-Play (F2P) Model

There is a large body of previous research focused on increasing engagement and
immersion during gameplay, and there are many aspects of designing a game that is
engaging or even addictive. One example of the criticality of engaging experiences
is the development of free-to-play (F2P) games. F2P games are distributed online
for free and make money by providing in-game items, areas, or capabilities which
can be purchased. As a result, the game only makes money by drawing large
numbers of people in and getting them engaged over the long term. There are
lessons to be taken from the design of these F2P games on how to embed BCI usage
within a game in such a way that both BCI usage and long-term gameplay are
encouraged (Luban 2011; Luton 2013).

Under the F2P model, the use of the BCI can be viewed as the “price” that is paid to
play the game. As a result, it should be treated similarly to purchasing upgrades in a
standard F2P game. Thus, unlike the design of the core gameplay, which should
emphasize engagement, the integration of the BCI paradigms should be focused on
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making the experience as painless and as rewarding for the player as possible. By this,
we mean that the player should not have to go out of their way in order to activate the
BCI paradigm and should receive a significant gameplay benefit for doing so. However,
due to the robustness of current state-of-the-art BCI technologies, it is likely that the
BCI paradigm will fail to work a significant percentage of the time. Therefore, the game
must be designed such that it is possible for the player to circumvent the use of the BCI
in the game, while still providing the required research data.

Consider how this could be done with the three BCI paradigms described in
Box 1. For example, the RSVP paradigm is very similar to reward “slot machines”
that are commonly used in F2P games. In these “slot machines,” a small number of
highly valuable in-game rewards are interspersed with a large number of low-value
rewards that are rapidly displayed to the player, similar to a wheel on a slot
machine. The player attempts to obtain a high-value reward by selecting it, which
is difficult to accomplish due to the speed of the display. By simply adding a
behavioral selection to the RSVP task and providing an in-game reward for
selecting a target, it is possible to mirror a successful mechanism that commonly
appears in F2P games. However, while this addresses the issue of integrating the
RSVP paradigm into the game, it may not provide sufficient experimental control,
depending on the goals of the experiment. For example, if the goal is to study the
effects of changes in states such as fatigue on BCI performance, then one key
problem that can arise is that of performance saturation. If the task is too easy, then
all players will always perform it with near-perfect accuracy. When this happens,
the fluctuations in behavior that would indicate low-performing states will simply
not appear in the data, making it impossible to address the intended question. One
possibility is to mask the targets and nontargets to make them more difficult to
distinguish. Figure 8 shows a faceted masking, which fits artistically with the
overall theme of the game, being used for this purpose.

There are many potential ways in which an SSVEP paradigm could be
implemented in a game. Several targets could be displayed on-screen simulta-
neously, all flickering at different frequencies. The player could then use the
SSVEP paradigm to select a desired reward or a target for an attack. However, in
order to minimize the potential for frustration, the player must have the capability to
circumvent a potentially nonfunctioning BCI. For example, the player could be
allowed to click on the desired target. Unfortunately, while this integrates the
SSVEP paradigm into the game, it does not provide sufficient experimental control.
Instead, what is likely to happen is that the player will rapidly click the desired target
without attending to it for the 1-2 s window that most SSVEP algorithms require. As
a result, the neural data recorded will be insufficient for later analysis. Alternatively,
the SSVEP paradigm could be interacted with through a mechanic where the player
receives an award based on how quickly they click on the target but only once the
target stops flickering. This would incentivize the player to pay close attention to the
flickering target in order to maximize reward and ensure that the desired neural data
of the player performing the SSVEP task would still be recorded.

Integrating the third BCI paradigm in Box 1, a passive behavioral performance
estimation paradigm, is perhaps the simplest of the three BCI paradigms. As a
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passive BCI paradigm, no additional interaction with the player is needed, although
if a specific task is being studied then that task could be embedded. Instead, what is
required is extensive logging of the player’s interaction with the game, as well as
metrics and heuristics for estimating the quality of the player’s moves. This data
can then be used to study the relationship between neural activity and player
behavior.

It is important to emphasize that the specific issues of maintaining experimental
control when integrating the BCI paradigms with gameplay will vary based on the
overall research goals being addressed. In addition, many of these issues, such as
performance saturation, are not unique to any single paradigm but are relevant
across many potential paradigms.

Finally, in order to encourage long-term gameplay, successful games provide for
the player to experience task-reward feedback loops with multiple avenues for
incremental progression. Example avenues for progression include difficulty,
reward, capabilities, game mechanics, virtual space, and narrative space. Each of
these also presents potential avenues for BCI integration. For example, there are
usually various levels or difficulties in a game, and players will generally complete
challenges in sequentially increasing difficulty (Brown and Cairns 2004). BCI
paradigms can similarly be scaled in terms of difficulty. For example, both
SSVEP and RSVP can be made more difficult by increasing the number of targets
and distracters. This can also be tied to narrative progression, with difficulty or
types of targets in a BCI also connected to sequential narrative episodes.

Contextualizing Data

Data recording and analysis is a key issue for F2P games, GWAP, and BCI
implementation. In F2P games, games are often launched in a minimally playable
state. Data from the game is then continuously monitored to determine key pieces
of information such as what aspects of the game keep players engaged, what causes
players to quit, and what drives players to perform in-game purchases. The game is
then continually refined and updated based on this information (Luton 2013). When
considering GWAP, in addition to monitoring this information, the experimental
questions at the center of the GWAP must also be answered. As a result, additional
data relevant to the experimental questions must also be recorded and analyzed
(von Ahn and Dabbish 2008). Similarly, the analysis of the EEG data used for
current BCI technologies requires a large amount of contextualization (Zander and
Jatzev 2012). In order to estimate what the recorded neural signals may mean, it is
necessary to know as much as possible about what the player is doing and how they
are doing it.

As such, EEG data is not the only type of data that would need to be recorded.
One key type of data needed is the information from the game itself, which includes
player actions, game events, the times these occur, and contextual information from
the state of the game that will serve as a basis for interpreting the other streams of
data. Alternative sources of physiological data can also be used to contextualize the
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EEG data and game data as well. For example, eye tracking technology provides the
gaze direction in monitor coordinates and can be used to identify what aspect of the
game the player is focusing on at any given time. While this and other physiological
recording methods such as heart rate or electrodermal activity generally require
laboratory-grade hardware, it is becoming increasingly possible to approximate
these methods using common digital cameras. For example, pupil diameter, which
can serve as an approximation for physiological arousal (Partala and Surakka 2003),
can be detected using OpenCV, an open-source computer vision library (Schwarz
et al. 2012). Similarly, heart rate can be detected using a webcam (Poh et al. 2011).

In order to uncover the correlates of longer-term state change, it will also be
necessary to record self-report data from game players. Many of the correlates of
this longer-term variation, such as sleep history and stress, cannot be derived from
behavioral or physiological data while the subject is playing the game. However,
some of these can be approximated using self-report (Buysse et al. 1989; Brantley
et al. 1987).

One key challenge for recording this multimodal data is that the synchronization
across the data streams must be highly accurate. As the quality of the synchroniza-
tion decreases, it becomes increasingly difficult to associate the recorded neural
signals with any external stimuli or behavior. For example, the amplitude of an
averaged ERP is rapidly attenuated as synchronization becomes increasingly noisy.
While other data streams may not degrade as rapidly with poor synchronization as
EEG does, it will still become extremely difficult to make sense of inaccurately
synchronized data during analysis.

Usable EEG Technologies

In addition to the challenges of developing an engaging game and integrating BCI
paradigms into that game, there are also clear engineering challenges that need to be
met in order to develop BCI-based GWAP which can obtain a large player base.
The primary challenge is in the development of electroencephalography (EEG)
recording devices which are low-cost, easy to use, and provide high signal quality
(McDowell et al. 2013; Liao et al. 2012). While a BCI-based GWAP may still be of
value without these devices, it will be limited in focus to single-session and
longitudinal experiments with small subject populations.

One key usability issue is that current EEG technologies require a conductive
NaCl-based gel or saline solution between the electrodes and skull to decrease the
impedance and improve signal-to-noise. These gels and solutions serve as a bottle-
neck to using the BCI applications by requiring a time-consuming pregame appli-
cation and postgame cleanup. Several research groups are developing dry EEG
sensor technologies that would eliminate the need for this conductive gel while
maintaining the reliable measurement of EEG signals (Sullivan et al. 2008; Grozea
et al. 2011; Liao et al. 2014).

Likewise, traditional EEG systems transmit the measured brain activity through
a cable which is connected between the EEG cap and computer. This greatly limits
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usability, and the swaying of the wires when the player moves their head causes
additional artifact in the EEG signal. Wireless transmission using a protocol such as
Bluetooth or Wi-Fi can overcome this limitation (Liao et al. 2014) and is easily
extendable to tablet and mobile devices. While greatly adding to the usability of the
EEG technology, using these wireless protocols may require additional power, raise
bandwidth and packet loss issues, and increase the difficulty of properly synchro-
nizing the EEG data.

While there are existing examples of commercially available dry-electrode,
wireless EEG technologies (Sullivan et al. 2008), these systems tend to be too
uncomfortable for long-term wear and to lack sufficient sensor density over a broad
enough scalp distribution to examine different brain areas associated with a variety
of cognitive functions. However, distinct types of BCI applications may relate to
these cognitive functions and require collecting data from several different brain
areas. For example, a motor imagery paradigm, where a BCI user attempts to
control an object by imagining either its movement or their own, is usually based
on the brain activity recorded from the motor cortex (Billinger et al. 2013). On the
other hand, the data acquired from motor areas may be not fully appropriate for
either SSVEP or RSVP paradigms. Instead, for these two types of BCI applications,
the activity in the visual areas is usually measured and analyzed (Lin et al. 2014).
For most research applications, the trend is to record the brain activity from the
entire brain. While this may not be needed for BCI applications, it is unlikely that
only one or two electrodes would be sufficient, although it is an open question as to
how many electrodes are needed.

Conclusion

Performance issues in BCI technologies arise in a large part from human variability,
including both individual differences and intraindividual variability, although there
are other causes. In fact, in nearly every area of BCI, both individual differences
and intraindividual variability have strong effects on the BCI users’ neural data.
This is not unique to BCI. There are existing approaches to deal with individual
differences and intraindividual variability which may drastically improve the per-
formance of BCI technologies by detecting and adapting to the individual user and
their current mental state. However, using these approaches will require large
amounts of data from people using BCI technologies over long periods of time.

We propose that one method for obtaining this data is through the development
of BCI-based games with a purpose (GWAP) that not only are focused on obtaining
the required BCI data but are also engaging and entertaining enough that large
numbers of users will willingly play them. As a result, these BCI games which are
expressly designed for entertainment and engagement have the potential to revolu-
tionize research into a broad range of serious BCI applications.

There are critical challenges that must be overcome to develop BCI-based
GWAP. The most pressing challenge is that of developing engaging BCI-based
games when BCI technologies have such low levels of performance. As a result,
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developing these GWAP will require carefully balancing three key factors: devel-
oping an engaging and entertaining game, seamlessly integrating BCI paradigms
with the game, and properly contextualizing the resulting data to enable useful
interpretation and analysis. However, in order for data from a large number of users
to be obtained, EEG systems that are comfortable, easy-to-use, low-cost, and that
provide high-quality data will be required. A BCI-based GWAP would still be of
value without this EEG technology, as currently available EEG systems could be
used to obtain data from fewer participants over long periods of time. As a result,
whether these EEG technologies come in the near future or are longer-term
technologies, the future development of serious BCI applications for nonmedical
applications would benefit greatly from large-scale and long-term collection of data
from individuals performing BCI-relevant tasks in GWAP.
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