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ABSTRACT
Brain-computer interfaces oﬀer a valuable input modality,
which unfortunately comes also with a high degree of uncertainty. There are simple methods to improve detection
accuracy after the incoming brain activity has already been
classiﬁed, which can be divided into (1) gathering additional
evidence from other sources of information, and (2) transforming the unstable classiﬁcation results to be more easy
to control. The methods described are easy to implement,
but it is essential to apply them in the right way. This paper provides an overview of the diﬀerent techniques, showing
where to apply them and comparing the eﬀects. Detection
accuracy is important, but there are trade-oﬀs to consider.
Future research should investigate the eﬀectiveness of these
methods in their context of use, as well as the optimal settings to obtain the right balance between functionality and
meeting the user’s expectations for maximum acceptance.

Categories and Subject Descriptors
H.5.2 [User Interfaces]: Input Devices and Strategies
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1.

INTRODUCTION

Brain-computer interfaces (BCIs) do not function as accurately as the keyboard or mouse. This is inherent in the
type of signal, which is also why speech recognition and eye
movement detection are not perfect, although they have improved a lot over the years [5, 14]. The sensors easily pick
up noise. It is very diﬃcult to distinguish between activity
intended for control, and other activity. Moreover, there is
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the challenge of robustness to change in the environment,
change in the user, and over diﬀerent users. These problems
are reﬂected in the way most BCI experiments are set up:
the user is preferably put in a shielded room; is instructed
to not move or blink, and stay relaxed; and is doing a very
simple task.
Is this lack of accuracy of BCIs a problem? BCIs oﬀer a
unique input that is private, hands-free, and possibly closer
to the user’s intent than any other input modality [30]. But
the detection accuracy and, related to this, the amount of
eﬀort involved, are very important to the user [29]. Users
prefer interfaces with allow a high level of control with little eﬀort. Besides, there are some consequences of the current situation. Those limited lab experiments mentioned
in the previous paragraph are diﬃcult to translate to the
real-world situation, where the user will not be so restricted
in context nor behaviour. Additionally, the variety of both
mental tasks or states, and their interpretations, are severely
limited.
Fortunately, even after the detection phase, there are a
lot of ways to boost performance, and make the signal more
usable for control1 . This paper discusses a number of them,
divided into two categories: gathering additional, external
evidence, and transforming the obtained classiﬁcation results by themselves. In the end, however, not only the functional properties of the control signal are important, but
also how well it matches user expectations. The conclusions
provide some recommendations for future research.

2. THE ONLINE BCI CYCLE
To be able discuss when and how to apply the methods that
we will describe, ﬁrst, we need a model of the online BCI
cycle. Figure 1 details the diﬀerent modules, or phases, in
the system, and the data streams in between. This model
is largely based on the framework by Mason and Birch [19],
with some small adjustments which will be discussed.
1
With control is not only meant intentional control by the
user, but also unintentional input based on passive observation of the user. In both cases, the system responds to the
information gathered from the user. For simplicity, even in
the passive situation, we will therefore talk about ‘control’.
In the passive situation, there are still correct and incorrect
interpretations of the user’s mental state by the system, and
if there is feedback to the user in some way, there are still
user expectations that could be met.

Figure 1: Model of the online BCI cycle, including
the data streams between the processes.

The user either consciously executes some mental task, or
is passively monitored for speciﬁc mental states. This brain
activity is acquired through some brain activity measurement method, such as electroencephalography (EEG, which
would consist of electrodes, an ampliﬁer, and likely some additional software by the hardware manufacturer). Here we
combined the electrodes and amplifier modules from Mason and Birch together in one generic module labeled signal
acquisition.
The raw brain data is preprocessed, mainly to improve
the signal-to-noise ratio by attenuating the eﬀects of artefacts and noise. Mason and Birch combined this step with
feature extraction. Many researchers, however, prefer to address this function separately, as is also shown in the model
by Van Gerven, et al. [40]. Therefore we also gave it its
own module. From this preprocessed data, features are then
extracted that provide information on what the system is
supposed to detect.
Feature translation is not a term that is commonly used
in this context, but this generic word from the Mason and
Birch model appropriately covers the whole range of classiﬁcation and regression. The results of this module can
be hard class labels (e.g. LEFT), soft class labels (80%
certainty of LEFT), or some other values that have logical
meaning (level of concentration of 0.4)2 .
The control interface transforms these logical inputs into
semantic control signals that have meaning within the con2

Another interesting option, but outside of the scope of this
paper to discuss in detail, is to have not only probability
information, or strength, but both. In that case, the feature translation could provide information such as ‘a level
of concentration of 0.9 with a probability of 2%’ which can
then be translated into an application command that has
less eﬀect than if the probability would be higher.

text of the application. This module is often not represented
in other models, but Mason and Birch did see the importance
of this particular function. It is also particularly relevant
to this paper, as many of the proposed methods would be
applied in this phase. The resulting semantic control can either be discrete or continuous (for example, key and button
presses vs. mouse position and joystick).
On a side note, when both the recognition software (up
to and including feature translation) and the application are
proprietary, the control interface may be the only way to tie
them together in the desired way.
At this point in the pipeline, we deviate from the Mason
and Birch model, because of a diﬀerence in the context of use
of the BCI. Their model reﬂected the use of BCI to control
physical devices, where our model is speciﬁed for control of
software applications. The functions of Mason and Birch’s
device controller and the device itself are merged within the
application itself (possibly internally modelled according to
the model-view-controller design pattern, well explained in
[8])
The feedback module is simpliﬁed here as solely based on
data coming from the application. The feedback can however also show representations of output from other modules.
Any feedback that helps the user form a suitable mental
model of the system could be helpful in improving the level
or at least the sense of control. In most cases, the feedback
(view) on the application state is handled by the application
itself. If the application is adjustable, for example through
add-ons, the feedback from other modules can be integrated.
If not, it will be necessary to create a separate software application solely to provide this extra information to the user,
for example, with overlays on top of the view of the original
application.
To conclude, the main modules in which to adjust the
control, after classiﬁcation (or, the more generic: feature
translation), are the control interface, and the application.

3. GATHERING EXTERNAL EVIDENCE
Now we have explained the BCI cycle in which the following
methods will be used, it is time to give an in-depth explanation of each method, starting with the ones based gathering
external evidence, such as from other modalities and the
context.

3.1 Multimodality
Multimodal systems process multiple combined user input
modalities in a coordinated manner [24]. Multimodality can
help in handling errors, improving task performance and
broadening the user spectrum with BCI systems [10]. In the
BCI community, multimodal BCI systems are referred to as
hybrid BCIs [27]. A hybrid BCI not only combines brain
data from other modalities, but may also combine diﬀerent
brain responses. For example, a hybrid BCI speller can rely
on the P300 response for spelling letters and on the steadystate visually evoked potential (SSVEP) response to switch
the spelling on and oﬀ [25].
The coordination of the various inputs can be categorized according to two aspects: the treatment of the multimodal data and the temporal relation of the modalities
[22]. The multimodal data streams can either be treated
independently, or they can be fused. Fusion can be done
at data-, feature- and decision-level, also called early, intermediate, and late fusion. Data-level fusion is performed

when integrating observations of the same kind, such as the
electrical data obtained from EEG and EOG. Feature-level
fusion is for modalities which are tightly synchronised, such
as frontal EEG and facial audio-visual data. Decision-level
(or classiﬁer) fusion, is used for modalities that are not so
tightly coupled, such as EEG data and speech or keyboard
input. There are also two ways of temporal coordination:
the processing can either be sequential or parallel. In either
case, the treatment can again be independent, or fused.
For the goal of this paper, the most applicable method is
parallel, decision-level fusion, as it is about combining afterclassiﬁcation results from diﬀerent inputs that happened simultaneously, to obtain a more accurate decision. One of the
easier methods to do this, is through majority voting [17],
in which the combined result is the one that most classiﬁers
agreed upon. For more complex methods, see [12, 23].
This method could be implemented in the control interface, where it functionally seems to belong. If the application is unadaptable, the control interface is the only option.
In case the application also needs to show a response to each
input modality by itself, it may be better to implement the
fusion in the application directly.

3.2 Context
Another potential source of information is the context, which
can be determined from additional sensors, or from the system or application itself. According to Abowd et al.: “Context is any information that can be used to characterize the
situation of an entity. An entity is a person, place, or object that is considered relevant to the interaction between a
user and an application, including the user and applications
themselves” [1]. Concrete examples of context are: time
of day, location, movement, recent interaction history, the
user’s emotional state, and the user’s focus of attention.

Reducing action space.
Context information can be used to determine what actions
the user is probably going to do, therefore reducing the likely
action space, which improves the accuracy of the input interpretation. After spelling ‘TH’, the classiﬁer might return
high values for both ‘S’ and ‘E’. Based on the recent actions,
in combination with a language model, it is easy to determine that ‘E’ is more likely3 . Two BCI examples that make
use of the predictive properties of text are Dasher [7], and
Williamson’s Hex-O-Spell [41]. The dynamics of the interaction reﬂect the level of certainty: it is easier to select more
likely options, and more eﬀort is required to select a less
likely one. This results in increased accuracy and eﬃciency.
Similar concepts are snapping (when close to a likely target, automatically go to it), and hysteresis (the dynamic for
changing states depends on what state you come from, to
prevent undesirable oscillations from one state to the other;
this is also known as debouncing). An example BCI that
uses hysteresis is αWoW. In this adaptation of the roleR
playing game World of Warcraft
, the player’s avatar is
an elf when relaxed, but changes into a bear when agitated
[38]. The relaxation level is based on a transformed level
of parietal brain activity in the alpha band. To change to
bear, the transformed alpha level needs to be below 0.3, and
to change to elf above 0.7. In terms of dynamics based on
certainty, this means that once the user is in one state, she
3

More on the redundancy in the English language in [35].

is less likely to change to the other. The larger the distance
between the two thresholds, the less likely it is that state
changes will occur in general.
If certain actions always occur together (the likelihood of
the next action is 100%), they can be combined in a macro.
Back to the case of a P300 speller, instead of spelling single
characters, the user now selects a phoneme, word, or whole
sentence with one command. Scherer et al. use macros to
execute more complex and ﬂexible commands [34]. This
is also related to the notion of process control (one step
forward) versus goal selection (go to the kitchen) [42, 33].
When the implementation of these methods requires knowledge from the application, it is best to implement it in that
module. For example, in the case of a speller application, the
control interface should not model the eﬀect of the backspace
action that deletes the previously-typed character. This is
the responsibility of the application. So the knowledge as
to what text has actually been spelt so far is only available
from the application module. Snapping also requires knowledge about where possible targets are in the application to
be able to snap to them. Hysteresis may be implemented in
the control interface, as it only requires the knowledge that
the actions that belong to the extreme states are opposites
and can never occur simultaneously. This logic could be imposed from the mental task or state (i.e. the user cannot be
stressed and relaxed at the same time), or by the response
from the application (an avatar cannot be a bear and an elf
at the same time).

Increasing action space.
Similarly, context can provide the user with a large range of
system commands, controlled through a limited set of input
actions. Scherer et al. give an example of this in World of
R
: when the player is close to a dead enemy, she
Warcraft
will loot the corpse. Is the player close to a quest giver,
she will talk to him [34]. To read more on how to implement context-aware systems, we recommend the survey by
Baldauf et al., which discusses various approaches used in
existing systems and presents a design framework [2]. This
method obviously requires application knowledge, so that is
where it has to be implemented.
Even if context is not used explicitly, it will aﬀect the
user’s brain activity. It may cause non-stationarity in the
signals, which may need to addressed to maintain a good
performance [31]. Context could also improve BCI performance, for example, if the situation is more motivating [15].
And perhaps the diﬀerence in brain activity can be used as
a source of context information by itself.

4. TRANSFORMING CLASSIFICATION
The unsteady feature translation (classiﬁcation, regression)
results can also be transformed by themselves, to increase
the certainty of correct detection, and make the characteristics of control better match the expectations of the user
given the application. Although the methods below can be
adjusted to ‘hard’ class labels – by giving them a ‘soft’ probability level of 100% – having access to actual probability
information yields more accurate results. Most methods are
also applicable to continuous output, for example produced
by regression models, such as for the workload or stress level
of the user.

4.1 Accumulating Evidence
A common method to increase BCI detection accuracy is averaging over multiple classiﬁcations4 . In Bacteria Hunt, over
half of the classiﬁcations needs to return true, to eat the target [20]. Averaging smooths the classiﬁcation results, making it less sensitive to noise. The moving average algorithm
multiplies the most recent classiﬁcations with a smoothing
vector, which determines the amount to which newer and
older samples contribute to the ﬁnal result. In αWoW, this
simple technique reduces the eﬀect of outliers and provides
more smooth interaction [38]. Smoothing will slow down the
interaction. To reduce this eﬀect, one can use exponential
smoothing [11, 26], or IIR ﬁlters that have a quick response.
This method can be implemented in either the control interface or the application, in which case the control interface is
the preferred place for this function.
Similar to BCIs, eye movement data is jittery, noisy, and
uncertain. Besides, it is very diﬃcult to distinguish intent
from ‘normal activity’. Jacob has proposed a solution to
this so-called Midas touch problem by introducing a dwell
time: looking at a target for a certain time to select it [13].
In the case of BCIs, the user has to stay in a certain value
range for the given duration, to trigger a speciﬁc command.
This method has been used to select a target with a BCIcontrolled cursor [6], to conﬁrm actions in BCI-controlled
videogames [34, 38], and to improve classiﬁcation results in
general [36]. From eye movement-based control it is known
that the exact duration of dwell time is critical to the ﬂow
of the interaction[13]. For brain-computer interaction, the
optimal duration is likely to be diﬀerent and also dependent
on the mental tasks used for control. Like most methods
mentioned in this paper, dwelling will increase the time to
give the command. If application knowledge is required –
for example, to know whether the user is hovering over a
target – the appropriate place to implement this method is
the application.

4.2 Refractory Period
Refractory periods suppress the BCI for a while after a command has been triggered, to reduce the number of false positives [36]. In video games, this is referred to as ‘cooldown’.
Pfurtscheller et al. used it to prevent a device, that enabled
a paralyzed patient to grasp a cylinder with his hand, from
switching grasping states too quickly [28]. As Bashashati et
al. rightly observe: “As the debounce period is increased,
the false activation rate is decreased for a given true positive rate. However, with increasing this time period, the reactivation time of the BCI system is impacted. The trade-oﬀ
is clear and one needs to consider this for a given application” [3]. This method needs to know when an action has
been triggered as a result of the control signal. It could be
implemented in the control interface, but as it is the application that decides what the actual system response is to
the input, that might be a better location.

4.3 Class Balancing and Normalization
When the output is biased towards one class, this can occur for a variety of reasons, such as changes in the mental
state of the user [4, 31]. Although most solutions to this are
4

This assumes the classiﬁcations are to some degree independent of each other; otherwise accumulating more predictions does not add new knowledge. This independence is,
for example, aﬀected by the overlap of sliding windows.

applied before classiﬁcation, it can also be addressed afterwards, by applying normalization methods that balance the
output. Adaptive z-score normalization automatically adjusts the system to the user in αWoW. It balances the output with respect to its mean and standard deviation, which
avoids a bias towards a speciﬁc mental state, and ensures
that the user does not get stuck [38].
There is an interesting side eﬀect of adaptive z-score normalization. If the running history contains many samples,
as expected, the result is similar to the input, except for
the scale (assuming a normal distribution). If the running
history is relatively short, however, the transform becomes
highly sensitive to changes in the control signal.
A possible danger of class balancing is over-accommodation.
The actual class ratios should be investigated in practice.
Also, when balancing is done too aggressively, it can make
it very diﬃcult for the user to generate brain activity that
is extreme enough to trigger the intended action.
This method is best implemented in the control interface.
This is functionally the most suitable place, and no semantic
knowledge is required.

5. HOW TO CHOOSE
Which method is most suitable in a speciﬁc situation mainly
depends on two things: (1) Location: what information you
can access, and which modules you can modify; and (2) Effects: how to better meet the functional requirements of the
application, as well as the user expectations. Table 1 gives
an overview the diﬀerent methods, where to apply them,
and how they aﬀect the control signal.

5.1 Location
As we have shown, there are two places to implement these
methods after classiﬁcation or regression: the control interface, and the application. The control interface provides
discrete, hard class labels, or continuous values, being soft
classiﬁcation predictions or regression values. It can also
maintain a history of these logical control inputs, and the
semantic control outputs it has generated. The application
has knowledge of its own state, and the semantic control inputs it has received. As both modules have knowledge of the
semantic control signal, some methods can be implemented
in either. In such a case it is often preferable to put the
function in the control interface. Another reason to decide
on a particular module is if the other module is simply not
modiﬁable.

5.2 Effects
Each method has a number of eﬀects, and side eﬀects. When
applying these methods in order to improve the level of control over the input, one has to take into account the requirements of the application and the expectations of the user.

Bitrates.
Common sacriﬁces to gain detection accuracy are response
time (as the time from action to detection is increased) and
bandwidth (as the total time for each detection is increased),
both aspects of speed. Similarly, methods that increase robustness inherently decrease sensitivity. To obtain the high-

Method

Location

Eﬀects

Multimodal fusion
(Language) model
Snapping
Hysteresis
Macros
Context-dependent response

CI, App
CI, App
App
CI, App
CI, App
App

Higher
Higher
Higher
Higher
Higher
Higher

Smoothing, averaging, dwell time
Refractory period
Normalization, balancing

CI, App
App, CI
CI, App

Lower sensitivity; longer response time
Lower FP, but possibly also less TP
Decreased bias; generalizability over users; adjusted sensitivity

accuracy, if the other inputs provide new, useful information
accuracy, if good model
eﬃciency; lower sensitivity
eﬃciency; lower sensitivity
eﬃciency; more restrictive
accuracy if that one input is well-recognized

Table 1: Post-processing method comparison. Location: CI = control interface, App = application. Preferred
location listed ﬁrst. FP = false positives (false alarms). Lower sensitivity (also lower FP) implies a debouncing
eﬀect and an increase in robustness.
est bitrate5 [16], the trade-oﬀ between accuracy and time
per detection needs to be optimized.
Related to bandwidth is the cost of diﬀerent types of errors. In a ﬁrst person shooter, if ammunition is abundant,
it is best to shoot as often as possible, increasing the chance
of hitting the target. False negatives, not shooting when the
user tries to, are unwanted. On the other hand, if ammunition is scarce, it is costly to waste bullets, so it is better not
to shoot. False positives, shooting when the user does not
want to, are undesirable. Thus it is not only the recognition
of the BCI that aﬀects the throughput of information. The
application also determines how costly it is to make an error
and how easy it is to correct one. This provides another
angle for improvement. This is also an important consideration in the case of passive interaction. If the system aﬀects
the background music, the cost is at worst some annoyance
by the user. If the system adjusts the user interface (e.g.
to the user’s workload), it has to be carefully designed, as
errors in detection may directly aﬀect the usability.
Besides the fact that it can be better (or worse) to do
nothing than to do the wrong thing, the user will not always
be providing actionable input. Adding an idle state, and
rejecting classiﬁcations with too low conﬁdence levels, may
help in increasing the bandwidth and having the interaction
better match user expectations [18, 32].

Expectations.
The acceptance of BCI technology does not only depend on
its functional properties, but also on how well it matches user
expectations. As Jacob mentions “[The human-computer
dialogue] should correspond to what the user thinks he or
she is doing, rather than what his eye muscles are actually
doing” [13]. This is also applicable to brain activity-based
interaction. These expectations are highly dependent on the
application. When controlling a race car in a racing game,
the user will expect fast response times and high accuracies.
The situation changes when the input is used to control a
hamster. Perfect control may even be unwanted, as it is
more interesting if the animal appears to have a will of its
own [39]. To address the speed and accuracy issues of BCIs,
perhaps controlling a snail is best.
To evaluate how well a particular BCI system as a whole

5
Bitrate is also referred to as information transfer rate. For
BCIs this is generally expressed in bits per minute.

meets expectations6 , the SUXES method is very suitable
[37]; particularly the adjusted version for BCI by Gürkök et
al. [9]. This method consists of two questionnaires, which
contain both pragmatic (such as speed and accuracy) and
hedonic items (such as naturalness and enjoyability). Each
item is rated on a 7-point scale with opposite word pairs at
each end (slow – fast). After an introduction to the application, the user indicates a zone of expectations in the ﬁrst
questionnaire. After using the application, the user marks
the actual experience in second questionnaire. This makes
it easy to compare experiences and expectations.

6. CONCLUSIONS
In a thorough survey of BCI signal processing algorithms of
over 200 papers, Bashashati et al. observe that “30 BCI
designs ... use post-processing algorithms to reduce the
amount of error in the output of the BCI system” [3]. This
means that, in 2007, for more than 85% of BCI systems,
there could still a lot be gained in terms of performance.
Although the numbers will have improved somewhat since
then, this post-processing is still an under-discussed topic in
the ﬁeld, and deserves more attention.
We described a collection of methods that can be used to
improve BCI recognition and sense of control. The methods
described above are simple and easy to implement, but it is
important to apply them in the right way. Detection accuracy is important, but often there are trade-oﬀs to consider.
The application provides another angle to improve the interaction, as its design aﬀects the cost of errors, functional
requirements on the interaction, and the user expectations.
Future research should investigate the eﬀectiveness of the
methods in their context of use, as well as the optimal settings for these methods to obtain the right balance between
functionality and meeting the user’s expectations for maximum acceptance.
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However, as Steve Jobs warned us: “People don’t know
what they want, until you show it to them” [21].
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