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Abstract. In this paper, we report on the feasibility of the Error-
Related Potential (ErrP) integration in a particular type of Brain-
Computer Interface (BCI) called the P300 Mind Speller. With the latter,
the subject can type text only by means of his/her brain activity without
having to rely on speech or muscular activity. Hereto, electroencephalog-
raphy (EEG) signals are recorded from the subject’s scalp. But, as with
any BCI paradigm, decoding mistakes occur, and when they do, an EEG
potential is evoked, known as the Error-Related Potential (ErrP), locked
to the subject’s realization of the mistake. When the BCI would be able
to also detect the ErrP, the last typed character could be automatically
corrected. However, since the P300 Mind Speller is optimized to correctly
operate in the first place, we have much less ErrP’s than responses to
correctly typed characters. In fact, exactly because it is supposed to be
a rare phenomenon, we advocate that ErrP detection can be treated as
a novelty detection problem. We consider in this paper different one-
class classification algorithms based on novelty detection together with
a correction algorithm for the P300 Mind Speller.

1 Introduction

A brain-computer interface (BCI) is a device that records and decodes brain
activity automatically, allowing the subject to interact with the world via com-
puters, robots, actuators, and so on, bypassing the need for speech or muscular
activity. BCIs can significantly improve the quality of life of patients suffer-
ing from amyotrophic lateral sclerosis, stroke, brain/spinal cord injury, cerebral
palsy, muscular dystrophy, etc [1,2]. Brain-computer interfaces are either inva-
sive [3,4,5,6] or noninvasive [2,7,8,9,10,11]. The latter ones based on electroen-
cephalograms (EEG) recorded from the subject’s scalp have recently enjoyed
an increasing visibility since they do not require any surgical procedure, and
can therefore be more easily tested on human subjects. Several noninvasive BCI
paradigms have been described in the literature, but the one we concentrate
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on relies on event-related potentials (ERPs, a stereotyped electrophysiological
response to an internal or external stimulus [12]).

One of the most explored ERP components is the P300. It can be detected
while a subject is shown two types of events with one occurring much less fre-
quently than the other (”rare event”). The rare event elicits an ERP consisting
of an enhanced positive-going signal component with a latency of about 300 ms
after stimulus onset [12]. In order to detect ERPs, single trial recordings are
usually not sufficient, and recordings over several trials need to be averaged: the
recorded signal is a superposition of the activity related to the stimulus and
all other ongoing brain activity together with noise. By averaging, the activity
that is time-locked to a known event (e.g., the onset of the attended stimulus)
is extracted as an ERP, whereas the activity that is not related to the stimulus
onset is expected to be averaged out. The stronger the ERP signal, the fewer
trials are needed, and vice versa. There has been a growing interest in the ERP
detection problem, as witnessed by the increased availability of BCIs that rely
on it. A notorious example is the P300 Mind Speller [9,10], with which subjects
are able to type words on a computer screen.

But, as with any BCI system, mistakes occur, slowing down the typing speed,
since they need to be corrected, for example, by selecting the backspace option
followed by a re-typing of the character the subject had in mind. Thus, such a
procedure requires two additional P300 Mind Speller rounds. To overcome this
problem, two different methods can be considered. In the first case, the subject
is allowed to continue typing, thus, without attempting any corrective action,
after which the mistyped “word” is corrected by matching it to the closest one
(according to some metric) from an adapted dictionary [13]. But this method is
prone to disambiguities (when two or more words from the dictionary have the
same distance to the mistyped one) and, more importantly, it can lead to new
mistakes since it assumes that the number of types characters of the “word”
is correct. Indeed, an error can be made not only in the middle of the word,
but also at the end: when instead of selecting the end of input or the space
symbol, another character becomes selected. In another class of methods, as is
investigated in this paper, one tries to use the Error-Related Potential (ErrP),
which is the ERP evoked when the subject “realizes” the error made by the BCI
system [11,14]. When performing ErrP detection, one could avoid the selection of
a corrective option (such as backspace) by the subject, or one could even impute
the correct character (thus, the one the subject originally had in mind) with the
use of a smart correction algorithm. With the latter, the correction could be done
automatically, without any intervention from the subject. While the concept
looks attractive, there is not much proof of the feasibility of ErrP detection
and its possible gain in P300 speller performance. This is due to the fact that
ErrP detection algorithms also make mistakes, since we need to perform single
trial decoding of the ErrP, thus, with a low signal-to-noise ratio, and that these
mistakes occur not only for incorrectly detected ErrP’s (false positives), which
consequently require corrective actions from the subject (selecting backspace and
re-typing), but also for wrongly classified non-ErrP responses (false negatives),
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which leads to the replacing of a correctly typed character by another. All these
call for tedious corrective actions by the subject. In summary, an acceptable
trade-off need to be found between false negatives and false positives.

Another problem is due to the fact that a properly tuned P300 system should
not have a large amount of mistakes in the first place. Thus, for training an ErrP
detector, we have a large amount of non-ErrP responses, but a small amount of
ErrP responses. This motivated us to consider it as novelty detection algorithm
where the ErrP responses are treated as outliers in a one-class classification
problem.

In this paper, we test different one-class classifiers for ErrP detection on three
subjects and discuss its potential for optimizing the P300 Mind Speller. We
investigate ErrP detection per se in search of a trade-off between false negatives
and false positives to boost the P300 Mind Speller’s performance. In addition,
we also discuss one possible correction procedure that automatically replaces
wrongly typed characters. A possible gain in performance from the latter is also
assessed.

2 Methods

2.1 P300 Mind Speller

We have used (see [2,15] from more details) visual stimulation paradigm based on
a matrix of 6×6 characters (see Fig. 1), where ’ ’ corresponds to space and ’¶’ to
the end of input indicator. Each experiment started with a training stage where
the subject was asked to type 8 characters, so that the corresponding record-
ings could be labeled, followed by a testing phase where the subject could type
anything (s)he has in mind (free spelling mode). During both stages, columns
and rows of the matrix were intensified (see Figure 1) in a random manner. The
duration of the intensification was fixed to 100 ms, followed by 100 ms of no
intensification. Each column and each row flashed only once during one trial,
so each trial consisted of 12 stimulus presentations. For typing one character,
recordings fromm such trials were averaged, to increase the signal-to-noise ratio.

During both the training and testing stages, the subject was asked to count
the number of times the desired character was intensified, which led to P300
responses connected to these events. Thus, each trial includes 2 responses with
P300 components (intensification of a row and column with the desired charac-
ter) and 10 non-P300 responses (locked to the intensification of other rows and
columns). Furthermore, we have a repetition of m such trials for each charac-
ter to be typed. These averaged recordings are used for tuning a classifier to
discriminate between the P300 vs. non-P300 cases given the available labels.
During the test phase, the averaged ERP responses from each row and column
are subjected to the previously trained classifier, and the distances to border
separating the P300 and non-P300 classes in feature space are estimated. After
that, each character on the typing matrix receives a score in terms of the sum of
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Fig. 1. Typing matrix of the P300 Mind Speller. The intensification of the third column
(left panel) and of the second row (right panel) are shown.

the aforementioned distances from the row and column containing this character.
The character with the highest score is communicated as the output of the
classification procedure.

2.2 EEG Experiment and Preprocessing

The EEG recordings were performed with a prototype of a miniature wireless
EEG system developed by imec1 around their ultra-low power 8-channel EEG
amplifier chip [16]. Signals are sampled at a rate fEEG

s = 1000 Hz with a reso-
lution of 12 bits/sample. We have used an electrode cap with large filling holes
and sockets for active Ag/AgCl electrodes (ActiCap, Brain Products). The eight
electrodes were placed primarily on the parietal cortex, namely at positions Fz,
FCz, Cz, CP1, CP2, P3, Pz and P4, according to the international 10–20 system.
The reference and ground electrodes were placed on the left and right mastoids,
respectively.

Three subjects (one male and two females, age range 24–27 years) participated
in the experiment. Each of the subjects participated in 6-7 typing sessions during
which 659, 963 and 758 characters were typed in total. In order to provoke more
errors (and, thus, more ErrP responses) the number of intensifications m during
the test phase was decreased (down to 5, 4 or even 3 intensifications, depending
on how accurately the subjects were typing), leading to a total number of 171
(26%), 114 (12%) and 121 (16%) mistakes, respectively. To avoid a deteriora-
tion of the ErrP signal caused by an overlap with a subsequent P300 ERP, we
introduced a 2 second interval between the presentation of the feedback (i.e.,
showing the character as it is deduced by the P300 Mind Speller) and the start
of the next character. These 2 second segments containing ErrP’s where taken
out from the EEG recordings, after being filtered in the range between 0.5 and
30 Hz with a zero-phase 4th order Butterworth filter and downsampling to 250
Hz. For classification, we considered only Fz, FCz, Cz responses, for which the
ErrP was reported to be more prominent [14].

1 http://www.imec.be

http://www.imec.be
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2.3 One-Class Classification

One-class classification is a particular type of classification, where the training
set mainly consists of examples from one class (targets) and only some or even no
examples from the second class (outliers). In our case, the target class describes
non-ErrP responses, while the outliers are the ErrPs as they are only sparsely
represented in the training set. We consider in this paper one-class classification
algorithms [17] based on three main approaches: density-, boundary-, and re-
construction methods. Density methods (Gaussian model, Mixture of Gaussians,
Parzen density estimator) try to estimate the density function (by adjusting the
parameters of some predefined distributions or by non-parametric methods) of
the training examples. By setting up a threshold on these densities, new data
can be classified into targets and outliers. But the construction of the density
function is a more demanding task than deriving a boundary “around” the tar-
get class. This influenced the appearance of boundary methods, which construct
a “shell“ around the target data but with the additional constraint to arrive at
a minimal volume solution. Here we account for the such boundary methods as
k-centers [18] and k-nearest neighbor [17]. The reconstruction methods make use
of data modeling, where it is assumed that a more compact representation of
the target data can be constructed. Thus, the transformation of the target data
to such a representation and back is expected to have a smaller reconstruction
error for the target examples (since we model them), than for the outliers. As
a consequence, it allows us to discriminate between these two classes. Here, we
consider principal component analysis (PCA) [17] and the auto-encoders neural
network (NN) [19]. An algorithmic implementation of some one-class classifica-
tion methods can be found in [20].

3 Results

For our analysis, we split the recorded data into two parts (training and test
sets), and we intentionally use the first part of the data (according to the date
of appearance in the dataset) for training (25%, 50% or 75% of all data), while
retaining the rest of the data for testing, since we wanted to follow the natural
order of our recording sessions. Since for our one-class classifiers it is desirable to
keep the dimension of feature space low, we considered n (n = 3, 6, 9) features for
classification, where those disjoint features where selected as the best ones, from
the training set, based on the Student t-test. The trained classifiers were applied
to the test data and a ROC (receiver operating characteristic) curve was gen-
erated, showing the performance of classifiers for the different threshold values.
But since our requirements of ErrP detection are different from pure classifica-
tion, we modified the way to present the results. For considering an ErrP decoder
in the context of a P300 Mind Speller, we have to increase the speed of typing
by correcting mistakes with the use of ErrP detection, while we also have to
avoid erroneous ”correction“ of correctly typed symbols (false negatives). Thus,
we have to minimize the ratio of the sum of false negatives and false positives
given all trials (i.e., the 1-accuracy, called here mistake rate). Figure 2 (a,c,e)
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Table 1. Gain in performance (in percent) of P300 Mind Speller after incorporat-
ing ErrP detection (I) and ErrP detection with correction (II), for different one-class
classifiers, subjects, and data splitting strategies

Subject 1 Subject 2 Subject 3
Strategy method 25 % 50% 75% 25 % 50% 75% 25 % 50% 75%

Gaussian 3.005 5.327 12.295 0 1.179 1.415 0.418 0.019 0
Mixture of Gaussians 7.103 12.704 17.213 1.726 2.830 1.415 0.627 0.019 0

Parzen 1.092 2.459 9.836 0.157 0.235 0 0.209 0 0
I k-nearest neighbor 1.092 2.049 8.196 0 0 0 0.209 0 0

k-centers 2.185 7.786 9.836 0.627 0.471 0 0 0 0
PCA 3.278 6.147 11.475 1.569 2.358 4.245 0.224 0.418 0

auto-encoder NN 3.825 3.688 13.114 0.314 0 0 0.627 0 0

Gaussian 3.005 5.327 12.295 0 1.179 1.415 0.418 0.019 0
Mixture of Gaussians 7.103 12.704 17.213 1.726 2.830 1.415 0.627 0.019 0

Parzen 1.092 2.459 9.836 0.157 0.235 0 0.209 0 0
II k-nearest neighbor 1.092 2.049 8.196 0 0 0 0.209 0 0

k-centers 2.185 7.787 9.836 0.628 0.472 0 0 0 0
PCA 3.279 6.147 11.475 1.570 2.358 4.245 0.224 0.418 0

auto-encoder NN 3.825 3.688 13.114 0.314 0 0 0.628 0 0

shows this mistake rate (in percent) for different classifier thresholds (presented
here in terms of the number of possible threshold positions in the ROC curve, so
as to obtain a unified representation of the results of the different classifiers), for
the investigated one-class classification methods, together with the mistake rate
(red horizontal line) in the case of only P300 detection (thus, no ErrP detection).
Here, the best results among all numbers n features considered for each classifier,
as well as the best value for k (for the k-nearest neighbor and k-centers meth-
ods), the best number of Gaussians in the Mixture of Gaussians method, and
the best number of components in the PCA method, all of which were optimized
through cross-validation. Table 1 (I) shows the maximal gain in performance (in
percent with respect to the case where no ErrP detector was incorporated) for
each subject and for all data splitting strategies considered (25%, 50% or 75%
of the recorded data as the training set). But we have to remember that, despite
mistakes are identified, we still need to re-type the character.

To potentially speed up mind typing even more, we can include a correction
algorithm in addition to mistake detection. Here, for example, we can take the
second character in our ranking (see Sec. 2.1) when a mistake is detected. In this
case, the correction will be done automatically, and the typing procedure will
become faster. The results of the described procedure are presented in Fig. 2
(b,d,f) for some subjects and data splittings, while Table 1 (II) represents the
maximal gain in accuracy with such a procedure for all subjects, methods and
data splittings.
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Fig. 2. Mistake rate (in percent) for ErrP detection (a,c,e) and when supplemented
with error correction (b,d,f). Red horizontal line indicates the mistake rate, when no
ErrP detection is applied. The results are shown for subject 3 with 25% of data in the
training set (a,b), subject 2 with 50% of data (c,d) and subject 3 with 75% of data
(e,f).
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4 Discussion and Conclusion

The results show that for two of our three subjects we can benefit from error
correction based on ErrP detection using one-class classification. While for the
second subject the benefit is moderate, the first subject can gain up to 11.6%
when error correction is implemented. The results indicate that, in general, Mix-
ture of Gaussians produce the most best results. While the results look promis-
ing, we should remember that we still have to select the best threshold based on
training data, which could be viewed as a difficult task. Another problem can be
with the feature selection procedure. In this paper, we used a t-test to find the
time points with a good separability between target and outlier classes. But in
real applications we have to be aware that the outlier class could be small, thus,
probably, other feature selection methods considering information only from the
target class could be investigated.

In summary, the results of this work show the benefit of incorporating the ErrP
in the P300 Mind Speller when using classifiers that account for the majority of
the responses to correctly typed characters.
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