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bstract

Machine learning methods are an excellent choice for compensating the high variability in EEG when analyzing single-trial data in real-time.
his paper briefly reviews preprocessing and classification techniques for efficient EEG-based brain–computer interfacing (BCI) and mental state

onitoring applications. More specifically, this paper gives an outline of the Berlin brain–computer interface (BBCI), which can be operated with
inimal subject training. Also, spelling with the novel BBCI-based Hex-o-Spell text entry system, which gains communication speeds of 6–8

etters per minute, is discussed. Finally the results of a real-time arousal monitoring experiment are presented.
 2007 Elsevier B.V. All rights reserved.
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. Introduction

Recently, advances in single-trial EEG-analysis have
chieved the efficient online differentiation of neuroelec-
ric signals. The present contribution distinguishes between
wo main application fields of these analysis techniques: (a)
rain–computer interfacing and (b) online monitoring of brain
tates. This paper reviews both along with the machine learning
nd signal analysis machinery that is necessary for such online
EG processing.

Brain–computer interfaces (BCI) allow for communication
hat is solely based on brain signals, independent from muscles
r peripheral nerves (see Wolpaw et al., 2002; Kübler et al., 2001;
urran and Stokes, 2003; Kübler and Müller, 2007; Dornhege
t al., 2007a; Carmena et al., 2003 for a broader overview and

ackground information). The Berlin brain–computer interface
BBCI) is a non-invasive, EEG-based system whose key features
re (1) the use of motor imagery for control tasks, (2) advanced
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achine learning techniques that automatically extract complex
igh-dimensional features and classify in a robust manner, and
as a consequence – (3) no need for subject training. The latter

haracteristic is considered an important contribution since typ-
cal BCI systems rely on classical conditioning (cf. Elbert et al.,
980; Rockstroh et al., 1984; Birbaumer et al., 2000) and require
xtensive subject training of 50–100 h.1 In contrast, the BBCI
pproach allows to shift the training effort from the user towards
he machine (cf. Section 3). Section 4.1 will demonstrate a BBCI
pplication: the Hex-o-Spell interface for spelling.

Brain–computer interfacing is certainly not the only inter-
sting application when decoding brain activity. General online
onitoring of generic brain states beyond voluntarily altered

rain activity has in the past been under study, e.g. for the detec-
ion of sleep stages, tiredness, arousal, for emotion monitoring

nd for cognitive workload analysis (Kohlmorgen et al., 2007;
aynes and Rees, 2006; Müller et al., 1995). In Section 4.3 the

eal-time monitoring of mental states using EEG are discussed

1 Consider, that many of these approaches deal with individuals with neuro-
ogical diseases which affect the brain. This may even lead to slower learning of
he subjects or unusual difficulties in the classification of the patient’s signals.

mailto:klaus@first.fhg.de
dx.doi.org/10.1016/j.jneumeth.2007.09.022
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more conditions see Dornhege et al., 2004). These two matrices
are simultaneously diagonalized in a way that the eigenvalues of
K.-R. Müller et al. / Journal of Ne

nd the example of monitoring a subject’s arousal to estimate
t’s concentration ability within an industrial problem setting is
riefly outlined.

. Machine learning for BCI

Since brain data is non-stationary, it offers formidable chal-
enges from the viewpoint of a data analyst. It is characterized by
ignificant trial-to-trial and subject-to-subject variability. Often
ignals are high-dimensional with only relatively few samples
vailable for fitting models to the data and finally the signal-to-
oise ratio is highly unfavorable, In fact, it typically is even
ll-defined what signal and, respectively, what noise are (cf.
lankertz et al., 2006c; Dornhege et al., 2007a). Due to this
ariability, machine learning methods have become the tool
f choice for the online analysis of single-trial brain data. In
ontrast, classical neurophysiological analysis methods apply
veraging methods like taking grand averages over trials, sub-
ects and sessions to get rid of various sources of variability. This
pproach investigates the average brain and can answer generic
uestions of neurophysiological interest, but it is rather blind to
he wealth of the dynamics and behavioral variability available
nly to single-trial analysis methods.

Brain–computer interfacing has been pushing single-trial
EG-analysis to an extreme, as the methods applied in this
eld need to be performed in real-time without significant pro-
essing delays (typically less than 40 ms). In the following the
asic machine learning methods for single-trial EEG-analysis
re introduced: feature extraction – here an approach using spa-
ial filters is presented – and classification, which is discussed by
he example of a framework of regularized linear discriminant
nalysis (LDA). Furthermore when analyzing high-dimensional
ata it is not only important to visualize, predict or classify the
ata with low error, but it is essential that the exploratory data
nalysis tools allow to explain the underlying structure in order
o contribute to a better understanding of data. A final paragraph
f this section will address this aspect.

.1. The general machine learning setting

For the training phase of a BCI, k = 1, . . . , N samples xk

re measured, where x is a continuous stream of EEG in the
-dimensional sensor space. The subjects are asked to perform
ndividual but fixed mental task, e.g. motor imagery of their left
nd right hand. This allows to associate the EEG vectors xk with
he respective class labels for these two mental states yk ∈ ± 1.
fter collecting a sufficient number of trials, the machine learn-

ng approach allows to learn the complex unknown mapping f
etween xk and yk by inferring the typical EEG patterns of left
nd right motor imagery tasks of a particular subject. While the-
retically this abstract mapping f could be learned even from raw
EG data (Blankertz et al., 2002), it has proven to be much more

fficient to extract appropriate features from the continuous EEG
ignal using available physiological a priori knowledge. For the
xample of motor imagery tasks, known useful discriminative
eatures are the band-power values localized at motor related

Σ

d

ence Methods  167 (2008) 82–90 83

reas, which can be enhanced in contrast by spatial filtering.2

learly it will depend on the particular paradigmatic setting
hether the resulting features can – in a subsequent step – be best

lassified by linear methods or whether nonlinear kernel-based
earning methods (Müller et al., 2001; Schölkopf and Smola,
002; Vapnik, 1995) are necessary (for a discussion see Müller
t al., 2003).

With the help of modern machine learning methods, the BBCI
ystem needs only between 50 and 150 trials, i.e., between 7 and
0 min (depending on the signal-to-noise ratio of the subject’s
EG) of calibration recordings for constructing a high perfor-
ance BCI (Blankertz et al., 2007a). Note that some subjects

eed no calibration measurement at all, if data from earlier BCI
essions is available (Krauledat et al., 2007). With the BBCI even
CI naive subjects can successfully communicate within the

ame morning. Our approach follows the motto let the machines
earn and has no need for explicit subject training. However,
ote that (as in all other groups worldwide) about one third of
he BCI users do not achieve BCI communication at all.

.2. Spatial filtering with common spatial patterns

A crucial point in the data processing is to extract appropri-
te spatio-temporal filters that can serve as feature extractors
or the subsequent steps. Ideally they optimize the discrim-
nability of the multi-channel brain signals based on some
hosen physiological paradigm, for instance event-related
de-)synchronization (ERD/ERS) effects of the (sensory-) motor
hythms (Pfurtscheller and Lopes da Silva, 1999). The filters
hat have been learned from the training data set are used to
roject the continuous EEG to a lower dimensional informa-
ive subspace. Then the final features are constructed as the log
ariances from those projections.

A very successful method to determine spatio-temporal filters
or a BCI system is the so-called common spatial pattern (CSP)
lgorithm, which has recently been extended and improved
n various directions (Lemm et al., 2005; Dornhege et al., in
007b, 2006; Tomioka et al., 2006, 2007). Note that for sim-
licity only the basic CSP version (Fukumizu, 1996) that was
riginally introduced to BCI by Ramoser et al. (2000) is dis-
ussed. The objective of the CSP technique is to find spatial
lters that maximize the variance of signals of one condition
nd at the same time minimize the variance of signals of another
ondition (see Fig. 1). Since the variance of band-pass filtered
ignals is equal to the band power, CSP filters can be used
o discriminate conditions that are characterized by ERD/ERS
ffects.

Technically CSP filters are constructed as follows. Let Σ1
nd Σ2 be estimates of the covariance matrices of the band-pass
ltered EEG signals under two conditions (for the extension to
1 and Σ2 sum to 1. Practically this can be done by calculating

2 But even if no prior knowledge is available for a new mental task, suitable
iscriminative features can be found by machine learning algorithms.
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ig. 1. Two spatial filters for right hand imagery (R1 and R2) and two filters fo
ide. The variance of the filtered EEG data changes depending on the task cue,

he generalized eigenvectors V :

1V = (Σ1 + Σ2)VD. (1)

Then the diagonal matrix D contains the eigenvalues of
1 and the column vectors of V are the filters of the com-
on spatial patterns. In theory the best contrast is provided

y filters with high eigenvalues (large variance for condition
and small variance for condition 2) and by filters with low

igenvalues (vice versa). In practice it is useful to inspect the
esulting filters visually in order to detect miss-estimates due
o outliers. Further details about the processing methods and
he selection of parameters can be found in Blankertz et al.
2005); Fukunaga (1990); Lemm et al. (2005); Dornhege et al.
2007b).

.3. Classification and explanation by machine learning
echniques

For log band-power features in CSP-filtered channels the
lassification task is feasible very well by linear discriminant
nalysis in our experience. If the dimensionality of the features
s higher, regularization is advisable, see Blankertz et al. (2006c,
002) for an example in the context of BCI. Features that have
ore complex distributions typically require nonlinear methods

Müller et al., 2003, 2001). Here we would like to stress fur-
her aspects of machine learning techniques for the analysis of
ingle-trial EEG.

First of all, the use of state-of-the-art learning machines
nables us to achieve high decision accuracies for BCI (e.g.
lankertz et al., 2002, 2003; Dornhege et al., 2004). When no

ufficient prior knowledge is available for a task, then feature

election techniques are required. Particularly those methods
re attractive that reveal interpretable results (Lal et al., 2004).
ecently, so-called mathematical programming methods like the

inear programming machines (LPMs) (Blankertz et al., 2006c;

d
c
b
f

hand imagery (L1 and L2) result in four CSP-channels are shown on the right
is indicated by the dashed lines.

ennett and Mangasarian, 1992; Vapnik, 1995; Müller et al.,
001) have been proposed which fulfill this condition.

Applied to EEG measurements from a motor imagery
aradigm like the one presented in Section 3.1, the LPM selects
ess than 4% of the feature dimensions. The chosen features
esult in very accurate classification of left vs. right hand
magery signals and generalize well to new data. The outcome
f the algorithm coincides nicely with what is expected from
europhysiology, i.e., high loadings for electrodes close to sen-
orimotor cortices in the left and right hemisphere with a strong
ocus at 12 Hz, i.e., the frequency range of the sensorimotor
-rhythm, cf. Fig. 2. Note that the feature selection is an inte-
rative part of the learning process and is automatically adapted
o a subject, electrode placement, etc.

For the above paradigm a clear physiological expectation
xists and the mathematical programming method could match
erfectly with this expectation. More interesting and realistic is
n exploratory scenario, where a new paradigm is tested that
ossibly generates unexpected neurophysiological signatures.
he learning machine could automatically generate a hypothe-
is about the underlying task-relevant brain processes. This can
erve to adapt and explore the experimental paradigm, such that
n principle a better understanding of the brain processes can
e inferred. In this sense a machine learning method can offer
xplanation, which is of great use in the exploration loop for
esting new paradigms.

. BCI control based on movement imagery without
ubject training

So far the BBCI has mainly studied two paradigms: (a) the

iscriminability of pre-movement potentials in self-paced exe-
uted movements (Blankertz et al., 2003, 2006a,c), where it can
e shown that high information transfer rates can be obtained
rom single-trial classification of fast-paced motor commands
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To compare the results of the different feedback scenarios, the
information transfer rate (ITR, Wolpaw et al., 2002) measured
in bits per minute (bpm) is used (cf. Table 1). The BBCI can be

Table 1
The first two columns compare the accuracy as calculated by cross-validation on
the calibration data with the accuracy obtained online in the feedback application
RCC (see text)

Subject no. Acc (%) PCC RCC Basket

Cal. Fb. ∅ Peak ∅ Peak ∅ Peak

1 95.4 80.5 7.1 15.1 5.9 11.0 2.6 5.5
3 98.0 98.0 12.7 20.3 24.4 35.4 9.6 16.1
4 78.2 88.5 8.9 15.5 17.4 37.1 6.6 9.7
5 78.1 90.5 7.9 13.1 9.0 24.5 6.0 8.8
6 97.6 95.0 13.4 21.1 22.6 31.5 16.4 35.0
∅ 89.5 90.5 10.0 17.0 15.9 27.9 8.2 15.0

Columns three to eight report the information transfer rates (ITR) measured in
bits per minute obtained in all three feedback applications PCC, RCC and basket.

F
r
l
u

K.-R. Müller et al. / Journal of Ne

nd (b) motor imagery (Blankertz et al., 2007a). Both paradigms
o not require subject training. Due to space limitations only the
esults of the second paradigm are reviewed.

.1. Experimental setup

Six subjects who all had no or very little experience with BCI
eedback took part in this BCI study. To capture brain signals
elated with motor imagery tasks, EEG was recorded from 118
lectrodes mounted on the scalp. To investigate the influence
rom non-central nervous system activity, electrooculogram
EOG) and electromyogram (EMG) signals were additionally
ecorded but not used to generate the feedback signal.

In the cued calibration measurement the subjects performed
otor imagery tasks of the left hand, the right hand or the right

oot. The imagery was sustained after a cue, and cues appeared
t intervals of 6–7 s. The subjects did not receive any feedback.
fter analyis, those two of the three conditions whose signals

llowed for the best discrimination were used subsequently used
n the three two-class feedback applications described below.
ote that the whole experiment which comprises a calibration

ecording plus all feedback applications was done within one
orning.
In the first feedback application (position controlled cursor,

CC), the output of the classifier was directly translated to the
orizontal position of a cursor. There were two fields on the left
esp. right edge of the screen, one of which was highlighted as
target at the beginning of each trial. The cursor started in a

eactivated mode (in which it could move into but not activate
he target field) and became activated after the user has held the
ursor in a central position for 500 ms. The trial ended when
he activated cursor touched one of the two fields. That field was
hen colored green or red, depending on whether it had been the

arget field that was hit or not. The cursor was then deactivated
nd the next target was highlighted.

The second feedback application (rate controlled cursor,
CC) was very similar, but the control of the cursor was rel-

F
r
r
B
d

ig. 2. This figure shows the absolute weight vector (displayed as a channel × frequ
ight hand motor imagery. The bar on the bottom shows the sum across all channels
ies on the �-band (here 11–14 Hz). The bar on the right side of the matrix shows the
pper right plot. Note that less than 4% of the features were assigned non-zero weigh
ence Methods  167 (2008) 82–90 85

tive to the actual position, i.e., at each update step a fraction
f the classifier output was added to the current cursor position.
ach trial started by setting the cursor to the middle of the screen
nd releasing it after 750 ms.

The third feedback application (basket game) is similar to
pplications in McFarland et al. (2003) and Krausz et al. (2003)
nd was operated in a synchronous BCI mode. A ball was falling
own from the top of the screen at constant speed. Its horizontal
osition was controlled by the classifier output. At the bottom of
he screen there were three horizontally aligned possible target
elds. The outer ones had half the width of the middle field to
ccount for the fact that outer positions are easier to hit.

.2. Results
or each application the first of the two columns reports the average ITR of all
uns (of 25 trials each), while the second column reports the peak ITR of all
uns. Subject 2 is not reported in this table as he or she did not achieve sufficient
CI control to run the feedback applications (64.6% accuracy in the calibration
ata).

ency matrix) of a sparse LPM classifier. It was trained to discriminate left vs.
and is displayed also in the lower right plot. The focus in the frequency range
sum across all frequency bands and is displayed as a scalp topography in the

ts.
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perated at a high decision speed. For the five out of six subjects
hat showed discriminable brain signals during the calibration
ecording, this high speed was enforced by using a setting where
he subjects were competing to be the winner in one discipline.
n the position control the average trial length was 3 s, in rate
ontrol 2.5 s. In the basket feedback the trial length is constant
synchronous protocol) but was individually selected for each
ubject, ranging from 2.1 s to 3 s. The fastest subject was no.
which performed at an average speed of one decision every

.7 s. The most reliable performance was achieved by subject 3:
nly 2% of the total 200 trials in the rate controlled cursor were
isclassified at an average speed of one decision per 2.1 s.
Although EOG artifacts and a small amount of concurrent

MG activity were present in some trials of motor imagery, they
ere found to have no influence on the classification accuracy.
or details see Blankertz et al. (2007a).

. Applications of BBCI

The machine learning tools that have been developed for the
BCI system enable us to analyze EEG signals in real-time and
n a single-trial basis. As a prerequisite the algorithms gen-
rally have to be calibrated based on examples of the specific
rain patterns of an individual. In the following, two applica-
ions of single-trial analysis are presented. First, Hex-o-Spell,

text entry system for communicating, which is a classical
CI feedback application. Second, the online monitoring of
rousal that reflects the concentration ability of subjects. In the
econd application, the BBCI provides additional information
bout the user, that would not be accessible in real-time oth-
rwise. This additional information could in principal serve to
mprove human-computer interfaces (HMI): the characteristics
f the HMI can adapt to the user based on the results of the
onitoring estimate (Krepki et al., 2007).

.1. Text entry with the BBCI: Hex-o-Spell
The challenge in designing a mental text entry system is to
ap a small number of BCI control states (typically two) to
much high number of symbols (26 letters plus punctuation

r
t
b
m

ig. 3. The mental text entry system Hex-o-Spell. The two states classified by the BB
f the central green arrow (see also text). All letters and a number of meta symbols c
range bar is between the thresholds. In this case the arrow maintains its direction an
cience Methods 167 (2008) 82–90

arks, blanks and erase) while accounting for the low signal-to-
oise ratio in the control signal. The fluid interaction in the BBCI
ystem was enabled by applying a combination of probabilistic
ata and dynamic systems theory and is based on work on mobile
nterfaces (Williamson and Murray-Smith, 2005). For details see
lankertz et al. (2007b).

The initial configuration of the visual user interface is shown
n the leftmost plot in Fig. 3. Six hexagonal fields surround a
ircle and in each of them five symbols are arranged. An arrow
n the center of the circle allows for the selection of a neigh-
oring field of symbols (in a first step) or a neighboring symbol
in a second step). By imagining a right hand movement the
rrow turns clockwise. An imagined left hand movement stops
he rotation and the arrow starts extending. If this imagination
ersists, the arrow touches the neighboring hexagon and thereby
elects it. Then all other hexagons are cleared and the five sym-
ols of the selected hexagon are moved to individual hexagons
s shown in the rightmost screenshot in Fig. 3. For the following
econd step the arrow is reset to its minimal length while main-
aining its last direction. Now the same procedure (rotation and
xtension) is repeated to finally select a symbol. Note that there
re only 5 symbols to choose from in the second step as shown in
he rightmost screenshot in Fig. 3. Choosing the empty hexagon

akes the application return to the first step without selecting a
ymbol. This transition allows to revoke the last choice. Misspelt
haracters can be erased by selecting the backspace symbol. The
urning speed and the growing speed of the arrow are parameters
hat can be adapted to the user.

Hex-o-Spell incorporates a language model that determines
he probability for all symbols conditioned on the letters written
o far. Thus, more probable symbols can be reached faster. How-
ver, the grouping of the symbols to the six hexagons is fixed (e.g.
etters ‘A’–‘E’ are always in the topmost hexagon, see Fig. 3) in
rder to avoid confusion of the user. Only the arrangement of
he symbols within one hexagon is controlled by the language

odel. Therefore, the symbol probability is matched with the

ank of the symbol position which reflects how easy that posi-
ion can be reached. The symbol that is in forward direction can
e reached most easily, since in this case the user can simply
aintain the ‘go straight’ command. To reach the position next

CI system (bar on the right in each screenshot) control the turning and growing
an be chosen in a two step procedure. If the classifier output is undecided the
d its length diminishes continuously to a minimum.
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o it, switching to the turning state and a clockwise turn of 60◦ is
equired, cf. Fig. 3. In general, after one symbol has been selected
he arrow will be set to point to the hexagon which according to
he language model contains the most probable next letter.

.2. Results

On 2 days in the course of the CeBIT fair 2006 in Hannover,
ermany, live demonstrations were given with two subjects that

imultaneously used the BBCI system. These demonstrations
urned out to be BBCI robustness tests par excellence. All over
he fair pavilion, noise sources of different kinds (electric, acous-
ic, . . .) were potentially jeopardizing the performance. Low air
umidity affected the EEG electrode gel, last but not least, the
ubjects were under psychological pressure to perform well, for
nstance in front of several running TV cameras or in the pres-
nce of the German minister of research. The preparation of the
xperiments started at 9:15 a.m. and the live performance began
t 11 a.m. The two subjects played a simple computer game
rain-Pong against each other or wrote messages with Hex-o-
pell. Except for a few very short breaks and one longer lunch
reak, the subjects continued until 5 p.m. without any degrada-
ion of the classification performance over time. This stability
as demonstrated by an impressive typing speed of between
.3 and 5 char/min for one subject and between 4.6 and 7.6
har/min for the other subject. The speed was measured only
or error-free, completed phrases, i.e., all typing errors had to be
orrected by using the backspace command.

For a BCI-driven text entry system that did not operate on
voked potentials these numbers are a world class spelling speed,
specially when the difficult environment is taken into control.
ote that the the subjects had used the BBCI text entry interface
nly twice before the demonstration.

.3. Mental state monitoring of users

When aiming to optimize the design of user interfaces or the
ork flow of manufacturing environments, the mental state of
user during the execution of a task can provide interesting

nformation. Examples of these mental states are the levels of
rousal, fatigue or workload. However, questionnaires are of lim-
ted use for precisely assessing this information as the delivered
nswers are often distorted by subjectiveness. Questionnaires
annot determine the quantities of interest in real-time (during
he execution of the task) but only in retrospective. Even the

onitoring of eye blinks or eye movements only allows for an
ndirect access to the user’s mental state. In contrast to this, the

onitoring of a user’s errors is a more direct measure but detects
ritical changes of the user state post hoc only.

We propose to evaluate the use of electroencephalogram
EEG) signals for arousal monitoring. The experimental setting
imulates a security surveillance system where the sustained
oncentration ability of the user is crucial. For the data analysis

ethods developed in the context of Brain–computer interfaces

re applied. With this approach the signals of interest can be
solated and in principal also evaluated in real-time and on a
ingle-trial basis.

i

w
l

ence Methods  167 (2008) 82–90 87

.4. Experimental setup for arousal monitoring

For this pilot study a subject was seated approx. 1 m in front
f a computer screen that displayed different stimuli in a forced
hoice setting. It was asked to respond quickly to stimuli by
ressing keys of a keyboard with either the left or right index
nger; recording was done with a 128 channel EEG at 100 Hz.
he subject had to rate several hundred X-ray images of lug-
age objects as either dangerous or harmless by a key press
fter each presentation. The experiment was designed as an
ddball paradigm where the number of the harmless objects
as much larger than that of the dangerous objects. The terms

tandard and deviant will subsequently be used for the two con-
itions. One trial was usually performed within 0.5 s after the
ue presentation.

The subject was asked to perform 10 blocks of 200 trials each.
ue to the mono-tonous nature of the task and the long duration
f the experiment, the subject was expected to show a fading
evel of arousal which results in worse concentration and the
eneration of more and more erroneous decisions during later
locks.

For the off-line analysis of the collected EEG signals, the
ollowing steps were applied. After exclusion of channels with
ad impedances a spatial Laplace filter was applied and the band
ower features from 8 to 13 Hz were computed on 2 s windows.
he resulting band power values of all channels were concate-
ated into a final vector. As the subject’s correct and erroneous
ecisions were known, a supervised LDA classifier was trained
n the data. The classification error of this procedure was esti-
ated by a cross-validation scheme that left out a whole block

f 200 trials during each fold for testing. As the number of folds
as determined by the number of experimental blocks it varied

lightly from subject to subject.

.5. Results

The erroneous decisions taken by a subject were recorded
nd smoothed in order to form a measure for the arousal. This
easure is further referred to as error index and reflects the abil-

ty of the subject to concentrate and fulfill the security task. To
nhance the contrast of the discrimination analysis, two thresh-
lds were introduced for the error index and set after visual
nspection. Extreme trials outside these thresholds defined two
ets of trials with a rather high rsp. a low value. The EEG data
f the trials were labeled as sufficiently concentrated or insuf-
ciently concentrated depending on these thresholds for later
nalysis. Fig. 4 shows the error index. The subject did perform
early error-free during the first blocks but then showed increas-
ng errors beginning with block 4. However, as the blocks were
eparated by short breaks, the subject could regain arousal at
he beginning of each new block at least for a small number of
rials. The trials of high and low error index formed the train-
ng data for teaching a classifier to discriminate mental states of

nsufficient arousal based on single-trial EEG data.

A so-called concentration insufficiency index (CII) of a block
as generated by an LDA classifier that had been trained off-

ine on the labeled training data of the remaining blocks. The
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Fig. 4. Left plot: Comparison of the concentration insufficiency index (CII, dotted curve) and the error index for subject 1. The error index (the true performed errors
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moothed over time) reflects the inverse of the arousal of the subject. Right p
erformance for subject 1 for different time shifts. Highest correlation is around
ith the error even before the error appears.

lassifier output (CII) of each trial is plotted in Fig. 4 together
ith the corresponding error index. It can be observed that the

alculated CII mirrors the error index for most blocks. More
recisely the CII mimics the error increase inside each block and
n blocks 3 and 4 it can anticipate the increase of later blocks.
or those later blocks the CII reveals that the subject could not
ecover its full arousal during the breaks. Instead it shows a
hort-time arousal for the time immediately after a break, but
he CII accumulates over time.

The correlation coefficient of both time series with varying
emporal delay is shown in the right plot in Fig. 4. The CII
nferred by the classifier and the errors that the subject had actu-
lly produced correlate strongly. Furthermore the correlation is
igh even for predictions that are up to 50 trials ahead in the
uture.

.6. Physiological analysis

The trials of subject one are grouped into different CII levels
low/medium/high) as depicted in Fig. 4. To enlarge the contrast

or the following analysis, only the extreme CII levels are further
onsidered. Calculating the EEG spectrum for the groups of
igh and low CII reveals that a main difference between these
roups expresses in the frequency domain. Fig. 5 shows the

a
i
f
p

ig. 5. Left plot: EEG spectra for Laplace-filtered channels and two extreme levels of
lot showing signed r2-values for 8–13 Hz. The plot reveals discriminability at occip
orrelation coefficient between the CII (returned by the classifier) and the true
o time shift as expected. Please remark that the CII has an increased correlation

pectra for a number of EEG channels together with signed r2-
alues for low CII trials against high CII trials. It shows that the
ifference between low and high CII levels is reflected best by
he differences in the 10 Hz range.

Of course it is also of interest which channels have con-
ributed to the class discriminability by means of LDA in the
II detection system. The scalp plot in Fig. 5 shows the map of

igned r2-values for the discrimination of low and high CII trials
see marked trials in Fig. 4) in the �-band. (Left-)occipital chan-
els account strongest for this difference, which nicely reflects
hat changes of �-activity depend on visual processes.

. Concluding discussion

Analyzing EEG signals robustly and in real-time, despite
heir high variability, and the obviously noisy signal characteris-
ics, is a major challenge. Recently modern machine learning and
daptive signal processing techniques have been able to success-
ully contribute to this exciting field. In particular, it has become
ossible to analyze EEG on a single-trial basis for two fields of

pplications: (a) new insights into general mental state monitor-
ng can be gained and (b) brain–computer interfacing becomes
easible without the need for subject training. Our contribution
resents machine learning as a key technology to access these

CII. Gray values code the r2-values for low CII vs. high CII. Right plot: Scalp
ital channels in the �-band.
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ew fields. We would now like to discuss interesting future direc-
ions. Firstly, further gains in the BCI information transfer rate
ill be achieved by combining different physiological features,
y moving from binary to multi-class classification, by adapt-
ng the system to non-stationarity and by including the error
otential cf. Dornhege et al. (2003, 2004); Dornhege (2006);
ugiyama and Müller (2005). Secondly, as we demonstrated
ith the mental text entry application Hex-o-Spell, it can be fore-

een that the incorporation of principles from human–computer
nteraction research into the desing of BCI feedback applica-
ions will boost the usability and the performance of BCIs and
rain state monitoring systems. Thirdly, using BCI technology
s a tool for computational neuroscience or for rehabilitation
ngineering is attractive. Gaming and mental state monitoring
re only the beginning of a wider direct use of information on
rain activity for human–machine interaction. BCI output (in
ddition to the motor output of healthy users) offers a new com-
unication channel for the HMI field that is yet to be explored

Müller and Blankertz, 2006; Krepki et al., 2007). Finally, EEG-
ased neurotechnology must profit from further improvement of
achine learning and signal processing algorithms, but it will

equire a substantial advancement of sensor technology. EEG
aps and amplifiers need to become cheap and easy to use even
y non-trained individuals. To be accepted on the market they
eed to be well designed and gel-free. Once such systems exist,
large number of applications that enhance human–machine

nteraction will emerg—not only for the disabled user, but also
or the healthy.

cknowledgments

We gratefully acknowledge financial support by the
undesministerium für Bildung und Forschung (BMBF),
1IBE01A/B and 01IGQ0414, by the Deutsche Forschungsge-
einschaft (DFG), FOR 375/B1, and by the IST Programme

f the European Community, under the PASCAL Network of
xcellence, IST-2002-506778.

The authors would like to thank their co-authors for granting
he use of materials published in Blankertz et al. (2006b).

eferences

ennett K, Mangasarian O. Robust linear programming discrimination of two
linearly inseparable sets. Optim Methods Software 1992;1:23–34.

irbaumer N, Kübler A, Ghanayim N, Hinterberger T, Perelmouter J, Kaiser.
The though translation device (TTD) for completly paralyzed patients. IEEE
Trans Rehab Eng 2000;8(2):190–3.

lankertz B, Curio G, Müller K-R. Classifying single trial EEG: towards
brain–computer interfacing. In: Diettrich TG, Becker S, Ghahramani Z, edi-
tors. Advances in Neural Inf. Proc. Systems (NIPS 01), vol. 14; 2002. p.
157–64.

lankertz B, Dornhege G, Krauledat M, Müller K-R, Curio G. The non-invasive
Berlin Brain–Computer Interface: fast acquisition of effective performance
in untrained subjects. NeuroImage, 2007;37(2):539–550.

lankertz B, Dornhege G, Krauledat M, Müller K-R, Curio G. The Berlin

brain–computer interface: Report from the feedback sessions. Tech. Rep.
1, Fraunhofer FIRST; 2005.

lankertz B, Dornhege G, Krauledat M, Müller K-R, Kunzmann V, Losch F.
The Berlin brain–computer interface: EEG-based communication without
subject training. IEEE Trans Neural Syst Rehab Eng 2006a;14(2):147–52.

K

ence Methods  167 (2008) 82–90 89

lankertz B, Dornhege G, Krauledat M, Schröder M, Williamson J,
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