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tWe present a systemati
 and straightforward approa
h to the prob-lem of single-trial 
lassi�
ation of event-related potentials (ERP) in EEG.Instead of using a generi
 
lassi�er o�-the-shelf, like a neural network orsupport ve
tor ma
hine, our 
lassi�er design is guided by prior knowledgeabout the problem and statisti
al properties found in the data. In par-ti
ular, we exploit the well-known fa
t that event-related drifts in EEGpotentials, albeit hard to dete
t in a single trial, 
an well be observed ifaveraged over a suÆ
iently large number of trials. We propose to use theaverage signal and its varian
e as a generative model for ea
h event 
lassand use Bayes' de
ision rule for the 
lassi�
ation of new, unlabeled data.The method is su

essfully applied to a data set from the NIPS*2001Brain-Computer Interfa
e post-workshop 
ompetition. Our result turnsout to be 
ompetitive with the best result of the 
ompetition.1 Introdu
tionThe analysis of EEG (ele
tro-en
ephalogram) is one of the most 
hallengingproblems in signal pro
essing and ma
hine learning resear
h. A parti
ularlydiÆ
ult task is the analysis of event-related potentials (ERP) from individualevents (`single-trial'), whi
h re
ently gained in
reasing attention for buildingbrain-
omputer interfa
es. The problem is in the high inter-trial variability ofthe EEG signal, where the interesting quantity, e.g. a slow shift of the 
orti-
al potential, is largely hidden in the `ba
kground' a
tivity and only be
omesevident by averaging over a large number of trials.Birbaumer et al. investigate slow 
orti
al potentials (SCP) and how they
an be self-regulated in a feedba
k s
enario. In their thought translation devi
e�A preliminary version of this arti
le appeared in the Pro
eedings of the InternationalConferen
e on Arti�
ial Neural Networks (ICANN), August 2002.1



(Birbaumer et al. [1999℄), patients learn to produ
e 
orti
al negativity or pos-itivity at a 
entral s
alp lo
ation at will, whi
h is fed ba
k to the user. Aftersome training, patients are able to transmit binary de
isions in a 4 se
 period-i
ity with a

ura
y levels up to 85% and therewith 
ontrol a language supportprogram or an Internet browser.Pfurts
heller et al. built a BCI system based on event-related (de-)syn
hro-nization (ERD/ERS), typi
ally of the � and 
entral � rhythm, whi
h are ele
-tri
al os
illations originating from the motor areas of the brain in the 8{13 Hzresp. 15{30 Hz frequen
y range. It is used for on-line 
lassi�
ation of imagina-tions or preparations of, for example, left/right index �nger, feet, and tonguemovement. Typi
al pre-pro
essing te
hniques use adaptive autoregressive pa-rameters, 
ommon spatial patterns (after band-pass �ltering) and band power insubje
t-spe
i�
 frequen
y bands. Classi�
ation is done by Fisher dis
riminantanalysis or multi-layer neural networks. In 
lassi�
ation of exogenous movementpreparations, rates of 98%, 96% and 75% (for three subje
ts, respe
tively) areobtained before movement onset1 in a 3-
lasses task and trials of 8 se
 (Peterset al. [2001℄). Only sele
ted, artifa
t free trials (less than 40%) were used. Atetraplegi
 patient (i.e. paralyzed in all limbs resulting from injury to the spinal
ord) 
ontrols his hand orthosis using the Graz BCI system.Wolpaw et al. study EEG-based 
ursor 
ontrol (Wolpaw et al. [2000℄), trans-lating the power in subje
t-spe
i�
 frequen
y bands, or autoregressive param-eters, from two spatially �ltered s
alp lo
ations over sensorimotor 
ortex intoverti
al 
ursor movement. Users initially gain 
ontrol by various kinds of mo-tor imagery (the setting favors >movement< vs. >no movement< in 
ontrast to>left< vs. >right<), whi
h they report to use less and less as feedba
k training
ontinues. In 
ursor 
ontrol trials of at least 4 se
 duration, trained subje
tsrea
h a

ura
ies of over 90%. Some subje
ts a
quired also 
onsiderable 
ontrolin a two-dimensional set-up.To approa
h the problem of single-trial ERP 
lassi�
ation, we use an EEGdata set from the NIPS*2001 Brain-Computer Interfa
e (BCI) post-workshop
ompetition.2 The data set 
onsists of 516 single trials of pressing a key on a
omputer keyboard with �ngers of either the left or right hand in a self-
hosenorder and timing (`self-pa
ed key typing'). A detailed des
ription of the exper-iment 
an be found in Blankertz et al. [2002℄. For ea
h trial, the measurementsfrom 27 Ag/AgCl ele
trodes are given in the interval from 1620 ms to 120 msbefore the a
tual key press. The sampling rate of the 
hosen data set is 100 Hz,so ea
h trial 
onsists of a sequen
e of N = 151 data points. The task is topredi
t if the up
oming key press is from the left or right hand, given only therespe
tive EEG sequen
e. A total of 416 trials are labeled (219 `left' events, 194`right' events, and 3 reje
ted trials due to artifa
ts) and 
an be used for buildinga binary 
lassi�er. One hundred trials are unlabeled and make up the evaluationtest set for the 
ompetition. We 
onstru
t our 
lassi�er under the 
onditions ofthe 
ompetition, i.e. without using the test set for building the model, but sin
e1more pre
isely: before the mean EMG onset time. For some trials this is before, for othersafter EMG onset.2publi
ly available at http://newton.bme.
olumbia.edu/
ompetition.htm2



the true test set labels are publi
ly available now, we 
an report the test seterror of our 
lassi�er at the intermediate steps of our model design and �nally
ompare it with the result of the 
ompetition.2 Designing a Bayesian Classi�erAs outlined in Blankertz et al. [2002℄, the experimental set-up used for obtain-ing the 
ompetition dataset aims at dete
ting lateralized slow negative shiftsof 
orti
al potential, known as `Bereits
haftspotential' (BP), whi
h have beenfound to pre
ede the initiation of the movement (Lang et al. [1989℄; Cui et al.[1999℄). These shifts are typi
ally most prominent at the lateral s
alp positionsC3 and C4 of the international 10-20 system, whi
h are lo
ated over the leftand right hemispheri
al primary motor 
ortex.Fig. 1 illustrates this for the given training data set. The left panel in Fig. 1shows the measurements from ea
h of the two 
hannels, C3 and C4, averagedover all trials for left �nger movements, and the right panel depi
ts the respe
tiveaverages for right �nger movements. Respe
tive plots are also shown for 
hannelC2, whi
h is lo
ated next to C4. It 
an be seen that, on the average, a right �ngermovement 
learly 
orresponds to a pre
eding negative shift of the potential overthe left motor 
ortex (C3), and a left �nger movement 
orresponds to a negativeshift of the potential over the right motor 
ortex (C2, C4), whi
h in this 
aseis even more prominent in C2 than in C4 (left panel). The 
rux is that thise�e
t is largely obs
ured in the individual trials due to the large varian
e of thesignal, whi
h makes the 
lassi�
ation of individual trials so diÆ
ult. Therefore,instead of training a generi
 
lassi�er on the individual trials, we propose toexploit the above (prior) knowledge straightaway and use the averages dire
tlyas the underlying model for left and right movements.It 
an be seen from Fig. 1 that the di�eren
e between the average signalsC4 and C3, and likewise between C2 and C3, is de
reasing for left events, butis in
reasing for right events. We 
an therefore merge the relevant informationfrom both hemispheres into only one s
alar signal by using the di�eren
e ofeither C4 and C3 or C2 and C3. In fa
t, it turned out that the best performan
e(in terms of the leave-one-out 
ross-validation error, see below) 
an be a
hievedwhen subtra
ting C3 from the mean of C4 and C2. That is, as a �rst stepof pre-pro
essing/variable sele
tion, we just use the s
alar EEG signal, y =(C2 + C4)=2� C3, for our further analysis.The respe
tive averages, �L(t) and �R(t), of the signal y(t) for all left andright events in the training set, together with the standard deviations at ea
htime step, �L(t) and �R(t), are shown in Fig. 2. A s
atter plot of all the trainingdata points underlies the graphs to illustrate the large varian
e of the data in
omparison to the feature of interest: the drift of the mean.The idea is then to use the left and right averages and the 
orrespondingstandard deviations dire
tly as generative models for the left or right trials.Under the assumption of a Gaussian distribution, the probability of observing yat time t given the left model, ML = (�L; �L), 
an be expressed by the density3



fun
tion p(y(t) jML) = 1p2� �L(t) exp�� (y(t)� �L(t))22�L(t)2 � : (1)The probability density p(y(t) j MR) for the right model 
an be expressed a
-
ordingly. Assuming a Gaussian distribution is indeed justi�ed for this data set:we estimated the density of the data at ea
h time step with a kernel density esti-mator and 
onsistently found a distribution very 
lose to a Gaussian (see Fig. 3).Be
ause of the small sample size, it might then be justi�ed to assume that alsothe joint density of the sequen
e of observations, y = (y(1); : : : ; y(N))T , isGaussian, i.e. for the left events we assumep(y j (�L;�L)) = 1(2�)N=2 j�Lj1=2 exp��12(y � �L)T��1L (y � �L)� ; (2)where �L is the N �N 
ovarian
e matrix. For the right events, we a

ordinglyget p(y j (�R;�R)). In prin
iple, one 
ould use Eq. (2) { with the full 
ovarian
ematrix { as a generative model for 
lassi�
ation. For the 
ompetition data sethowever, there are good reasons not to do that. First of all, the o�-diagonalelements in the 
ovarian
e matri
es estimated from the left and right trainingdata are small in 
omparison to the elements on the diagonal. This suggeststo prefer a simpler model with a diagonal matrix, sin
e the deviation of ea
hestimated matrix from a diagonal matrix 
ould just be due to the small samplesize. Se
ond, we a
tually applied the full 
ovarian
e model to 
lassify the dataand found that it was outperformed by the simpli�ed models (see se
tion 3).Moreover, the model is very sus
eptible to over�t the training data. This is notsurprising, if one 
onsiders the many parameters that are to be estimated in the
ovarian
e matrix.We therefore 
hoose a diagonal matrix for our model. The joint density of yin Eq. (2) 
an then be written as the produ
t of the densities of the individualobservations given in Eq. (1),p(y jML) = NYt=1 p(y(t) jML): (3)Vi
e versa, the probability of the model ML { given y { 
an be expressed byBayes' rule, p(MLjy) = p(yjML) p(ML)p(y) ; (4)where p(y) is the un
onditional probability density of y, 
alled eviden
e, andp(ML) is the un
onditional (prior) probability of ML. We get p(MRjy) a

ord-ingly and then use Bayes' de
ision rule, p(MLjy) > p(MRjy), to de
ide whi
hmodel to 
hoose for a given y. A

ording to Eq. (4), this 
an be written asp(yjML) p(ML) > p(yjMR) p(MR): (5)By applying the negative logarithm we get� log p(yjML)� log p(ML) < � log p(yjMR)� log p(MR) (6)4



and by inserting Eqs. (3) and (1)NXt=1 log�L(t) + NXt=1 (y(t)� �L(t))22�L(t)2 � log p(ML)< NXt=1 log�R(t) + NXt=1 (y(t)� �R(t))22�R(t)2 � log p(MR): (7)We are left with determining the prior probabilities of the models, p(ML) andp(MR). Sin
e there is no a priori preferen
e for left or right �nger movementsin the key typing task, we 
an set p(ML) = p(MR), whi
h 
an
els out therespe
tive terms in Eq. (7). Furthermore, { for the given data set { the standarddeviations for left and right trials, �L(t) and �R(t), are very similar to ea
h other(
f. Fig. 2), i.e. �L(t) � �R(t), and also their variation in time 
an be negle
ted,su
h that we 
an repla
e �L(t) and �R(t) in our model by a single 
onstant�. It turns out that this does not diminish the 
lassi�
ation performan
e. Infa
t, this simpli�
ation a
tually improves the (leave-one-out) performan
e ofour model on the training set. For the 
ompetition data, the de
ision rule 
anthus be written asNXt=1(y(t)� �L(t))2 < NXt=1(y(t)� �R(t))2: (8)The terms on both sides are now simply the squared Eu
lidean distan
es of agiven input sequen
e y to the left and right average signal. The statisti
al prop-erties of the data ultimately allowed us to derive this very simple 
lassi�
ationrule from a rather general Bayesian approa
h.3 Results and ImprovementsThe obtained de
ision rule (Eq. (8)) 
an readily be applied to our sele
tedquantity y from the 
ompetition data set. The result without any further pre-pro
essing of the signal is 19.13% mis
lassi�
ations (errors) on the training set,19.85% leave-one-out (LOO) 
ross-validation error (on the training set), and17% error on the test set. The leave-one-out 
ross-validation error is obtainedby leaving out one sample from the training set, 
omputing the models on theremaining samples, and testing the resulting models on the left-out sample. Thispro
edure is performed for all samples in the training set, su
h that ea
h sampleis held out and tested on
e. The leave-one-out error is then the error over allheld-out samples. It is the LOO error that is to be minimized in order to obtaina good generalization performan
e.To improve the result, we normalized the data of ea
h trial to zero-mean,whi
h improved the errors to 15.74%/17.19%/6% training/LOO/test set error.In parti
ular the test set error is already remarkably small at this point. Sin
e5



this quantity 
an not be used to optimize the 
lassi�er (under 
ompetition 
on-ditions it would not be available at all), we must rely solely on the minimizationof the LOO error, whi
h is still very large.3The normalization of the data to unit-varian
e further enhan
es the LOOperforman
e (15.25%/16.46%/6% training/LOO/test set error). A more sub-stantial improvement 
an easily be understood from Fig. 2. Clearly, the datapoints at the end of the sequen
e have mu
h more dis
riminatory power thanthe points at the beginning. Moreover, we presume that the points at the be-ginning mainly introdu
e undesirable noise into the de
ision rule. We thereforesu

essively redu
ed the length of the sequen
e that enters into the de
ision rulevia a new parameter D,NXt=D(y(t)� �L(t))2 < NXt=D(y(t)� �R(t))2: (9)Fig. 4 shows the 
lassi�
ation results for D = 1; : : : ; N , (N = 151), on thenormalized data. Surprisingly, using only the last 12 data points of the EEGsequen
e yields the best LOO performan
e: the LOO error minimum of 8.96%is at D = 140, whi
h is a 
onsiderable improvement against 16.46% for D = 1.A further, somehow related improvement 
an be a
hieved by ex
luding anumber of data points from the end of the sequen
e when 
omputing the meanfor the zero-mean normalization. This e�e
tively improves the alignment of thesequen
es with a 
ommon (zero) baseline. The normalization is then performedas follows: For ea
h sequen
e, just the partial average �y =PMt=1 y(t)=M , withM < N , is subtra
ted from ea
h element in the sequen
e, whi
h results in pre-pro
essed sequen
es that have a zero mean only with respe
t to the �rstM datapoints. Fig. 5 depi
ts the 
lassi�
ation results forM = 1; : : : ; N , using D = 140and unit-varian
e normalization (still performed with respe
t to all data pointsin ea
h sequen
e). The LOO minimum is 7.99% at M = 125. We found thatthis is indeed the optimal LOO error with respe
t to all possible 
ombinationsof M and D. At this optimum, we obtain a test set error of 5%. Fig. 6 showsthe respe
tive distan
es (
f. Eq. (9)) of all trials to the left and right model. Forthe majority of trials there is a 
lear di�eren
e between the distan
e to the leftand the distan
e to the right model. Note that the test set error in Fig. 5 evenrea
hes a minimum of 2% at M = 35. However, this solution 
an not be foundgiven only the training set and must be 
onsidered as a 
uke for this parti
ulartest set.We 
onsidered other types of pre-pro
essing or feature sele
tion, like unit-varian
e normalization with respe
t to a 
ertain window, other 
hoi
es of win-dows for zero-mean normalization, or using the bivariate C3/C4 signal insteadof the di�eren
e signal. However, these variants did not result in better 
lassi�-
ation performan
e. The best leave-one-out result that we 
ould obtain for thefull 
ovarian
e model was 9.93% LOO error with a 
orresponding test set error of3The unusual result that the test set error is just about half as large as the error on thetraining set was 
onsistently found throughout our experiments and is apparently due to alarger fra
tion of easy trials in the test set. 6



8%. The best result that we obtained in our preliminary investigation reportedin Kohlmorgen and Blankertz [2002℄, was by using a model with a diagonal 
o-varian
e matrix. The leave-one-out error was 8.96% and the 
orresponding testset error was between 4 and 5%.4 Summary and Dis
ussionWe presented a generative model approa
h to the problem of single-trial 
las-si�
ation of event-related potentials in EEG. The �nally obtained 
lassi�
ations
heme requires only 2 or 3 EEG 
hannels and the 
lassi�
ation pro
ess is eas-ily interpretable as a 
omparison with the average signal of ea
h 
lass. Theappli
ation to a data set from the NIPS*2001 BCI 
ompetition led to furtherimprovements of the 
lassi�
ation rule, whi
h �nally resulted in 95% 
orre
t 
las-si�
ations on the test set (without using the test set for improving the model).The best result of the 
ompetition was 96% 
orre
t 
lassi�
ations. This is not asigni�
ant di�eren
e to our result, sin
e it means that the di�eren
e is in a singletest trial. However, the method used is very di�erent. The result was a
hievedwith a re
urrent neural network with six fully 
onne
ted neurons. It was trainedwith a pro
edure 
alled dynami
 noise annealing (Sottas and Gerstner [2002℄).Compared to our approa
h, this method is mu
h more 
ompli
ated, but it hasthe advantage that it is not ne
essarily restri
ted to 
lasses with Gaussian dis-tributions. The other parti
ipants of the 
ompetition obtained results between54% and 95% 
orre
t 
lassi�
ations.4In 
ontrast to the approa
h of using a rather generi
 method, like, e.g.,a re
urrent neural network, we demonstrated how prior knowledge about theproblem as well as statisti
al properties of the data 
an be used to design aproblem-spe
i�
 
lassi�er. As a result, we were able to obtain a very simplebut 
ompetitive 
lassi�
ation s
heme. Due to its simpli
ity, it is well suited asa performan
e referen
e for evaluating more sophisti
ated, future approa
hesto the problem of EEG 
lassi�
ation, in parti
ular for building brain-
omputerinterfa
es. Furthermore, we expe
t that our approa
h is also useful for othertime series 
lassi�
ation tasks.A
knowledgements: We thank S. Lemm, P. Laskov, and K.-R. M�uller forfruitful dis
ussions. This work was supported by grant 01IBB02A from theBMBF.
4see http://newton.bme.
olumbia.edu/
ompetitionresults.htm7
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Figure 1: Averaged EEG re
ordings at positions C2, C3, and C4, separately forleft and right �nger movements. The averaging was done over all training settrials of the BCI 
ompetition data set.
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Figure 2: Mean and standard deviation of the di�eren
e signal, y = (C2 +C4)=2 � C3, over a s
atter plot of all data points. Clearly, there is a largevarian
e in 
omparison to the drift of the mean.
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Figure 3: Top: A sequen
e of 16 density fun
tions estimated from the lefttrials y(t) in the training set at individual time steps. At every tenth time step(t = 1; 11; 21; :::; 151), a non-parametri
 kernel density fun
tion (blue lines) isestimated and plotted over a Gaussian estimate (red lines). Obviously, the non-parametri
 estimate is very 
lose to a Gaussian distribution. A qualitativelysimilar result was obtained for the right trials (bottom).11
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e ofthe size M of the zero-mean window (results for D = 140).
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Figure 6: Distan
es (
f. Eq.(9)) from all trials to the �nally 
hosen models forleft and right event-related potentials (D = 140, M = 125). In most 
asesof mis
lassi�
ations both models exhibit a small distan
e to the input, whi
hindi
ates that there is no 
lear drift of the potential in these trials. (left model:magenta, right model: bla
k)
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