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desynchronization (ERD) are very similar during actual movement TABLE |

performance and imagination of respective limb (hand or foot) PROBABILITY OF CORRECT LETTER SELECTION DEPENDENT
movements [12]. In the following sections, four projects are described ON CHANGING CLASSIFICATION ACCURACIES

in some detalil, including the development of: 1) a “virtual keyboard” accuracy

(VK) controlled by oscillatory EEG signals; 2) a BCl-based operation dec/letter 080 090 095 099

of a hand orthosis applied by a tetraplegic patient; 3) performance g 8%2 g‘gg g';f; g‘gg standard VK
of long-term BCI training of a patient by means of telesupport; and 2 041 066 081 096 VKT8
finally, 4) probing the limits of information transfer characterizing the 3 051 073 086 097

application of the Graz-BCI. probability of correct letter

Il. VIRTUAL KEYBOARD CONTROLLED BY EEG

Synchronous BCI systems can be used to operate a spelling dev = EEG vs EMG
or a virtual keyboard. Recently, Birbaumet al. reported [2] on a - | EECG (Mean +2SE)
spelling system utilized by three patients [all affected by amyotrophi '
lateral sclerosis (ALS)] that rests on slow cortical potentials. Two of
the three patients achieved a classification accuracy of 70%—80¢g se| ¢
which enabled them to achieve a spelling rate of approximatel §

|

0.5 letters/min. In contrast to the method applied by Birbauster 100} —4 $ I e
al., we chose oscillatory EEG components as input signals for th — %
BCI and studied the spelling rate in three able-bodied subjects whi EMG l "l
operating a VK [13]. For this reason, the signals from two bipolai & ?

1 2 5 6

EEG channels were separated in subject-specific alpha and beta ba

and subsequently analyzed during the performance of two types of

motor imagery. Each subject used different motor imagery strategi€). 1. Operation times (for seven operations, i.e., opening/closing the

i.e., right versus left hand, right hand versus tongue, and left ha@ighosis) for six consecutive training days comparing EEG and EMG used

versus foot. Two hidden Markov models (HMM), one for each type ég:r inspection. After six days the performance is about the same (about
. . . . . . b operations/min) with EEG and EMG.

motor imagery, were trained by the trials resulting from the training

session. The appropriate classification of the ongoing EEG was then

performed by selection of the class with maximal probability achieveg the VK-T8 directly depend on the amount of entries in the wordlist
by the respective HMM-model [7]. The required spelling procesghich was limited to 145 words in the current experimental setup. A
consisted of the selection of one particular letter out of the Who@nerm problem using of a VK controlled by a BCl is the relation be-
alphabet through successive steps of isolation. The overall structurg@éen the required decisions per letter and the classification accuracy
our VK contains five consecutive levels of selection and two furthggached by the BCI. Some illustrative examples are given in Table I.
levels of confirmation and correction. The subject’s goal was to write Using the standard VK, the theoretical probability of typing the
the phrase “VIRTUAL KEYBOARD.” The three subjects achievegtorrect character is 53% (with six decisions/letter and an accuracy of
spelling rates of 0.85, 1.02, and 0.67 letters/min, respectively. Theggy). Using the VK-T8 (with four decisions/letter) resulted in a value
values correspond approximately to seven decisions per minue.66%. The probability of typing the correct character increases as
Generally, there are several complementary ways to increase the number of decisions per letter decreases or accuracy on the BCI
number of letters spelled per minute: 1) shortening the trial lengficreases. Correspondingly, future work is focused on developing

and, thereby, the time between two imaginations (currently, thigtelligent” VKs by improving the classification accuracy of the BCI
interval lasts for 8 s); 2) expanding the number of movement typg§stem to reach an optimal performance.

to be imagined(rn. > 2); 3) considering the probability rate of the
occurrence of specific letters.

A newly developed VK, called the VK-T8, is based on a dictio-
nary developed for use with cell phones using T9 technology [14]. Theln a pilot project with a tetraplegic patient, a mechanical-hand or-
VK-T8 has eight buttons, six of eight buttons represent four letters, i.&hpsis was controlled by ongoing EEG activity based on a synchronous
the first button refers to “A, B, C, D,” the second to “E, F, G, H.” In con-BCI design and two types of motor imagery (Fig. 1). After a number of
trast, the next to last button represents “Y, Z”, and finally, the last buttdraining sessions with varying types of motor imagery strategies over a
represents only the symbol “.”. Each button is also associated wittpariod of several months, motor imagery of foot movement versus right
specific number, so that each word within the wordlist is numericallyand movement achieved a classification accuracy of close to 100%
coded. Accordingly, the German word “KAUFEN” (“BUY") can also [15].
be expressed by the number code “316 224”. The wordlist is comprisedrhe inspection of the EEG signals revealed that foot motor imagery
of 145 words that are expected to be useful for basic communicati@mduced long trains of 17-Hz beta oscillations focused on the electrode
Ultimately, the VK-T8 system uses four steps to select a letter. To daasition near the vertex (Cz). The assumed underlying processes may
termine the theoretical average spelling rate characterizing the uséefconceptualized as follows: by repetitive imaginations of foot move-
the VK-T8 BCI system, the selection of 40 randomly chosen wordsent, the oscillatory behavior of neuronal networks close to the foot
was simulated under the assumption of 100% correct decisions aafresentation and/or supplementary motor areas, both localized near
based on a trial length of 7.5 s. The resulting theoretical spelling ratethe midcentral electrode position (Cz), is modified and, therefore,
for the BCI-VK-T8 was in average 2.718D = 0.94) letters/min. In a reinforces the generation of activity in the beta band. This concept un-
first study, three subjects were instructed to write five predefined wordsrlines the necessary application of repeated BCl-sessions associated
using the VK-T8 system. The achieved spelling rate varied from 1.06woth feedback to the subject on the one side, and at the same time
4.24 letters/min. However, it should be underlined that the spelling ratesiking use of the plasticity of the brain on the other side [15]. Coming

3 4
Training days

I1l. BCI-B ASED MANIPULATION OF HAND ORTHOSIS
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e Sizrial, parallzl conne ction Fig. 3. “Basket-paradigm.” (a) The subject has to direct the ball to the

indicated goal (“basket”). The trial length varied across the different runs.
(b) ITR for subject C1 in relation to trial length is depicted. The black line
represents the maximum possible ITR for an error-free classificatan..
single runse . . . averages for specific trial lengths).
Fig. 2. Schematic model of the telemonitoring system. At the right, there is
the Monitor PC placed at our lab by which the BClI is controlled. The left side
represents a rough schema of the BCI system (BCI-PC) and a multimedia If&d personal contact with the supervisor. This has increased the number
used for video conferences with patient and caretaker. Double arrow (light gref) patients applying for and under consideration for BCI. In conclu-
symbolizes the connection needed for the video conference. The other do%l?@n we have successfully demonstrated that a BCI used with a tele-
arrow (black) depicts the connection the remote control is based on. L . .
monitoring system offers all the crucial functions needed to perform a
successful BCI training in distance from the laboratory.
to our concrete application, by using mentally-induced 17-Hz oscilla-

tions as a simple brain switch, a hand orthosis was constructed that can V. LIMITS OF INFORMATION TRANSFER STUDIED

operate in an asynchronous mode. After a training period of six days, IN PARAPLEGIC PATIENTS

the patient was able to perform about six opening/closing operationsin . i

1 min (Fig. 1). In this study, two different types of motor imagery (movement of the

right versus left hand and movement of the right hand versus both feet)
were classified by processing the signals of two bipolar EEG-channels.
Over the course of some weeks, four young paraplegic patients learned
BCI training requires continual interaction between the patiet control the BCI device [18]. The challenge was to find a minimal
using the BCI and an expert familiar with the system and can go tnal length enabling a maximum information transfer rate [19]. The
for weeks or even months. A patient’'s BCI training can take pladevo EEG-channels were recorded using gold disk electrodes located
under three conditions: 1) the patient stays at home and a BCI exp&& cm anterior and posterior to electrode positions C3 and C4, respec-
is there to assist him or her during the performance of the Bdvely. For each EEG channel two features were extracted by computing
training; 2) the patient has to be present in the laboratory during ttree natural logarithm of band-power values of the 10—12-Hz alpha band
required training sessions; and, finally, 3) the patient stays at homed the 16—24-Hz beta band. Classification of training data (offline)
and participates in BCI training via a remote control system manageds performed by linear discriminant analysis (LDA). Classifiers, i.e.
from the laboratory (as described beyond). Our telemonitoring syst&idA-weight vectors, were computed and proofed by a<1Q0-cross
includes a remote-control function connecting the patient and his alidation for every 0.5 s of the trials. The best classifiers were then
her caretaker on the one side with the BCI instructor on the other. Thged in online feedback sessions. These feedback-sessions used the
BCl is controlled on-site by direct access to the system, whereby nearcalled basket-paradigm [see Fig. 3(a)]. In this paradigm, the patient
paradigms can be created, adjusted, or simply recompiled. Observiveiiches a black screen that is divided in half vertically by a dotted line.
the flow of paradigms and a parallel projection of the patient on a vid@dere is one red and one green basket at the bottom of the screen. After
monitor provides direct impressions to the supervisor concerniagpause with a fixed length of 1 s, a red “ball” appears at the top of the
important technical and social aspects of training. If new aspedsreen. The red ball moves down the screen with a constant speed. The
emerge in the course of the session, the respective EEG data caspezd of the ball, expressed by the time the ball took to travel from
transferred to the laboratory, be analyzed there, and subsequetity/ top to the bottom of the screen, varied from run to run. The sub-
results can be used to make immediate changes in the ongogect’'s task was to put the downwardly moving ball in the red basket,
running paradigm during the same session. The connection betwe#rich changed sides randomly across trials. The horizontal position of
the systems is performed on the basis of an ISDN telephone lite ball was directly controlled by the BClI-classification output signal.
[16] (Fig. 2). This signal was weighted by offline-calculated gain factors to lead the
The system described previously is currently in use by a completehean deflection for each direction to the middle of the basket. Each run
paralyzed patient (K., aged 32 yrs) who lives in Bad Kreuznach (Gemnsisted of 40 trials and trial length varied from 5 to 1.5 s per com-
many). He was trained to use the BCI system and to exert contpdéte trial. In the latter case, the patients had only 0.5 s of feedback to
on a corresponding VK. By adapting our standard BCI paradigm [4jijt the correct basket.
starting with simple feedback training, the patient learned to control Three out of four subjects participating in this study achieved
the classifier based BCI system. Subsequently, the VK device was jmmemising results after a few runs [see Table Il, subject C1 in
troduced. At the beginning of the training with the VK, the patient haBlig. 3(b)]. Analysis of their last two experimental sessions (between
to select one out of two letters, in subsequent sessions the numbet@fnd 16 runs) revealed that the trial length can be reduced to values
letters was increased stepwise up to eight symbols. “Copy spellingf’ around 2 s, thus providing the maximum information transfer.
of short words was performed with a rate of approximately 1 letter/miccessible information transfer rates (ITRs) reached values between
[17]. More details of the applied VK are reported in [16]. These systefhand 17 b/min depending on the subject’'s performance and mental
features together made it possible to train a patient at a great distasicape. Table Il shows the results gathered for all participants in the
from our laboratory as intensively and as frequently as a patient whrperiment described previously.

IV. BCI TRAINING OF A PATIENT VIA TELESUPPORT
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TABLE I
SUMMARIZED RESULTSOBTAINED BY ALL SUBJECTS THE “OFFLINE ERROR'
REPRESENTS THECLASSIFICATION ERROR OF THEBEST TRAINING RUN
(ESTIMATED BY 10 x 10-CROSSVALIDATION ). THESE CLASSIFIERSWERE
SUBSEQUENTLY USED FOR THE"B ASKET-PARADIGM”

subject age/sex offline error max. [TR trial length
Cl1 19 / male 5 17.2 bit/min 25s
M1 23 / male 23 3.0 bit/min 3s
M2 22 / male 16 8.4 bit/min 2s
M3 27 / male 15 9.3 bit/min 18 s

VI. CONCLUSION

A number of studies on the Graz-BClI has shown that motor imagery

(4]

(5]

(6]

(71

(8]

9]

is a suitable task to operate a BCI system in able-bodied subjects as well

as in patients [4], [15], [17]. Of special interest is that the repetition of[10

hundreds of imagery tasks over a period of some weeks/months can in-

duce beta oscillation of a very stable frequency (see Section Ill). The

occurrence of these oscillations can be used as a simple brain switch.

This phenomenon underlines the plasticity of the brain and the impo
tant role of training- and feedback sessions in establishing new ci

cuitries in the cortex capable of generating beta oscillations.

The information transfer rate defined in bits per minute strongly
depends on the classification accuracy and the trial length in f2
synchronous BCI system. In a study with patients in a rehabilitation
center (see Section V) trial length was successively reduced to 2 g3]
Theoretically, this implies that without any error an information
transfer rate of 30 b/min could be realized. It is important to not
that under this approach, all training and feedback sessions we
organized as a kind of game (“basket game”) and therefore, thgs)

Ir[n]

R

engagement and attention of the participants was kept high during the

experiment [18]. More patients with locked-in syndrome may benefit
from the application of BCl-based spelling systems, if the tele-suppo
concept is widely introduced. The feasibility and reliability of such

G. Pfurtscheller and C. Neuper, “Motor imagery and direct brain-
computer communication,Proc. |IEEE vol. 89, pp. 1123-1134, July
2001.

G. E. Birch and S. G. Mason, “Brain-computer interface research at the
Neil Squire Foundation [EEE Trans. Rehab. Engeol. 8, pp. 193-195,
June 2000.

S. P. Levine, J. E. Huggins, S. L. BeMent, R. K. Kushwaha, L. A. Schuh,
E. A. Passaro, M. M. Rohde, and D. A. Ross, “Identification of electro-
corticogram patterns as the basis for a direct brain interfateClin.
Neurophysiol.vol. 16, no. 5, pp. 439—-447, Sept. 1999.

B. Obermaier, C. Guger, C. Neuper, and G. Pfurtscheller, “Hidden
Markov models for online classification of single trial EEG dat@git.
Recog. Lett.vol. 22, pp. 1299-1309, 2001.

H. Ramoser, J. Mueller-Gerking, and G. Pfurtscheller, “Optimal spatial
filtering of single trial EEG during imagined hand movemenEEE
Trans. Rehab. Engvol. 8, pp. 441-446, Dec 2000.

C. Guger, A. Schldgl, C. Neuper, D. Walterspacher, T. Strein, and G.
Pfurtscheller, “Rapid prototyping of an EEG-based brain-computer in-
terface (BCI),"|IEEE Trans. Neural. Syst. Rehab. Engl. 9, pp. 49-58,
Mar 2001.

] C. A. Porro, M. P. Francescato, V. Cettolo, M. E. Diamond, P. Baraldi,

C. Zuiani, M. Bazzocchi, and P. E. di Prampero, “Primary motor and
sensory cortex activation during motor performance and motor imagery:
A functional magnetic resonance imaging study,Neurosci.vol. 16,

pp. 7688-7698, 1996.

S. T. Grafton, M. A. Arbib, L. Fatiga, and G. Rizzolatti, “Location of
grasp representations in humans by positron emission tomography. 2.
Observation compared with imaginatioEXp. Brain Resvol. 112, no.

1, pp. 103-111, 1996.

C. Neuper and G. Pfurtschelle, “Motor imagery and ERD FMamdbook

of Electroencephalogram and Clinical NeurophysiologyAmsterdam,
The Netherlands: Elsevier, 1999, vol. 6.

B. Obermaier, G. Miiller, and G. Pfurtscheller, “Virtual keyboard’ con-
trolled by spontaneous EEG activityEEE Trans. Neural. Syst. Rehab.
Eng, 2003, to be published.

C. Schrank, “Design and implementation of an 8-key based virtual key-
board,” M.S. thesis, Graz Univ. Technology, Graz, Austria, 2002.

G. Pfurtscheller, C. Guger, G. Miller, G. Krausz, and C. Neuper, “Brain
oscillations control hand orthosis in a tetraplegidgurosci. Lett.vol.
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] G. R. Miiller, C. Neuper, and G. Pfurtscheller, “Implementation of a

a concept was demonstrated recently between our laboratory at the

Graz University of Technology and a patient in Germany at a distancél7]

of about 700 km (see Section IV).

At the moment, we are working on a “noncue-based” BCI with the
goal to detect specific brain states associated with mental activity in thg g)
ongoing EEG signals in real time. In some preliminary experiments, we
analyzed 10 min of EEG recorded during 60 self-paced finger move-
ments and obtained a HF difference of 77% [the HF difference result&8%

from a subtraction, whereby the false positive rate (FPR) is subtracted

from the true positive rate (TPR)] [6]. In the case of self-paced foot

movements, an HF difference of 85% could be obtained [20]. These re-

sults are very promising and demonstrate that prediction of moveme

0

execution can be revealed not only by analyzing movement-related po-

tentials [5], [6], but also by considering the dynamics of oscillatory

brain activity.
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