Baljon, P.L. & Schomaker, L.R.B. (20006). Time structure of EEG-based
cursor control in a brain-computer interface (BCI) using machine-
classification methods [poster], The Society of Applied Neuroscience -
20006 (SAN) Inaugural Abstracts, 13-21 September, Swansea University.

Affiliation: University of Groningen.

It is known that spectral features of the EEG itself and the mutual information
between features and condition exhibit a clear time structure during the motor
imagery used to control a BCIl. Though using this time structure might boost
performance, most BCls use instantaneous classification. Among the few
current approaches are time-dependent Neural Nets and Hidden-Markov Models
(HMM). We used data from five subjects of which three were from the BCI
Competition. We compared HMM performance to a base line of instantaneous
classifiers (Linear model and kNN). We also created HMMs with- and without the
ablility to use the time structure. By comparing these variants of the HMM we
describe the temporal nature of data from EEG-based BClI trials. A Flat HMM
without time structure resembles a mixture model of Gaussians; a second
variant discards information by estimating the observation distributions from all
the data rather than from data per movement condition. Here, only the transition
probabilities are estimated from disjoint subsets corresponding to conditions.
With the limited number of subjects differences between the HMM and base line
methods were too small to attain significance. Performance on real data also
varied very little between the variants of the HMM. However, difference in
performance was highly significant on artificial data with a known time structure.
The small differences we found indicate that a HMM is not superior to an
iInstantaneous classifier for this type of data. From the comparison of the
performance of HMM variants on real data and on artificial data we conclude
that the data is mostly linearly separable, and that the temporal structure in the
EEG pattern does not appear to be informative. However, we expect that a
modelling approach using HMMs may still have benefits, e€.g. in rejecting non
task-related brain states.
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DATA

* Data comprised 5 subjects, 3 from BCI competition.

BACKGROUND

* There is time structure in motor EEG:

Neuper et al. [3] showed time-variance
of event-related desynchronization.

* We present results on 2 subjects performing motor
Imagery to control a cursor on a screen.

* Cursor motion based on mu-power (10Hz)

* We found time-variant correlation difference between C3 and C4.

between EEG power difference (C4-C3)
and target (L/R) in BCI trials.
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* Real EEG data: No difference
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dataset 3a: F(2, 75) = 2.09, p
dataset 4b: F(2, 75) = 2.87, p

* Difference between
methods not B2 3 475 6
significant. (See Fig. 2)

Figure 2. Comparison of performance
e Also' no effect of the ©f HMM and instantaneous classifiers

on BCI data of two subjects.
number of states on

13
.06

5 6

Figure 5. Performance of the three types of models on real BCI data
HMM performance. from two subjects. Note the small differences compared to Fig. 4.

CONCLUSION CONCLUSIONS

* No difference between instantaneous and * EEG power C3-C4 mu-band power in binary BCI trials is
time-function based methods (n=2 subjects) primarily linearly separable (in line with Garrett [4])

* Time structure itself bears no task-relevant information, but
there may be waxing and waning (Fig. 1) of decidabillity.

* But: more data & more subjects needed!
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