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Fig. 1. Scalp maps and mean power spectra of four independent components of the EEG of one subject in 554 3-s epochs beginning 1 s before target stimulus
presentations. The ordinate gives root mean square power in all 31 scalp channels in relative log dB units. In the scalp maps, representingnéopttugect
scalp of the same four independent components, dark and light regions represent projections of opposite polarity.

j-components may be 6 dB larger than at optimally placed single scalge not constrained to be orthogonal and thus are free to accurately
channels. More generally, we suggest that ICA decomposition mesflect the actual projections of functionally separate sources, if they
form a natural basis for achieving efficient EEG-based brain-actuatae successfully separated. (More information and a collection of
control in locked-in subjects as well as the much larger group of mMMATLAB and C-language routines for performing and visualizing the
torically limited subjects. analysis are available stww.cnl.salk.edu/scott/ica.htm. For each
subject, three-second EEG epochs (from 1000 ms before to 2000 ms
after each stimulus presentatiaN, = 2877) were concatenated and
submitted to infomax ICA analysis using MATLAB routines. Training

1) Task: Event-related brain potentials (ERP’s) were recordeime on a modern workstation was approximately four hours using the
from subjects who attended to randomized sequences of filled roudéTLAB (or 30 min using the C-language code). Scalp maps and
disks appearing briefly inside one of five horizontally-arrayed outlinegower spectra for each of the resulting 31 components were plotted.
squares that were constantly displayed above a central fixation croggrget-locked activationsNV = 354) of selected components were
During each 76-s block of trials, one of the five squares was coloredbmitted to wide band event-related spectral perturbation (ERSP)
green, marking the location to be covertly attended during the blockaalysis ([8]) to determine their mean spectral reactivities to stimulus
Filled white circles were displayed for 117 ms within one of the fiveind motor response events. ERSP’s were constructed by transforming
squares in a pseudo-random sequence at interstimulus intervals (IS§i&rlapping 500-ms subepochs of the 3-s target response epochs
of 250 to 1000 ms. Right-handed volunteer subjects were inStI’uCl[@jspectral power by Hanning-windowed FFT’s, then summing log
to maintain fixation on the central cross while responding as soon gsectra for each subepoch sequentially. Finally, the mean log power
possible to stimuli presented in the attended square via a right-haéctrum in the prestimulus period was subtracted from the log
thumb button. For further details, see papers by [10], [11]. spectrum for each subepoch.

2) Data Collection: EEG data were collected from 29 scalp elec-
trodes and from two periocular electrodes placed below the right eye
and at the left outer canthus. All channels were referenced to the right
mastoid with inputimpedance less thartb.lData were sampled at 512  Nearly all the larger independent EEG components could be segre-
Hz within an analog pass band of 0.01-50 Hz. To further minimize lirgated into components accounting for early or late activity in the aver-
noise artifacts, EEG data were digitally low pass filtered below 40 Haged target event-related potential (ERP), components accounting for
prior to analysis. Three-second intervals surrounding stimulus presege movements or muscle activities or components accounting for par-
tations were extracted from the data for this analysis. ticular features of the ongoing EEG, including oscillatory activity ([3]).

3) Analysis: Infomax ICA [1] exploits temporal independence ofDecompositions from most subjects included components with a spec-
source signal waveforms to perform blind separation, by finding teal peak in the alpha range. Further details will be reported elsewhere.
square “unmixing” matrix by gradient ascent that maximizes the joint Fig. 1 shows scalp maps and mean power spectra of four independent
entropy of a nonlinearly transformed ensemble of zero-mean inprgmponents of the EEG from one subject. Two of the components (
vectors (see [10]). The algorithm can be used on data from 100 or marelx2) had occipital maxima and two morex andur ) bipolar scalp
channels. At the end of training, multiplying the input data matridistributions with polarity reversals over left and right central cortex
by the “unmixing” matrix gives a new matrix whose rows, calledespectively. The peak oscillatory frequency of theomponents was
the component activationsare the time courses of relative strengthabout 0.5 Hz higher than that of thecomponents. The component
or activity levels of the respective independent components acr@dso contained broader peaks near 22—-23 Hz.
conditions. The columns of thiaverseof the unmixing matrix give  Fig. 2 shows the mean target-related ERSP results for the four
the relative projection strengths of the respective components ogtamponents. Activities of the central components were suppressed at
each of the scalp sensors. These may be interpolated to sheestpe three frequencies, near 11, 23, and 33 Hz following the motor response
map associated with each component. ICA scalp maps are simifanedian response time or RT, 346 ms). Inspection revealed that the
to spatial PCA eigenvectors dactor loadings Unlike components onset of this suppression was reliably time locked to the moment
produced by PCA, however, component scalp maps found by IGA& motor response in single trials, consistent with the well-known

Il. METHODS

Ill. RESULTS
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Fig.2. Mean target-related event-related spectral perturbation (ERSP) plots for the same four components. The abscissa shows time relgties¢otation;

the ordinate, EEG frequency. Times of stimulus presentation and median reaction time (RT) are indicated with broken lines. The color scaleabesvandcr
decreases in spectral power from the pre-stimulus baseline in dB units. The two componentgdglmeied panel$ showed marked and prolonged suppression

at three frequencies (near 11 Hz, 23 Hz and 33 Hz) following median reaction time (RT), plus brief augmentations near 16 Hz near 1000 ms. By céntrast, ERS
features for the posterior alpha componenisper panelswere much weaker and shorter-lasting.

Time (ms) guency activity in both the leftr, and right centrakr components
. 500 1000 1500 4 (cf., Fig. 1).

IV. DISCUSSION

ICA separated temporally independent and spatially stable alpha and
wu-rhythms from other neural and artifactual EEG sources. For the sub-
jectshown, ICArevealed at least four alpha- and beta-band components
that could be measured separately by experimenters and might presum-
ably be used as a basis for learned control. The components shown
here were obtained reliably in decompositions of various data subsets.
Although blocking ofu-rhythms associated with (noncued) voluntary
or imagined movements is the basis for current brain-actuated control
efforts ([14]), it appears reasonable to assume that the gaowen-
ponents identified here as blocking after stimulus-triggered motor re-
sponses might also be blocked before or during imagined thumb move-
Fig. 3. The ERSP of the left-hemisphesecomponentur. (Fig. 2, lower ~Ments, and could possibly, therefore, be subject to direct voluntary con-
left) reproduced above five scalp maps showing the distribution of specttabl by the subject.

suppression at five time/frequency extrema. Note the difference in size andCA increased the strength of motor-related signal changes in the

scale between the larger ICA-component and smaller single-channel spectre o ; _
deviations (e.g., minima of approximately12 dB in the ICA components ’5’ %omponentshown in Fig. 3 by 6 dB over measures from single chan

versus—6 dB in single channels). nels. Recent analysis of 14 subjects, to be reported fully elsewhere,

has confirmed that ICA-filtered EEG signals show reliably stronger

blocking than single-channel spectral measures. By contrast, single-

channel measures, or measures combining heuristic combinations of
wu-rhythm blocking following movements. By contrast, the posteriathannels such as Laplacian derivations ([12]), may not use all the re-
alpha component ERSP’sfper panelscontained much weaker and sponse information contained in the component projections identified
shorter lasting spectral changes. by ICA. Nor might they be expected to separate the activities of these

In Fig. 3, the five scalp maps below the ERSP image fogtheom- components from artifactual and other neural EEG components as ef-

ponent (Fig. 2, lower left) show the raw scalp distribution of spectrfitiently as ICA filtering. Thus ICA appears to provide a more natural
suppression or enhancement at the five indicated peak time/frequeand efficient basis for research in operant training of single or multiple
points. Note that the maximum suppression achieved in the componentlogenous features of EEG signals. For the relatively large number
ERSP (near 12 Hz and 700 nupper scalgwas near-12 dB, whereas of relatively incapacitated subjects who retain some control of ocular
the maximum suppression at single scalp channelgef scal@ was and/or facial muscles, ICA might also be used to efficiently segregate,
less than-6 dB. (In a later analysis of 14 subjects to be reported moraonitor and effect control using potentials associated with eye blinks
fully elsewhere, the suppression advantage using ICA averaged alemd other muscle activity, as well as EEG features. ICA might then be
5 dB). The scalp distribution gf-rhythm suppressiorhgad2) peaked used for efficient operant conditioning of EMG-plus-EEG-based com-
just posterior to the scalp region overlying the left and right centratunication by these subjects, as well as for precise monitoring of their
sulci, whereas the scalp projection of the component itself (cf., extent motor abilities for clinical and rehabilitation planning purposes.
Fig. 1) contained two projection areas anterior and posterior to the lefowever, the extent to which ICA-derived spatial filters may actually
central sulcal region. The bilateralrhythm suppression (Fig. Beads increase the reliability and speed of brain-computer interfaces remains
1-3) is fairly well explained by the parallel suppression of mu-freto be determined.

Frequency (Hz)
N w
(gp) 1amod
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