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Abstract. We have previously shown that classification of (lingle-trial 
electroencephalographic (EEG) recordings is improved by the use of ei­
ther a multichannel classifier or the best independent component over 
a single channel classifier. In this paper, we introduce a classifier that 
makes explicit use of multiple independent components. Two models 
are compared. The first ("direct") model uses independent components 
as time-series inputs, while the second ("indirect") model remixes the 
components back to the signal space. The direct model resulted in sig­
nificantly improved classification rates when applied to two experiments 
using both monopolar and bipolar settings. 

1 Introduction 

In electroencephalography (EEG), pairs of electrodes are placed on the scalp and 
the potential difference between them is recorded. There are naturally many 
different ways to arrange the electrodes on the scalp, of which we have chose 
the classic 10-20 system [1]. A common electrode reference was used for the 
monopolar setting, and neighboring electrode pairs were used in a bipolar setting 
to reduce common-mode noise. In the last section, we summarize the results 
taking these two different settings into account. 

The two experiments considered here were previously reported in [2] [3]. In 
both experiments, sentences about geography were presented to subjects visually, 
one word at a time for a duration equal to that of matched auditory stimuli (not 
considered here). Subjects were asked to indicate the truth or falsity of each 
sentence via keypress. The first experiment had 24 sentences and the second 48. 
The recordings were dQne primarily with monopolar settings for the 24-sentence 
experiment, and with pipolar settings for the 48-sentence experiment. In the 24-
sentence experiment, there were 7 subjects with monopolar settings and 3 with 
bipolar settings. In the 48-sentence experiment, there were 10 subjects with 
bipolar settings. Each subject saw 10 trials of each sentence. 

2 Methods 

Independent component analysis (ICA) was 'designed to estimate the most sta­
tistically independent sources from a linear mix of sensor-recorded signals, and 
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assumes that sources are fixed in location and that signal propagation is ap­
proximately instantaneous. Based on different approaches to such estimation, 
algorithms such as FastICA 14], lnfomax [5], and SOB! [5] have been proposed. 
lnfomax, which can be implemented as an unsupervised neural network, reduces . 
statistical dependency by maximizing the mutual information between output 
and input. In addition to the sources y, the algorithm computes the mapping 
between the sensor recordings and the independent components, called the un­
mixing matrix W, i.e., y = Wx. As shown in [6], the update rule for an N ---4 N 
network is .dW <X [WT]-l + (1- 2y)xT . We used the EEGLAB implementation 
of the lnfomax algorithm [7] in the current investigation. 

Our general methods were as follows. Low-passed filtered trials were down­
sampled 16 times, then bandpass filtered to remove noise below 1Hz. Trials were 
split into three sets: training, validation and test. For each sentence, the 10 trials 
per subject were split 4/3/3 and scaled to between -1 and +1 trial-by-trial. A 
classification was made on the vaiidation set by selecting the class corresponding 
to the maximum of the output vector. We minimized the regularized objective 
function G.>-(Wi) = IIZwi - :5'112 + >.211wd1 2 , with ZWi being the outputs and:5' 
the target values. 

2.1 Baseline Models 

Results for these models were previously published in [3]. By selecting the chan­
nel with the best average classification rate, a single-channel classifier (SCC) 
was defined. The multichannel classifier (MCC) was then defined by choosing 
the k best channels and concatenating them, yielding longer vectors for the in­
put matrix. In the case of the single ICA-component classifier (ICA-SCC), trials 
in the training and validation sets were used to estimate the unmixing matrix. 
The unmixing matrix was then applied to all trials, projecting the trials onto 
the space of the approximately independent components. 

For each permutation, the superset of training and validation data after un­
mixing was used to compute the matrix, in which each row represented a single 
trial of the best independent component. The previously reported results of these 
methods are also included in the results section for the purpose of comparison. 
We now present the two possible models for implementing the multiple ICA­
component classifier (ICA-MCC). 

2.2 ICA Direct Model 

Procedure for the ICA direct method is: 

1. Split the data into two sets and compute unmixing matrix W based on the 
first set. 

2. Apply W to unmix all trials in both sets. Each trial can be presented as 
a matrix T, the multichannel recording, with each row corresponding to a 
channel T = WT. 

3. Partition the first unmixed set into two subsets: training and validation. 



Multichannel Classification of Single EEG Trials with lCA 543 

4. Compute the weight matrix for a regularized linear classifier (SCC) using 
each component from the training set. 

5. Use the weights of the classifier on the validation set to estimate the gener­
alized performance of each component. 

6. Repeat steps 3 through 5 three times with different partitioning of the first 
set to better estimate the components' performance. 

7. Sort the components based on their average classification rates on the vali­
dation set and then apply MCC classification. Now the best k components 
are picked and applied to the test set defined in 1. (We fix the regularization 
parameter ).2 = 40 a priori and do not apply validation on k. Instead, we 
show the results for all k up to the maximum number of components, which 
is set to be the same as the number of channels.) For each k, a correspond­
ing "indicator" matrix S is set by having the ith column equal to zero for 
those channels which are eliminated, and one otherwise. So S has k non-zero 
columns. For simplicity, we denote S with Sk in subsequent sections. 

2.3 leA Indirect Model 

Unlike the direct model, the indirect model involves remixing selected indepen­
dent components back to the signal space. Given a total number of channels N, 
and assuming N ICA sources, we eliminated (N - k1) sources. We then remixed 
the remaining kl sources to form N ICA-cleaned channels. Note that kl is a 
parameter representing the number of ICA sources used. Finally, we applied 
multichannel classification to these cleaned data, using k2 channels. It is worth 
pointing out that this indirect method is closely related to a common artifact 
cleaning technique often applied to EEG data. In fact, the only difference is that 
in the common artifact cleaning, e.g. eye-blink removal, the criterion used to 
decide which sources are eliminated is based on some physical understanding· 
of the nature of the noise. For example, sources resembling eye blinks would 
be removed based on visual inspection or some computational heuristic. Fig. 1 
illustrates the indirect model. 

In this case, the decision to eliminate sources depends only on the classification 
rate for each component on a validation set, and the procedure up to the remixing 
step is similar to that of the direct model. Assuming a selection matrix Sk, is 
determined as in the direct model, the mixing matrix W-1 is used to remix the 

MGG 

Fig. 1. Illustration (lCA-MCC indirect) of the multichannel classifier based on remixed 
independent components. The parameter kl is the number of lCA sources used and the 
parameter k2 is the number of lCA-cleaned channels used. 
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data back to the signal space. MCC is then used on the ICA-cleaned multichannel 
data W-1S k1 WT, where T is the original multichannel recording of a trial. We 
denoted the number of channels used in MCC as k2 • 

2.4 Comparison of the Direct and Indirect Models 

If we compare the two models in order to choose a scheme for ICA-MCC, we find 
that the direct model classifiers outperform most of the indirect model classifiers. 
In Fig. 2, each line of the indirect model corresponds to a specific k1 , and we see 
that the ICA direct model is consistently better for monopolar subjects. Results 
are similar for the bipolar setting. It is clear that the direct model is both simpler 
and more competitive than the indirect model. 
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Fig. 2. Comparison of direct and indirect models with different subjects SlO-S15 and 
S19 with monopolar setting. The x-axes are the numbers of channels used and y-axes 
are the average classification rates achieved on the test sets for 10 permutations. 

3 Results 

3.1 Scalp Maps 

Scalp maps, computed by projecting the appropriate columns of W- 1 onto the 
locations of the electrodes, are commonly used to show the spatial distribution 
of components. In [3], we showed two scalp maps, one of an obvious eye blink 
and the other of the best component, for the best monopolar subject S14. In 



Multichannel Classification of Single EEG Trials with rCA 545 

0.4 

0.2 ............................................................................................... , ............... . 

o ~~--~--~--~----~--~--~--~ 
1 2 4 6 8 10 12 14 16 

(c) 

ii iii iv 

ii .;~f\AAr~.· . . ·"nJ.f\""IvV~ ''- V\ . P "'-J" .... -. ............... -. -. .. -,.., ....... "_ .... ...... .. 

iii~.i}J~~\·!:.y~~~~~t:.=.v'J 

w~~~~~~~:~~\r.\ 

71 :{\ f\ v -.. \,:' -;I~\t''-··~\,.·./'I,:r....J •. ·--\·····/-~ ... -··""''-'''' .. -v ' 
"."\,0. '_~..f ", .. - .. _. ~-.. ~ ... - ..... - ....... 

v 

Fig. 3. Classification rates are shown when a different number of channels/components 
were used for the MCC and ICA-MCC models in (a). The top five components of 
the best monopolar subject 814 of the ICA-MCC model are shown in (b), and the 
corresponding scalp maps in (c). 

Fig. 3a, we show the classification rates achieved for MCC and ICA-MCC models, 
with different number of channels or components used. In Fig.3b, the top five 
components of ICA-MCC are shown, with (i) the best and (v) the fifth best. 
In addition, the corresponding scalp maps of these components are shown in 
Fig. 3c. The eye-blink component which we identified in [3] ranked fifth, while the 
optimal number of channels k was four, which is indicated in Fig. 3a. Although 
this parameter k is not validated as rigorously as the other parameters, evidence 
from a similar experiment suggests that k is robust [8]. 

From the scalp maps, we can see that the main. "sources" come from the tem­
poral regions. We do not attempt to draw any conclusions concerning underlying 
physiology or the invariance of "sources" across subjects here, as such claims 
would require techniques we are not currently evaluating, e.g., dipole modelling. 
However, the scalp maps shown here do provide some evidence against claims 
that the best components are merely eye-blink artifacts. 

3.2 Classification Rates 

To summarize our results so far, we expand the table published previously with 
an additional column corresponding to the new ICA direct model, denoted "ICA­
MCC" . As the probability distribution of the joint classification results for the 10 
permutations cannot be derived without making further assumptions regarding 
sampling frequency, we conservatively report the results as if they were based 
on a single permutation. The probability (p-value) of the null hypothesis that 
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the observed probabilities are at chance level is computed using P(Y ~ k) = 

1 - L~':~ (j)pi (1 - p)n-j, where n is the number of test trials, k is the number 

of correct classifications and p the chance probability (note that p is not the 
same as p-value). The statistical significance of these results is quite remarkable 
when compared to that of all other methods. 

In the case of the monopolar electrodes (Table 1), ICA-MCC outperforms both 
MCC and ICA-SCC in all cases. The p-values for 6 out of the 7 subjects are less 
than 10- 18 , a significance level better than that achieved for the best subject 
using SCC or MCC. For the bipolar setting (Table 1), ICA-MCC outperforms 
MCC on 10 of the 13 experimental conditions, with 2 ties and only 1 loss. The 
results of the best subject (SIS) on both experiments are markedly improved. 
For the 24-sentence experiment, the p-value improves from 10-40 to 10-55 . For 
the 4S-sentence experiment, from 10-65 to 10-119 . For the other two subjects of 
the 24-sentence experiment, the results are changed from 10-3 to 10-10 and to 
10-6 . Even the worst subject of the 4S-sentence experiment improves from 10-1 

to 10-4 . The achieved classification rates for monopolar and bipolar settings are 
shown in Fig. 4. 

monopolar bipolar 

Percentage Rate 

Fig. 4. Percent classification rates of single trials for 8CC, MCC, rCA-8CC and rCA­
MCC for monopolar (on the left) and bipolar settings (on the right) are shown. All 
the results shown for the monopolar setting are from the 24-sentence experiment .. The 
results for the bipolar setting are from the 48-sentence experiment, except the first 
three results (816,817,818) which are from the 24-sentence experiment. 

We find that ICA and MCC complement each other well, yielding cleaner 
sources and enough redundancy to significantly improve classification rates. 
Regularized-linear methods are clearly effective for single-channel classifications, 
as they are more effective than the filtered-average-prototype method, and use 
more efficient computation. Moreover, the family of linear models can be easily 
extended to multichannel classification (MCC) in a simple manner, yielding sig­
nificantly improved results for subjects with bipolar settings. In addition, ICA 
can be used for multichannel classification with a linear combination of the sensor 
recordings. The improvement on monopolar electrodes is particularly effective 



Multichannel Classification of Single EEG Trials with ICA 547 

Table 1. Significance levels for the monopolar setting are shown on the left and that 
for the bipolar setting are on the right. All the results shown for the monopolar setting 
are from the 24-sentence experiment. The results for the bipolar setting are from the 
48-sentence experiment, except the first three results (subjects S16, S17, S18) which 
are from the 24-sentence experiment. 

monooolar bioolar 
D<10·n D<10·n 

SCC MCC ICA·SCC ICA·MCC SCC MCC ICA·SCC ICA·MCC 
values of -n 

510 ·4 ·6 ·4 ·16 
511 ·9 ·9 ·20 ·26 
S12 ·14 ·14 ·20 ·36 
513 ·3 ·6 ·10 ·32 
514 ·9 ·9 ·24 ·51 
515 ·1 ·3 ·6 ·7 
519 ·6 ·10 ·20 ·30 

values 01 ·n 
516 ·3 ·6 ·3 ·10 
517 ·3 ·7 ·2 ·6 
516 ·40 ·55 ·32 ·55 
510 ·14 ·24 ·17', ·36 
511 ·1 ·1 ·4 ·4 
S12 ·16 ·34 ·17 ·47 
513 ·3 ·11 ·6 ·27 
516 ·6 ·9 ·6 ·9 
516 ·65 ·66 ·97 ·119 
524 ·9 ·13 ,'3 ·42 
525 ·4 ,'2 ·11 ·17 
526 ·18 ·42 ·18 ·57 
527 ·9 ·17 ·16 ·39 

using the best component derived with lCA. Finally, combining lCA sources 
with the multichannel classifier (lCA-MCC) improves all results, with an aver­
age improvement of more than 100% for both monopolar and bipolar su6jects. 
The good statistical fits achieved using the lCA-MCC model suggest that it 
would be useful to develop a more elaborate model that takes into account the 
actual physical locations of the sensors in the two-dimensional surface covering 
the scalp. 
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