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SUMMARY: Unsupervised manifold learning for 
dimensionality reduction has drawn much attention in 
recent years. This paper applies two manifold learning 
methods for the first time to feature dimensionality 
reduction in brain-computer interface (BCI) design, and 
compares them with principal component analysis 
(PCA) and supervised PCA that is mathematically 
equivalent to the common spatial patterns (CSP) 
method. Their abilities to reveal embedded low-
dimensional submanifolds or subspaces of high-
dimensional BCI data and to preserve or improve the 
data separability are analysed. Experimental results on 
asynchronous BCI data from 3 subjects are presented. 
As the methods are unsupervised, they are particularly 
suitable for adaptive and asynchronous BCI.  

 
INTRODUCTION 
 
In BCI system design, a well-known problem is how to 
handle a very large amount of features extracted from 
multi-channel EEG signals. When the number of 
extracted features is over hundreds or even thousand, 
the training of a BCI classifier would be problematic 
due to the overfitting problem caused by highly noisy 
BCI data and the lack of representative data in the high-
dimensional feature space.  
Feature selection is a commonly used approach for 
solving this problem [7]. Although it offers good 
interpretation, the dimensionality of the constructed new 
feature space usually can or has to be further reduced, 
resulting in better classification performance. Projecting 
high-dimensional features onto a low-dimensional new 
feature space is another well-known approach, which 
can be regarded as high-level feature extraction or 
feature fusion [2].  
This paper investigates on two manifold learning 
methods [3][8] for BCI feature dimensionality 
reduction, and compares their performance with other 
unsupervised and supervised methods [2][4]. The focus 
of investigation will be on whether nonlinear 
projections can produce better new feature space than 
linear ones and whether unsupervised approach to BCI 
feature dimensionality reduction is likely to perform as 
well as supervised approach or even better.   
   
MANIFOLD LEARNING METHODS 
 
In recent years, unsupervised manifold learning 
methods have been developed for nonlinear 
dimensionality reduction, such as Laplacian Eigenmap 
[1], ISOMAP [9], and locally linear embedding (LLE) 

[8]. There are four common steps in these methods: 1) 
computing nearest neighbours of input data, 2) 
constructing a weighted graph using neighbourhood 
relations, 3) deriving a matrix based on the graph as an 
optimal criterion, and 4) producing projected data from 
the top or bottom eigenvectors of this matrix. The 
differences among these methods lie in the definitions 
of the weights and optimal criteria.  
Unlike linear projection methods, the results of 
nonlinear manifold learning methods are projected data 
themselves rather than projection matrixes or functions. 
Therefore, for classification after a training phase, a 
nonlinear projection function has to be learnt from the 
obtained projected data, e.g., by neural networks. To 
overvome this problem, a locality preserving projection 
(LPP) method has been developed, which is linear but 
provides good approximation to the nonlinear Laplacian 
Eigenmap [1][3].  
Although the manifold learning methods are 
unsupervised, they make use of structural knowledge 
within the data, such as locality and proximity relations, 
and thus suitable for classification applications. Without 
the need of class labels, they are especially suitable for 
adaptive and asynchronous BCI. This paper applies 
LLE and LPP to dimensionality reduction of 
asynchronous BCI data, and presents results in terms of 
separability on training data, optimal embedding 
dimension chosen by cross-validation, and prediction 
performance on testing data, in comparison with PCA 
and supervised PCA (SPCA) [2][4] that shares the same 
idea as CSP filters [6]. 
  
EXPERIMENTAL RESULTS 
 
The data used here is for asynchronous BCI and from 3 
subjects, each performing 3 mental tasks in a random 
order during 4 recording sessions respectively. During a 
session of 4 minutes, a subject performed self-paced 
mental tasks, each lasting about 15 seconds. EEG 
signals were recorded from 32 channels. Power spectral 
density (PSD) features were extracted and 96 features 
were selected. Detailed description of data recording 
and preprocessing can be found in [5]. 
The first 3 sessions from each subject were used for 3-
fold cross-validation of the LDA classifiers (using one 
against the rest mechanism), with features resulted from 
4 dimensionality reduction methods as inputs. The 
average classification accuracies on training data were 
used to examine the separability of the features resulted 
from various projections. Fig. 1 illustrates the 
classification accuracies on Subject 1 after the features 



are projected by PCA, LLE, LPP, and SPCA, 
respectively, onto low-dimensional subspaces or 
submanifolds. It shows that LPP achieves the best result 
among the unsupervised methods and almost matches 
SPCA. The results on Subjects 2 and 3 have also been 
obtained, which show the similar trends of the 4 
methods although the accuracies are lower. In order to 
analyse the best embedding dimensions identified by the 
4 methods and their corresponding classification 
accuracies on validation data, Fig. 2 gives a 
performance comparison among the 4 methods on 
validation data from Subject 1. It can be seen that LPP 
is able to find the lowest subspace producing the best 
cross-validation performace. The result of LLE is not so 
stable, but it is worth further investigation in the future. 
Results on Subjects 2 and 3 also lead to observations 
similar to the above.    
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Figure 1: Separability comparison, using any two of the first 
three sessions from Subject 1 as training data and averaging 
over three folds.  
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Figure 2: Comparison of performance on validation data from 
Subject 1, averaging over three folds.  
 
By using the optimally reduced dimensions obtained 
from the cross-validation, in comparison with the 
situation of no dimensionality reduction, the 4 methods 
were further evaluated in terms of their classification 
accuracies on testing data which is the 4th session from 
each subject. The results are given in Table 1, which 
show that LPP and SPCA improve the classification 
performance on all subjects and more significantly on 
Subjects 2 and 3 whose EEG signals are of poorer 
quality than Subject 1. It is interesting that unsupervised 

method LPP slightly outperforms supervised method 
SPCA. Not surprisingly, PCA degrades the 
classification performance in comparison with no 
dimensionality reduction. LLE does not produce good 
results in this experiment, especially on Subject 3. 
Further investigation would be required to find out why.  
  
Table 1: Performance comparison on testing data 
Projection 
methods 

Feature 
dimensions 

Subj 1 
(%) 

Subj 2 
(%) 

Subj 3 
(%) 

Ave 
(%) 

None 96, 96, 96 81.14 69.99 55.25 68.79 
PCA 57, 32, 37 80.37 68.52 54.21 67.70 
LLE 18, 12, 31  78.34 73.47 45.79 65.87 
LPP 12,  4, 56 82.56 73.33 59.97 71.95 

SPCA 18, 12, 60 81.48 72.12 59.06 70.89 

 
DISCUSSION AND CONCLUSIONS 
 
Although the original feature vectors were obtained 
through feature selection, their dimensionality can still 
be reduced dramatically by manifold learning, leading 
to average classification accuracy improvement of over 
3%. Unsupervised method LPP is able to match or even 
outperform supervised method SPCA, and would be 
advantageous in adaptive and asynchronous BCI.  
In theory, LLE is capable of revealing nonlinear low-
dimensional submanifolds embedded in high-
dimensional features. The experimental results in this 
paper have not shown its advantage. However, it is 
worth further investigation.  
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