Proceedings of the 28th IEEE
EMBS Annual International Conference
New York City, USA, Aug 30-Sept 3, 2006

FrB01.6

Analysis of Event Related Potentials using PCA and Matching
Pursuit on the Time-Frequency Plane

Selin Aviyente,Edward M. Bernat, Stephen M. Malone, William G. Tacono*

Abstract

Joint time-frequency representations offer a rich repre-
sentation of event related potentials (ERPs) that can-
not be obtained through individual time or frequency
domain analysis. This rich representation, however,
comes at the expense of increased data volume and the
difficulty of interpreting the resulting representations.
Therefore, methods that can reduce the large amount of
time-frequency data to physiologically meaningful com-
ponents are essential. The method presented in this pa-
per extends principal component analysis to the time-
frequency plane to reduce a large set of ERPs to a small
number of significant components. These components
are then characterized using a Gabor dictionary to offer
a succinct parametrization of the ERP data. The results
show that the principal component analysis is success-
ful at extracting components that can be described as
the superposition of a small number of Gabor logons,
and that the resulting set of logons succinctly represent
physiologically meaningful ERP events.

1. Introduction

Event related potentials are transient signals which
appear as voltage deviations in the electroencephalo-
gram (EEG) and are caused by external stimuli or cog-
nitive processes triggered by external events. ERPs
like most other real life signals are nonstationary and
thus can be best tackled by using nonstationary signal
analysis techniques. Some common analysis tools in-
clude wavelet transform, matching pursuit analysis and
Cohen’s class of time-frequency distributions (TFDs)
[1, 2, 3]. Cohen’s class of distributions provides
advantages over the other time-frequency representa-
tions such as accurate characterization of the physical
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time-frequency properties of a signal, e.g., energy and
marginals, and yields uniform high resolution over the
time-frequency plane. This high resolution represen-
tation comes at the expense of increased data and the
difficulty of interpreting the resulting three-dimensional
surfaces. For this reason, data reduction techniques are
needed to extract physiologically meaningful informa-
tion from TFD surfaces.

Current time-frequency data reduction methods
involve computing energy over frequency subbands,
choosing the best subbands in wavelet packet decompo-
sition or using sparse representations such as matching
pursuit (e.g., [4, 5]). The major shortcoming of these
methods is that they assume a priori signal model and
reduce the time-frequency information based on this
model. Recently, a data-driven method based on princi-
pal component analysis (PCA) combined with varimax
rotation has been proposed to decompose the ERP time-
frequency surfaces and reduce the large amount of data
into a few significant principal components [6]. This
method was shown to extract ERP components that are
localized on the time-frequency plane and that corre-
spond to well-known physiological phenomena.

In this paper, we propose an extension of this PCA-
based method to further reduce the information from
the principal components into fewer parameters. Since
the principal components extracted from ERP time-
frequency surfaces are well-localized in time and fre-
quency, we propose quantifying them in terms of well-
known compact signals on the time-frequency plane.
Gabor logons are known to achieve the lower bound
of the uncertainty principle on the time-frequency plane
and are well-equipped to explain the time and frequency
modulations in a signal. For this reason, we propose to
decompose the principal components in terms of time-
frequency shifted and scaled Gabor logons. An algo-
rithm similar to matching pursuit is developed on the
time-frequency plane to determine the number of lo-
gons necessary to describe an ERP component [5]. Fit-
ting Gabor logons to the extracted principal components
offers two potential benefits. First, insofar as a single
logon can characterize the primary activity in the exper-



imental manipulations for each principal component,
this would offer evidence that the principal compo-
nents approach is efficient at extracting compact time-
frequency representations. Second, the extracted logons
offer an important unit of analysis in their own right,
compact by definition.

The rest of this paper is organized as follows. Sec-
tion 2 outlines the principal component analysis as ap-
plied to time-frequency distributions. Section 3 intro-
duces a matching pursuit type algorithm as adapted to
time-frequency distributions. This analysis enables us
to parameterize the principal components in terms of
gabor logons. Section 4 discusses the results for both
a set of ERP signals and synthesized signals. Finally,
Section 5 concludes the paper and discusses the major
contributions.

2. PCA on the time-frequency plane

Ideally, an ERP TFD data reduction method will
faithfully reproduce established time-based findings
(i.e. peaks in the time domain such as P300 or sum-
maries of frequency activity such as alpha), but also
allow a more complex view of these phenomena us-
ing the rich information available in the TFDs. PCA
is widely used for ERP data reduction, and few alter-
natives offer its power and flexibility as a data driven
method for characterizing activity. The decomposition
method used in this paper is based on a direct extension
of PCA as employed in the time or frequency domains
separately, into the time-frequency domain and can be
summarized as follows:

1. Compute the time-frequency distribution of each
ERP waveform.

TFD(n, ;) x(n+n)x"(n+ny)

n ,n2> oTom—n).

)

where y is the time-frequency kernel and x(n) is
the ERP waveform.

Given N ERP waveforms, rearrange the time-
frequency surfaces into vectors and form the data
matrix X.

Compute the covariance matrix X = XXT.
Decompose the covariance matrix using principal

component analysis.

=Y APCPC! )

N

i=1

2455

where A; is the eigenvalue of each principal com-
ponent PC;. The principal components determine
the span of the time-frequency space.

Rotate the principal components using varimax ro-
tation. Varimax rotation is an orthogonal transform
that rotates the principal components such that the
variance of the factors is maximized. This rotation
improves the interpretability of the principal com-
ponents.

Rearrange each principal component into a time-
frequency surface to obtain the ERP components
in the time-frequency domain.

the

3. Matching Pursuit Time-

Frequency Plane

on

In this section, we introduce a matching pursuit
type algorithm on the time-frequency plane to further
reduce the time-frequency data into a few significant pa-
rameters. The goal is to be able to describe the principal
components using a compact set of time-frequency fea-
tures. It is known that the Gabor logon, a gaussian win-
dow modulated in frequency, is the most compact sig-
nal on the time-frequency plane as shown by the uncer-
tainty principle. Therefore, when quantifying the com-
pactness of a given signal on the time-frequency plane,
it is natural to take the Gabor logons as the building
blocks. We propose a time-frequency decomposition
method in terms of Gabor logons to determine the com-
plexity of principal component surfaces and to further
parameterize them. The proposed algorithm is similar
to the original matching pursuit [5] and the discrete Ga-
bor decomposition [7], except for the fact that it is de-
veloped in the time-frequency domain rather than in the
time domain.

A dictionary of Gabor logons on the time-
frequency plane is constructed and the decomposition
is performed using the elements of this dictionary,

G(n, ;ng, mp, 00):

3)
where « is the scale parameter, ny and y are the time
and frequency shift parameters, respectively. The de-
composition algorithm for a given TFD can be summa-
rized as:

(0 — ay)?

G(n,®) = exp (—a(n —ng)?) exp(— p

1. Initialize the residue as TF Dy = TFD, and the it-
eration index k = 1.
2. Find the Gabor logon over the whole dictionary,

i.e. over all (ng, oy, @), that has the largest inner



product with the given time-frequency surface.
Gi(n, ®) = argmax; Y. ¥ TFDy_(n,0)Gi(n, ®)
n o
“

3. Subtract the selected Gabor logon from the residue
to compute the new residue time-frequency distri-
bution.

TFDk(l’l7 CO) =TFDy_ (l’l7 CO)
— (ZETFDk,l(n,w)Gk(n,w)> Gi(n, o) )

4. Increment k by 1.

5. Go back to step 2 until the normalized energy in
the residue is below a pre-determined threshold,
ie.,

ITFDell2 ’
ITFDI|2
4. Results

The proposed method of combined principal com-
ponent analysis and matching pursuit on the time-
frequency plane is applied to a set of synthesized signals
as well as ERP signals.

4.1. Data Set

Three different types of signals are synthesized to
illustrate the effect of the algorithm: a mixture of three
gabor logons, a mixture of three gabor logons in white
noise (SNR=4dB) and a mixture of linear and quadratic
chirp signals. First, the principal components with the
highest eigenvalues are extracted on the time-frequency
plane. Then, the matching pursuit algorithm using a dic-
tionary of gabor logons is applied. The number of gabor
logons required to express each principal component at
a given energy level is found through the matching pur-
suit algorithm described in Section 3. The energy level
determines how many logons are required to represent
a certain percentage of the original time-frequency dis-
tribution and is defined in Step 5 of the algorithm.

The ERP data used for analysis consists of partic-
ipants in the Minnesota Twin Family Study (MTFS),
a longitudinal and epidemiological investigation of the
origins and development of substance use disorders and
related psychopathology. This sample combines sub-
jects from two age cohorts of the MTFS: subjects in
one cohort were 17 years old at intake whereas subjects
in the other were approximately 11 years old at intake,
with data for the latter coming from the second three-
year follow-up assessment. Data from 2069 participants
(979 male) are assessed. ERP data was recorded dur-
ing an oddball task in which simple ovals served as
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frequent stimuli (two-thirds of the trials) and stylized
heads served as target stimuli (one-third of the trials).
Presented data contain principal components character-
izing activity for target stimuli.

4.2. Analysis

Table 1 summarizes the average number of logons
required to represent the principal components for three
different energy levels. It can be seen that for all sig-
nal classes one gabor logon is enough to express the
95% of the energy of the extracted principal compo-
nents. Therefore, the 95% energy criterion is not sig-
nificant enough to determine how close the underlying
component is to a Gabor logon. When the energy level
is increased to 98%, it can be seen that the principal
components extracted from the synthesized Gabor lo-
gons are still accurately modeled by a small number of
logons whereas the principal components for the other
synthesized signals require a larger number of logons.

For the ERP signals, two frequency bands are an-
alyzed (0-5.75 Hz) and (0-14 Hz). 16 and 14 principal
components are analyzed respectively for the 0-5.75 Hz
and the 0-14 Hz bands. The number of logons required
to model the principal component surfaces average to
2.64 for 0-14 Hz band, whereas the same average is 6
for 0-5.75 Hz band due to reduced resolution at 98%
energy level. This is still a very small number of logons
given the number of elements in the dictionary, 6060.
This analysis shows that the ERP TFD surfaces can be
well-described by a small set of time-frequency param-
eters and that the principal component analysis com-
bined with varimax rotation extracts components that
are well-localized on the time-frequency plane.

Fig. 1 illustrates the single gabor logons extracted
for the 14 principal components for the 0-14Hz fre-
quency band. It is computed that the extracted single
logons have an average correlation of 0.6394 with the
principal components. It is seen that the extracted lo-
gons can separate between the early and the late activ-
ities, as well as the low frequency(4Hz) and alpha ac-
tivity (10 Hz). In Fig. 2, a comparison between the
grand average of the whole data set, the average of the
14 principal components, and the average of the logons
extracted from these PCs at the 98% energy level is
given. It can be seen that the extracted logons (an av-
erage of 2.64/component) represent the average of the
data set as well as the principal components well (cor-
relation=0.79).

5. Conclusions

In this paper, a data reduction method based on
principal component analysis combined with matching



Signal Type | 95 % 97 % 98%
Energy | Energy | Energy
ERP 1 2.19 6
(0-5.75Hz)
ERP 1 1.14 2.64
(0-14Hz)
3 Logons 1 1.33 3.33
3 Logons 1 1.33 9
in Noise
Chirps 1 1.5 34.5
Table 1. Comparison of different signals in

terms of the number of logons required to rep-
resent them at different energy levels
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Figure 1. The single Gabor logons that are ex-
tracted from the first 14 principal components
of the ERP dataset (0-14 Hz)
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Figure 2. The comparison between the grand
average, average of the principal components
and the average of the logons

pursuit was presented. Using the proposed method, it
was possible to extract components from simulated and
ERP data that are well-characterized by a small num-
ber of gabor logons. This characterization offers several
contributions. First, it suggests that the principal com-
ponents approach employed in the first stage of the cur-
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rent method tends to extract gabor logons. Because ga-
bor logons are the most compact time-frequency signal
representations, it can be inferred that under the tested
circumstances the principal components were an opti-
mal signal representation. Second, the gabor parametri-
zation is a more succinct representation of the energy
than the complete time-frequency principal component
surfaces, and thus offers greater power for analysis. An-
other significance of the proposed method is that un-
like other data reduction methods on the time-frequency
plane such as matching pursuit or chirp transform, the
proposed method does not make any assumptions about
the underlying signals, i.e. it does not try to fit a pre-
determined signal model to the given data. Finally, cur-
rent findings suggest that the alpha activity character-
ized in the ERP signals operates in a manner consistent
with gabor logons. This extends previous work by de-
tailing the nature of the event-related desynchronization
(ERD) of the alpha during cognitive processing, and the
event-related synchronization (ERS) as alpha power re-
turns post-processing.

Future work can evaluate these gabor parameters
in relation to well-known cognitive ERP events such as
P300, as well as ERP events with known specific phys-
iological origins, such as anterior cingulate cortex acti-
vation as measured in the error-related negativity (ERN)
paradigm.
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