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In the decomposition of multi-channel EEG signals, principal

component analysis (PCA) and independent component analysis

(ICA) have widely been used. However, as both methods are based

on handling two-way data, i.e. two-dimensional matrices, multi-way

methods might improve the interpretation of frequency transformed

multi-channel EEG of channel � frequency � time data. The multi-

way decomposition method Parallel Factor (PARAFAC), also named

Canonical Decomposition (CANDECOMP), was recently used to

decompose the wavelet transformed ongoing EEG of channel �
frequency � time (Miwakeichi, F., Martinez-Montes, E., Valdes-Sosa,

P.A., Nishiyama, N., Mizuhara, H., Yamaguchi, Y., 2004. Decompos-

ing EEG data into space– time– frequency components using parallel

factor analysis. Neuroimage 22, 1035–1045). In this article, PAR-

AFAC is used for the first time to decompose wavelet transformed

event-related EEG given by the inter-trial phase coherence (ITPC)

encompassing ANOVA analysis of differences between conditions and

5-way analysis of channel � frequency � time � subject � condition.

A flow chart is presented on how to perform data exploration using

the PARAFAC decomposition on multi-way arrays. This includes (A)

channel � frequency � time 3-way arrays of F test values from a

repeated measures analysis of variance (ANOVA) between two

stimulus conditions; (B) subject-specific 3-way analyses; and (C) an

overall 5-way analysis of channel � frequency � time � subject �
condition. The PARAFAC decompositions were able to extract the

expected features of a previously reported ERP paradigm: namely, a

quantitative difference of coherent occipital gamma activity between

conditions of a visual paradigm. Furthermore, the method revealed a

qualitative difference which has not previously been reported. The

PARAFAC decomposition of the 3-way array of ANOVA F test values

clearly showed the difference of regions of interest across modalities,

while the 5-way analysis enabled visualization of both quantitative
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and qualitative differences. Consequently, PARAFAC is a promising

data exploratory tool in the analysis of the wavelets transformed

event-related EEG.
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Introduction

Electroencephalographic (EEG) recordings have traditionally

been examined as indices of brain state – examining the

rhythmic activity of the resting EEG – or as indices of stimulus

elicited activity—examining the event-related potentials (ERP)

which are averages of many trials. A long standing discussion

about the interpretation of the ERP as resulting either from

phase resetting of oscillatory activity also present in the ongoing

EEG (Basar et al., 2001) or as a combination of several true

polarized single high amplitude bursts seems to have come to a

rest at the point where the ERP primarily is seen as depending

on phase resetting of oscillatory activity (Gruber et al., 2004,

2005; Makeig et al., 2002). This has led to an increasing interest

in examining the event-related EEG activity in time � frequency

plots rather than only looking at the time series of the event-

related EEG voltage (Gruber et al., 2004, 2005; Herrmann et al.,

2004a,b; Jansen et al., 2004; Jones et al., 2002; Lachaux et al.,

2005). Although the temporal resolution of EEG data is

excellent and is the virtue of the method, the possibility of

extracting spatial information from scalp recorded potentials of

multiple electrodes has been a major focus in recent years,

extending the data analyses in two major directions: one

focusing on dipole or source localization via elaborate statistical

http://www.sciencedirect.com
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models trying to solve the ‘‘backward’’ problem inherent in the

analyses (Koles, 1998) and another focusing on mathematical

decomposition on the data (Dormann et al., 1987; Makeig et al.,

1997; Rogers, 1991). Presently, our aim was to extend the

mathematical decomposition from the traditionally handling of a

channel � time ERP signal to the handling of ERP data arrays

of channel � frequency � time. The work was inspired by

Miwakeichi et al. (2004) who used the decomposition method

Parallel Factor (PARAFAC) to decompose the power of the

ongoing EEG into channel– frequency–time components. In the

present report, we propose a way to use PARAFAC decom-

position as an exploratory tool in the analyses of wavelet

transformed event-related EEG data. In contrast to Miwakeichi et

al. (2004), we analyzed the inter-trial phase coherence (ITPC)

also encompassing modalities such as condition and subject in

addition to an ANOVA test of difference between conditions. In

order to evaluate the method, we aimed at replicating a study of

visual information processing, where it had been previously

documented that early evoked gamma activity (30–80 Hz)

differed between two conditions, defined by stimuli having long-

term memory representations and stimuli having no such

representations (Herrmann et al., 2004a,b).
Methods

Theory

In the following, a description of the PARAFAC model will be

given. This will be followed by a description of the inter-trial phase

coherence (ITPC). Finally, the design of the multi-way array of this

article will be given.

PARAFAC

The use of PARAFAC in the analysis of EEG and ERP is

not new. In his original paper on PARAFAC, Harshman in 1970

suggested PARAFAC to be used to decompose the EEG

(Harshman, 1970). But, it was not before 1988 when Möcks

reinvented the model, naming it topographic component analy-

sis, that PARAFAC was used to analyze the ERP of channel �
time � subjects (Möcks, 1988), an idea that was further pursued

by Field and Graupe (1991). In 2004, Miwakeichi suggested the
Fig. 1. Graphical representation of the factor analysis to the left and the PARAF

PARAFAC decomposes the data into factor effects pertaining to each modality. F
use of PARAFAC on the wavelet transformed ongoing EEG in

the representation channel � frequency � time. It was here

shown how PARAFAC was capable of successfully identifying

the theta and alpha atoms of a cognitive task and that the

decomposition method could identify eye blinks (Miwakeichi et

al., 2004).

Traditionally, the decomposition of the EEG into components

has been based on decomposition techniques such as principal

component analysis (PCA) (Collet, 1989; Dormann et al., 1987;

Kayser et al., 2003; Picton et al., 2000; Rogers, 1991) and

independent component analysis (ICA) (Makeig et al., 1997,

1999). When EEG data are transformed by the use of continuous

wavelets for the analysis of frequency content, the increase of

dimensionality gives the two-way array i.e. the matrix of

channel � time, an extra modality yielding a 3-way array of

channel � frequency � time. Further problems arise when

modalities such as subject and condition are included, yielding a

5-way array of channel � frequency � time � subject �
condition. ICA and PCA can only analyze such data by unfolding

some modalities onto others, reducing the multi-way array into

matrices. The unfolding makes the interpretation of the results

difficult and removes the specific information endorsed by the

modalities. Consequently, rather than unfolding these multi-way

arrays into matrices, we analyzed the data using the multi-way

model PARAFAC.

The Parallel Factor (PARAFAC) model was independently

proposed by Harshman (1970) and by Carrol and Chang (1970),

the latter naming it Canonical Decomposition (CANDECOMP).

The model is a parsimonious extension of the factor analysis to

higher orders as revealed in Fig. 1. In matrix notation, factor

analysis can be expressed as:

XI � J ¼ AI � FSJ � FT þ EI � J ð1Þ

Where A is the factor loading, S the factor score, E the error, and F

the number of factors.Similarly, the PARAFAC of the 3-way array

XI � J � K can be expressed by unfolding one modality to another,

i.e.

XI � JK ¼ AI � F SK � F R DJ � F
� �T þ EI � JK ð2Þ

Where D is the factor score corresponding to the second

modality. S R D = [s1 ‘d1 s2 ‘d2. . .sF ‘dF] is the Khatri–

Rao product (Bro, 1998). Equivalently, the jth matrix corre-
AC decomposition of a 3-way array to the right. Like the factor analysis,

denotes the number of factors.
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sponding to the jth slice of the second modality of the 3-way

array can be expressed as:

XI � j � K ¼ AI � FDF � F
j SK � FT þ EI � j � K ð3Þ

Where Dj is a diagonal matrix having the jth row of D along the

diagonal. In a similar fashion for multi-way arrays X I1� I2� . . .� IN

of higher order than 3, the PARAFAC model is given by the

following three equivalent expressions:

xi1 i2>iN ¼
XF
k ¼ 1

a
1ð Þ
i1k
a

2ð Þ
i2k
>a

Nð Þ
iN k þ ei1 i2>iN

XI1� I2>IN � 1IN ¼A 1ð Þ A Nð Þ R A N�1ð Þ R>R A 2ð Þ
� �T

þ EI1 � I2>IN � 1IN

XI1 � i2 � i3 �>� iN � 1 � IN ¼ A 1ð ÞA
2ð Þ
i2
A

3ð Þ
i3
>A

N � 1ð Þ
in� 1

A Nð ÞT

þ EI1 � i2 � i3 �>� iN � 1 � IN ð4Þ

Consider again the 3-way array. If this array was to be analyzed

using ICA or PCA one of the modalities, i.e. the third modality

would have to be unfolded onto another modality, i.e. the second in

order to have an analyzable matrix. This would require a much

larger number of free parameters than the PARAFAC model, as in

general the following holds:

F I þ J IKð Þ|fflfflfflfflfflfflffl{zfflfflfflfflfflfflffl}
PCA=ICA

>> F I þ J þ Kð Þ|fflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflffl}
PARAFAC

ð5Þ

Furthermore, factor analysis suffers from rotational freedom as a

rotation of the solution of A by the matrix P and a counter rotation

of ST by P�1 yields an equivalent model:

X ¼ AST ¼ APð Þ P�1ST
� �

¼ ÃAS̃ST ð6Þ

Consequently, constraints in the form of orthogonality and

VARIMAX rotation for PCA and the stronger statistical

independence for ICA have to be imposed in order to insure

unique solutions. Rotational indeterminacy in PARAFAC on the

other hand would require:

XI � j�K ¼ ADjS
T`XI� j�K ¼ APð Þ P�1DjQ

� �
Q�1ST
� �

¼ ÃAD̃D jS̃S
T ð7Þ

However, since D̃j has to be a diagonal matrix for all j,

P�1 DjQ has to be diagonal which in practice restricts P
Fig. 2. The PARAFAC decomposition of the 3-way array to the left compared

unfolding the third mode to the second. Clearly, the number of free parameters is la

and sk with vk). Consequently, PARAFAC is a more restricted model ensuring un

effect of each modality on the kth factor is given by the component vector of that m

extracted in the factor analysis since vk is a vector with contributions from sever
and Q to only be each a scaling and permutation matrix. As

a result, the PARAFAC model is in general unique apart

from scaling and permutation indeterminacies. Kruskal gave

in 1977 a very mild uniqueness condition. The result makes

use of the k-rank kB which is given by the smallest subset

of columns of the matrix B that are linearly independent

(Kruskal, 1977):

kA þ kD þ kS � 2F þ 2 ð8Þ

This condition was extended by Sidiropoulos and Bro to

higher orders, N (Sidiropoulos and Bro, 2000), i.e.

XN
i¼1

kA ið Þ � 2F þ N � 1ð Þ ð9Þ

Consequently, the main advantage of PARAFAC over PCA

or ICA is that uniqueness is ensured under mild conditions,

making it unnecessary to impose constraints in the form of

orthogonality or statistical independence. This is achieved

through a very restricted but also very easy interpretable

model.

The most common way of estimating the PARAFAC model

is by alternating least squares. In this approach, a cost

function (normally the squared error) is minimized in

order to explain most of the variation in the data, i.e.

ÂA; ŜS; D̂D
��
¼ argminA;S;D �XI � JK � A S R Dð ÞT�2

, which corre-

sponds to optimizing the maximum likelihood of a Gaussian

noise model. This is done by alternating between re-estimating

each parameter given the estimation of the other parameters.

The algorithm can be initialized in several ways, i.e. by ran-

domly defining all parameters and stopped when all para-

meters have converged. For a description of this simple but

popular algorithm, confer Bro (1998). For recent alternative

algorithms, see Beckmann and Smith (2005) and Cao et al.

(2000, 2003) (Fig. 2).

Inter-trial phase coherence (ITPC)

Although the wavelet’s estimate of the coefficient at a given

time–frequency is local and the whole analysis is influenced by the

choice of wavelet, wavelet analysis is considered a powerful tool in

the analysis of the temporal development of the frequency of the

event-related EEG (Herrmann et al., 2005). For the analysis of the

frequency changes in the ERP signal, the complex Morlet wavelet as
to the corresponding factor analysis decomposition of the 3-way array by

rger in the factor analysis compared to PARAFAC (compare the length of dk

iqueness under very mild conditions. PARAFAC is easy to interpret as the

odality. In contrast to this, no simple interpretation of each modality can be

al, i.e. in the figure, two modalities.
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described by Herrmann et al. (1999) and Miwakeichi et al. (2004)

was used:

ũu tð Þ ¼ 1ffiffiffiffiffiffiffiffiffi
pXb

p exp i2pXctð Þexp � t2

Xb

��
ð10Þ

Xc is the center frequency and Xb is a bandwidth parameter.

Let Xe (c, f, t) be the coefficient of the wavelet transform at

channel c at frequency f and time t for epoch e, and let there be a

total of n epochs. When analyzing the wavelet transformed event-

related EEG, the following measures are useful (Delorme and

Makeig, 2004):

ERSP c; f ; tð Þ ¼ 1

n

Xn
e ¼ 1

jXe c; f ; tð Þj2

ITPC c; f ; tð Þ ¼ j 1
n

Xn
e ¼ 1

Xe c; f ; tð Þ
jXe c; f ; tð Þj j ð11Þ

While the event-related spectral perturbation (ERSP) is a measure of

the power in the signal, the inter-trial phase coherence (ITPC), also

referred to as phase locking factor, is a measure of evoked activity.

An ITPC value of one indicates perfect phase coherence in all

epochs, while random noise on the average has a coherence of 1ffiffi
n

p

(Nunez et al., 1997). In the following analysis, the ITPC is of

interest. Since the ITPC is computed as the mean of n unit vectors in

the complex plane and as the variance of the distribution is finite, as

the ITPC takes values between 0 and 1, we can appeal to the central

limit theorem and expect that the distribution of the ITPC is

asymptotically normal for n Y V (see also Mardia and Jupp, 1999).

By bootstrapping, it was indeed found that for n = 104, the ITPC

could be considered normally distributed (data not shown).

Design of the multi-way arrays

In the present article, three types of multi-way decompositions

are performed: (A) a multi-way of F test values from an analysis of

variance (ANOVA), (B) a 3-way array of ITPC values given by a

subjects channel � frequency � time, and (C) a 5-way array of

ITPC values also having subject and condition as modalities. Each

multi-way array is described below.

Since the ITPC is approximately normal distributed (n = 104

epochs), an ANOVA will be used to investigate the difference

between the evoked activities given by the ITPC of two conditions.

Let ITPC(c, f, t, s, k) be the ITPC at channel c at frequency f at

time t for subject s in condition k. Let there be a total of K

conditions and S subjects. It is assumed that the ITPC of each

subject is drawn from the same normal-distribution. The ANOVA

F test value Z(c, f, t) of difference between the two conditions at

channel c at frequency f at time t is then given by:

Z c; f ; tð Þ ¼

PK
k¼1

S I c; f ; t; kð Þ � I c; f ; tð Þð Þ2= K � 1ð Þ
PK
k¼1

PS
s¼1

ITPC c; f ; t; s; kð Þ � I c; f ; t; kð Þð Þ2= S � Kð Þ

where

I c; f ; t; kð Þ ¼ 1

S

XS
s¼1

ITPC c; f ; t; s; kð Þ

I c; f ; tð Þ ¼ 1

KS

XK
k¼1

XS
s¼1

ITPC c; f ; t; s; kÞ ð12Þð
This multi-way array of ANOVA test values given by Z(c, f, t) will

be decomposed using the PARAFAC model to indicate where the

largest differences between the two conditions are present.

Decomposing the ITPC of a subject given by the 3-way array of

channel � frequency � time using PARAFAC, i.e.

xi1 i2i3 ¼
XF
k¼1

ai1kdi2ksi3k þ ei1i2i3 ð13Þ

corresponds to the assumption that the underlying factors consist of

a given frequency signature dk of strength in time given by sk that

has been mixed in the channels by ak.

Extending the PARAFAC analysis to a 5-way array of

channel � frequency � time � subject � condition, i.e. into the

PARAFAC model,

xi1 i2i3i4 i5 ¼
XF
k¼ 1

ai1kdi2ksi3kpi4kqi5k þ ei1 i2i3i4i5 ð14Þ

amounts to the additional assumptions that the underlying factors

are the same in all subjects but with a subject-dependent strength

given by the subject score vector pk and furthermore with a

variable strength in the two conditions given by the score qk.

Although the above assumptions are very strong, a main benefit

is the reduction in the number of parameters F
PN

i ¼ 1 NibkN
i ¼ 1Ni,

thus the PARAFAC analysis has the great advantage of providing

unique and interpretable components. While variation between

subjects and conditions is certainly present, we believe that the

variation is not too large for the model to extract a weighted average

of the underlying process. This is in line with the conventional

assumption of event-related analysis, assuming that, although the

temporal signature of the event-related EEG varies from epoch to

epoch, the averaged ERP is still believed to depict the true (average)

temporal signature.

While the PARAFAC analysis of the ANOVA can give an

indication where the difference between the ITPC of the two

conditions are present, analyzing the ITPC given by the 5-way

array enables the visualization not only of quantitative differences

but also of qualitative, cross-modal, differences between condi-

tions. If a factor is clearly expressed in both conditions, but with

different strengths, it is an indication of a quantitative difference. If

a factor is mainly present in one of the two conditions, it is an

indication of a qualitative difference.

Experimental details

Eleven healthy male subjects participated in our study. They

gave informed consent as approved by the Ethics Committee, and

they were paid to participate in the experiment. The mean age of

the sample was 25 years (SD 1.4), and the mean length of

education was 15.7 years (SD 1.8).

EEG was recorded with 64 scalp electrodes (BioSemi Active

electrodes system) arranged according to the International 10–10

system. Additional recordings were obtained from earlobes and at

lateral canthus/brow for each eye. The grounding electrodes for the

active electrodes (CMS and DRL) were placed centrally, close to

POz. Data were recorded continuously at 2048 Hz/channel, band

pass 0.1–160 Hz, by a LabView* application (ActivView*) on a

Windows*-based PC. After down sampling to 512 Hz/channel, the

further processing was performed in EEGLAB for MatLab*
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(Delorme and Makeig, 2004). The data were referenced to digitally

linked earlobes and cut into epochs (�250 to +500 ms).

The stimulus paradigm has been described in detail previously

(Herrmann et al., 2004a,b). Briefly, it consists of two types of black

and white drawings: 1. objects (Ob), which are easily recognizable

everyday type of objects like a chair, a number or a pipe, and 2.

non-objects (Nob), which are chaotic re-arrangements of the Ob

drawings. No stimulus is shown more than once. Each stimulus

category included 104 events. Stimulus delivery was controlled by

the Presentation* software. Each stimulus was presented for 1 s,

and randomized inter-stimulus interval had durations of 1.3–1.7 s.

The stimulus presentation monitor was placed 75 cm in front of the

comfortably seated subject. To keep stimuli in focus yet keep the

object/non-object dichotomy unaware, the subjects were instructed

to respond with a mouse button press depending on their judgment

of the drawings as primarily having round contours or primarily

having edges. This response was not included in the data analysis,

which is focused on the difference between Ob and Nob un-related

to conceptual categorization. In the prior report of this experiment

in healthy volunteers, evoked gamma activity was elicited

bilaterally in the occipital region at approximately 100 ms post-

stimulus. The evoked activity was significantly stronger in the Ob

condition as compared to the Nob condition (Herrmann et al.,

2004a,b).

Pre-processing

The data were wavelet transformed using a complex Morlet

wavelet from MatLab* Wavelet Toolbox with center frequency

Xc = 1 and bandwidth parameter Xb = 2 with frequencies repre-

sented from 1 to 80 Hz with 1 Hz interval between each frequency.

As a measure of the evoked activity the inter-trial phase coherence

(ITPC), also named the phase locking factor (see Eq. (11)), was

calculated for each subject and each condition. This yielded a

multi-way array of channel � frequency � time as shown in Fig. 3.
Fig. 3. Example ITPC of one subject given by the multi-way array of channel �
respective time–frequency plots from �250 to 300 ms and 25 to 80 Hz.
Baseline subtraction was not performed prior to wavelet trans-

formation since the wavelet transform is invariant of additions or

subtractions of constants. The ITPC is a measure of phase

consistency, where each epoch contributes with a vector of the

same (unit) length giving all epochs equal influence on the ITPC.

Since even very noisy signals might include the correct phase

information, no epochs were rejected. This enabled the ITPC to be

calculated as an average across all trials, improving signal to noise

ratio (SNR). Furthermore, to avoid reduction of SNR, the data were

not normalized across subjects. Normalizing would increase the

influence of subjects having less coherence compared to random

activity in the analysis. In the PARAFAC analyses, background

activity was removed by subtracting the mean activity of each

channel and frequency from �250 to �100 ms.

PARAFAC analysis

Since ITPC data approximately represent a normal distribution

and assuming that the PARAFAC model can capture the systematic

variation in the data, the noise can be assumed normal.

Consequently, the PARAFAC model was calculated using the

alternating least square algorithm. Both the ANOVA and ITPC

yield non-negative values. As a result, neither ak, dk, sk nor pk or

qk can take negative values. Thus, the model was calculated with

non-negativity constraints on all modalities (Bro and Jong, 1997).

Although the alternating least squares PARAFAC algorithm has

been proven to suffer from degeneration and slow convergence

(Beckmann and Smith, 2005; Cao et al., 2000, 2003; Paatero,

2000), imposing non-negativity constraints makes degeneration of

solutions hard since no factor can counteract the effect of another

factor and improves convergence since the search space is greatly

reduced. While the PARAFAC model theoretically is unique, in

practice, unique solutions are not always achieved (Bro, 1998).

However, it has been shown that in general imposing non-

negativity also improves the uniqueness (Bro, 1998; Donoho and
frequency � time. The 64 channels are shown in a 16 � 4 array with their



Fig. 4. Flow chart of the analysis. The ERP was wavelet transformed using a complex Morlet wavelet with center frequency 1 and bandwidth parameter 2. The

measure of interest (MOI), i.e. the ITPC, was calculated for each subject and each condition according to Eq. (11) and a 3-way array of the ANOVA F test

value calculated according to Eq. (12). The F test array was analyzed using PARAFAC and the region of interest (ROI, here in the time– frequency domain) of

most difference between the two conditions identified. The ITPC in the ROI was then analyzed using PARAFAC on the 5-way array given by channel �
frequency � time � subject � condition of ITPC values. Finally, the ITPC of the ROI of each subject under each condition given by the 3-way array of

channel � frequency � time was also analyzed by PARAFAC and the individual peaks of the ITPC identified under each condition.
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Stodden, 2004). Consequently, the ALS algorithm with non-

negativity constraints was found adequate to model the data. The

model was calculated using the ‘‘N-way toolbox’’ for MatLab*

kindly provided by Rasmus Bro (http://www.models.kvl.dk/

source).

Accessing the correct number of factors, F, is important since

over- or underestimating the number of factors does impact the

decomposition (Beckmann and Smith, 2005; Bro, 1998). The

number of factors to include in the PARAFAC model was

estimated using Core Consistency Diagnostic (Bro, 1998) and

the Bayesian Information Criterion. Furthermore, the explained

variation as well as convergence of the algorithm was taken into

consideration. The algorithm was run three times for each analysis

to ensure by visual inspection that stable solutions were reached.

For most of the decompositions, a clear indication of the number of

factors to include was given. We suspect that imposing non-

negativity reduces the impact of the choice of F, but this needs

further investigation. No problems of convergence were encoun-

tered (Fig. 4).
Results

The 3-way array analysis of the ANOVA of difference between

the ITPC of the Ob and Nob conditions taken over the 11 subjects

(Eq. (12)) yielded a good fit in a one-component PARAFAC model

(cf. Fig. 5) where it is evident that the main difference in the
Fig. 5. The PARAFAC decomposition of the ANOVA F values multi-way array

difference between Ob and Nob condition is mainly in the gamma band around 40

the frequency and time components have been given a maximal value of 1).
evoked activity is in the gamma band between 40 and 80 Hz

around 100 ms.

Due to the successful fit in this frequency region at that time,

subsequent analyses were performed in that time–frequency

range (30–80 Hz; 0–200 ms).The number of channels was not

restricted. The ITPC 5-way array (channel � frequency � time �
subject � condition) could only entail a two-component

PARAFAC model. As seen in Fig. 6, the first component

encompassed occipital activity at approximately 30 Hz and 100

ms. This first component was present in both conditions, but it

was attenuated in the Nob condition (condition 2). The activity

was present in all subjects, but it was not strong in subjects 3, 4,

and 5. The second component was localized more anteriorly, and

it revealed a higher frequency, while peak latency was similar to

the first component. This second component was almost totally

limited to the Nob condition. The specific Nob activity was not

present in subjects 1, 4, 10, and 11.

14.8% of the total variation was described by the 5-way

analysis. This might not seem very much, but one has to bear in

mind that ITPC of EEG data is rather noisy even with n = 104

epochs and that the PARAFAC model is very restricted. To

evaluate the appropriateness of PARAFAC to model the data, we

reconstructed the ITPC arrays of each subject from the factors

found in Fig. 6 and calculated the residuals to look for systematic

variation, as revealed in Fig. 7.

When the ITPC was decomposed in each condition of every

subject (the 3-way array of channel � frequency � time), a one-
testing the difference between the two conditions in the 11 subjects. The

–80 Hz of the occipital region at about 100 ms (due to scale indeterminacy,

 http:\\www.models.kvl.dk\source 


Fig. 6. Left panel: the analyzed 5-way array of the ITPC given by channel � frequency� time� subject � condition in the ROI, i.e. 30–80 Hz and 0–200 ms.

Each subjects ITPC of channel � frequency � time similar to the one shown in Fig. 3 is given by the Ob condition (upper ITPCs) and Nob condition (Lower

ITPCs) for 11 subjects yielding a total of 22 ITPCs. Right panel: the corresponding two-component PARAFAC model. Whereas the first component indicates a

quantitative difference between the coherence in the occipital region across the two conditions, the second component indicates a qualitative difference where a

slightly more anterior higher frequency activity prevails in the non-object condition. The color range of the topographic plots is the same as the color range

given in Figs. 8 and 9. The first factor explains 11.2% of the total variation, whereas the second factor only explains 3.6%. Notice that the factors do not signify

statistical significance but explain most of the variation in the data given the model. Although only 14.8% of the variation is explained, it is the most systematic

variation being the most common through the subjects which is also the variation of most interest in the data.
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component PARAFAC model yielded a good fit. This resulted in

22 decomposition plots (11 subjects I 2 conditions) as illustrated in

Fig. 8, showing the Ob condition of subject 6.

In these decomposition plots, the time and frequency point of the

peak of the gamma activity was visually identified. In four plots, it

was not possible to identify a peak. Here, the peaks were defined at

40 Hz and 100 ms. In some subjects, more than one peak was found

in the frequency signature. Here, the peak of highest frequency was

chosen. The ITPC topography corresponding to the individual peak

time and frequency was obtained. The grand average of these

topographies for each condition is shown in Fig. 9, illustrating that
Fig. 7. ITPC arrays as described in Fig. 3 here shown from 30 to 80 Hz and 0–200

subject score in Fig. 6 and subject 4 (bottom images) having a low subject scor

calculated from the factors found in Fig. 6 is depicted in the middle images, and the

seems to have systematic variation in the ITPC, the variation of subject 4 appears

the systematic variation of subject 9, whereas almost none of the variation in subj

unsystematic.
the peak frequency/moment evoked activity is attenuated in the Nob

condition.
Discussion

Although the PARAFAC model seemed to capture the system-

atic variation in the data as revealed in Fig. 7, it is an open question

whether other models are more appropriate. The PARAFAC

analysis of the 5-way array might have been more accurate if

modalities were combined. The PARAFAC model was chosen
ms for the Ob condition. Data are for subject 9 (top images) having a high

e. The original ITPC is shown in the left images, the reconstructed ITPC

absolute value of the residuals is given in the right images. While subject 9

to be much more random. The reconstructed ITPC seems to capture most of

ect 4 is described. The residuals of subject 9 and 4 however look both quite



Fig. 8. Example of a one-component PARAFAC model calculated from a subject’s channel � frequency � time multi-way array of the ITPC. The component

indicates bilateral gamma activity in the occipital region around 40 Hz approximately 100 ms after stimuli onset.
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from a variety of multi-way models, e.g., PARAFAC2, TUCKER1,

TUCKER2, and TUCKER3 among others (Bro, 1998; Smilde et

al., 2004). This was mainly due to the uniqueness properties of

PARAFAC and the fact that the components were very easy to

interpret contrary to most of the other multi-way models (Bro,

1998; Miwakeichi et al., 2004; Smilde et al., 2004). However, the

very strong assumption of PARAFAC that identical activity is to be

found across subjects is questionable. This was also one of the

reasons why some subjects lacked the evoked gamma activity in

Fig. 6—simply because their activity deviated too much from the

mean activity.

From the PARAFAC analysis of the ANOVA F test values, it

was evident that the difference between the Ob and Nob condition

was in the gamma band of the occipital region around 100 ms. This

matched previous findings in this paradigm, where the difference

was statistically confirmed based on an explicit a priori hypothesis

of difference in early gamma activity in this region (Herrmann et

al., 2004a,b). It would seem that the explorative application of

PARAFAC on the ANOVA F test values could give a solid idea if

and where in the three-dimensional array a region of difference

between two conditions is present. Presently, the F test values

represent a means for exploration. If PARAFAC was considered for

hypothesis testing, the channel, frequency, and time peak found

from the ANOVA 3-way or ITPC 5-way analysis could be used to

test for difference between conditions on a new dataset. Another

approach would be to use the channel, frequency, and time

signatures of a factor found by PARAFAC. These signatures could
Fig. 9. Left panel: the grand average ITPC topography (11 subjects) at the individu

the left and Nob to the right). Evoked activity is attenuated in the Nob condition c

activity this difference is not significant). Right panel: the grand average ERP (11

digital filtering was applied, baseline was subtracted from �250 to 0 ms. Artifac

between the two conditions at the mid-latency components (P100 and N100), w

between rounded and edgy drawings (this difference between the ERPs is not sig
be used on new datasets to find subject scores pik, where i is the

subject number and k is the condition. Hypothesis testing could

then be achieved through statistical analysis of these scores.

Having identified the region of interest, the PARAFAC

decomposition of the 5-way array of ITPC values (Fig. 6) revealed

two effects: 1. a quantitative difference between the two conditions

as the Ob condition entailed more evoked activity in the occipital

region at the lower gamma band than the Nob condition. Again,

this was a replication of previous findings, even though the

measures of evoked activity and the procedures for the detection of

difference were entirely different (Herrmann et al., 2004a,b). 2. A

qualitative difference where evoked activity of a higher frequency,

located more anteriorly, was more pronounced in the Nob than in

the Ob condition. This qualitative difference outside the peak

frequency region might easily have been overlooked with tradi-

tional data processing. Before it is attempted to interpret this

finding, it is essential to verify it in another dataset as the procedure

here was exploratory.

Both the 3-way and 5-way PARAFAC decompositions per-

formed successfully. Admittedly, the 3-way array could have been

investigated using factor analysis models by unfolding one

modality to the other. But, it is noteworthy that the results of the

5-way PARAFAC analysis could not be obtained by unfolding the

array to a matrix. In this case, at least one of the factor analysis’

modalities would represent three of the original modalities which

would make the factor components hard to interpret. The 5-way

PARAFAC endorses novel and easy applicable comprehensive
al peak of the gamma activity separately averaged for each condition (Ob to

ompared to the Ob condition (since a few subjects lacked coherent gamma

subjects) of the two conditions at channel O2 (Ob: solid, Nob: dashed). No

t rejection was based on variance: 20% rejected. No difference is observed

hile the later processing diverges, un-related to the task of discriminating

nificant).



M. Mørup et al. / NeuroImage 29 (2006) 938–947946
view of data, which has not previously been seen. Finally, the

PARAFAC decomposition plot of the ITPC of each individual

subject in each condition enabled easy read off, a procedure which

here enabled the construction of a cross modality grand average

topography again substantiating the previously reported condition

difference. Following the results of exploratory PARAFAC

analyses, this individual type of PARAFAC decomposition could

be applied in even narrower windows of interest in another subject

sample, examining the quantitative and qualitative differences in

separate windows. This could be used in the statistical confirma-

tion of the differences.

In this report on evoked activity, the measure of interest (MOI)

was the ITPC. Yet, the PARAFAC is expected to perform just as

successful on other MOI like the ERSP. Consequently, the flow

chart of the present exploration as shown in Fig. 4 is considered

applicable to a wide range of analyses of the wavelet transformed

event-related EEG. Employing PARAFAC on ANOVA F values to

identify the region of interest throughout the sample and exploring

the region, identified in this manner, by PARAFAC on the MOI is a

promising route in data exploration. For confirmatory studies, other

routes as suggested above would be more appropriate.

Since PARAFAC performed so excellently decomposing the

various multi-way arrays, it is surprising that the model has been

employed so limited within EEG research. Probably, the main

reasons are the current focus on matrix decomposition and source

localization. Another reason could be the increased load on

computer running memory implemented by the multi-way data.

The wavelet analysis increases the size of the data immensely,

requiring 2 GB of computer RAM for the 5-way array decom-

position. RAM of this size has only recently become available on

PC. Thirdly, the earlier attempts of using PARAFAC on EEG

measures might have been aborted due to problems of degeneration

in the factors when applying PARAFAC on the voltage data (Field

and Graupe, 1991).

Finally, PARAFAC might become an important tool in the

analysis of a wide range of brain data. The scheme developed here

is obviously applicable also to MEG data, and we think it is

worthwhile to mention that PARAFAC has previously been applied

to fMRI (Beckmann and Smith, 2005). Consequently, great

potentials lie ahead in terms of the analysis of brain data using

PARAFAC.
Conclusion

PARAFAC decomposition is a promising data exploratory tool

in the analysis of wavelet transformed event-related EEG. The

method was able to extract the expected features of a previously

reported ERP paradigm also incorporating subject and condition

modalities. The PARAFAC decomposition of the 3-way array of

ANOVA F test values clearly shows the difference regions of

interest across modalities, while the 5-way ITPC analysis enabled

visualization of both quantitative and qualitative differences.
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