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Abstract

Most cognitive processes in the brain are re�ected through several aspects
simultaneously, allowing us to observe the same process from di�erent biological
phenomena. The diverse nature of these biological processes suggests that a
better understanding of cerebral activity may be achieved through multimodal
measurements. One of the possible multimodal brain recording settings is the
combination of electroencephalography (EEG) and functional magnetic resonance
imaging (fMRI), which is one of the main topics of this thesis.

Two groups of EEG-fMRI integration approaches are possible. The �rst group,
commonly called model-based techniques, are very popular due to the fact that
the results from such analyses con�rm or disprove a speci�c hypothesis. However,
such hypotheses are not always available, requiring a more explorative approach to
analyze the data. This exploration is possible with the second group of approaches,
the so-called data-driven methods.

The data-driven methods used in this work are based on blind source separation
(BSS) and, more speci�cally, on independent component analysis (ICA) techniques.
Besides the fusion of EEG and fMRI data, also the application of ICA to several
types of single-channel and two-channels signals is studied. However, to be able to
use ICA for these speci�c applications, modi�cations to the algorithm or to the
way the data are used as input, are needed.

Physiological signals are often measured from only one or a few electrodes, like,
e.g., the electromyogram (EMG) measuring muscle activity. One of the limitations
of ICA, however, is that it can extract independent components only when the
number of sources embedded in the data is lower than, or equal to the number of
recorded channels. In case of single-channel signals, this assumption is not satis�ed.
To solve this issue, in the �rst part of this thesis, we propose the use of empirical
mode decomposition (EMD) to decompose a single-channel signal into a set of
oscillatory modes, after which ICA is used to extract the underlying components.
This method can also be extended to bivariate (or even multivariate) signals and is
illustrated and validated in this thesis on data from baby cries, EEG and EMG
data.
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vi Abstract

The second part of this work is devoted to the application of ICA to EEG-fMRI
fusion. EEG and fMRI data are structured together into one matrix and then jointly
decomposed with ICA. This so-called JointICA algorithm [23] is �rst thoroughly
validated on data from a simple visual detection task. The results of these analyses
are compared to literature, and di�erent aspects of the algorithm's performance
are discussed.

JointICA is then used in a more complicated setting - the study of perceptual
grouping. More speci�cally, the neural mechanisms of contour integration, i.e., the
grouping of local edges into global contours are investigated. A modi�cation of the
algorithm is also proposed, allowing the comparison of di�erent task conditions
presented during the experimental paradigm. This allows to pinpoint detailed
spatio-temporal di�erences and similarities across the presented conditions.



Samenvatting

De meeste cognitieve functie in de hersenen kunnen op verschillende manieren
bestudeerd worden. De diversiteit van biologische processen gerelateerd aan
dezelfde cognitieve activiteit suggereert dat een dieper begrip van hersenactiviteit
kan bekomen worden met multimodale metingen. Een van de mogelijkheden
is de combinatie van electroencephalography (EEG) en functionele magnetische
resonantie beeldvorming (fMRI), dat een van de belangrijkste thema's was in deze
thesis.

Twee grote groepen aan methoden voor EEG-fMRI integratie kunnen onderscheiden
worden. De eerste groep, vaak de model-gebaseerde techniekengenoemd, zijn zeer
populair doordat de resultaten van zulke analyse direct een welbepaalde hypothese
kunnen bevestigen of ontkennen. Echter, zulke hypothese is niet altijd mogelijk, en
wanneer het niet mogelijk is, is een meer exploratieve benadering van data-analyse
nodig. Zulke exploratie is mogelijk met de tweede groep methode, de zogenoemde
data-gedreven methoden.

De data-gedreven methoden die in dit werk gebruikt zijn, zijn gebaseerd op blinde
bron schatting (BSS) technieken en, meer bepaald, op onafhankelijke component
analyse (ICA). Naast de integratie van EEG en fMRI data, werd ook de toepassing
van ICA voor verschillende een- en twee-kanaals signalen bestudeerd. Echter, om
ICA voor deze speci�eke toepassingen te gebruiken, moeten wijzigingen aangebracht
worden aan het algoritme of aan de manier waarop de inputdata gebruitk wordt.

Physiologische signalen worden vaak slechts met behulp van een of enkele electrode
opgemeten, zoals bijvoorbeeld het electromyogram (EMG) dat spieractiviteit
opmeet. Een van de beperkingen van ICA is dat het enkel onafhankelijke
componenten kan schatten wanneer het aantal bronnen in de data kleiner is dan, of
gelijk aan, het aantal meetkanalen. Voor eenkanaals signalen geldt deze hypothese
niet. Om dit probleem om te lossen, stellen we in het eerste deel van de thesis
het gebruik van empirische mode ontbinding (EMD) voor om eenkanaals signalen
te ontbinden in een aantal oscillerende modes, waarna ICA kan gebruikt worden
om de onderliggende componenten te schatten. De methode kan ook uitgebreid
worden naar bivariate (en zelfs mutlivariate) signalen en is geïllustreerd aan de
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viii Samenvatting

hand van baby-schreeuwen, EEG en EMG data.

Het tweede deel van het werk werd toegewijd aan de toepassing van ICA voor EEG-
fMRI integratie. EEG en fMRI data kunnen in een gegevensmatrix gestructureerd
worden, en beide modaliteiten kunnen dan samen ontbonden worden met behulp van
ICA. Dit zogenoemde jointICA algoritme [ 23] werd eerst grondig gevalideerd aan de
hand van data opgemeten tijdens een eenvoudige detectie taak. De resultaten van
deze analyses werden aan de hand van de literatuur gevalideerd en verschilllende
aspecten in verband met de performatie van het algoritme werden bestudeerd.

Daarna werd jointICA voor een ingewikkelder probleem gebruikt - de studie van
perceptuele groepering. Meer precies, de neuronale mechanismen voor contour
integratie, of - nog anders gezegd, de groepering van locale randoriëntering in
globale contouren werden bestudeerd. Een aanpassing aan het jointICA algoritme
werd ook voorgesteld, dat de vergelijking van verschillende taakcondities tijdens
experimentele paradigmas toelaat. Dit nieuwe algoritme laat ons toe in detail
de spatiotemporele gelijkenissen en verschillen tussen verschillende condities te
bestuderen.



Rezime

Âå£èíà êîãíèòèâíèõ ïðîöåñà ó §óäñêîì ìîçãó ñå ðåôëåêòójå íà íåêîëèêî
íà÷èíà, øòî íàì îìîãó£àâà äà ïîñìàòðàìî jåäàí èñòè ïðîöåñ êðîç ðàçëè÷èòå
áèîëîøêå ôåíîìåíå. Ðàçëè÷èòîñòî îâèõ ïðîöåñà óêàçójå äà ñå ìîæäàíà
àêòèâíîñò ìîæå áî§å ïðàòèòè óç ïîìî£ ìóëòèìîäàëíèõ ìåðå»à, ãäå ñå
íåêîëèêî ôèçèîëîøêèõ ñèãíàëà ïîñìàòðà ó èñòîì âðåìåíñêîì ïåðèîäó.
Jåäíà îä ìîãó£èõ êîìáèíàöèjà ìóëòèìîäàëíèõ ìåðå»à jå ñèìóëòàíî ìåðå»å
åëåêòðîåíöåôàëîãðàìà (ÅÅÃ) è ôóíêöèîíàëíå ìàãíåòíå ðåçîíàíöå (ôÌÐ).
Èçó÷àâà»å îâîã êîìáèíîâàíîã ìåðå»à jå jåäíà îä îñíîâíèõ òåìà îâå òåçå.

Ïîñòîjå äâå ãðóïå ìîãó£èõ ïðèñòóïà èíòåãðàöèjè ÅÅÃ-à è ôÌÐ-à. Ïðâó
ãðóïó ïðåäñòàâ§àjó òçâ. òõåíèêå áàçèðàíå íà ìîäåëîâà»ó. Îíå ñó ïîïóëàðíå
èç ðàçëîãà øòî ðåçóëòàòè èç îâàêâå àíàëèçå ìîãó äà äîêàæó èëè îïîâðãíó
ïî÷åòíó õèïîòåçó. Ìå¢óòèì, ïðîáëåì íàñòàjå êàäà íåìàìî äîâî§íî èíôîðìà-
öèjà î ìîäåëó êîjè æåëèìî äà èñïèòójåìî, ïà íàì jå, ïðåìà òîìå, íåîïõîäàí
âèøå åêñïëîðàòèâíè ïðèñòóï, êîjè íàñ íå îãðàíè÷àâà óñëîâèìà êîjå ïîñòàâ§à
ìîäåë. Îâàêàâ èñòðàæèâà÷êè ïðèñòóï jå ìîãó£ êîðèø£å»åì äðóãå ãðóïå
èíòåãðàöèîíèõ òåõíèêà, òçâ. ïîäàöèìà-âî¢åíå ìåòîäå.

Ïîäàöèìà-âî¢åíå ìåòîäå êîjå ñå êîðèñòå ó îâîj òåçè ñó òåõíèêå �ñëåïîã
èçäâàjà»à èçâîðíèõ ñèãíàëà� (Blind Source Separation (BSS)). Îâå ìåòîäå
ïîäðàçóìåâàjó äà jå ìåðåíè ñèãíàë äîáèjåí ñóïåðïîçèöèjîì èçâîðíèõ ñèãíàëà,
è ïîêóøàâà äà ðàçäîâîjè ìåðåíè ñèãíàë íà òå ñàñòàâíå êîìïîíåíòå. Ïðåöèçíèjå,
êîðèñòå ñå ìåòîäå �àíàëèçå íåçàâèñíèõ êîìïîíåíàòà� (Independent Component
Analysis (ICA)). Îñèì çà ïîòðåáå èíòåãðàöèjå (ôóçèjå) ÅÅÃ è ôÌÐ ñèãíàëà,
ïðèìåíà ICA ìåòîäà íà íåêîëèêî òèïîâà jåäíîêàíàëíèõ è äâîêàíàëíèõ ìåðå»à
jå àíàëèçèðàíà ó îâîj òåçè. Ìå¢óòèì, äà áèñìî êîðèñòèëè ICA ìåòîäå ó îâå
ñâðõå, ìîäèôèêàöèjà àëãîðèòìà jå íåîïõîäíà ó ñìèñëó ïðîìåíå îáëèêà óëàçíîã
ñèãíàëà.

Ôèçèîëîøêè ñèãíàëè ñå ÷åñòî ñíèìàjó ñàìî ñà jåäíîì, èëè ìàëèì áðîjåì
åëåêòðîäà (íïð. åëåêòðîìèîãðàì (ÅÌÃ) êîjè ìåðè ìèøè£íó àêòèâíîñò).
Ìå¢óòèì, jåäíî îä îñíîâíèõ îãðàíè÷å»à ICA ìåòîäå jå ó òîìå øòî îíà
ïîäðàçóìåâà äà jå áðîj èçâîðíèõ ñèãíàëà, ÷èjîì jå ñóïåðïîçèöèjîì ìåðåíè
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ñèãíàë äîáèjåí, ìà»è èëè jåäíàê áðîjó ìåðåíèõ ñèãíàëà. Ó ñëó÷àjó
jåäíîêàíàëíèõ ìåðå»à, îâà ïðåòïîñòàâêà î÷èãëåäíî íå ìîæå áèòè çàäîâî§åíà.
Äà áèñìî ðåøèëè îâàj ïðîáëåì, ó ïðâîì äåëó îâå òåçå jå ïðåäëîæåíî
äà ñå åìïèðèjñêà äåêîìïîçèöèjà ó îñöèëàòîðíå ìîäîâå (Empirical Mode
Decomposition (EMD)) êîðèñòè äà ðàçëîæè óëàçíè ñèãíàë. ICA ñå çàòèì
ïðèìå»ójå äà èçäâîjè ñàñòàâíå êîìïîíåíòå. Îâàj ìåòîä ìîæå áèòè ïðîøèðåí
çà óïîòðåáó íà äâîêàíàëíèì è âèøåêàíàëíèì ñèãíàëèìà. Âàëèäàöèjà îâàêâîã
ïðèñòóïà jå èçâðøåíà íà ÅÅÃ è ÅÌÃ ñèãíàëèìà, êàî è íåêèì âîêàëíèì
ñèãíàëèìà.

Äðóãè äåî îâå òåçå jå ïîñâå£åí ïðèìåíè ICA àëãîðèòàìà íà ôóçèjó ÅÅÃ
è ôÌÐ ñèãíàëà. Ó îâîì ïðèñòóïó, ÅÅÃ è ôÌÐ ñèãíàëè ñó óêëîï§åíè ó
jåäíó çàjåäíè÷êó ìàòðèöó, à ïîòîì ñó çàjåäíî äåêîìïîíîâàíè, êîðèñòå£è ICA
àëãîðèòìå. Ïðâî jå èçâåäåíà òåìå§íà âàëèäàöèjà îâîã ïðèñòóïà, êîjè ñå
çîâå �JointICA� [23] íà ïðèìåðó jåäíîñòàâíîã åêñïåðèìåíòà âèçóàëíå äåòåêöèjå.
Ðåçóëòàòè äîáèjåíè ó îâîj ñòóäèjè ñó ïîòîì óïîðå¢åíè ñà ðåçóëòàòèìà
èç ëèòåðàòóðå äîáèjåíèõ ñòàíäàðäíèì òåõíèêàìà. Ïîðåä òîãà, ðàçëè÷èòè
àñïåêòè ïåðôîðìàíñè îâîã àëãîðèòìà ñó èñïèòèâàíå è äèñêóòîâàíå.

JointICA jå çàòèì óïîòðåá§åíà ó êîìïëèêîâàíèjîj åêñïåðèìåíòàëíîj ïîñòàâöè
- ïåðöåïöèîíî ãðóïèñà»å. Èñïèòèâàíè ñó íåóðàëíè ìåõàíèçìè èíòåãðàöèjå
êîíòóðå, îäíîñíî ãðóïèñà»å ëîêàëíèõ èâèöà ó ãëîáàëíå êîíòóðå. Ïðåäëîæåíà
jå è ìîäèôèêàöèjà JointICA àëãîðèòìà, êîjà äîçâî§àâà óïîðå¢èâà»å ðàçëè÷èòèõ
åêñïåðèìåíòàëíèõ óñëîâà, òîêîì åêñïåðèìåíòàëíå ïàðàäèãìå. Îâà ìîäèôèêàöèjà
îìîãó£ójå èñòèöà»å äåòà§íèõ ïðîñòîðíî-âðåìåíñêèõ ðàçëèêà è ñëè÷íîñòè
èçìå¢ó ðàçëè÷èòèõ åêñïåðèìåíòàëíèõ ïîñòàâêè.
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Chapter 1

Introduction

This thesis focuses on the application of so-called Blind Source Separation (BSS)
techniques to single-channel signals on the one hand, and multimodal, multi-channel
signals on the other hand. To understand the results in the following chapters,
this chapter �rst introduces some of the physiological signals that are used in
the presented analyses. Afterwards, a general introduction to the BSS concept
is provided. This concept is subsequently extended to both single-channel and
multimodal data and also higher-order techniques are introduced. Finally, the aims
of this thesis, a detailed chapter-by-chapter overview and personal contributions
are listed.

1.1 Physiological Signals

Physiological signals are signals that are generated by the human body and give
an idea about the functioning of various physiological systems. In this section, the
physiological signals that are used in this thesis, are introduced.

Many of these signals are electrophysiological, meaning that they provide a measure
for the electrical activity of the physiological system under study. This electrical
activity is typically generated by nerve or muscle cells, and can be measured by
placing electrodes on speci�c locations on the body surface. Depending on the
position, the recorded signals can originate from muscles, the heart, brain and so
on. According to their origin, they can be divided in several categories, three of
which are used in this thesis:

ˆ The electromyogram (EMG) measures the electrical activity of the
muscles (except the heart), which is caused by the electrical potential

1
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generated in activated muscle cells. The signals can be analyzed to detect
physiological abnormalities, activation level or to analyze the biomechanics
of human or animal movement.

ˆ The electrocardiogram (ECG) is a measure of the electrical activity of
the heart. It is usually recorded from the chest of the patient (subject), but
it can also be visible in other recorded signals (like EMG), in which case it is
considered as an artifact (a signal which is not of interest).

ˆ The electroencephalogram (EEG) allows recording the electrical activity
of brain cells (neurons), by placing a number of electrodes on the scalp. It
can provide information about spontaneous brain processes, as well about
the brain's reaction to speci�c environmental stimuli. This evoked activity is
called the event-related potential (ERP) and will be intensively used in this
thesis.

Apart from the above-mentioned electrophysiological signals, another physiological
signal will be used in this thesis, namely functional magnetic resonance
imaging (fMRI) . This signal is measured with a magnetic resonance scanner
and allows the identi�cation of activated brain regions based on changes in blood
oxygenation. More details about this method can be found in Chapter 4.

1.2 Blind Source Separation

1.2.1 Background

In our every-day experience, we are often faced with the problem where a number
of stimuli (visual, auditory or others) are presented to us, mixed together, but
where we want to focus on only one of them. The human brain is a very good signal
processing tool in this regard. We can easily listen to several voices, for example,
and at the same time follow the story of only one of them, or change our visual
focus to the objects we are interested in. In the signal processing community, this
problem of separating di�erent sources from a mixture is called the Blind Source
Separation (BSS) problem. It is usually explained through the �cocktail party
problem�, illustrated in Fig. 1.1. In this problem, several people are speaking at
the same time during a cocktail party. This conversation is recorded with a number
of sensors (microphones, in this case), and the goal is to isolate the speech coming
from each person separately, without disturbances coming from the others. This
process of separating the signals is called the demixing process.

This problem can be easily generalized to other problems present in nature. For
example, Fig. 1.2 represents the recording of a set of EEG signals. The recorded
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Figure 1.1: Cocktail Party Problem: A number of persons is speaking at a cocktail
party at the same time. The conversation of all the people together is recorded by
a number of sensors (microphones). The BSS problem comes down to separating
this mixed speech into the constituent speech of every person separately.

signals are generated by a number of electrical sources (dipoles) hidden inside the
brain, but, unfortunately, represent a mixture of these dipole signals, propagated
through the gray matter, skull and scalp. The goal of BSS in this case, would be to
separate the recorded EEG data into sources, corresponding to individual dipoles.

In mathematical terms, this problem can be described as follows. Let us assume
that the data consist of a number of variables that we have observed together. Let
us denote the number of variables byn and the number of observations byT. We
can then denote the data byx i (t), where the indices take the valuesi = 1 ::n and
t = 1 ::T. The dimensionsn and T can be very large. Now, we want to �nd the
function mapping variables from an n-dimensional space (we call the signals in this
spacex) to an m-dimensional space (signalss), such that the transformed variables
give information on the data that are otherwise hidden in the original dataset. In
other words, the transformed variables should be the underlying components that
describe the essential structure of the data. Ideally, these sources describe di�erent
physical phenomena that were involved in the signal generation process. In this



4 INTRODUCTION

Figure 1.2: Illustration of BSS problem on EEG data. A number of EEG signals
are recorded from the scalp. Their underlying sources are extracted (demixing
process) with independent component analysis (ICA - see Section 1.2.2). The
resulting components represent di�erent physiological sources, more speci�cally
muscle activity (�rst component), eye blinks (second) and epileptic seizure activity
(fourth).

thesis, only linear mappings are explored, which means that then recorded signals
are obtained as linear combinations of them sources (see Eq. 1.1).
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where the elements of the matrixA represent the coe�cients that �mix� the sources
sj into the recorded signalsx i . This matrix A is therefore called the mixing matrix.

For the sake of simplicity, we will demonstrate here the problem assuming only
three di�erent sources. Let x1(t), x2(t) and x3(t) be the observed signals, and
s1(t), s2(t) and s3(t) be the original (physical) sources. As mentioned before, the
x i (t) can be represented as a linear mixture of sourcessi (t) in the following way:

x1(t) = a11s1(t) + a12s2(t) + a13s3(t)

x2(t) = a21s1(t) + a22s2(t) + a23s3(t) (1.2)

x3(t) = a31s1(t) + a32s2(t) + a33s3(t)

The goal of BBS is then to �nd the original sources which construct these mixtures.
However, since we have only limited knowledge about the physical system under
study, both the sourcessj and the coe�cients aij are unknown. As such, BSS aims
at �nding an unmixing matrix W for which W = A � 1 with coe�cients wji , such
that we can separate thesj as in Eq. 1.3.

0

@
s1(t)
s2(t)
s3(t)

1

A = W

0

@
x1(t)
x2(t)
x3(t)

1

A (1.3)

1.2.2 BSS approaches

As explained above, both the matrix A and the sourcessj in Eq. 1.1 are unknown.
As such, the problem presented in Eq. 1.1 is ill-posed and cannot be solved without
imposing additional assumptions. Several assumptions in this context are possible,
of which two will now be shortly explained.

Orthogonality One of the principles to extract sources from recorded signals is
to impose orthogonality between the extracted sources. One such technique is
called principal component analysis (PCA) [66, 153]. It tries to explain as much
information as possible with only a couple of components. In other words, this
technique tries to �nd one variable describing as much of the signal variability as
possible, then the next one is orthogonal to the �rst variable, and describes as
much as possible of the residual after extraction of the �rst variable, etc. Therefore,
this method is also often used as a dimensionality reduction method, in which case
only several �rst variables are retained, while all the rest are replaced by zeros.
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Statistical Independence Another assumption that is commonly used (as also in
this thesis) is the assumption of statistical independence. This means that we extract
sources of which the values of any of the source components give no information at
all on the values of any other component. In reality, perfect statistical independence
is not easily obtained, so we try to maximize the independence between the sources.
BSS methods used for this purpose are called independent component analysis (ICA)
approaches [91], and are explained in more detail in Chapter 2. An illustration of
the result of ICA applied to EEG data is also given in Figure 1.2.

1.2.3 Single-Channel BSS techniques

From Eq. 1.1 and from Figs. 1.1 and 1.2, it seems that multiple sensors are needed
to record the mixed signals necessary for solving the BSS problem (based on, e.g.,
statistical independence like in ICA). In fact, it is most commonly assumed that
the number of sources is always lower than or equal to the number of recorded
mixtures. Otherwise, the linear system in Eq. 1.1 would be ill-posed.

However, in some cases the number of observed channels can be lower than the
number of underlying sources. In an extreme case, the number of measured signals
is only 1. EMG, e.g., can for practical reasons often only be measured from one
electrode. If such EMG signal would then be corrupted by speci�c artifacts (e.g.,
ECG), information from only one channel would be available to remove these
artifacts. Therefore, it would be interesting if we could adapt the BSS techniques
to be used for this purpose, since, as mentioned before, these methods are originally
intended for multi-channel signals. In order to obtain such multi-channel signals,
several decomposition techniques exist to map the 1-dimensional (1D) data into a
2-dimensional (2D) space.

The two techniques we use further for this purpose are Wavelet analysis and
Empirical Mode Decomposition. Wavelet analysis is a technique that allows
decomposing a signal in di�erent frequency bands. More speci�cally, one-
dimensional wavelets map a single-channel signal into a certain wavelet dictionary,
composed of scaled and shifted versions of the so-called mother wavelet. The
coe�cients obtained for each scale will then constitute the rows of the input
(measured) matrix. This approach will be further explained in Chapters 2 and 3.

Another possible method for expanding a single channel signal into a multi-channel
input matrix is the recently introduced Empirical Mode Decomposition [ 89]. This
technique maps single channel data into the space of so-called Intrinsic Mode
Functions (IMF), which describe the frequency content of the signal. Similarly
to wavelets, each IMF can be used as one row of the input matrix for the BSS
algorithm. This approach will also be further explained in Chapters 2 and 3.
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1.2.4 BSS in multimodal applications

Understanding the processes that are going on in the human body, requires the
combination of several types of observations. For this reason, since several years,
biomedical signal processing research started to focus on multimodal approaches.
One such multimodal approach, especially used in neuroscience research, is the
combination of electroencephalography (EEG) and functional magnetic resonance
imaging (fMRI). The non-invasive character of these two modalities makes
their combination not only harmless and painless, but also especially suited for
widespread research in both clinical and experimental applications. Moreover, the
complementarity between the high temporal resolution of the EEG and the high
spatial resolution of the fMRI, allows obtaining a more complete picture of the
processes under study.

To analyze the combination of these two datasets, several BSS techniques have
already been proposed. A detailed overview of these approaches will be given in
Chapter 4, but in this thesis, special attention is given to the so-called JointICA
method. The general principle of this method is to concatenate the corresponding
EEG and fMRI data per subject, and then include the data from several subjects
together in one matrix. Subsequently, ICA is applied to these data in order to
jointly extract sources from both modalities [23]. The JointICA approach is better
elaborated in Chapters 6 and 7.

1.2.5 Multidimensional BSS

The BSS approaches and modi�cations presented in the previous sections, only
allow source extraction from two-way data. This property, however, poses a
certain limitation when applying these BSS approaches to physiological datasets,
since such data often incorporate more than two modes. In the case of EEG
recordings, for example, data are acquired from di�erent electrodes (spatial mode),
at di�erent time instants (temporal mode), in response to di�erent stimuli (trial
mode), from di�erent subjects (subject mode), etc. To preserve this multi-way
structural information in the analyses, higher-order arrays (or tensors) can be used
to store the data and higher-order decomposition techniques should be applied.
One such higher-order approach is the Canonical Polyadic Decomposition (CPD),
also known as Canonical Decomposition or Parallel Factor Analysis (PARAFAC)
[101]. This method decomposes three- or higher-order tensors into a set of distinct
atoms, which ideally represent di�erent physiological sources. PARAFAC has the
advantage of being unique under very mild conditions and has already been applied
in several biomedical applications (e.g., [56, 51]). PARAFAC has not been explicitly
used for the results presented in this thesis, but is introduced here to clarify some
of the suggestions made in Chapter 8. In addition, it also has been successfully
applied to some of the data presented in Chapter 5 as described in [186].
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Figure 1.3: Outline of the thesis. On the one hand, single-channel blind source
separation is solved by mapping the single-channel data into a 2D space, and
then solving the matrix-based BSS problem. On the other hand, the multimodal
multi-channel BSS problem is solved by arranging the data into a 2D matrix space,
after which the matrix-based BSS problem is solved.

1.3 Aims of the thesis

This thesis focuses on matrix-based blind source separation techniques. These
techniques are used to solve two more general decomposition problems:

1. Blind Source Separation of single-channel signals

2. Multimodal Multivariate Blind Source Separation for EEG-fMRI fusion

The single-channel BSS issue is solved in Chapter 3 by �rst expanding the single-
channel data into matrix space, and then solving the BSS problem (see Fig. 1.3).

The multimodal EEG-fMRI fusion is achieved through composing one matrix that
contains both EEG and fMRI data, and then using BSS algorithms to decompose
the resulting matrix. This method is explained better in Chapters 6 and 7.
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1.4 Chapter-by-chapter overview

Chapter 2 provides the mathematical background on di�erent 1-D and 2-D
decomposition techniques. Furthermore, this chapter introduces the empirical
mode decomposition (EMD) and ensemble empirical mode decomposition (EEMD)
techniques. The application of EEMD to investigate the correlation between the
amplitude and instantaneous frequency of the neonatal cry during venous blood
sampling is provided.

Chapter 3 In this chapter a new algorithm for source separation of single channel
signals (EEMD-ICA) is introduced and validated through numerous simulations
and also several real-life examples. Finally, the EEMD-ICA method is extended so
that it can be used for source separation from 2-channel signals.

Chapter 4 �rst introduces the physiological measures of EEG and fMRI that
are explored further in the thesis. The advantages and disadvantages of both
modalities are also explained, and the need for EEG-fMRI integration is motivated.
The challenges one has to overcome in the preprocessing phase of both modalities
are presented. Finally, the existing integration methods are overviewed in detail.

Chapter 5 describes the protocol of data acquisition used in studies described
further on in the thesis. Information about the recording parameters is given,
together with information about the subjects, and the visual stimulations presented
to the subjects, with the overview of the dataset.

Chapter 6 presents an extensive validation study on the JointICA algorithm for
EEG-fMRI fusion. The discussion is provided to �why� and �how� the algorithms
perform, and an answer to the following questions is provided: Under which
conditions does it perform better or worse? Which algorithms are to be used? How
to assess the quality of the acquired dataset?

Chapter 7 fuses the EEG and fMRI recordings for the study of perceptual
grouping. Also, three di�erent techniques are compared: correlation, regular
JointICA, and a modi�ed version of JointICA.

Chapter 8 reviews the work presented in this thesis, and proposes the directions
for future research and exploration.
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1.5 Personal Contributions

My own contribution in this work ranges from the initial data acquisition until
the �nal interpretation of the obtained results. In addition, I was involved in
several other studies which were not included in this thesis as to preserve a certain
coherence. Also these studies will be listed below.

The work on the vocalization signals of neonates was performed in close collaboration
with Mitchel Silva from the Division M3-BIORES: Measure, Model & Manage
Bioresponses, KU Leuven, and Karel Allegaert from the Department of Pregnancy,
Foetus and Newborn. In this work, the correlation between the amplitude and
instantaneous frequency of the infant cry was investigated during venous blood
sampling. This resulted in papers published inEarly Human Development [174]
and Methods of Information in medicine [138]. The latter work exploits the EMD
method, and it is included in this thesis in Chapter 2.

One of my main contributions is shown in Chapter 3, presenting the work on
joining Empirical Mode Decomposition and Independent Component Analysis for
the purpose of single-channel recordings. The performance of this method is shown
on numerous simulations, and the application on real-life signals is shown. The
results of this study have been published inIEEE Transactions on Biomedical
Engineering [134]. The extension of this method to the application for 2-channel
signals is also proposed, and published in the proceedings of theIEEE EMBS
conference [135].

I started working on the integration of EEG and fMRI signals as a part of the KU
Leuven EEG-fMRI IDO project (05/010). In the initial phase, the data acquisition
was performed by colleagues from collaborating groups. However, before the o�cial
end of the project, I also got involved in the acquisition, after the other co-workers
had left. Apart from the IDO project, I was also involved in the COST action
NeuroMath, giving me the opportunity to attend some of this action's workshops,
where several of our abstracts were presented.

One of my major contributions was the validation study on JointICA (cf. Chapter
6). This study helped me to better understand the functioning of data-driven
techniques for the application of EEG-fMRI integration. JointICA was validated at
several levels, and the interpretability of the obtained results was shown. Criteria
were also proposed to assess whether the obtained results are reliable. This study
has been published inNeuroImage [136].

Thanks to the experience gained in the above-mentioned studies, I was invited
to submit an overview of EEG-fMRI integration techniques. This overview is
partly presented in Chapter 4 and is accepted for publication inProceedings of
Macedonian Academy of Sciences.

After validating the JointICA approach [ 136], JointICA has been modi�ed and used
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in an ongoing study on local and global integration of visual information, presented
in Chapter 7. The study is still in progress, and only preliminary results are shown.
This ongoing study was performed in close collaboration with Bart Machilsen and
professor Johan Wagemans of the Laboratory of Experimental Psychology.

In a study on the extraction of single trial ERP information [ 186], the use
of PARAFAC on single trial ERP data was introduced and validated with a
classi�cation procedure based on di�erent conditions in the experimental paradigm.
This study was initially performed by my colleague Katrien Vanderperren.
Nevertheless, I was involved in acquiring the data, preprocessing and summarizing
the obtained results. This study has been submitted in revised form to
Psychophysiology[186]. Another integration study conducted within our EEG-fMRI
IDO project, was based on single trial P1 and N1 information. The results of this
work indicated that simultaneous EEG-fMRI can separate visual processing at
100-200 ms after stimulus onset from the rest of the information processing in the
brain. More details have not been included in this thesis, but can be found in a
paper published in NeuroImage [149].





Chapter 2

Decomposition Techniques:
Mathematical Background and
Application

This chapter introduces the mathematical concepts used in this thesis. First, some
techniques for mapping the one-dimensional data into two-dimensional space are
described. Then, in Section 2.2 the application of the EMD algorithm for processing
the vocal signals of cries is demonstrated. This section presents the work published
in [138, 174]. Thereafter, an overview of the blind source separation techniques
used in this thesis is provided.

2.1 1-D Decomposition Techniques

As explained in Chapter 1, one way to apply blind source separation techniques to
1D signals, is to �rst extend them to the two-dimensional space. This can be done
by decomposing the signal into multiple, spectrally distinct, functions. Here we
propose several ways to do this extension.

A signal in one dimension can be represented by a row vectors 2 R1� n . If this
signal still contains di�erent signal components, one could exploit the available time
and frequency information contained in the signal. We review some concepts, as
they can also be used as building blocks for more complex decomposition techniques.

Let s(t), ( t = 1 ; :::; n) be a one-dimensional time signal of lengthn. This may
also be viewed as a vector inRn . By decomposition techniques, we assume the

13
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techniques which are used to decompose this signal into elementary waveforms that
better represent the features embedded in the signal. Traditional methods to do
this decomposition involve the decomposition in one of the orthogonal bases (e.g.
Fourier basis, orthogonal wavelet bases etc.). This decomposition may be viewed
as follows: Given the basis list ofn waveforms, represents as a linear combination
of these waveforms. The waveforms in the list are linearly independent, making
this representation unique. For these bases, forward and backward transformations
exist which transform the signal s from time domain to frequency domain (in the
case of Fourier basis), and backwards. In this chapter, we give an overview of these
techniques in an alternative, but more intuitive way.

2.1.1 Dictionaries and Atoms

We call a Dictionary a collection of parametrized waveformsD = (� 
 : 
 2 �) ,
where � 
 are discrete time signals of lengthn, which are called atoms. Also,
 is
the index of the atom in a dictionary. In a Fourier dictionary, 
 denotes a frequency
index, in a wavelet case it is a time/scale joint index, or it can also be jointly
time/frequency index. A lot of di�erent dictionaries have been introduced, but we
list the most commonly used ones.

Fourier Dictionary

The analytic expression of the continuous Fourier transform is very well known,
and is given by:

f̂ (! ) =
Z + 1

�1
f (t)e� i!t dt (2.1)

In the discrete case, a Fourier dictionary is a set of frequency atoms, described by

 = ( !; � ), where ! = [0 ; 2� ) describes the frequency, and� 2 f 0; 1g describes the
phase type (sine or cosine):

� ( !; 0) = cos(!t ); � ( !; 1) = sin (!t ) (2.2)

To decompose, we let
 run through all the cosines at frequencies! k = 2 �k=n; k =
0; :::; n=2, and all the sines of the frequencies of! k ; k = 1 ; :::; n=2 � 1.
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Wavelet Dictionaries

Wavelet dictionaries belong to the group of time-scale dictionaries. They are
demonstrated here for the case of the second derivative of the Gaussian function,
commonly called theMexican Hat wavelet. The function is described with  (t) =
�
1 � t2

�
e� t 2

2 . This function  is then called a mother wavelet, and the wavelet
functions are derived from the mother wavelet as a;b(t) = kak� 1

2  
�

t � b
a

�
. As a

changes, the function a;b covers di�erent frequency ranges (the smaller thea, the
higher the frequency). This coe�cient is called the scaling factor. Changing the
parameter b allows moving the wavelet function in the time domain. Therefore,
this parameter is called translation.

Similarly to Eq. 2.1, the wavelet function can be described as

f̂ (a; b) = kak� 1
2

Z + 1

�1
f (t) 

�
t � b

a

�
dt (2.3)

with additional requirements that
Z + 1

�1
 (t)dt = 0 (2.4)

and

Z + 1

�1
k (t)k2dt < 1 (2.5)

The last two conditions allow the inverse transformation. The �rst condition
implied the �nite energy of the wavelet  (t), and the second condition realizes a
band-pass �lter (it is zero-mean).

Orthonormal Wavelets In the discrete case, the wavelet dictionary can then be
described with the coe�cients of translation and scaling of the Mother wavelet.
Each atom 
 is parametrized with a describing the scale (in terms of di�erent
frequency content), and b = [0 ; n] indicating location. Here, 
 runs through the
collection of Mother waveletswith dyadic scales (aj = 2 j =n; j = j 0; :::; log2(n) � 1),
and locations which are integer multiples of the scale (bj;k = k � aj ; k = 0 ; :::; 2j � 1).
This basis is also orthonormal. A lot of di�erent (more complicated, and more
suitable for di�erent applications) wavelets exist. A broad overview of their analysis
and synthesis functions can be found in [40].
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Stationary Wavelets From Eq. 2.3, it is apparent that the scalar product is used
to compute the signal power at a certain sample explained by a given wavelet. This
means that the wavelet will better explain a certain event in the signal if the two
are perfectly aligned. However, in the case of discrete wavelets, the shift between
the adjacent atoms is too large (n=2j ), i.e. the two adjacent atoms arefar from
each other for the whole wavelet width at a certain scale. Therefore, continuous
wavelets are proposed with the hope that all the events are able to be captured
more accurately. In this case, at the levelj there are n, instead of 2j shifts, the
width being n=2j . This means that each wavelet atom is shifted by only one sample.
thus the wavelet shape is always exactly aligned with the feature of interest, and
therefore provides a superior presentation. An overview of continuous, as well as
discrete wavelet dictionaries can be found in [40].

2.1.2 Empirical Mode Decomposition

The decomposition techniques described above are meant to decompose the signal
into a set of prede�ned basis functions. This poses a limitation that the events
in the observed signal should correspond closely to the atoms of the particular
(wavelet, Fourier or other) dictionary. Another decomposition technique, which
is used to decompose the signal into its oscillatory modes without imposing any
prior information is called Empirical Mode Decomposition (EMD) [ 89]. Contrary
to wavelets and Fourier transform, where the signal is decomposed into atoms
from a prede�ned dictionary, EMD does not impose such restrictions on the
analyzed signal. Therefore, this method is described asdata-driven. EMD has
been successfully applied in a number of applications in various disciplines. The
range of the disciplines is rather broad, ranging from meteorology [38, 65], to image
processing [118], and biomedical signal processing [19, 131, 138].

This method adaptively decomposes a given time signals(t) into a set of oscillatory
modes, calledIntrinsic Mode Functions (IMF). We can say that EMD maps the
signal into a space spanned by the IMFs. These functions aremono-component in
the sense that each function is supposed to contain only one frequency at the time,
called instantaneous frequency(IF). Additionally, the set of IMFs is local, orthogonal
and complete. The completenessassumes that the signal is fully described with
these IMFs (no information loss is present), and it is guaranteed by the fact that
the signal s(t) can be reconstructed by simply summing all IMFs together. Local
property assures that the very local non-stationary events are captured with the
method. Orthogonality implies that two di�erent IMFs are never correlated.

The intrinsic mode function is a function de�ned by the two following rules:

1. The number of extrema and zero-crossings in the whole signal can di�er at
most by 1, and
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2. At each time instant, the mean value of the envelope de�ned by local maxima
and the one de�ned by local minima is zero

The process of extracting the IMFs from the given time signals(t) is called the
sifting process, and the procedure is as follows for thei th component:

1. De�ne the residual to be equal to the signalr 0(t) = s(t)

2. Set i = 1

3. Detect all the extrema in the r i � 1(t)

4. De�ne the upper envelope by connecting all the maxima and interpolating in
all the other points using a cubic spline interpolation method

5. De�ne the lower envelope similarly to the upper envelope, just using local
minima.

6. compute hi; 1(t) = r i � 1(t) � mi; 1(t), where mi; 1(t) is the mean of upper and
lower envelopes.

7. If hi; 1 does not satisfy the conditions for being the IMF, repeat the process as
hi; 2(t) = hi; 1(t) � mi; 2(t), where mi; 2(t) is the mean of the upper and lower
envelopes ofhi; 1. Repeat the process iteratively until hi;k (t) = hi;k � 1(t) �
mi;k (t) satisfy the IMF conditions.

8. The extracted IMF becomes ci (t) = hi;k (t). Form the residual r i (t) =
r i � 1(t) � ci (t).

9. If r i (t) contains more than one extremum, increasei by one (i = i + 1), and
go back to point 3.

10. The set of IMFs and a residual are successfully extracted.

After this process, the signals(t) may be written as s(t) =
P n

i =1 ci (t) + r n (t). The
output of such a procedure is shown in Fig. 2.3. The top panel represents the
original signal, decomposed in the �rst 5 IMFs, and the residue. In this �gure, the
process is stopped after extracting �rst 5 IMFs. However, the procedure can be
continued until the residue is a monotonic function.

Ensemble Empirical Mode Decomposition

One of the major drawbacks of the original EMD is the frequent appearance of
mode mixing, which is de�ned as a single IMF either consisting of widely disparate
scales, or a signal of a similar scale residing in di�erent IMF components. This
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is a consequence of the interpolation used in the sifting process. To overcome
this problem, the advanced noise-assisted data analysis method is proposed, called
Ensemble Empirical Mode Decomposition (EEMD) [191], which de�nes the IMF
as an ensemble of trials, each consisting of the signal plus a white noise of �nite
magnitude. The algorithm is as follows:

1. De�ne a number of ensemble members (N )

2. Set i = 1

3. Generate random noise sequence of the standard deviation� , and add it to
the original signal.

4. Apply EMD and derive the IMF i set.

5. If i � N , i = i + 1, go back to item 3.

6. Obtain the averaged IMF set, by averaging over the members of the ensemble.

Taking into account properties of white noise, noisy components are expected
to cancel out and a set of noise- free IMF's is derived. Increasing the ensemble
would give more accurate estimates of IMF's, but the computational e�ciency is
decreased.

One of the major drawbacks of the EMD algorithm is that it is purely intuitive, and
still misses mathematical background. Although by EEMD the mode-mixing
problem appears to be solved, it poses new challenges to the mathematical
understanding of the procedure [41]. A solution to this problem is proposed
by Daubechies et al., [41], who introduced, so-called, synchrosqueezed wavelets. In
this work a family of IMF-type functions (IMT) is de�ned and a decomposition
of a given signal into the set of these functions using synchrosqueezed wavelets is
performed. This method is called anEMD-like decomposition tool. The exploration
of the EMD and EEMD methods is still under development. The EEMD algorithm
is available online via [181].

2.2 Application of EMD to vocal signals (phonetic
baby cry)

2.2.1 Introduction to baby cry signals

One of the most important tools for infants to communicate is vocalization. In
neonates, vocalization is mainly manifested through crying, and research has been
done on the relationship between stress states and acoustic cry features. Bellieni et
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al., [16] were able to document that newborns with a higher DAN (Douleur Aigue
du Nouveau-né) score during venous blood sampling (heel lancing) also had a higher
fundamental frequency and a correlation was found between the pain intensity
(DAN-score) and the normalized Root Mean Square value (RMS). Facchini et al.,
[70] looked to the relation between the DAN score and the occurrence of noise
patterns in the sound spectrograms. These noise patterns were chaotic and showed
discontinuous parts in the crying signal, caused by a highly turbulent �ow in the
larynx. Results indicated that newborns with a higher DAN score showed more
noise patterns.

Baby cry is the result of the interaction between controls of di�erent areas in the
brain, respiratory control and vocal fold vibrations. At early stage, it is believed
that a cry is the result of a respiratory action and the e�ect of air going through a
pipe, causing the vocal folds to vibrate, resulting in a cry bout [139] (the vocalization
produced during one expiration). The more the neural system matures, the more
laryngeal control can be exerted resulting in manipulation and modulation of the
cry signal. However, the observations on maturational aspects of the cry signal are
limited and con�icting [ 16, 190]. The development of the central neural system
has been linked with the extent of vocalization control [190]. Based on the cry
production model of Golub described in the work of Moller and Schonweiler [139]
and Barr et al. [12], decoupling between variations in fundamental frequency and
intensity contour during crying indicates cortical control. Decoupling is referred to
as the absence of coupling between fundamental frequency variation and intensity
contour during phonetic crying. In this cry model, cry production is controlled by
a three level processor structure, in which the lower level can be subdivided into
the subglottal, glottal and supraglottal cry production areas. The mid-processor is
involved in physiological inputs like pain, blood levels and respiratory constraints,
while the feed-back processes are part of the upper-processor level, especially
auditory feedback.

In this study, we assessed the relation between the energy envelope of the cry bout
and frequency variation within the same bout using the method introduced by
Huang [89], called Empirical Mode Decomposition (EMD). This is done in order to
establish the relation between the resulting correlation coe�cients of these variables
with clinical indicators of pain (mean behavioral pain scale - MBPS) after venous
blood sampling (or stress expression). In this way, the di�erence between the
painful cry and a cry which is a consequence of only stress and fear theoretically
could be established.

The study in which these relations are estimated with the more standard methods
on the same dataset is given in [174].
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2.2.2 Materials and Methods

Data Set

The vocalization was recorded in 24 term neonates in whom a venous blood sampling
was performed on the 3rd day of life for routine metabolic screening. All babies
were born in the University Hospital of Leuven (U.Z. Leuven). The study was
approved by the Ethical Board of the University Hospitals, and neonates were only
included after written consent of the parents. In order to participate in the project,
babies had to have minimal gestational age of at least 37 weeks, no complications
during pregnancy, a 1- and 5- minutes APGAR score above 7, and a minimal birth
weight of 2.5 kg.

The vocalization from the babies was recorded up to three minutes after the venous
puncture, with a sampling rate of 44000 Hz at a distance of 0.5 meters from the
baby's head.

In infant cry analysis there are three types of vocalization as described in [105]:
phonation (voiced cries), hyperphonation (high pitched cries) and disphonation
(turbulence, voiceless cries). In order to evaluate the relation between the variation
in the frequency and amplitude of the cry, only manually selected voiced cry bouts
(phonations) are used. The total number of cry bouts extracted for this work was
800.

Preprocessing and Data Analysis

In the preprocessing step all the signals were �rst band-pass �ltered using a 6th
order Butterworth �lter with lower and upper cut-o� frequencies being 200 Hz and
2500 Hz respectively. After �ltering, the signal was downsampled to 11025 Hz.

After the EEMD has been applied and the set of IMF's has been extracted,
instantaneous frequencies (IF) and instantaneous amplitudes (IA) have been
computed for each cry bout separately. The regular way to compute IA's and IF's
from the IMF's is to apply the Hilbert Transform (HT), which behaves well when
applied to IMF's since they are monotonic and locally symmetric to the zero level.
However, in time instants where large and fast changes in amplitude occur, cubic
spline �tting, which is incorporated in the sifting process is not able to follow these
changes and hence IMF's are not always ideal. Due to this phenomenon, the HT
will give non-accurate instantaneous frequencies in those places.

To overcome these problems the time-frequency spectrum has to be averaged in
some way. This can be achieved using Gaussian windowing as in [89] which will
concentrate the averaged spectrum of the particular window in the center of that
window.
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Another way to average the spectrum is to reassign it, as proposed by Auger [10]
and Rilling [164]. This method relies on the principle that frequency values around
the observed point have no reason to be symmetrically distributed around that
point, as Gaussian averaging supposes. Therefore, their average should not be
assigned to this point, but rather to the center of gravity of the observed domain.
This is done by windowing the data in the overlapping windows for each IMF
separately, and the power of the signal in a certain window is assigned to the
center of gravity of that window, instead of the geometrical center of the window,
as it is the case with Gaussian smoothing. In this work we used the reassigned
spectrogram.

Computing Correlations

After extracting the IMF's the reassigned spectrogram is derived, as explained
above. After this is done, we followed the changes in the IMFs that contain
information about the fundamental frequency (between 400 and 900 Hz) and
studied how these changes correlate with the Intensity Contour (IC). IC is de�ned
as the envelope of the signal in time domain. To compute this envelope, we �rst
computed the absolute value of the signal, and then �ltered it with the 8th order
low-pass Butterworth �lter at cut-o� frequency 80 Hz.

Once the envelopes and frequencies have been computed, we were interested in
the correlations between them. To compute these correlations, we calculated the
averaged values of the frequencies and amplitudes over half-overlapping windowed
epochs of 512 data points (i.e. 46 ms), using a Hamming window. The correlations
are then then computed between those averaged values.

2.2.3 Results

In this section we present the results of signal processing as well as the computed
correlations between the intensity contour of the voice signal and the instantaneous
frequency of the modes containing the fundamental frequency. The cry bout with
correlated, or uncorrelated instantaneous amplitude and frequency are shown in
Figs. 2.1 and 2.2 respectively.

An example of the EMD decomposition of one cry bout (the extraction of the �rst
5 IMFs) is shown in Fig. 2.3. From the IMF set, the 3rd and 4th intrinsic modes
were observed to carry most of the fundamental frequency information (400 to 900
Hz), and are therefore most interesting to investigate. This is illustrated in Fig.
2.5.

In Figs. 2.4 and 2.5 we show the spectrogram of a randomly chosen cry bout from
the database before and after reassignment respectively. It is obvious that in the
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Figure 2.1: Coupled cry bout showing its waveform with corresponding energy
envelope and frequency variation (both normalized for visualization). The cross
correlation-coe�cient is 0.77.

Figure 2.2: Decoupled cry bout showing its waveform with corresponding energy
envelope and frequency variation (both normalized for visualization). The cross-
correlation coe�cient is 0.12.

reassigned spectrogram blurring is signi�cantly suppressed, which allows us to
observe frequencies of the intrinsic modes more accurately and to easily compare it
with the intensity contour of the voice signal.

Table 2.1 presents the mean correlations between the fundamental frequency and
the intensity contour over all cry bouts for each subject. Corresponding standard
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Figure 2.3: The �rst �ve extracted IMFs from one of the cry bouts. The residual
after these 5 IMFs is shown in the bottom panel. It is apparent from this �gure
that the IMFs with the highest frequency content are extracted �rst.

Figure 2.4: Spectrogram of the EMD treated signal before reassignment.

deviations are also given in the third column of the table.

Additionally, we checked whether there is a relation between the correlation
coe�cients of the babies and their MBPS scores. Therefore, in the last column in
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Figure 2.5: Spectrogram of the EMD treated cry signal after reassignment. The
di�erent lines represent di�erent IMF's.

Table 2.1 we add the corresponding MBPS values. To better visualize a relationship
between the results in Table 2.1, we plot the ratio of the mean correlation value
and standard deviation from Table against the corresponding MBPS value (Fig.
2.6). The correlation between the two mentioned measures is signi�cant (0.55 with
the p-value of 0.006).

2.2.4 Discussion

We showed the application of the EMD technique to newborn cry signals. In the
particular case illustrated in Fig. 2.5, the reassigned spectrogram shows that IMF
3 and 4 seem to partially overlap in the frequency domain, however in di�erent
time instants (see Fig. 2.5). Since the fundamental frequency of the cry is located
in this particular frequency band, those two modes mutually switch the essential
information on the fundamental, implying that the fundamental frequency can be
found in both of these modes. This is not always the case, since sometimes only
one of these modes is dominant.

When calculating the mean value of the correlation between the IC and frequency
variation a great spread is observed, ranging between 0.37 (± 0.14) and 0.83 (± 0.07),
while the MBPS value also varied between 3 and 10.

In addition, a considerably high standard deviation of the correlations is observed
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Subject Mean Standard MBPS
no. value deviation
1 0.6116 0.2266 3
2 0.6584 0.1774 3
3 0.5629 0.2626 4
4 0.6831 0.1698 5
5 0.7754 0.1927 6
6 0.8138 0.1754 7
7 0.6806 0.1758 7
8 0.6213 0.2002 7
9 0.6832 0.1173 7
10 0.5641 0.3019 8
11 0.3683 0.1405 8
12 0.6359 0.1725 8
13 0.7286 0.1916 8
14 0.3852 0.2159 8
15 0.8226 0.0795 8
16 0.7754 0.1303 9
17 0.7514 0.0837 9
18 0.7765 0.1668 9
19 0.7946 0.1109 10
20 0.6969 0.1584 10
21 0.7097 0.0754 10
22 0.8391 0.0709 10
23 0.8052 0.0826 10
24 0.6906 0.1216 10

Table 2.1: Mean values and standard deviations of the correlations between the
fundamental frequency and the intensity contour and MBPS value for each subject

compared to the mean correlation per subject. This indicates a high intra-subject
variability. Taking the ratio between the mean correlation value and the standard
deviation gives information about the consistency of the investigated cry bouts
during crying sequence. By plotting this ratio against the MBPS values (Fig.
2.6), a trend can be seen that infants with a higher MBPS score show a higher
mean/standard deviation ratio. This indicates that babies with higher MBPS
score have higher mean and lower standard deviation of correlation between IC
and frequency. In other words the IC and frequency are more coupled in more
stressed infants. This is a careful statement as more data is required to validate
this. Wolf suggested that prior to one month of age, infant cries are highly re�ective
and undi�erentiated, but that shortly afterwards cries progressively re�ect various
psycho-physiological states like hunger and pain [190]. In contrast, Bellieni et al.
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Figure 2.6: The ratio of the mean value and standard deviation of the correlations
over all cry bouts for a particular subject with respect to the MBPS value.

were able to document a correlation between cry features and DAN score in term
neonates [16].

The same problem, using a classical autoregressive spectral estimation method,
has been introduced in [174], including a more detailed clinical interpretation of
the problem. Compared to the results obtained in that work, EMD allowed to
better relate the correlation between frequency and intensity contour with MBPS,
thereby showing a more positive trend. Also, the statistical signi�cance (p< 0.006)
is achieved by using the output of the EMD analysis. However, the statistically
signi�cant relation was not detected when more standard methods were used.

2.2.5 Conclusion on the Baby Cry study

In this section, we demonstrated the application of the EMD algorithm to the
human vocal signals (phonetic baby cries). The cries are recorded during the venous
blood sampling of the neonates. The correlation of the frequency to the power of
cries are compared to the mean behavioral pain scale (MBPS) and a certain trend
could be observed. However, the results from this study are only indicative, and
this study should be regarded only as a demonstration.
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2.3 2-D Decomposition Techniques

2.3.1 Principal Component Analysis (PCA)

Principal Component Analysis (PCA)[ 153, 66] is used to decompose the set of
observations (variables) into the space where these variables are mutually orthogonal.
This means that the originally correlated variables are uncorrelated in the new
space. The number of extracted components can be equal to the number of
originally recorded signals. The PCA solution can be derived either by eigen-
value decomposition, or with singular value decomposition (SVD), usually after
data centering. PCA transforms the data in a new coordinate system, such that
the greatest variance by any projection of the data comes to lie on the �rst
coordinate (called the �rst principal component), second greatest variance lies on
the second coordinate, and so on. It is mostly used as a tool for data reduction in
exploratory data analysis. The data reduction is obtained by retaining the �rst
several components, while discarding the others.

Let X be the data matrix where the mean has been subtracted,X 2 RN � J , with
rank R. PCA computes the matricesB 2 RN � R and S 2 RJ � R , such that:

X̂ = BS T ; s.t. kX � BS T k2 is minimal (2.6)

However, matrix B is not uniquely de�ned for the case that R < I � 1, but matrix S
normally is, since the components are sorted according to the amount of explained
variance of the signal.

2.3.2 Independent Component Analysis (ICA)

As described in Chapter 1, Independent Component Analysis (ICA) is a BSS
technique that starts from the assumption that each of the observed signals is
obtained as a linear mixing of mutually independent sources, contrary to PCA,
which imposes orthogonality between the derived components:

x i = a1i s1 + a2i s2 + : : : + aki sk ; 8i 2 [1; n] (2.7)

using the vector notation, we get the same notation as in Eq. 2.6, whereA is
called the mixing matrix, and S represents the matrix of sources. Therefore, we
try to estimate the demixing matrix W , such that it solves the problem.
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Ŝ = W � X (2.8)

In the ideal case, where the number of sources is equal to the number of measured
channels,W = A � 1. Otherwise, matrix W is a pseudo-inverse ofA .

To be able to solve the ICA problem, several assumptions must be made:

1. The sources are mutually independent. This, by de�nition, means that
the joint distribution of all the sources is equal to the product of all the
distributions separately. Taking that we have k sources, that means that

p(s1; s2; :::; sk ) = p(s1) � p(s2) � � � p(sk )

where p(a) describes the probability distribution of the variable a.

2. In the ICA model, at most one of the independent sources is allowed to
undergoGaussiandistribution. This is because all the higher-order cumulants
of the variable with Gaussian distribution are equal to zero, and the ICA
model makes use of exactly these higher-order cumulants to estimate the
independent sources.

3. In the ICA model, we start with the assumption that the mean value of the
recorded signal, and independent sources equals zero.

Also, a couple of features of ICA algorithms should be noted, and they are:

1. The estimated independent components cannot be sorted. The reason of
this is simply that by introducing the permuting matrix P, we can write
X = AP � 1PS, and thereforeX =

�
AP � 1

�
� (PS), which means that PS can

also represent the matrix of sources.

2. It is often the case that the number of measured signals is greater than
the number of sources, but the number of sources is not explicitly known.
Therefore, several methods exist (like Akaike Information Criterion (AIC),
Minimum Description Length (MDL), or ICASSO[ 86]), that help us estimate
the number of independent sources.

Pre-whitening

Most ICA algorithms require a pre-whitening step. This step is used after the
centering of the data to �decorrelate� the measured signals, actually to rotate the
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coordinate system as to diagonalize the covariance matrix. For the matrixQ we
say that it is white if it satis�es:

Covf Qg = E QQ � 1

=I

The whitening may be achieved in the following way. Denote byC the covariance
matrix of X :

C = E
�
XX T �

(2.10)

By applying the Eigenvalue Decomposition(EVD) to C, we obtain

C = EDE T (2.11)

where E is the orthogonal matrix of the eigenvectors, and D is the diagonal matrix
of eigenvalues.

Now, we de�ne C1=2, such that C1=2
�
C1=2

� T
= C. From Eq. 2.11, we have that

C1=2 = ED 1=2. If we compute now the covariance ofC � 1=2X , we get [91]

Cov
�

C � 1=2X
�

= E
� �

C � 1=2X
� �

C � 1=2X
� T

�

= E
h�

C � 1=2X
� �

X T C � 1=2
�i

= C � 1=2E
�
XX T �

C � 1=2

= C � 1=2CC � 1=2

= I (2.12)

Therefore, the matrix B = C � 1=2 is the whitening matrix.

Some ICA algorithms use the PCA solution as the whitening matrix solution, since
it also decorrelates the measured signalsX .

Measures of independence

In order to estimate the demixing matrix W that unmixes the measured signalsX
into the original sourcesS, it is necessary to de�ne the measure of independence.
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Some algorithms (Infomax [15]) use neural networks to estimate the maximum
likelihood. However, other ICA algorithms (JADE [ 30]) set all the 4th order
cross-cumulants to zero, or (FastICA [143] ) use the 4th order cumulant(kurtosis)
as a measure of non-Gaussianity. But, how is non-Gaussianity connected to
independence?

The Central Limit Theorem states that a mixture of (non-Gaussian) sources (recall
that the sources in ICA model are assumed to be non-Gaussian) has more Gaussian-
like distribution, than each of the sources separately. Suppose we want to estimate
only one source,si . From Eq. 2.8, we have

ŝi = wT
i AS (2.13)

where wT
i is one column of the demixing matrix that gives the solution si . We also

see from Eq. 2.13 thatsi is a linear combination of all the sources given inS, with
the coe�cients given as wT

i A . However, since thesi itself is one of the rows inS,
wT

i A should be the column vector with only one non-zero element (to select for
our sourcesi ). It is impossible to estimate wi , since also the mixing matrix A is
unknown. For this reason, in practice, we try to estimate vector wi such that it
maximizes the non-gaussianity ofwT

i X . According to the above mentionedCentral
Limit Theorem , such a vector would provide the maximally �unmixed� source, and
they would correspond to the vectorwT

i A with only one non-zero element.

The Likelihood of the ICA model It is possible to formulate directly the likelihood
in the noise-free ICA model, which was done in [156], and then estimate the model
by a maximum likelihood estimation. In our case, the likelihood takes the form

L(W ) =
TY

t =1

nY

i =1

logpi
�
wT

i x(t)
�

(2.14)

pi are the probability density functions of si (they are assumed to be known here).
The logarithm of the likelihood is more commonly used because it is algebraically
simpler.

logL(W ) =
TX

t =1

nX

i =1

logpxi
�
wT

i x(t)
�

+ T log j det W j (2.15)

Here T is the number of time samples inX . The term log j det W j in the likelihood
comes from the classical rule for (linearly) transforming random variables and their
densities[151]: If x is a random vector with density px , then for any matrix W , the
density of S = WX is given by px (WX ) j det W j.
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Joint Diagonalization Here the de�nition of joint diagonalization is given, because
it will be needed in the further text. Observe the set of K matrices, of dimension
n � n : � = f M 1; :::; M K g. The joint diagonality criterion is de�ned for a matrix
V , of dimension n � n as a non-negative function ofV :

X (�; V ) ,
KX

k=1

of f
�
V H M k V

�
(2.16)

where the operaterof f on the n � n matrix M with the elements M ij is de�ned
as of f (M ) ,

P
1� i 6= j � n jM ij j2.

Kurtosis as a measure of non-gaussianity In our case, all of our sources and
measured signals have zero-mean. Therefore, the kurtosis can be written as

kurt f yg = E
�
y4�

� 3E
�
y2� 2

(2.17)

For Gaussian variables, thekurtosis has a value 0. For non-Gaussian variables,
the kurtosis has a non-zero value. It can be positive (then we speak about super-
Gaussian), or negative (sub-Gaussian variables). Therefore, the absolute value of
the kurtosis can be taken as a measure of non-gaussianity. We say that the larger
the absolute value ofkurtosis , the more it deviates from the Gaussian distribution,
and in accordance to theCentral Limit Theorem , it is most likely that such a source
is �unmixed�. The properties of kurtosis for the two independent variables (y1 and
y2) are the following:

kurt (y1 + y2) = kurt (y1) + kurt (y2)

kurt (�y 1) = � 4kurt (y1) (2.18)

where � is a constant.

Algorithms for solving the ICA problem

Numerous di�erent algorithms for solving the ICA problem are available. The most
common ones, used in this work, are described below.

Information Maximization Algorithm - Infomax An ICA algorithm which is
based on information maximization is called Infomax [15]. This algorithm is
based on maximizing the output entropy (or information �ow) of a neural network
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with non-linear outputs. Assume that X is the input to the neural network whose
outputs are of the form gi

�
wT

i X
�
, where thegi are some non-linear scalar functions.

Infomax then maximizes the entropy of the outputs:

L 2 = H
�
g1

�
wT

1 X
�

; :::; gn
�
wT

n X
��

(2.19)

If the non-linear functions gi are well chosen, Eq. 2.19 also represents a solution to
the ICA model. In several papers (e.g. [29, 152]), it is shown that this principle
is equivalent to the maximum likelihood estimation. This equivalence requires
that the non-linearities gi used in the neural network are chosen as the cumulative
distribution functions corresponding to the densities of the sourcesf i , meaning
that g0

i = f i . In this work, gi is mostly chosen to be the sigmoid function.

In layman's terms, this algorithm maximizes the information in each of the estimated
sources, and minimizes the mutual information between the components using
neural networks. At the same time, these components are estimated as to satisfy
the maximum likelihood criterion.

Fast Fixed-Point Algorithm for ICA - FastICA FastICA [ 143, 92, 182] algorithm
minimizes the gaussianity of the estimated independent sourceby maximizing the
absolute value of the kurtosis in a gradient approach. It estimates sources one
at the time. Basically, this algorithm starts from a random value for wT

1 . Then,
the direction is computed in which the absolute value of thekurt

�
wT

1 Z
�

grows
most signi�cantly. Here, the matrix Z is obtained by whitening the matrix X . The
gradient of the absolute value of thekurtosis can be easily computed:

@jkurt
�
wT

1 Z
�

j
@W

= 4kurt
�
kurt

�
wT

1 Z
�� h

E
n

Z
�
wT

1 Z
� 3

o
� 3w1kw1k2

i
(2.20)

It can be shown that in the stable point of the algorithm, the gradient of the
kurtosis must be in the direction of w1, meaning that it should be equal to w1

multiplied by a constant. Therefore, Eq.2.20 may be rewritten as

w1 / E
n

Z
�
wT

1 Z
� 3

o
� 3w1kw1k2 (2.21)

The vector w1 in each iteration is divided by its norm, to mantain convergence,
and therafter it is updated by

w1  E
n

Z
�
wT

1 Z
� 3

o
� 3w1 (2.22)
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This algorithm converges very quickly and it does not need any additional tuning,
contrary to other gradient-based algorithms.

Second Order Blind Identi�cation - SOBI The SOBI algorithm is introduced in
[179]. The assumption made by SOBI is that the sources are mutually uncorrelated,
but intrinsically autocorrelated. Since uncorrelation is a weaker condition than
independence (sources may be uncorrelated, but still dependent), this algorithm is
not considered an ICA algorithm.

The method �rst estimates covariance matrices of the pre-whitened signal at
di�erent time-lags ( C(� ); � 2 f 1; 2; :::; K g), and computes the unitary matrix Û ,
by jointly diagonalizing the set of C(� ). The sources are then obtained by

ŝ = Û H BX (2.23)

where B is the whitening matrix.

Joint Approximate Diagonalization of Eigenmatrices - JADE This approach,
diagonalizes the matrices of the 4th order cumulant. It basically minimizes all the
cross-cumulants between the sources. However, computing the cumulant matrices
is more complicated than the correlation matrices, because of their 4-dimensional
nature. Therefore, the cumulant matrices, used by JADE, are de�ned as follows.
Let X be the measured signal (for exampleM channels timesT time-instants).
The cumulant matrix Q ij is de�ned as:

Q ij = ( x i � x j � X ) X T ; 1 � i � M; 1 � j � M (2.24)

here �� � denotes the Hadamard product, which represents the element-by-element
multiplication. The elements of vectors x i and x j are �rst multiplied, and then the
resulting vector is in the same manner multiplied with the rows of matrix X . This
algorithm is introduced in [31].

2.3.3 Multivariate Empirical Mode Decomposition

The Extension of the EMD technique to multichannel data has also been proposed.
The complex EMD algorithm [177] e�ectively applies real-valued EMD to the signals
corresponding to the positive and negative frequency component of the spectrum
of analytical signals. However, this method does not guarantee the same number
of IMFs in the �positive� and �negative� set. The rotation invariant complex EMD
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(RI-EMD) [ 4], extends the real-valued EMD to the complex (bivariate) domain
in a generic way. In this algorithm, the extrema are chosen to be the points
where the angle of the derivative of the complex signal becomes zero. Since all
the operations are performed directly in the complex �eld, this method provides
a single set of complex IMFs. A generalization of RI-EMD [4], also termed the
bivariate EMD [ 163], separates fast rotating components of a complex signal from
slowly rotating ones. The reader should note here that the rotations of the complex
signals represented in 3 dimensions (the third dimension being time) is equivalent
to oscillations of the 1-dimensional signal represented in 2 dimensions (the third
dimension being time). Envelope curves are obtained by projecting a bivariate
signal in multiple directions and interpolating their extrema. The local mean
is calculated by averaging the envelope curves, and is then subtracted from the
original signal repeatedly to sift out rotating components within the signal. The
method is described by Fig. 2.7 (borrowed from [163] with permission). The major
advantage of bivariate EMD is that it has the ability to extract common oscillatory
modes from both input signals, and capture them in the same, complex, IMF set.
This implies that the number of extracted IMFs is the same for both input channels.
The RI-EMD can be viewed as a version of the bivariate EMD.

Trivariate EMD is proposed in [159]. This technique estimates the local mean
and envelopes by taking projections along multiple directions in three-dimensional
space. This is achieved by a lattice that is created by taking equidistant points on
multiple longitudinal lines on the sphere.

Finally, the extension to n-variate EMD (called multivariate EMD or MEMD) is
proposed in [160]. Here the multiple n-dimensional envelopes are generated by
taking signal projections along di�erent directions in n-dimensional spaces. These
are then averaged to obtain the local mean. These multivariate extensions to the
EMD algorithm are actually generalizations of the bivariate EMD algorithm [ 163]
and trivariate EMD [159]. The code for MEMD is freely available from
http://www.commsp.ee.ic.ac.uk/mandic/research/emd.htm .

2.4 Conclusion

In this chapter, in Section 2.1, we �rst introduced several methods for mapping
one-dimensional data into two-dimensional space. This step is one of the possible
preprocessing steps for application of the matrix-based blind source separation
techniques to 1D signals. Among others, a fairly new method for decomposing a
1D signal into its oscillatory modes, called empirical mode decomposition (EMD),
is introduced. The application of this method to vocal signals is demonstrated in
Section 2.2. Finally, in Section 2.3, several matrix-based blind source separation
techniques are introduced. These techniques will be extensively used in the following
chapters of this thesis.
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Slika 2.7: The �gure is borrowed from [163] with permission ©[2007] IEEE. Principle
of the bivariate extensions of EMD. (a) A complex signal represented in 3 dimensions.
(b) Signal enclosed in its 3-D envelope. The black thick lines stand for the envelope
curves that are used to derive the mean. (c) Fast rotating component. (d) More
slowly rotating component corresponding to the mean of the tube in (analogue to
the mean of the positive and negative envelopes in the original EMD algorithm)
(b).





Chapter 3

Combining ICA with EMD for
Single-Channel Decomposition

In this chapter, we introduce a new algorithm for blind source separation of single-
channel signals in Section 3.1. The performance of the EEMD-ICA method is
evaluated through a simulation study, and compared to the other available single-
channel separation methods. Finally, in Section 3.2 we propose the extension of
the method to two-dimensional signals. The work from these chapters has been
published in [134, 135].

3.1 EEMD-ICA for Source Separation from Single-
Channel Recordings

3.1.1 Introduction

A signal measured on the human body often represents a mixture of activity coming
from several independent sources. Our task is then to unmix contribution sources
in order to closer follow the activity of interest. In multichannel recordings, such
as Electroencephalogram (EEG), this problem is e�ciently handled by employing
Blind Source Separation (BSS) techniques to unmix the given signal into sources
(see, e.g., [97, 27, 51]).

Independent Component Analysis(ICA) is a BSS technique that extracts statistically
independent sources (called independent components) from a set of recorded
signals. Standard algorithms tackle the problem when the number of recording

37
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sites (channels) is larger than or equal to the number of sources. On the other
hand, there is a group of algorithms called �under-determined ICA�, that can
recover more signals than channels available (see [46] and references therein). In the
limit, the goal can be the extraction of independent sources from a single-channel
recording. Examples are cleaning the Electromyogram (EMG) signal contaminated
by an Electrocardiogram (ECG) artifact [ 195, 176], especially from the electrodes
placed on the left side of the back. The ECG artifact is very prominent in this case.
Another example is in single-channel deep brain recordings where the neuronal-
spikes are very low Signal to Noise RatioSNR signals and are di�cult to separate
from noise [166, 111]. It could also be useful in preprocessing when applied to the
multi-channel signals (cleaning the eye-artifacts from the EEG signal, extraction of
ERP's etc).

The adaptation of ICA to single-channel signals, called Single Channel ICA
(SCICA), has already been proposed in the literature [44]. It has two major
drawbacks: �rst, the algorithm assumes stationary sources, and second the sources
are assumed to be disjoint in the frequency domain. These assumptions, however
do not always hold in applications.

Another possible approach to decomposing a signal of interest into di�erent sources,
which we pursue in this thesis, is as follows. If a multichannel recording can
be created from a single channel signal, ICA might be used to select the signal
components which are independent from each other. One way to decompose a
single-channel signal into multiple components is to decompose it into di�erent
spectral modes (e.g. using a Wavelet transform or Empirical Mode Decomposition
(EMD) [89]).

As explained in the Section 2.1.2, EMD is a signal analysis tool which is able to
decompose any time series into a set of spectrally disjoint oscillatory modes, called
Intrinsic Mode Functions (IMF). This means that two di�erent IMFs do not overlap
in the frequency domain at any time-point. The advantage of EMD, compared to
wavelets, is that the EMD is a data driven algorithm. It decomposes a signal in a
natural way without prior knowledge about the signal of interest embedded in the
data series [75].

In this section, a new technique for single-channel signal analysis is proposed,
that �rst decomposes the given signal into spectrally disjoint modes using EMD
algorithm, and then ICA is applied to extract statistically independent sources. The
source extraction capabilities of such a method are studied in depth. In particular,
the performance is compared to wavelet-ICA (WICA) and SCICA by means of an
extensive simulation study. Additionally, the performance of the algorithm in two
real-life applications is also shown.
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3.1.2 Methods

In this section we �rst revise some existing methods SCICA and WICA in
subsectionsSCICA and Wavelet-ICA (WICA) and then we describe the new
method EEMD-ICA in subsection Ensemble EMD-ICA (EEMD-ICA) .

Independent Component Analysis (ICA)

Independent Component Analysis (ICA) is a building-block in all the other
algorithms. The mathematical background about techniques used here is given in
Chapters 1 and 2. As mentioned there, the goal of ICA is to separate instantaneously
mixed signals from the channel matrix X into their independent sourcesS, such
that X = AS , where A is called the mixing matrix, without prior knowledge. It
is possible to estimate the contributing sources from the mixtures provided they
are statistically independent of each other. In this section, the FastICA algorithm
[143, 92, 182] is used. Also SOBI [179] and JADE [31] were tested, but FastICA
proved to yield the best results in the general case.

SCICA

Single Channel ICA (SCICA) is an adaptation of the ICA algorithm to single-
channel signals [44]. The algorithm is explained as follows.

First, the signal x(t) is separated into a sequence of contiguous blocksx, each
having length N , which is to be treated as a sequence of vector observations. Then,
the matrix X is formed as a set of observationsx(k), k = 1 ; 2; :::; K as follows:

x(k) = [ x(k� ); :::; x (k� + N � 1)]T (3.1)

X = [ x(1); :::; x(K )]T

wherek is the block index, � is a time delay , and (K� + N � 1) is the length of the
original signal. Note that the performance of the SCICA algorithm signi�cantly
depends on these parameters. However, in the paper where the algorithm is
originally introduced [ 44], the authors leave to readers to set these parameters
based on their own experience. Each row of the matrixX corresponds now to a
single observation. Thereafter the FastICA algorithm is applied to the matrix X
to derive the mixing and unmixing matrices A and W (X = AS , S = WX ). The
rows of the matrix W represent the inverse �lters, which are used to extract the
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particular source of interest. It is achieved by simply convoluting the signalx(t)
with the corresponding row of the matrix W , like in Eq. 3.2.

s(t) i = wi � x(t) (3.2)

where wi is the i th row of the matrix W .

FastICA also provides the mixing matrix A as an inverse (or the pseudo-inverse if the
number of sources and the number of channels di�er) ofW

�
A = W � 1�

. Therefore
we can convolve the extracted sources(t) i with the i th column of the matrix A to
backreconstruct its contribution to the original signal (see Eq. ref�ltering2).

x̂(t) i = ai � s(t) i (3.3)

In Eq. 3.3, i represents thei th column of the mixing matrix A . When we subtract
the �rst derived source from the original signal, we can extract the second one
from this de�ated signal and so on.

Algorithm 1 SCICA
1. First split the time series x(t) into a sequence of contiguous blocksx(k)
2. Apply the FastICA algorithm to this matrix, to derive the unmixing matrix W
3. Extract the particular source of interest by convoluting the original signal x(t)

with the corresponding row of the matrix W .
4. To obtain the appearance of the desired source in the signal̂x(t) i , convolve the

extracted sources(i ) with the i -th column of the matrix A .
5. Subtract the contribution of the source s(i ) to the signal x(t), rede�ne this

newly obtained signal, and repeat the steps from 1 to 4 to further extract other
sources from the new signalx obtained after this subtraction.

This algorithm assumes that the signal is stationary and that it is composed of
spectrally non-overlapping sources. In this case �lters can be derived with pass-
bands which correspond to frequency bands of these sources. SCICA estimates
these �lters and convolves the signal to extract the sources one by one. The
algorithm is therefore blind deconvolution, rather than blind source separation
technique. It is shortly outlined in Algorithm 1 and discussed in detail in [44].

Wavelet-ICA (WICA)

Since the wavelet analysis is based on very similar ideas as the EMD, i.e. to
decompose the signal into components of disjoint spectra, it was natural to compare
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the performance of the EEMD-ICA algorithm with the WICA algorithm. First,
the choice of the mother wavelet function is necessary. The best way of choosing
it is that it corresponds in shape with the source we are interested in. Note that
with no a priori knowledge of the signal of interest, it is very hard to make the best
decision.

After choosing the appropriate mother wavelet, also the order of the Wavelet
transform has to be chosen. Then the signalx(t) is decomposed into spectrally
distinct components using a wavelet decomposition. The ICA algorithm is then
applied to the derived wavelet componentsX . The ICA algorithm again provides
us with mixing and unmixing matrices A and W , and the matrix of independent
componentsS as an output, where the matrix of wavelet components (X ) satis�es
the equation X = AS , and S = WX . Note that the interpretation of the mixing
matrix A here is di�erent. It does not mix sources into di�erent channels, but
into the set of wavelet components instead. If the number of extracted wavelet
components isN , then the formula that connects the signal x(t) and the sourcesS
is given by:

x(t) = [11 � � � 1]
| {z }

N

AS (3.4)

where the matrix X = AS is obtained from x(t) using the wavelet transformation.
After selecting the sources of interest (this part has to be done manually, or by
exploiting a priori knowledge about the source of interest), the appearance of the
particular source in the signal is achieved by multiplying that source with the
corresponding column of the mixing matrix A (to derive its appearance in the
wavelet components) and consequently summing over all the newly derived wavelet
components, like in Eq. 3.5. Contrary to the SCICA algorithm, this algorithm
makes no assumption on spectral characteristics of the sources. Assumptions about
the statistical properties depend on the ICA algorithm used in the second step of
the method. The algorithm is shortly described in Algorithm 2.

x̂(t) i = [11 � � � 1]
| {z }

N

A (: ;i ) S( i; :) (3.5)

Ensemble EMD-ICA (EEMD-ICA)

As introduced in Chapter 2, Empirical Mode Decomposition (EMD) is a single-
channel technique [89], that decomposes any complicated time series into a �nite
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Algorithm 2 Wavelets-ICA (WICA)
1. Select the mother wavelet and the order of the Wavelet transform.
2. Apply the Wavelet decomposition to generate the input matrix for the ICA

algorithm.
3. Perform the FastICA algorithm to the set of wavelet components and derive

the corresponding mixing and unmixing matricesA and W .
4. Select the source(s) of interest and multiply it with the corresponding columnd

of the mixing matrix A to back-reconstruct its appearance in the set of wavelet
components.

5. Sum over all the rows of this matrix to back-reconstruct the appearance of the
particular source in the original signal (see Eq. 3.5).

set of oscil latory modes, called Intrinsic Mode Functions (IMF). One of the major
drawbacks of the original EMD algorithm is that it is highly sensitive to noise.
Therefore, a more robust, noise-assisted version of the EMD algorithm, called
Ensemble EMD (EEMD), was introduced [191]. In this chapter, we denote the
standard deviation of the identically distributed white noise added in the EEMD
algorithm at each iteration by SD. The ratio of the noise SD to the SD of the signal
will be further referred to as a noise parameter (np).

After EEMD is performed and a set of averaged IMFs is derived (last IMF being
only the monotonic function with at most one extremum) FastICA is applied to
the whole set of IMFs. The ICs are extracted, as well as the mixing and demixing
matrices, A and W , as described in the previous SectionWavelet-ICA (WICA) .
After selecting the ICs of interest, the signal is reconstructed �rst by multiplying it
by the mixing matrix to derive a new IMF set, in which only the ICs of interest
are present. Summing over the newly derived IMF set, similarly as shown in
the Section Wavelet-ICA (WICA) , the appearance of the desired source in the
original signal is obtained.

No IMF subset has been preselected as an input of the ICA algorithm in order
to keep this part of the algorithm as automatic as possible. We select afterwards
the independent component (IC) we are interested in. Note that this part has
to be done by visual inspection unless some features of the signal of interest are
known. The reconstruction of the signal is then straightforward. We multiply the
independent component vector with the mixing matrix to regenerate the IMF set,
now containing only the component of interest, and then simply add all of these
IMFs together to obtain the reconstructed signal (see Eq. 3.6). This algorithm,
as well as Wavelet-ICA makes no assumption on spectral characteristics of the
sources. Statistical properties of the obtained sources estimates depend on the ICA
algorithm used.
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x̂(t) i = [11 � � � 1]
| {z }

N

2

6
6
6
4

^IMF 1i
^IMF 2i
...

^IMF Ni

3

7
7
7
5

= [11 � � � 1]
| {z }

N

A (: ;i ) S( i ;:) (3.6)

Algorithm 3 EEMD-ICA
1. Perform EEMD to obtain an avarage of the ensemble of IMFs
2. Perform the FastICA algorithm to the IMFs and derive the corresponding

mixing and unmixing matrices A and W
3. Select the independent component (source) of interest and multiply it with

the corresponding column of the mixing matrix A to back-reconstruct its
appearance in the IMF set

4. Sum over all the newly derived IMFs to reconstruct the appearance of the
source of interest in the original signal (see Eq. 3.6)

3.1.3 Simulations

To evaluate the performance of the EEMD-ICA method and to compare its
performance in an objective way with the other available methods as outlined
in Section 3.1.2 (WICA and SCICA), we performed the following two essentially
di�erent simulations. In �Extraction of an oscillation-type source� the signal
of interest we aim to extract is a stationary signal of oscillatory type. As example
we chose the extraction of a seizure event from a real-life background EEG signal
contaminated by muscle artifact. In this case, the signal of interest is a stationary
signal of oscillatory type which is representative for di�erent physiological signals
such as blood pressure, respiration, EEG� -rhythm, even heart rate series in some
cases etc. In the second simulation, described in�Extraction of a spike-type
source� , the signal of interest we want to extract is spiky. As an example, we focus
on the extraction of ECG artifacts from real-life EMG signals. Simply subtracting
the derived artifact from the original signal yields the artifact-free EMG data. This
spiky type of data is representative for a whole class of artifact removal problems
such as extraction of ECG artifacts from other physiological signals like EEG,
the extraction of interictal spikes in EEG signals, spiky type seizure detection in
neonatal EEG [57], as well as spike detection in intracranial electroneural signals
captured during deep brain recordings [166].

In the simulations below, the signals always represent the mixture of two sources:
the signal we want to extract a(t), and another, unwanted signal which is considered
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to be noiseb(t) in the following way

x � (t) = a(t) + �b (t); (3.7)

with � 2 R being a proportion factor, and x � (t) being a mixed signal, i.e. an input
to the algorithm. An important measure here is the Noise-to-Signal Ratio (NSR)
which is de�ned as follows:

NSR =
RMS (� � b(t))

RMS (a(t))
: (3.8)

Changing � alters the NSR of our simulated signals. TheNSR measure is used here
rather than the more common Signal-to-Noise Ratio (SNR) to equally emphasize
the behavior of the signal in the range ofNSR from 0.05 to 1 (the power of noise
is 5% to 100% of the signal power), and the range ofNSR from 1 to 2 (100% to
200%). Note that NSR is simply the inverse ofSNR.

The simulation performance is expressed in terms of the Relative Root Mean
Squared Error (RRMSE):

RRMSE =
RMS (a(t) � â(t))

RMS (a(t))
� 100[%]; (3.9)

where â(t) is the estimate of the signal of interest.

Figure 3.1: (a) Simulated background brain signal with the muscle artifact - signal
b(t), (b) Sinusoidal signal - a(t), (c) Signal x(t) for NSR = 0 :05, (d) Signal x(t)
for NSR = 2

Simulations setup
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Extraction of an oscillation-type source To simulate the extraction of oscillation-
type components, we consider here the extraction of a seizure event from single-
channel brain recordings. The brain signal consists of awake background electrical
activity from a normal subject contaminated by muscle artifact. The simulated
muscle artifact was superimposed on real-life brain background activity. This
de�nes the noise part b(t) in this simulation. The amplitude of the muscle artifact
was chosen in a realistic way. Epileptic activity can be modeled in two ways - either
as spiky activity, or as a pure sinusoid. Here the epileptic activity was modeled as
a 4Hz sinusoidal waveform. The frequency of the background electrical activity
ranges from 0 to 30Hz, so the spectra of the sinusoid and the background activity
were overlapping. The sinusoidal signal is in these simulations denoted asa(t).
Signalsa(t) and b(t), as well as the mixed signals for di�erent NSR's are shown in
Fig. 3.1. In further text, this simulation will be called �oscil lation� .

Extraction of a spike-type source To simulate the extraction of spiky-type
sources, we mixed a pure real-life EMG signal (signalb(t)) with a simulated
ECG artifact - a spike-train (signal a(t)) for di�erent NSR values, as described
above. The spike-train signal was a real-life QRS complex recorded from the EMG
electrode repeated every 0:75 seconds, and zero padded in between. The mentioned
single-spike is extracted from the EMG electrode while no muscle activity was
present. These signals are shown in Fig. 3.2. The frequency spectrum of the EMG
signal is broad-band (10� 180Hz) with more or less equally distributed power over
the whole range, while the spike-train is a narrow-band signal (5� 30Hz). Note
that the spectra of these two signals are also overlapping. In further text, this
simulation will be called �spike�

Figure 3.2: (a) Pure EMG - signal b(t), (b) Spike-train - signal a(t), (c) x(t) for
NSR = 0 :05, (d) x(t) for NSR = 2
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Figure 3.3: Performance comparison of the single-channel BSS algorithms for the
simulation described in simulations �oscil lation� (left) and � spike� (right)

Parameter Settings

In all the simulations, the number of independent components in FastICA to be
extracted was set to 5. In the SCICA algorithm the values forK and � were set
to 10 and 1 respectively (these values yielded the best performance in terms of
RMSE). The mother wavelet used in the WICA algorithm was Daubechies 6, and
the order of the wavelet transform was set to 8. In the EEMD-ICA simulations
the np-value used was set to 2. The number of IMFs was usually observed to be
between 8 and 15 components and it only depends on the complexity of the signal
(if the signal is only the sinusoid, the number of IMFs will theoretically be 1 and
the residue, which is the mean value). Also, theNSR was set to increase from 0:05
to 2 with steps of 0:05.

Simulations Results

Fig. 3.3 shows the performance of all the algorithms outlined in Section 3.1.2 as
a function of NSR for the simulations in the Sections �oscillation� and �spike�
respectively. Additionally, Fig. 3.4 compares the performance of the EEMD-ICA
algorithm for two di�erent np values (0.2 and 2), as this is a crucial parameter.

Figures 3.5 and 3.7 illustrate the EEMD decompositions of the mixed signal from
the simulation �oscillation� and �spike� respectively for the NSR = 1 before
applying the ICA algorithm. The �rst row shows the original signal, and the other
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Figure 3.4: Comparison of the EEMD-ICA algorithm for di�erent levels of added
noise for spike-type simulation

rows show di�erent IMFs. Figures 3.6 and 3.8 show the extracted independent
components after applying FastICA and signal reconstruction. In both simulations
the signal of interest is captured in the �rst component.
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Figure 3.5: The EEMD decomposition of the signal composed of background EEG,
muscle artifact, sinusoidal seizure and noise forNSR = 1

In Figures 3.9 and 3.10 the result of applying WICA is shown for oscillatory and
spike-type signal extraction simulations respectively.
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Figure 3.6: Sources extracted with the EEMD-ICA decomposition of the signal
from simulation 1 for NSR = 1
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Figure 3.7: The EEMD decomposition of the EMG signal with ECG artifact
(NSR = 1)

Simulations Discussion

Compared to other algorithms in our simulations, EEMD-ICA performs best for
high NSR. For low NSR EEMD-ICA performs similarly to WICA, although the
tuning of the np may signi�cantly increase the accuracy of the results. The reason
for this is that a very high amount of noise is added for making an ensemble
(np = 2) in EEMD, and the noise could not be canceled out correctly. From Fig.
3.4, it is clear that the algorithm's performance depends on this factor, and that
performance for low NSRs can be signi�cantly enhanced by reducingnp. This
is also one of the drawbacks of the EEMD-ICA algorithm in the sense that this
parameter has to be chosen correctly in order to achieve the best performance,
although the inexperienced user can choose any value between 0 (the regular EMD)
and 2 and obtain a satisfactory result. One way to choose thenp is to set it to be
equal to the NSR of the signal itself. If no knowledge of the noise power is present
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Figure 3.8: Sources extracted with the EEMD-ICA decomposition of the signal
from simulation 2 for NSR = 1
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Figure 3.9: Sources extracted with the WICA decomposition of the signal from
simulation 1 for NSR = 1

either the regular EMD technique might be used, or severalnp values could be
explored, until the best separation is achieved. In the literature [191] it is also
shown that the np should be smaller if the signal to be extracted has high frequency
behavior and larger if the signal we want to extract is of low frequency content.

The SCICA algorithm performed clearly worse than other algorithms in both
simulations. The problem with this approach is that it yields two major limitations.
First, the algorithm assumes stationarity of the data, and second, it is not able to
separate components with overlapping spectra. In the �rst simulation (�oscil lation� )
SCICA under-performed due to signi�cant spectral overlapping of the data, although
the signals to be extracted were stationary. In the second simulation (�spike� ) its
performance was more comparable to that of the other algorithms, although it
was inferior to that of the EEMD-ICA algorithm due to the non-stationarity and
spectral overlapping of the data from the simulation.
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Figure 3.10: Sources extracted with the WICA decomposition of the signal from
simulation 2 for NSR = 1

It is worth noting that in the second simulation ( �spike� ), the modeled ECG
artifact was always spread over a number of ICs for the examples under study in
WICA simulations (see Fig. 3.10), contrary to EEMD-ICA which could capture the
signal of interest into one component only (Fig. 3.8). It is also obvious that in the
�rst simulation (� oscil lation�), the sinusoidal signal extracted with the EEMD-ICA
algorithm (illustrated in Fig. 3.6) was much smoother than the one extracted
with WICA (Fig. 3.9), despite the fact that the RRMSE in the simulation was
almost equal for the particular case (NSR = 1). However, the WICA algorithm
seemed to slightly outperform EEMD-ICA in the spiky-type source extraction
simulation in the low NSR range. Therefore we show in Fig. 3.4, that by tuning
the np parameter, the performance of EEMD-ICA can be signi�cantly increased
in this range. This tuning will weaken the performance for high NSR, although
it will still be better than the one of WICA ( RRMSE = 50:73 for np = 2 and
RRMSE = 64:79 for np = 0 :2 for EEMD-ICA, and RRMSE = 66:22 for WICA,
Fig. 3.4). Both the shape and the amplitude of the ECG artifact peak in the
EMG simulation were almost perfectly recovered using the EEMD-ICA algorithm,
contrary to the other methods, where the extracted spikes were mostly changed
both in shape and amplitude.

The advantage of EEMD over wavelets is that EEMD breaks the signal into its
oscillatory modes, and therefore we expect the EEMD-ICA algorithm to outperform
WICA in the case of oscillatory signals, which are very common in the �eld of
biomedical data. Additionally, EEMD has a data-driven, instead of a prede�ned
basis, contrary to wavelets and is able to deal with very local variations in the
signal oscillations.

Since the spike-type data are not localized in frequency (simulation�spike� , �gure
3.7), EEMD will yield local oscillations in several IMFs. The latter ICA processing
will capture these oscillations in only one independent component. Here the reader
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might argue that there is no obvious reason that variations in di�erent IMFs can
be extracted by independent component analysis.

To address this question, we refer to the work of Daubechies et al.[42]. In that paper,
they consider the use of the ICA algorithms Infomax [15] and FastICA on the BOLD
(Blood Oxygen Level Dependent) signal in fMRI data. These algorithms are the
two most widely used ICA algorithms to analyze fMRI data, although other more
general ICA algorithms exist that assume less about components in the sense of their
probability distribution function, like JADE [ 31], and can separate mixtures into
independent components for which FastICA and Infomax fail (FastICA and Infomax
work well if the sources have �generalized normal distribution�, excluding Gaussian
distribution). However, Infomax and FastICA showed to outperform JADE when
separating the biological signals coming from di�erent physiological sources, which
don't have statistically independent distributions per se. The issue is, that the
variations in BOLD signal in di�erent brain areas have no physiological reason to
be statistically independent. Daubechies et al. show that the superior performance
of Infomax and FastICA in fMRI is linked to their ability to handle e�ectively
sparse components rather than independent components as such. Therefore we
also expect FastICA performed after the EEMD to pick up local oscillations from
di�erent IMFs, caused by spike appearance in the decomposed signal, as spikes
are sparse in nature, and to capture them in only 1 independent component. This
discussion will be continued in Chapter 6.

When it comes to oscillatory signals, it is obvious that the EEMD algorithm is able
to extract the pure sinusoid itself (simulation �oscil lation� , Fig. 3.5) and therefore
EEMD-ICA will always give a good result in extracting the oscillatory data. It
is also clear that the post-processing based on ICA might not improve the result,
but the oscillatory signal is still preserved, what is apparent from Fig. 3.8. The
question then arises: Why do we need the ICA-step?

To answer this question, we will provide an additional simulation where we want
to separate a single spike from a sinusoid and noise. In this simulation we mixed
3 signals: the single spike in the middle of the signal, with the sinusoid and the
background EEG activity from simulation �oscil lation� .

The �rst row in Fig. 3.11 shows the original signal, where the spike is poorly
(almost not) visible, and the other rows present the extracted IMFs. It is important
to notice that the EEMD was not able to separate the spike from the sinusoid-like
seizure and that the sinusoid is present in two IMF channels. It is evident that no
simple arithmetical operation can be applied to IMFs to separate the spike from
the sinusoid. However, if we apply FastICA (Fig. 3.12), the spike is isolated in
one channel, the sinusoidal seizure in another one, and the background EEG in
the third channel. The sinusoid is apparently not perfectly recovered and is still
distorted in the time instant of the spike appearance, due to the fact that the
chosen spike had similar width as the period of the sinusoid. However, making use
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of this decomposition would allow spike-type, or oscillatory-type seizure detection
algorithms to perform signi�cantly better.
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Figure 3.11: EEMD of the single spike mixed with the sinusoid and the background
EEG signal
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Figure 3.12: The EEMD-ICA decomposition of the single spike mixed with the
sinusoid and the background EEG signal

We would like to stress here that applying the ICA technique on the IMF set makes
sense only if the original sources and the IMFs are mutually linearly dependent,
i.e. that the set of IMFs and the set of independent components span the same
row-space, which is di�cult to prove. Further more, EEMD itself is mathematically
not well established. The performance of the algorithms is only proven in practice
and through di�erent simulation studies. Our simulations show, however, that
combining EEMD and ICA clearly enhances source separation, and this will be
further illustrated in some real-life examples in the following sections.
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Figure 3.13: 10 seconds of 21 channel EEG recordings

3.1.4 Real-life application of EEMD-ICA

We will now illustrate the performance of the proposed EEMD-ICA algorithm on 2
real-life applications. In the �rst case we apply the EEMD-ICA algorithm to one
of the EEG channels contaminated by muscle artifact, eye artifact, and seizure
activity. We aim to separate this information into di�erent sources. In the second
case we will demonstrate how our new method performs in the case separating
the ECG artifact from the EMG recordings, this time in-vivo. In the EEMD-ICA
algorithm, the number of independent components to be extracted was set to 7 in
the example �EEG recording� because we were interested in 3 di�erent sources and
not all of them would appear in the �rst 5 IC's. In the example � EMG recording�,
the number of IC's to be extracted was set to 5.

Real-Life examples

EEG recordings In Fig. 3.13, 10 seconds of 21-channel scalp EEG recordings
from a long-term epilepsy monitoring unit are shown. This recording contains ictal
activity from a patient with Mesial Temporal Lobe Epilepsy (MTLE), contaminated
with eye blinks and muscle artifact. The sampling rate was 250Hz. Although
the single channel technique in this case is not necessary, we chose this example
because lower spatial sampling can be required in wireless systems applications,
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Figure 3.14: 21st EEG channel decomposed in independent components. First row
- original channel, second row - seizure event, third row - eye artifact (rectangles),
fourth row - muscle activity
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Figure 3.15: Extracted seizure activity (blue) extracted from channel T1, plotted
against T2 channel of the EEG recording (red). It is clear that the extracted
activity is in phase with the activity from channel T2.

and our technique might be of use. Also, it enables us to further validate our
technique. Eye-artifacts can be observed around 2.5, 3.5, 6 and 7.5 seconds, and
are most emphasized in the Fp1 and Fp2 channels, as expected. Seizure activity
is constantly present (T2 channel), and muscle activity starts on one side of the
head. We will extract all underlying signals from channel T1 by applying EEMD-
ICA, because their contributions are rather weak in this channel and therefore a
successful extraction of these sources is most challenging.

EMG recording In the upper trace of Fig. 3.16 we give a recording of 100 seconds
of the EMG signal contaminated with the ECG artifact. This recording corresponds
to the phase immediately after the muscle activity, when the muscle is still not
in the completely relaxed state. The muscle is not in complete rest however, and
therefore the power of the EMG signal is still fairly high. This is a very useful
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Figure 3.16: EMG recording. Upper trace - original EMG signal, middle trace -
extracted ECG artifact, lower trace - cleaned EMG signal. np was set to 0.5

application of our algorithm, because otherwise the EMG activity here cannot be
accurately studied. In the middle trace of this �gure the extracted ECG artifact is
shown, and the lower trace shows the cleaned EMG signal obtained by subtracting
the extracted artifact from the original signal.

Results and Discussion

We showed results of applying our technique to real-life examples. In Fig. 3.14, the
T1 channel of the EEG recordings is decomposed. After applying the EEMD-ICA
algorithm, 7 independent components were extracted among which we show 3 to
back reconstruct the signals shown in the same �gure, representing the seizure event,
eye artifact and muscle activity respectively. We can clearly notice a successful
separation of the important components. The extracted oscillatory activity is
in phase with the seizure activity visible in the T2 channel, see Fig. 3.15. This
con�rms that this is related to the seizure. This is an interesting result, since
channels T1 and T2 are located on the opposite sides of the head. This means that
the seizure has been picked up from the averaged reference despite the very low
SNR. It is also clear that the eye artifact is more clearly (although not perfectly)
expressed than in the original signal and that the muscle activity is well separated.
We would like to stress here that these artifacts (e.g. eye-artifact) can sometimes be
more clear in other leads (Fp1 and Fp2). However, in some cases (e.g. in neonates),
EEG is recorded only with 8, and sometimes even with as few as 2 leads. In these
cases it is very di�cult to capture all the brain activity clearly, and our algorithm
can be bene�cial.

Fig. 3.16 shows the EMG signal contaminated by the ECG artifact. In the middle
trace of this �gure the extracted ECG artifact is shown, and the lower trace shows
the cleaned EMG signal obtained by subtracting the extracted artifact from the
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original signal. We see that the ECG artifact is successfully removed from the
signal without distorting the original shape and amplitude of the EMG signal.
After applying the EEMD-ICA algorithm, 4 sources were detected, only one of
them containing the ECG artifact. As one can think that some EMG activity is
also mixed into the ECG source, Fig. 3.17 zooms in a 1 second of the signal from
Fig. 3.16 to show the performance of the proposed algorithm in detail. In the
same �gure the extracted artifact and the clean version of the EMG are shown.
It is clear that the spike is accurately isolated (red trace), and that the cleaned
EMG closely follows local variations of the original EMG in the places where the
spike is not present. The channel in which the spike appears still contains some
small oscillations that are not spike-related. However, these oscillations are very
slow and small in amplitude, so they do not signi�cantly change the shape of the
EMG signal, and therefore will not in�uence various measures of the EMG activity
derived afterwards. The computed ratio of the standard deviation of the cleaned
EMG signal to the standard deviation of the ECG artifact is 1, which is fairly high.
The np in these applications was set to 0:5.
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Figure 3.17: The �gure shows enhanced part of the real-life EMG signal,
contaminated by the ECG artifact (green), Extracted ECG artifact (red) and
cleaned EMG signal (black)

3.1.5 Conclusion

A new method for single-channel signal decomposition into its independent
components, which combines EEMD [89, 191] and Independent Component
Analysis, EEMD-ICA is presented. We showed the good performance of the
method and compared it to two other available algorithms for decomposing single-
channel signals, Wavelet-ICA (WICA) [ 115] and Single Channel ICA (SCICA)
[44] through various simulations. Of the three algorithms, SCICA had the worst
performance. The WICA technique, although comparable with the EEMD-ICA,
shows a weaker performance in our simulations. We provided 2 real-life examples
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and our technique exhibited a very strong separation power, and proved to be
succesful for oscillatory as well as spike-type source extraction in biomedical signal
processing.

3.2 Generalization of the EEMD-ICA algorithm to 2-
Channel Data

In this section we extend the EEMD-ICA approach to 2-channel EMD-ICA. We
will show the extraction capabilities of the algorithm on 2-channel EEG signals
and we will discuss the bene�ts and improvements compared to single-channel
EMD-ICA. The work is published in [135].

3.2.1 Methods

2-channel EMD-ICA

After bivariate EMD [ 163] has been performed (as explained in Chapter 2), our data
is stored in a 3D array. The dimensions are spatial (di�erent channels), times time,
times frequency (the set of IMFs). There are several ways how to proceed from this
point, and perform a data reduction and independent component analysis. The
fact that after Complex EMD, the set of IMFs contains common oscillations from
both channels allows us to meaningfully perform the Singular Value Decomposition
(SVD) , and thus to reduce the dimensionality in the third dimension (IMFs) [ 47].
This can also be done with PCA or other data-reduction methods. This way we
perform the dimension reduction, and still keep the highest variance information
for each channel separately. When the data reduction has been performed, the
data is stored in a new matrix, which is obtained by merging both sets of reduced
IMFs (putting them on top of each other). After this, ICA is applied and a set
of common independent sources has been extracted. The reader should note that
all the processes are reversible, so the appearance of each source in each of the
original channels can be back-reconstructed.

Data

To demonstrate the performance of the 2-channel EEMD-ICA, we used the same
epileptic EEG data as shown in Fig. 3.13. In this setup, however, we added another
channel to observe what is the bene�t of using 2-channel EMD-ICA. The second
channel we used was F4. This lead is interesting because its position is at the right
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side of the head (contrary to T1) and the artifacts in this channel are still present,
but di�erent than in T1.

Additionally, we give an example of cleaning the ECG artifact from the EMD data
(similarly as presented in Fig. 3.16). However, in this section, the corresponding
ECG channel is additionally used as a reference, and it is fed into 2-channel
EMD-ICA together with the EMG channel. Both EMD and ECG channels are
normalized before introduced to the 2-channel EMD-ICA.

3.2.2 Results

EEG signals with seizure In Fig. 3.14, the T1 channel of the EEG recording from
Fig. 3.13 is decomposed. After applying the EMD-ICA algorithm, 7 independent
components were extracted among which we show 3 to back reconstruct the signals
shown in the same �gure, representing the seizure event, eye artifact and muscle
activity respectively. We can clearly notice a successful separation of the important
components. The extracted oscillatory activity is in phase with the seizure activity
visible in the T2 channel (as shown in Fig. 3.15). This con�rms that this is related
to the seizure. This is an interesting result, since channels T1 and T2 are located
on the opposite sides of the head. This means that the seizure has been picked up
from the averaged reference despite the very high noise-to-signal ratio. It is also
clear that the eye artifact is more clearly (although not perfectly) expressed than
in the original signal and that the muscle activity is well separated. We would like
to stress here that these artifacts (e.g. eye-artifact) can sometimes be more clear
in other leads (Fp1 and Fp2). However, in some cases (e.g. in neonates), EEG is
recorded only with 8, and sometimes even with as few as 2 leads. In these cases, it
is very di�cult to capture all the brain activity clearly, and our algorithm can be
bene�cial.

Fig. 3.18 shows the 2 independent components when FastICA only is applied to
channels T1 and F4. It is obvious that there are more than 2 sources present
and that FastICA was unable to successfully disjoint them, since we only gave
two channels as an input. Then we show the result when 2-channel EMD-ICA
algorithm is performed. EMD-ICA has extracted 7 components, 5 of which are
shown in the Fig. 3.19.

EMG signals with the ECG artifact An additional demonstration of the 2-channel
EMD-ICA is presented for cleaning the ECG artifact from the EMG sigmal in Fig.
3.20. It is obvious that the ECG artifact is successfully extracted from the EMG
signal. Only the ECG signal is extracted, while the EMG activity is left intact.
Especially, it is interested to see the QRS event, extracted at the time instant
around the sample 7000. At this time instant it is even impossible to visually
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Figure 3.18: The independent sources extracted by applying the FastICA algorithm
to EEG channels T1 and F4
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Figure 3.19: The 5 out of 7 independent sources extracted from EEG channels T1
and F4 by applying 2-channel EMD-ICA

see the ECG artifact. However, we can deduce it based on the distance between
consecutive heart beats.

3.2.3 Discussion

Fig. 3.15 shows the decomposition of channel T1 into independent sources. The
seizure activity and muscle activity are nicely captured. The extracted oscillatory
activity is in phase with the channel T2. This proves that the captured activity is
indeed the seizure. The eye artifacts are also more clearly (although not perfectly)
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Figure 3.20: The performance of the 2-channel EMD-ICA algorithm for removal of
the ECG artifacts from the EMG signal. In this case, the recorded ECG signal
was used as the reference. The original EMG signal contaminated with the ECG
artifact is presented in the top panel. The �cleaned� EMG is presented in the
second panel. The third panel shows these two signals in blue and red respectively,
together with the extracted ECG artifact in black. Additionally, some parts of
the signal are shown enhanced, so the the good separation is made more clear.
The red arrows point to show the good extraction of the ECG artifact. The green
arrows and the black arrow point to the muscle �rings that are ignored by the
ECG extracted component.

isolated. However, this performance is enhanced by performing 2-channel EMD-ICA
on channels T1 and F4 (see Fig. 3.19).

The performance of the 2-channel EMD-ICA is shown in Fig. 3.19. Channels T1 and
F4 are given as inputs. It is clear that the eye artifacts (sources 3 and 5) are more
clearly isolated than in the case of single-channel EMD-ICA (especially the artifacts
appearing around 2.5 and 3.5 seconds). The eye-artifact channel is decomposed
into two components, one of which (source 3) allows better reconstruction of the
separate appearance of the artifact in the two observed channels. Good extraction
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Figure 3.21: Channels T1 and F4 (traces 1 and 3) with cleaned eye-artifacts (traces
2 and 4) using two-channel EMD-ICA. Only the eye artifact is removed, but the
seizure and muscle artifact are still present

of the eye-artifact is obvious from Fig. 3.21. Both channels are shown (channel F4
in trace 1, and channel T1 in trace 3). The corresponding channels after cleaning
the eye artifact are shown in traces 2 and 4 respectively. It is obvious that other
artifacts are not removed after cleaning the eye-artifact. Beside the eye-artifact,
the muscle activity from the right side of the head (where the electrode F4 is
positioned) is also nicely captured (trace 1 in Fig. 3.19). The sources which had
already been extracted before by applying the single-channel EMD-ICA to the
channel T1 (muscle artifact on the left side of the head and the seizure activity) are
still present in 2-channel EMD-ICA. Therefore we can conclude that the 2-channel
EMD-ICA makes better estimation of the common sources (eye-artifact), while the
activity present in each channel separately is still preserved.

The results from the study on extracting the ECG artifact from the EMG signal
are only preliminary, and are shown in Fig. 3.20. It is apparent that the algorithm
is very selective towards extracting the ECG artifacts, while leaving the EMG parts
unchanged. The algorithm shows a potential to be used for this purpose, but a
more extensive study is needed.

3.3 Conclusion

In this chapter, the EEMD-ICA technique for decomposing the single-channel
data into its constituent sources is introduced. The performance of this algorithm
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is shown in several simulation settings as well as in 2 real-life signals. It is also
compared to other available methods for single-channel source separation.

Additionally, in Section 3.2 this algorithm is extended to 2-channel signals. It is
shown that it preserves the extraction of the independent sources from each channel
separately. Also, it enhances the performance of common dynamics present in both
input channels. As it was the case with single-channel EEMD-ICA, this extension
is also shown to be capable of extracting more sources than channels recorded, and
that it outperforms the single-channel method if more channels are available. This
allows for analyzing sources in spatially under-sampled signals, which opens new
possibilities in biomedical signal analysis.

As already mentioned in Chapter 2, multivariate extensions of the EMD algorithm
(MEMD) have also been proposed [159, 160]. The application of the multivariate
EMD algorithm to seizure detection in EEG signals is shown in [162]. The potential
of this technique lies in separating oscillatory activity from the EEG signals, such
as alpha band activity, or oscillating seizure activity. In [51], it is shown that the
seizure localization can be done by �rst expanding matrix EEG data into 3D-tensor
space using wavelet analysis, and then combining applying PARAFAC technique
to extract the the seizure components. Since in this chapter it was shown that
for oscillatory data, the EMD method outperforms wavelets as a preprocessing
tool, the MEMD-PARAFAC tool might be promising for both seizure activity, and
alpha-band activity extraction.



Chapter 4

Introduction to EEG-fMRI
Integration

This chapter presents an introduction to the physiological origin of the EEG and
fMRI signals. Also the acquisition problems are speci�ed, and the solution to these
problems is reviewed. Di�erent artifacts arising from simultaneous acquisition of
these modalities are described. The necessary preprocessing for both modalities,
together with the artifact removal algorithms are also provided. The need for the
multimodal integration of these modalities is justi�ed and �nally an overview of
existing symmetric and asymmetric integration approaches is provided. The work
presented in this chapter is mostly compound from the manuscript published as
[137, 184].

4.1 Introduction

The synchronized neural �ring can be measured with the electroencephalogram
(EEG) as event-related potentials (ERP) with high temporal resolution. This neural
activity is also accompanied by a regional increase in cerebral blood �ow, which can
be indirectly measured as a Blood Oxygenation Level Dependent (BOLD) signal
with functional Magnetic Resonance Imaging (fMRI). Contrary to EEG, fMRI has
high spatial, but very low temporal resolution. Simultaneous measurement of both
can provide deeper insight into function and dysfunction of brain dynamics [180],
due to the complementary nature of these signals.

In recent years, several integration approaches have been proposed. The earliest
proposed methods were EEG-informed fMRI and fMRI-informed EEG analysis.

63
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These approaches are asymmetric, meaning that one of the modalities is considered
to be prior knowledge to improve the results in the other modality.

Another set of integration approaches do not use one of the modalities as
prior knowledge and are thus considered to operate more symmetrically. These
approaches are therefore commonly referred to as EEG/fMRI fusion. Popular
methods for this purpose are data-driven signal processing techniques, which are
already well-established for processing EEG and fMRI separately. The advantage
of simultaneous measurements has already been exploited in numerous cognitive
neuroscience applications (an overview is provided in [180]). There is also an
increasing trend of using integration techniques for medical applications. For
instance, the integration of EEG and fMRI allows localizing epileptic activity based
on spike-triggered fMRI [17].

In this chapter, we �rst introduce the physiology of the visual system, since this
system is explored in the following chapters. Then both EEG and fMRI signals are
introduced- how they are measured, what is their physiology etc. Thereafter, we
present the preprocessing steps which are necessary to obtain a su�cient quality of
the simultaneously recorded data. As the reader will see, these steps are far from
trivial. Finally, a broad overview of the existing integration techniques is provided,
as an introduction to the following chapters about EEG-fMRI fusion.

4.2 Visual system

In this section, the visual system is shortly described, because this system is the
focus of the research presented in later chapters.

The �rst organ involved in the visual system is the eye. The eye is a complex
biological device that focuses light from external objects in the �eld of view onto a
light-sensitive medium, which is composed of an array of visual receptors. Light
entering the eye is refracted as it passes through the cornea. It then passes through
the pupil (controlled by the iris) and is further refracted by the lens. The cornea
and lens act together as a compound lens to project an inverted image onto the
retina.

The retina consists of a large number of photoreceptor cells which contain particular
protein molecules called opsins. Opsins absorb photons and transmit a signal
to the photoreceptor cell through a signal transduction pathway, resulting in
hyperpolarization of the photoreceptor.

Di�erent populations of ganglion cells in the retina send information to the brain
through the optic nerve. About 90% of the axons in the optic nerve go to the lateral
geniculate nucleus in the thalamus. Another population sends information to the
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superior colliculus in the midbrain, which assists in controlling eye movements, as
well as other motor responses.

The optic nerves from both eyes meet and cross at the optic chiasm, at the base of
the hypothalamus of the brain. At this point the information coming from both
eyes is combined and then splits according to the visual �eld. The corresponding
halves of the �eld of view (right and left) are sent to the left and right halves of the
brain, respectively, to be processed. That is, the right side of primary visual cortex
deals with the left half of the �eld of view from both eyes, and similarly for the left
brain. A small region in the center of the �eld of view is processed redundantly by
both halves of the brain.

Information from the right visual �eld (now on the left side of the brain) travels in
the left optic tract. Information from the left visual �eld travels in the right optic
tract. Each optic tract terminates in the lateral geniculate nucleus (LGN) in the
thalamus.

The lateral geniculate nucleus (LGN) is a sensory relay nucleus in the thalamus of
the brain. The LGN consists of six layers in humans. Layers 1, 4, and 6 correspond
to information from the contralateral (crossed) �bers of the nasal retina (temporal
visual �eld). Layers 2, 3, and 5 correspond to information from the ipsilateral
(uncrossed) �bers of the temporal retina (nasal visual �eld). Layer 1 contains cells
of the optic nerve of the opposite eye and are concerned with depth or motion.
Layers 4 and 6 of the LGN also connect to the opposite eye, but to the cells of
the optic nerve, which are responsible for color and edges. By contrast, layers 2,
3, and 5 of the LGN connect to the cells of the optic nerve for the same side of
the brain as its respective LGN. In between these six layers are smaller cells that
receive information from the cells responsible for color in the retina. The neurons
of the LGN then relay the visual image to the primary visual cortex (V1) which is
located at the back of the brain in the occipital lobe around the calcarine sulcus.
The LGN is not just a simple relay station but it is also a center for processing;
it receives reciprocal input from the cortical and subcortical layers and reciprocal
innervation from the visual cortex.

The optic radiations, one on each side of the brain, carry information from the
thalamic lateral geniculate nucleus to layer 4 of the visual cortex. There is a direct
correspondence from an angular position in the �eld of view of the eye, all the
way through the optic tract to a nerve position in V1. At this juncture in V1, the
image path ceases to be straightforward; there is more cross-connection within the
visual cortex.

The visual cortex is the largest system in the human brain and is responsible for
processing the visual image. It lies at the rear of the brain, above the cerebellum.
The region that receives information directly from the LGN is called the primary
visual cortex, (also called V1 and striate cortex). Visual information then �ows
through a cortical hierarchy. These areas include V2, V3, V4 and area V5/MT.
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These secondary visual areas (collectively termed the extrastriate visual cortex)
process a wide variety of visual primitives. Neurons in V1 and V2 respond selectively
to bars of speci�c orientations, or combinations of bars. These are believed to
support edge and corner detection. Similarly, basic information about color and
motion is processed here.

As visual information passes forward through the visual hierarchy, the complexity of
the neural representations increases. Whereas a V1 neuron may respond selectively
to a line segment of a particular orientation in a particular retinotopic location,
neurons in the lateral occipital complex respond selectively to complete object (e.g.,
a �gure drawing), and neurons in visual association cortex may respond selectively
to human faces, or to a particular object.

Along with this increasing complexity of neural representation may come a level of
specialization of processing into two distinct pathways: the dorsal stream and the
ventral stream. The dorsal stream, commonly referred to as the �where� stream, is
involved in spatial attention (covert and overt), and communicates with regions
that control eye movements and hand movements. More recently, this area has
been called the �how� stream to emphasize its role in guiding behaviors to spatial
locations. The ventral stream, commonly referred as the �what� stream, is involved
in the recognition, identi�cation and categorization of visual stimuli. However,
there is still much debate about the degree of specialization within these two
pathways, since they are in fact heavily interconnected.

The schematic representation of the visual system is given in Fig. 4.1. The visual
cortex will be examined in more detail in the Chapters 6 and 7.

4.3 EEG signals

Neurons possess speci�c electrical properties which cause their activity to produce
electrical �elds. These �elds may be recorded by means of electrodes either at a
short distance from the sources (local �eld potentials or LFPs), either from a longer
distance, at the cortical surface (electrocorticogram or ECoG) or at the subject's
scalp. The latter is most commonly called the EEG and provides a measure for
the electrical communication between neurons as a function of time. However, the
occurring potential changes can only be detected if many neurons synchronously de-
or hyperpolarize. Therefore, it is believed that the EEG is speci�cally generated
by the synchronous �ring of many vertically oriented large pyramidal cells in
the cortex. These cells are aligned in such a way that they amplify each other's
extracellular �eld [ 73]. A small fraction of the summation of the resulting currents
penetrates through the meningeal coverings, spinal �uid and skull to the scalp,
causing di�erent parts of the scalp to be at di�erent potential levels. By putting
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Figure 4.1: Schematic representation of the visual system. Picture from [194]

electrodes on the scalp, these potential di�erences can be measured as a function
of time, thereby yielding the EEG.

To position the electrodes on the scalp, the International Federation of Societies
for Electroencephalography and Clinical Neurophysiology has recommended a
standardized electrode setting, commonly called the international 10-20 system
[94, 150]. This system, illustrated in Figure 4.2, proposes electrode placement
based on intersections at 10 or 20% intervals of distances between speci�c anatomic
landmarks on the head. As such, 21 electrode positions are obtained, each indicated
with a combination of two or three letters an/or digits. The �rst letter normally
corresponds to the speci�c region the electrodes are located on. As such, F indicates
electrodes on the frontal lobe, P on the parietal, T on the temporal and O on the
occipital lobe. The letter C indicates the electrodes on the central line. For most
electrodes, a second letter or a digit is added to this letter; a Z for all electrodes
on the midline and odd and even numbers for electrodes on the left and right
hemisphere, respectively. For setting a larger number of electrodes on top of these
21 positions, additional electrodes are equidistantly placed in between the above
electrodes and the same naming approach is preserved.

Since the aim of EEG is to measure potential di�erences on the scalp, one or several
reference electrodes have to be used. Di�erent reference electrode placements have
been used in literature, such as using the vertex (Cz), linked-ears, average reference,
etc.
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Figure 4.2: Side and top view of the standard EEG electrode placement according
to the 10-20 international system. The placement is based on a grid of lines,
generated by connecting speci�c anatomical landmarks such as the nasion, inion
and preauricular points, that mutually intersect at 10 and 20% intervals of their
length. The electrodes are put at these intersections (from [123]).

4.3.1 Typical EEG rhythms and artifacts

One of the advantages of EEG is that it is a reasonably cheap and simple way
to measure brain function. Its typical patterns are relatively well studied, which
allows diagnosing several brain disorders based on visual inspection of the EEG. A
number of these typical patterns are speci�cally characterized by their di�erent
frequency ranges. Brain rhythms between 0.5 and 4 Hz are called delta waves, those
between 4 and 8 Hz theta and the oscillations between 8 and 13 Hz alpha waves.
Further, also beta waves ranging from 13-25 Hz and gamma waves at frequencies
above 25 Hz exist. The brain waves range are shown in Fig. 4.3. In healthy adults,
the amplitudes of these brain rhythms can change over states such as sleep and
wakefulness or even evolve with age.

Looking at the other side of the picture, EEG also su�ers from a number of
limitations. First, from the above explanation about the generation of electrical
brain activity,it is already clear that scalp EEG measurements record only a portion
of the underlying brain activity. In addition, the spatial resolution of EEG is rather
low, due to the limited number of electrodes only present on the scalp.

Another problem of EEG lies in the fact that it measures potential di�erences,
without making a distinction between brain and other sources. These recorded
potentials not generated by the brain, are called artifacts and can sometimes
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Figure 4.3: Frequency range of di�erent brain waves.

completely cover the brain activity of interest. Origins of these artifacts can be
twofold: physiological and non-physiological. Non-physiological artifacts are mainly
related to power line interference or malfunctioning of the recording equipment,
while physiological artifacts are caused by parts of the body itself. This latter
category includes, among others, artifacts coming from eye blinking and eye
movement and artifacts caused by muscle contraction. Fortunately, signal processing
techniques are successfully used to remove or suppress these artifacts and recover
the underlying brain signals [45, 49, 132].

4.3.2 Event-related potentials

EEG is used in many applications that require a measure for brain function. It has
shown its value for the analysis of sleep disorders, long-term monitoring of epilepsy
patients and research in the �eld of neuro-pharmacology. One particular �eld
for which EEG has been used extensively is the study of event-related potentials
(ERPs), responses in the brain to speci�c motor, sensory or cognitive events [120].
These ERPs are rather small, especially compared to the background EEG activity.
Therefore, procedures for extracting the ERPs from the EEG signals are needed.
The most straightforward approach to achieve this, is to simply average over a set
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Figure 4.4: Illustration of averaging procedure for the extraction of ERPs. Stimuli
are presented to the subjects and the resulting responses are averaged. The most
common ERP components are also indicated in the �gure.

of event trials, thereby emphasizing the activity of interest and cancelling out the
other ongoing neural processes and noise (visualized in Figure 4.4). Besides this
approach, which is used to express the average brain response to a certain stimulus,
to investigate processes like learning and habituation, some studies focus more on
single-trial ERP data. Obtaining these single trial ERPs, however, requires more
advanced signal processing techniques.

ERP signals can be characterized by the amplitude, latency and spatial distribution
of speci�c ERP components. These ERP components are the positive and negative
de�ections constituting the ERP waveform. They are usually represented by the
letter P or N, depending on their polarity, plus a number indicating their latency
or order. The most common ERP components are also indicated in Figure 4.4.

4.4 fMRI signals

Functional magnetic resonance imaging (fMRI) is a non-invasive technique that
allows localizing active brain regions. It is not only used in experimental research
for assessing brain function in, e.g., visual or cognitive tasks but also in pre-surgical
examinations. Its physical basis is the phenomenon of nuclear magnetic resonance
(NMR) or simply called magnetic resonance (MR). In the following sections, �rst
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the physics of MR will be brie�y described, after which the principles of both MRI
and fMRI will be explained. This explanation is based on [80, 146, 157], but for a
more detailed background the reader is directed to speci�c MRI literature, such as
[95, 148].

4.4.1 Basis of magnetic resonance

T1-weighting

The hydrogen atom is the most relevant atom for MRI and fMRI, due to its
abundance in the human body as a part of water molecules. The nucleus of this
hydrogen atom consists of one single proton, that is characterized by a certain
mass, a positive electrical charge and, like all protons and neutrons, an angular
momentum or a spin. Since moving electrical charges produces a magnetic moment,
also the spinning, positively charged hydrogen nuclei will possess such a moment
and, therefore, interact with an externally applied magnetic �eld B0. At the atomic
level, some of the protons will align with the �eld (lower energy state) and others
will align against the �eld (higher energy state), as such canceling each other out.
However, a slight majority will align with the �eld so that the net result is an
alignment with the external �eld. The larger this external �eld, the bigger will be
the di�erence in energy levels and the larger the majority aligned with the �eld.
The total magnetic �eld of the excess protons is called the magnetizationM 0. In
addition, the external magnetic �eld B0 will also cause the protons to precess or
rotate around the �eld direction. The frequency of this precession is called the
Larmor frequency and is directly proportional to the strength of B0:

! Larmor = � 
 H B0 (4.1)

where
 H is the gyromagnetic ratio, which is a nuclei-speci�c constant (for hydrogen
atom, 
 H = 42:6MHz

T ).

Applying an additional, oscillating, magnetic �eld B1 (also referred to as an
electromagnetic radio frequency (RF) pulse) tuned to the Larmor frequency,
transmits energy to the nuclei, causing some of the protons to jump to the higher
energy state. In addition, the precession of the nuclei will be brought in phase. As
a result, at the macroscopic level, the magnetization vectorM 0 (that we consider
originally aligned with B0 along the Z-direction), spirals down to the XY-plane
(with B1 in the X-direction). This is illustrated in Fig. 4.5, where the magnetization
vector is presented in a rotating frame (meaning that the reference system is set so
that the spiral movement does not exist).



72 INTRODUCTION TO EEG-FMRI INTEGRATION

B0

!"#$%&'(#)*+,-./01#
2,3#415&(#670#

�ï

�ï

�ï

�ï

�ï

8(39.',15 #

:03&(-(&;#8(39.'(< =#
2>

?#/@(#<(&.;#
#

!(+0A(B,15#
.&015#-9(#C=.*,'#
#

!(+0A(B(<#.&015#
-9(#C=.*,'#D#
2E#/@(#<(&.;#
#

2,@(#F,1(#
2>

?#/@(#<(&.;#

Figure 4.5: Schematic representation of the magnetization going down to the
XY-plane when an oscillating magnetic �eld is applied and the dephasing in the
XY-plane due to nuclei interactions and �eld inhomogeneities. The time line starts
in the upper left panel, then proceeds to the upper right corner, and then back to
the lower left corner (as depicted).

Removing the RF pulse causes some of the protons to return back to the lower
energy state, thereby releasing a photon. On the macroscopic level, this corresponds
to the magnetization vector recovering back toM 0 along the Z-direction at the
expense of the component in the XY-plane. This releases the originally absorbed
RF energy, partly as electromagnetic radiation, partly heating up the surrounding
tissue. The magnetization recovers with the following formula:

M z (t) = M 0

�
1 � e� t

T 1

�
(4.2)

The recovery of the Z-component toM 0 is called T1 relaxation, because its time
course is characterized by an exponential curve with a time constantT1. This T1

is unique for every tissue and indicates the time after the excitation pulse when
63.2% of the magnetization is again aligned withB0, as shown in Fig. 4.5.

The T1-weighted scans, are basic MRI scans that di�erentiate fat from water (fat
being bright and water being dark). The fat-water contrast can be enhanced
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by introducing another (inversion) pulse, leading to the following magnetization
recovery function:

M z (t) = M 0

�
1 � 2e� t

T 1

�
(4.3)

In this case, �rst the 180o pulse is applied to invert the longitudinal magnetization
M 0 in the negative direction. After the �inversion time� ( T I ), the transversal pulse
(90o) is applied, to obtain the transverse magnetization. Since theT1 constant for
fat is much smaller than the T1 constant for water, the T I time is chosen such that
the in�uence of fat is cancelled (it will obtain no transversal magnetization, due to
absence of the longitudinal magnetization at the time-instant when the transversal
pulse is applied). Therefore, the fat-water contrast will be enhanced. This concept
is used in the Magnetization Prepared Rapid Gradient Echo (MP-RAGE) sequence.

T2- and T �
2 -weighting

As explained above, applying the oscillating magnetic �eldB1 brings the precession
of the protons in phase. The precession rate of these protons depends on the
strength of the magnetic �eld they experience.

However, spins are not always aligned and in phase, because they experience
a di�erent magnetic �eld throughout the tissue. These �eld variations can be
time-constant and time-varying. Time-constant �eld variations may arise due to
imperfections in magnet design (inhomogeneity ofB0). However, even if B0 is
fully homogenic, the tissue being imaged can distort the �elds as a result of their
magnetic properties.

In contrast to this �xed �eld variation, other mechanisms can also lead to the
(time-varying) �eld inhomogeneity. This is due to the fact that protons are slightly
magnetic, or due to di�usive movement of spins in microscopic magnetic �eld
inhomogeneities. This mechanism is referred to as �spin-spin� relaxation.

Therefore, after the transversal pulse 90o has been applied, the sum of the individual
magnetization vectors is going to decrease due to this progressive dephasing,
resulting in the decay of NMR signal (Fig. 4.5). This dephasing is the consequence
of both time-constant and time-varying �eld changes, and both these phenomena
will contribute to the decay time constant T �

2 .

However, using a special combination of excitation pulses, known as a spin-echo
pulse sequence, it is possible to measure the signal decay time constant arising only
from the time varying changes in the magnetic �eld to quantify T2. The initial
transverse magnetization will decay to zero as follows:
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Table 4.1: The approximate values of theT1 and T2 constants for di�erent tissue
types.

Tissue Type Approximate T1 Approximate T2

value in [ms] value in [ms]
Gray matter of cerebrum 920 100
White matter of cerebrum 780 90
Cerebrospinal �uid 4200-4500 2100-2300
(similar to pure water)
Oxygenated blood 1350 200
Deoxygenated blood 1350 50

M xy (t) = M xy 0 e� t
T 2 (4.4)

Therefore, after a time T2, the transverse magnetization vector value drops to
around 37% of its initial value.

The T2 time and T �
2 constant are connected with the following equation.

1
T �

0
=

1
T2

+ 
�B 0 (4.5)

The standard values of these time-constants for some tissues are given in Table 4.1.

4.4.2 Acquisition of anatomical images

The above explained time constants are tissue dependent and can thus be used to
make brain images allowing to distinguish between di�erent anatomical regions
and tissue types. These time constant maps are obtained by selecting appropriate
recording parameters such as the most optimal pulse sequence and a proper
repetition (TR) and echo time (TE). The TR is the time between two consecutive
RF pulses while TE is related to speci�c pulse sequences like the spin-echo and
gradient-echo characteristics. To encode the spatial location, strong magnetic �eld
gradients are applied. These gradients, provided in all directions, cause nuclei
at di�erent locations to rotate at di�erent speeds. Since these spatially varying
rotation frequencies are known, they can be used to accurately determinate spatial
location. More information on the acquisition of MRI can be found in [95, 148].
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Figure 4.6: Example of aT1-weighted MR image, with from left to right: an axial,
a coronal and a sagittal slice.

An example of aT1-weighted image is given in Figure 4.6. The size of the voxels
(three-dimensional version of a pixel) in this image is 3� 3 � 3 mm.

4.4.3 Acquisition of functional images

fMRI is based on local-�eld disturbances, which are the consequence of changes in
blood �ow volume and blood oxygen concentration as measures for brain activity.
These phenomena will be explained in this section.

Neurons in the brain consume oxygen. This oxygen is continuously supplied to the
neurons by the blood in which the oxygen is attached to haemoglobin molecules.
When neuronal activity increases, also more oxygen is needed. This additional
oxygen is provided by an increased blood �ow, leading to an increased concentration
of oxygenated blood in the capillaries surrounding the active brain areas. Since
oxygenated and deoxygenated blood have di�erent magnetic properties, their
di�erence in concentration can be measured with an MR scanner. More speci�cally,
the oxygen concentration in the blood a�ects the magnetic environment of the
hydrogen nuclei. As a consequence, low oxygen concentrations will cause faster
dephasing of the protons and thus a lowerT �

2 time constant. To remind the reader,
this dephasing is due to �eld imperfections, which are the consequence of tissue
distortion, and not spin-spin interactions. Therefore neither T1- or T2-weighted
imaging techniques are able to capture this phenomenon. MR images re�ecting
T �

2 will be brighter in active brain areas (longer T �
2 ), an e�ect that is called the

blood oxygen level dependent (BOLD) e�ect. These MR images are obtained with
the gradient echo planar imaging sequence, which is especially sensitive to theT �

2
constant.

In reality, the signal time course following neuronal activation, is not limited
to a simple increase and decrease. It follows a speci�c pattern, the so-called



76 INTRODUCTION TO EEG-FMRI INTEGRATION

Figure 4.7: Illustration of the haemodynamic response after the perception of a
speci�c stimulus (adapted from [88]).

haemodynamic response, that can be visualized with the haemodynamic response
function (HRF). The physiology behind the course of this response (illustrated in
Figure 4.7) is, however, only partially understood.

4.5 EEG Preprocessing

4.5.1 Gradient-artifact removal

When recorded simultaneously with fMRI, EEG data are highly contaminated with
artifacts. Radio-frequency (RF) and gradient artifacts, which may have amplitudes
10 to 100 times larger than the EEG signal itself, occur due to switching magnetic
�elds during fMRI acquisition. These artifacts occupy a broad frequency spectrum,
which overlaps with the frequency spectrum of the EEG information. It is shown
that fourth-order low-pass �ltering with a cuto� point as low as 13 Hz cannot
suppress imaging artifact in ECG signals and gives considerable ECG signal
distortion [ 71]. In this context, EEG and ECG signals have similar spectral content
so similar results would be expected for EEG.

Nevertheless, since this artifact is invariant over time, a subtracting procedure
based on an average artifact template (proposed in [2]) works reasonably well in
most applications. This method consists of two stages. First, an average artifact
waveform is calculated over a �xed number of epochs and in the second step, this
waveform is subtracted from the EEG for each epoch. Adaptive noise cancelling
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is then optionally used to attenuate any residual artifact. The top panel of Fig.
4.8 shows 5 seconds of the acquired EEG signal inside the magnetic �eld with
gradients. The same EEG signal segment, after successful gradient artifact removal
and low pass �ltering (30Hz) is shown in the bottom panel of Fig. 4.8. One can
observe that the amplitude of the signal is signi�cantly reduced (from around 2mV
down to only a few micro-volts).

4.5.2 Ballistocardiogram artifact

A bigger challenge is posed by the ballistocardiogram (BCG) artifact, produced
by cardiac pulse-related movement of the scalp electrodes inside the magnetic
�eld. This artifact is still visible after the gradient artifact has been removed (Fig.
4.8 - bottom panel). With every heart beat, the electrodes are slightly displaced,
therefore producing the artifact, which follows closely the QRS complex on the
ECG lead. Therefore, measuring ECG inside the magnetic �eld and detection of
the QRS complex helps with removing this artifact. Not only the exact cause of
this movement is still a matter of investigation, the removal of this artifact is also
a problematic issue, reported in many simultaneous EEG/fMRI studies (e.g. [53]).
Many methods have already been proposed for this purpose. However, before the
algorithms for BCG artifact reduction can be applied, the QRS events have to be
properly detected.

For this reason, ECG is measured simultaneously with EEG with one lead, and the
method for detecting QRS on this lead can be summarized as follows. The ECG
data is �rst �ltered, and then a complex ECG signal is constructed by applying
the k-Teager energy operator. In this way a speci�c amplitude-frequency ratio
is emphasized. Then, three di�erent thresholds are computed from this complex
signal, and QRS peaks are detected each time the amplitudes exceeds the sum of
these three thresholds. Further details can be found in [147].

Although this procedure showed high sensitivity and speci�city in [147], in our
study the method failed in several datasets, meaning that the artifacts stayed partly
misaligned. These problems are mostly caused by the bad ECG signal quality.
The ECG wire is the longest one, and in the strong magnetic �eld it is mostly
subjected to artifacts which may lead to saturation. However, since this artifact is
also present on the EEG leads, instead of creating the template only from the ECG
lead, it may be created taking more channels into account, therefore enhancing
the correlation. The second problem might be the fact that an average template is
used for the correlation and that this template is not updated in between the two
alignment steps.

We, therefore, propose the improved iterative method for the correlation-based
alignment [136]), based on the following steps. If the initial detection is bad
(i.e. more than 20% of the QRS are wrongly detected), the detection step can
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be performed taking either another electrode, or a set of additional electrodes.
Afterwards, the detection should be checked for missing R-peaks, and these should
be added either automatically (e.g. based on a mean RR-distance), or manually.
Redundant R-peaks also have to be removed. After all this has been done, the
correlation-based alignment (including one or more EEG channels) can be performed
again to correct the misaligned peaks.

4.5.3 Algorithms for the BCG-artifact removal

The algorithms for the BCG-artifact removal can be roughly subdivided in two
groups. The �rst group of algorithms is based on channel-wise artifact template
subtraction. The way this artifact template is generated di�ers among di�erent
approaches. The �rst study [3] aimed at constructing a dynamic average artifact
template (similarly to what has been used for gradient artifact removal). Variations
on this average template followed based on median �ltering [68] and Gaussian
weighted averaging [82]. Finally, the Optimal Basis Set (OBS) of principal
components for the template creation is suggested [147]. This technique relies on
the idea that principal component analysis (PCA) applied to all artifact occurrences
in each channel separately makes it possible to capture the temporal variations of
the BCG artifact. The resulting averaged ERP over one subject with its standard
deviation is shown in Fig. 4.10 before and after BCG artifact removal. It is apparent
that the standard deviation signi�cantly reduces. This is especially obvious during
the prestimulus interval (-100 ms - 0 ms), where the baseline is �at after the
BCG artifact is removed, whereas the oscillations are visible when the OBS is not
performed.

The methods from the second group are based on blind source separation (BSS)
techniques. Several algorithms can be used for this purpose. The most widely
reported blind source separation technique for BCG artifact removal is Independent
Component Analysis (ICA) [175, 17, 125]. This method is used to recover underlying
sources of the recorded data, assuming that these sources are mutually statistically
independent. ICA applied to EEG data contaminated with BCG artifacts can
potentially identify both brain- and artifact related sources, given that they are
independent, thereby cleaning up the EEG by removing the artifactual sources.

However, most ICA algorithms assume stationarity of the underlying sources. Since
the BCG artifact shows a considerable spatial variation across its occurrence [185],
satisfying this assumption can be problematic. For this reason, it was suggested to
apply OBS prior to ICA [ 55], instead of applying ICA directly on the EEG data.
This approach would combine the strengths of both methods, removing the major
part of the artifact with OBS and its residuals with ICA.

In [185], several methodological issues are clari�ed regarding the di�erent approaches
with an extensive validation based on ERPs. Also the advantages of applying ICA
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after OBS is discussed and compared. Most attention in this work was focused on
task-related measures, including their use on trial-to-trial information. Both OBS
and ICA proved to be able to yield equally good results. However, ICA methods
needed more parameter tuning, thereby making OBS more robust and easy to use.
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Figure 4.8: Top plot - EEG data segment recorded inside the scanner during the
fMRI acquisition. Gradient artifacts are clearly visible. Bottom plot - EEG signal
after gradient artifact reduction and low-pass �ltering. The major residual artifact
in this plot is the ballistocardiogram artifact.
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Figure 4.9: (a) Five seconds fragment of ECG data with green marks corresponding
to detected QRS complexes obtained with regular detection. Three of the detected
QRS complexes (3,4 and 5) are correctly placed. However, the other three are
missplaced. (b) Same ECG fragment with new QRS timings obtained after the
improved correction procedure.
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Figure 4.10: Averaged single-subject ERP (white) with its standard deviation
(gray) over trials before removing the BCG artifact with the OBS method (left).
The average ERP of the same subject after the BCG artifact removal is shown in
the right panel.
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4.6 fMRI Preprocessing

4.6.1 Data Preparation

When it comes to preprocessing the fMRI data, other di�culties are encountered.
Several steps are required from acquisition of the fMRI image, until the data can
be fused with ERPs. These steps are now shortly reviewed.

Slice-Time correction The acquisition of one complete fMRI volume requires
the successive acquisition of a speci�c number of slices, and the whole volume is
acquired in around 1.5 to 3 seconds. This means that the di�erence in time when
the �rst slice and the last slice are acquired, is in the order of 2 seconds. Therefore,
in some studies, �slice time correction� is applied to compensate for this delay. This
means that each slice is interpolated to the speci�c time-instant in each acquisition
(most usually the acquisition time of the �rst slice, or the acquisition time of the
intermediate slice).

Spatial Realignment After the slice time correction, the �spatial realignment� of
the acquired images has to be performed. Although all the necessary precautions
have been taken to prevent the head motion, displacements up to several millimetres
can still occur. This can lead to unwanted changes in some voxels, and therefore
this has to be corrected for. What is most commonly used in practice is to select
one acquired volume as a reference scan, and to realign all the other volumes to
this reference volume.

Six parameters are estimated for this purpose (3 for rotation, and 3 for translation).
These parameters are estimated such that the least squares error is iteratively
minimized. The full description of the algorithm can be found in [81]. After the
parameters have been estimated, they are applied back to the images based on
interpolation. Fig. 4.11 shows the evolution of the six parameters over scans.

Coregistration with the anatomical image can also be applied. This step can
even be skipped, but it is useful to visualize the brain activations overlaid over
the anatomical image. A rigid-body transformation is used for co-registration,
including three translations and three rotations along the di�erent axes. The
illustration of coregistration is provided in Fig. 4.12.

Normalization To compare the results obtained in di�erent subjects, it is necessary
to map all of their brains into the same space. Usually, all the brains are mapped into
a common template space (e.g. Montreal Neurological Institute (MNI) template).
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Figure 4.11: Evolution of the six spatial realignment parameters used for movement
artifact correction of the fMRI data. Both the three parameters for translation
and the three for rotation, are shown.

Figure 4.12: Illustration of the correspondence between functional (left) and
anatomical (right) images after the application of co-registration.
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This process of mapping all the brains into the same template is called normalization.
The normalization can be applied to either anatomical or functional images.

For the purpose of normalization, 12 parameters of the a�ne transforms are
estimated (including, scaling, skewing, and others). They are afterwards applied
to the anatomical and functional images.

Spatial Smoothing After all these steps, the functional images are usually
spatially smoothed. The smoothing is achieved by convolving the fMRI image by a
Gaussian kernel of a speci�ed width. This step is mostly performed to arti�cially
introduce more correlations between the neighbouring voxels, which is important
in the following step, where the active voxels are identi�ed through statistical
analysis.

4.6.2 Statistical Analysis

Detecting active brain regions The identi�cation of active brain regions with
fMRI is complicated by the fact that the increase in BOLD response related to
neuronal activation is only 2-5% of the total signal. As such, the images need to be
carefully preprocessed (see previous section) and statistical analyses are needed to
detect regions with an increased blood �ow. One of the most widely used methods
in this context, is based on generating a general linear model (GLM) for the fMRI
signal. This GLM is constructed by creating a signal based on time points of
interest (e.g., time instances of presented stimuli) and convolving this signal with a
model for the HRF. The fMRI signal in each voxel is then statistically compared
with this GLM and the resulting statistical map can be thresholded to retrieve the
activated brain areas.

Next to this GLM-based approach, also blind source separation (BSS) methods like
independent component analysis (ICA) and canonical correlation analysis (CCA)
have been applied to fMRI data [21, 80]. These methods have the advantage that
no model of the HRF has to be assumed and no timing information about the
origin of activation is needed. Although statistical analysis cannot be used for
exploratory purpose, until today it is accepted as most widely used approach, since
the conclusions derived in this way are scienti�cally strong.

A schematic representation of all the analysis steps, including the statistical analysis,
is shown in Fig. 4.13.
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Figure 4.13: Schematic representation of analysis steps that need to be followed
to obtain a quanti�cation of activated brain regions, based on raw fMRI images
(based on [81]). The images are �rst slice-time corrected (not shown), realigned and
co-registered with their anatomical image. Subsequently, normalization is applied
by aligning the images to a template and �nally the images are smoothed based on
a Gaussian kernel. To analyze the fMRI data, a general linear model is constructed
and �tted to the data. Applying statistics to the resulting parameter estimates,
yields so-called statistical parametric maps which can be thresholded to investigate
the activated brain regions in detail.

4.7 EEG-FMRI Integration

The need for EEG and fMRI integration is justi�ed by two major reasons. First,
these modalities are complementary in their spatio-temporal characteristics. This
comes from the fact that EEG is measured with a very high temporal resolution,
whereas with fMRI only one 3D image is acquired every 1-2 seconds. On the other
hand, EEG is measured on the scalp, and it is measured with up to 256 sensors
(electrodes), whereas the fMRI imaging techniques provides spatial recordings from
inside the brain, with the accuracies of down to only several millimetres. The
second reason for this coupling is that they both measure (directly or indirectly)
di�erent aspects of brain activity, and it is of interest to explore how these two
measurements are related.

The fMRI and EEG research nowadays can be roughly divided in two groups. The
�rst group is the research of the ongoing spontaneous brain activity (usually called
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as resting-state research), and the research of the brain activity during carrying a
particular task (task-related activity).

4.7.1 Spontaneous and task-related activity in fMRI

Spontaneous Activity in fMRI The answer to why one would be interested in
research of the resting-state activity, when the brain does �nothing� is very simple.
First, the task-related increases in brain activity are lower than 5%. This means
that by investigating only the task-related activity, we actually study only a minor
component of total brain activity. The other reason is that it has been con�rmed
by several groups that the spontaneous activity of the corresponding contra-lateral
brain areas highly correlate in time-domain. In that sense, for example, the activity
in the left somatomotor cortex is highly correlated with the activity of the right
somatomotor cortex, and with the medial frontal area. Similar conclusions are
drawn for visual and auditory areas (see [76] and [183] for review).

This spontaneous activity is speci�cally organized in di�erent spatial maps (for
example default mode network, motor areas, visual areas and auditory areas),
and in that sense they are signi�cantly di�erent from white noise in the spatial
domain. Moreover, their temporal activity also signi�cantly di�ers from white
noise behavior, in the sense that it follows a 1=f frequency distribution, meaning
that there is a decrease in power at higher frequencies.

Interference of spontaneous and task-related activity It was recently shown
[78] that the single-trial task related BOLD variability is highly in�uenced by the
ongoing spontaneous brain activity. The data in this study were recorded during
two di�erent task blocks. In one block (the passive block), the subjects were asked
to simply watch a movie. During another task (the active task), they were required
to press a button with their right index �gure, every time there was a transition
between major events in the movie.

During the active task, they found �expectedly� the activity in the left motor
cortex (due to right index �nger press). In the passive task, they identi�ed all the
areas that correlate with the left motor cortex area during the resting-state. Then,
they simply subtracted the activity of these correlated areas during the active
task, from the left motor cortex. It was shown that the average BOLD estimate
of the activity in the left motor cortex remained the same as when they did not
subtract the spontaneous activity from the active task. However, the variability in
the trial-to-trial BOLD resposnes was signi�cantly lower. This is depicted in Fig.
4.14 (the �gure is borrowed with permission from [76]).

In a later study, this group showed on the same data set that this spontaneous
activity is correlated with human behaviour. More speci�cally, the strength of the
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Figure 4.14: Coherent spontaneous �uctuations account for variability in event-
related BOLD responses. a | Raw left somatomotor cortex event-related blood
oxygen level dependent (BOLD) responses for 18 right-handed button presses
from a single subject. b | The corresponding activity in the right somatomotor
cortex during each button press can be used as an approximation of the ongoing
spontaneous activity in the left somatomotor cortex. c | Left somatomotor cortex
responses after subtraction of spontaneous �uctuations measured in the right
somatomotor cortex show a decrease in variance and an increase in signal-to-noise
ratio. The thick red line in each graph represents the best �t gamma function to
all data points. The �gure is borrowed with permission from [76]

spontaneous activity upon each button press was found to be correlated with the
force used for this same button press [77].

4.7.2 Coupling of spontaneous activity in EEG and fMRI

As noted before, BOLD is actually not a direct measure of neuronal activity. It
arises from the di�erences in magnetic properties of oxygenated and de-oxygenated
haemoglobin. When the haemoglobin is oxygenated, the oxygen molecules �protect�
the surrounding magnetic �eld from the in�uence of iron that is used to carry them.
However, once the haemoglobin is de-oxygenated, the iron a�ects the magnetic
�eld in a stationary way, therefore introducing the change in the T �

2 time constant.

The �rst EEG-fMRI coupling was examined by correlating the spontaneous changes
in the BOLD signal to the changes in power of high-frequency oscillations in EEG.
For example, the power of brain electrical activity in the alpha frequency band
�uctuates at the frequency of 8-12 Hz, but the power, or amplitude, of these
frequency bands �uctuates at much slower rate, also exhibiting 1/f behaviour,
and are correlated mostly across the visual cortex [83, 141, 107, 106]. Also the
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correlation of higher frequency oscillations are shown later, for example gamma-
range (60-100Hz) [170]

More recently, Scheeringa et al. [171] examined the in�uence of single-trial BOLD
responses in respect to the phase and the amplitude of the spontaneous EEG
activity in the alpha frequency band. They found that the trial-to-trial �uctuations
are related to the changes in amplitude of the alpha frequency band power. However,
these di�erences could be explained by the spontaneous BOLD activity, rather than
the di�erence in single-trial responses. On the other hand, they showed that visual
stimuli (which are constructed to stimulate early visual areas - V1/V2), arriving at
the peak phase of alpha cycle, yield a lower BOLD response compared to the ones
presented in the trough phase of the cycle.

In another study they constructed the stimulation paradigm known to induce
sustained changes in neuronal synchronization across a wide range of frequencies
[170]. What they showed is that trial-to-trial BOLD �uctuations correlated
positively with trial-to-trial �uctuations in high-EEG gamma power (60-80 Hz)
and negatively with alpha and beta power. Additionally, they showed that these
correlations independently contributed to explaining BOLD variance. However, it
is still an open question whether trial-to-trial �uctuations of task-related BOLD
signal correlate with the spontaneous EEG �uctuations, or whether simply the
spontaneous BOLD activity, which is overlapping with the task-induced BOLD
activity, correlates with the spontaneous EEG �uctuations.

4.7.3 Task-related EEG-fMRI coupling

It has been suggested the �rst time in 1889 [165], that the neuronal activity is
accompanied with the regional increase in cerebral blood �ow. Since 1991, these
changes can be measured with fMRI. The question, however, remains how are
these spontaneous changes in indirect measures of oxygenation related to electrical
measures of neuronal activity.

The idea of integrating measured task-related EEG and fMRI signals is then
additionally supported by the research of Logothetis et al. [117], who showed in
macaque monkeys that the local �eld potential (LFP) recordings relate linearly
with the BOLD signal. Since then, for integration of the simultaneously recorded
EEG and fMRI signals in humans, several approaches have been proposed. Most
commonly, presented approaches can be divided in three di�erent groups.

EEG-informed fMRI analysis

The �rst group represents the integration-by-prediction approaches (or EEG-
informed fMRI analysis). In this type of analysis, certain features of the single
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trial ERP components are used as predictors (regressors) for the statistical fMRI
analysis. This approach is schematically presented in Fig. 4.15 (�gure borrowed
from [54] with permission). One can, for example, use the changes in only one
of the ERP features. In [55] for instance, the amplitude of the N1 component �
the minimum of the interval of 15-85 ms is determined, and then the mean of the
preceding (-80ms-0) and succeeding (85-200ms) positivity windows are subtracted.
The computed values are subsequently used as regressors for fMRI analysis.

Other studies combined two ERP component features. In [99], it was shown
that N2- and P3- based fMRI analysis shows activations in di�erent brain areas,
corresponding to di�erent aspects of voluntary selection. In [149], the P1- and N1-
based regressors were used to separate the activations of the visual system at the
latency of 100-200ms.

Also the combination of three regressors can also be used, like in (Eichele, 2005),
where P2- (170ms), N2- (200 ms), and P3- (320 ms) based regressors predicted
spatially di�erent patterns during auditory oddball task. The features used for
regressors in this kind of analysis are usually amplitudes, as mentioned above, but
latencies of the certain components can also be used (e.g. [18, 188]). The main
challenge of the integration-by-prediction approaches is to try to �nd the feature,
upon which it is possible to disentangle the trial-to-trial �uctuations of di�erent
peaks, and in respect to noise. This problem is also addressed in [186, 50].

fMRI-informed EEG analysis

The second group of EEG-fMRI integration approaches consists of fMRI-informed
EEG analysis approaches. In these approaches, the information obtained from
the fMRI measurements is used to constrain the equivalent dipole or distributed
estimates of the EEG sources. In [20] the P300 generators are localized in visual
target and distractor processing. Another application is shown in [48], where the
relevance vector machines are used to predict single-trial ERP responses from the
fMRI measurements.

EEG-fMRI Fusion

The obvious drawback of these two groups of approaches is, however, that they force
the information from one modality onto another one. Therefore, these approaches
are also calledasymmetric, and they cannot be considered as full integration
approaches, since there is no temporal forward model that will start from both
information, and fuse them in the sense that they exploit the underlying dynamics
of both of them symmetrically.
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Figure 4.15: The EEG-informed fMRI analysis. EEG and fMRI data are
recorded simultaneously. After acquisition, the EEG data follows the blue-arrow
preprocessing path. The fMRI data is added only after the EEG data features are
extracted and convolved with the haemodynamic response function. The fMRI
data follows the pink arrow path.

The third group of integration approaches consists of the joint data-driven analysis
of ERP and fMRI maps derived from the response to a particular stimulus. This
group of approach we call thesymmetric approaches, or theEEG-fMRI fusion
approaches. Several methods have already been proposed for this purpose, and
they can be based on modeling (as in e.g. [43]), or BSS techniques, such as ICA or
CCA. These methods employ both modalities at the same time.

All the methods described from this point on, in this chapter, are considered as
EEG-fMRI fusion approaches

Model-based approaches An example of model-based approaches is given in [43].
In that work, Variational Bayesian learning scheme is exploited to retrieve the
common EEG-fMRI information from the joint EEG-fMRI dataset. The model
follows the assumption that the temporal and spatial information can be separated.
A common spatial pro�le is extracted, since this pro�le is introduced as unknown
hierarchical prior on both (EEG and fMRI) markers of cerebral activity. The
method is �rst assessed through simulation data, and thereafter veri�ed in the
EEG and fMRI recordings of an epileptic patient, where the intracranial EEG
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recordings are used for validation.

The CCA-based approach to fusion is presented in [36, 37]. Given the two
datasetsX 1 and X 2, CCA tries to �nd linear combinations X 1W1 and X 2W2 that
maximize the pair-wise correlation. In this approach, X 1 and X 2 are the set of
average ERPs and task-related fMRI contrast maps over subjects. In [36] for
example, it is shown using this method, that the N2 and P3 ERP peaks during the
auditory oddball task are related with temporal and motor areas in fMRI. A more
general correlation-based method is proposed in [127]. In that work 3-dimensional
EEG (subjects x time x frequency) and fMRI (subjects x time x space) data
are used (see also [51]). It is shown that alpha-band activity of EEG is closely
correlated with the temporal activity of fMRI, thereby activating parieto-occipital
complex, thalamus and insula.

Parallel-ICA approaches Besides the above-mentioned CCA approaches, di�erent
ICA approaches have also been proposed. Contrary to the CCA, ICA employs
measures of higher order statistics (independence), rather than just second-order
statistics (correlation). The ICA approaches can be divided in two groups: Parallel-
and Joint-ICA approaches. In parallel ICA approaches the data for both modalities
are �rst preprocessed separately, and then the connections between the modalities
are made afterwards. In [67], after the independent components are extracted, the
relations are made based on correlations between trial-to-trial �uctuations in the
time domain (Fig. 4.16). The drawback of this method, however, is that it does
not allow any interference between modalities during the decomposition step.

Another parallel ICA approach has been proposed in [109]. This approach is very
similar to the previous one, with a di�erence that the components are linked in
spatial and temporal model using variational Bayesian techniques. This allows
results for one modality to be used as priors for another one (results from ICA
decomposition of the EEG modality can be used as priors for fMRI and vice versa).
This fact makes this method integration, rather than data-fusion approach. In
[109] the simulation study is provided and the results are discussed.

The parallel approach which imposes constraints during the parallel decomposition
is proposed in [116]. As in previous cases, this approach also applies the ICA
algorithm to the two modalities separately. However, contrary to other Parallel-
ICA approaches, the correlations between the corresponding mixing vectors of
the two modalities are forced during the separate decompositions. Therefore, the
connections are made more symmetrically than in the above-mentioned parallel
ICA approaches.
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Figure 4.16: Schematic representation of the Parallel-ICA algorithm, proposed
by [67]. It is apparent from the picture that the EEG and fMRI data are �rst
preprocessed separately, and the connections are de�ned only in the last step �
regression.

JointICA approach Another interesting fusion approach to this problem is called
joint independent component analysis (JointICA) ([23, 136]. JointICA identi�es
the independent components of both modalities simultaneously, and connects them
in an integrated fMRI-ERP result, where each fMRI independent component is
associated to an ERP-derived time course. This approach is schematically shown in
Fig. 4.17. The method assumes that the di�erent wave components (peaks) of the
ERP and the spatial components in a statistical brain activation map (activation
sites) of the same stimulus co-vary. This is either because they are generated in
the same brain region or because the BOLD active areas had participatory roles in
ERP activity, without necessary being the source of a particular ERP wave.
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Figure 4.17: Schematic representation of the application of the JointICA method
to average ERPs and fMRI maps from m subjects. On the left the matrix with the
concatenated ERP and fMRI data per subject is shown, which is (after upsampling
of the ERPs and normalization) fed into JointICA. On the right some examples of
resulting components are presented, each consisting of an ERP and an fMRI part.

4.8 Conclusion

In conclusion, the simultaneous EEG-fMRI recordings combine two very important
markers of brain activity. These recordings also allow for enhancing the spatio-
temporal resolution, with which the brain activity can be observed. Several
integration techniques have already been proposed for this purpose. Some of these
techniques are reviewed in this chapter, together with the necessary preprocessing
schemes for each modality. The underlying assumptions for several integration and
fusion techniques are explained and discussed. Also the results obtained from these
algorithms are described, and their applicability is illustrated.



Chapter 5

EEG-fMRI Data Acquisition

This chapter describes the necessary procedures for the simultaneous acquisition
of the EEG and fMRI data, together with the used equipment. Additionally, the
data acquired for the purpose of studies presented in the following chapters are
described. The data described here have already been used in the following published
or submitted papers [136, 137, 149, 185, 186, 184].

5.1 Simultaneous acquisition of EEG and fMRI

As explained in the previous chapter, many EEG-fMRI applications bene�t from
simultaneously acquiring both modalities. A major breakthrough in this context
was accomplished by Ives et al. [93], when they showed for the �rst time the
feasibility of acquiring EEG data inside an MR scanner. Since then, much progress
has been made, such that nowadays several EEG systems for simultaneous EEG-
fMRI acquisition are commercially available. Nevertheless, a number of technical
and safety-related challenges had to be solved. The resulting acquisition setup and
some related technical aspects will be highlighted in this section (based on [145, 180],
without going into details). In addition, the speci�c acquisition parameters adopted
in this study, will be discussed.

5.1.1 Equipment

Standard EEG instrumentation consists of a set of electrodes, an acquisition system
to amplify and digitize the EEG signals, a system (e.g., a computer) to visualize
and analyze the recordings and a number of leads and wires to connect all these
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(a) (b)

Figure 5.1: (a) Picture of an electrode cap (BrainCap MR) with 64 ring electrodes.
Electrolyte gel has to be used to optimize the signal quality during measurements;
(b) Picture of di�erent parts of the BrainAmp MR+ system. Two battery powered
ampli�ers are used and connected to the computer via the USB adapter. In
addition, the synchronization box allows synchronizing the EEG data with the
clock of the MR system.

components. The electrodes can be stuck to the subject's scalp or can be mounted
in an electrode cap, as illustrated in Figure 5.1(a). To ensure good signal quality
during the EEG measurements (i.e., minimize the impedances), the EEG electrodes
must be �lled with a conductive electrolyte gel.

The bore of the MR scanner can be seen as a �hostile� environment for recording
the EEG data [180]. More speci�cally, all elements of the EEG hardware are
exposed to both a constant and a varying magnetic �eld and to the RF pulses
emitted during fMRI acquisition. Di�erent approaches can be adopted to cope
with this �hostility�, thereby dividing the currently available MR-compatible EEG
systems into two main categories. In addition, any use of ferromagnetic materials
has to be avoided.

A �rst category of systems are the ones of which the biggest part is located in
the scanner control room. A clear advantage of this approach is that putting
the ampli�er system outside the strong magnetic �eld avoids the necessity of a
speci�c MR-compatible design for the ampli�ers. However, this setup requires the
use of long electrode leads and an opening for these leads in the MR �lter panel,
respectively causing bigger gradient artifacts and possibly leading to leakage of RF
energy.

In this study, a system based upon the second approach is used. More speci�cally,
the EEG data were collected using the BrainAmp MR+ system (BrainProducts,
Munich, Germany), of which some parts are visualized in Figure 5.1(b). The
battery powered ampli�ers of this system are positioned inside the scanner bore.
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In addition, the signals going from the ampli�ers to the recording computer are fed
through �bre optical cables, which have the advantage of being immune against
magnetic or RF coupling. The ampli�ers of this system are speci�cally designed to
be used in the MR environment while all other electrically critical components of
the EEG system can be put in the control room. When attaching the electrodes to
the ampli�ers, sandbags can be used to �xate the corresponding leads in order to
avoid additional movement artifacts.

Regardless of the followed approach, a number of small details also have to be
taken care of. First of all, the selected imaging sequence can have an e�ect on the
subject's safety, since a badly chosen sequence can cause serious heating at the
border between the scalp and the electrolyte gel [133]. Moreover, any type of loops
that could cause additional currents, albeit in the electrode leads or in any other
cable, should be avoided [60].

It has also been shown that synchronizing the EEG-ampli�er clock to the MR
scanner control-device clock improves the removal of the gradient artifacts [6, 33,
124]. Therefore, the BrainAmp MR+ System also includes a synchronization box,
as can be seen in Figure 5.1(b).

Furthermore, to prevent head movements and resulting distortion of both EEG
and fMRI data, it is important to take care of the subject's comfort. Therefore,
when a subject is lying supine in the scanner, a cushion is used to minimize the
pressure of the electrodes on the head. In addition, the subject is provided with
earplugs to avoid harmful e�ect from the scanner's acoustic noise.

5.1.2 Data acquisition parameters

Besides the above-mentioned synchronization aspect, also the detection of the true
onset of the gradient artifacts is essential for fully capturing their shape. This is
important since a successful removal of the artifacts highly depends on an accurate
construction of the artifact template. The gradient artifacts cover a broad frequency
spectrum ranging from very low frequencies until several thousand Hertz [2]. To
avoid aliasing and at the same time capture the major part of these artifacts, EEG
data were measured using an analog hardware �lter between 0.1 and 250Hz and a
sampling rate of 5 kHz .

The experiments were performed at the University Hospital Gasthuisberg of the KU
Leuven (Leuven, Belgium). For validation purposes, the EEG data were acquired
in two di�erent situations: inside the MR scanner simultaneously with fMRI and
in the scanner control room, in absence of the magnetic �eld. Regardless of the
situation, the EEG data were collected from 62 standard scalp sites using the
above explained BrainAmp MR+ system. In both cases, electrode impedances
were kept always below 10k
, and usually below 5 k
. In Fig. 5.2 the software
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Figure 5.2: Software interface used to yield an indication about the electrode
impedance. The scale is shown on the right - from 0 to 20 k! color range from
green to red. Also, the electrode position used in the measurements is clearly
visible.

interface for setting up the EEG cap is shown. The color depicts the impedance of
the electrodes - the greener the electrode, the lower the impedance. Also the MR
scanner and the fMRI acquisition parameters are detailed below.

The 62 unipolar electrodes employed in this setup were arranged according to the
international 10-20 system . In addition, the EOG was measured below the left eye
and an ECG electrode was put on the left scapula. All 64 channels were recorded
with FCz as reference and Iz as ground (see Figure 5.2).

The simultaneous measurements were performed in a Philips 3T Intera whole-body
scanner (Royal Philips Electronics, Amsterdam, the Netherlands). 160 EPI images
composed of 28 slices of 3� 3 � 4.5 mm voxel size and 4.8 mm slice thickness were
recorded with ascending slice order with a TR of 1.95 s (for the detection task)
and a TR of 2 s (for the grouping task). Also here the MP-RAGE sequence was
used to acquire anatomical images (230 coronal slices, TE = 4.6 ms, TR = 9.7 s).

5.2 Experimental data

First, the employed task paradigms will be described after which the actual available
data will be listed.
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5.2.1 Task paradigms

The di�erent stimulation paradigms were generated and presented to the
participants with the Presentation software (Neurobehavioral Systems, Albany,
CA, USA).

Detection task

The �rst task was a visual detection paradigm with segments of circular black-
and-white checkerboard stimuli presented one at a time in randomized sequences
to one of the four quadrants of the visual �eld [62]. As such, there are upper left
(UL), upper right (UR), down left (DL) and down right (DR) stimuli. In addition,
a large circular black-and-white checkerboard was presented as a central stimulus
(CE) on the middle part of the screen. Subjects were instructed to �xate the cross
in the middle of the screen and to press a button upon detection of each of these
stimuli. In the simultaneous measurements, also empty events were used in order
to provide a baseline for the fMRI event-related analysis. The �gure during empty
events was not di�erent from the inter-stimulus interval, i.e., a gray screen with a
�xation cross.

The stimuli (see Fig. 5.3) were presented in four blocks and per run 100 stimuli
(20 of each type) were shown to the participants. In each condition the stimulus
was presented for 150 ms and the inter-stimulus interval (ISI) varied between 900
ms and 2400 ms. In each acquisition block, 61 empty stimuli are included. This,
together with the fact that there are 5 di�erent kinds of stimuli, gives rise to
e�ective ISI, as shown in [187]. The average appearance of the consecutive stimuli
of the same type is 6.8 seconds, taking into account that the central stimulus
activations overlap with each of the other stimuli separately. The presentation
paradigm was randomized across subjects, as well as across sessions (inside versus
outside). A more detailed description of the task can be found in [149].

Grouping task

The purpose of this task was to obtain a better understanding of the mechanisms
underlying two-dimensional shape perception. In the early twentieth century, a
number of local and global grouping principles that contribute to visual perception
have been postulated [100, 189]. By using stimuli of which the structure detection
involves local and global grouping, we hope to reveal the spatio-temporal dynamics
behind these grouping principles.

We used MATLAB (v 7.1; The MathWorks, Natick, MA, USA) and GERT, the
Grouping Elements Rendering Toolbox [59], to construct arrays of non-overlapping
Gabor elements on a uniform grey background (Fig. 5.4). The arrays comprised



100 EEG-FMRI DATA ACQUISITION

Figure 5.3: Schematic representation of a fragment of detection task paradigm.
Five types of stimuli are alternated with empty events and with an ISI between
900 and 2400 ms.

496 x 496 pixels and subtended approximately 10o of visual angle. Each Gabor
element was de�ned as the product of a sine wave luminance grating (frequency of
3 cycles per degree of visual angle) and a circular Gaussian (standard deviation of
3 arcminutes). A subset of 45 Gabor elements was positioned along the contour
outline of an arti�cial shape. The shape outlines were generated by plotting the
sum of 5 radial frequency components (each sine wave having a random phase
angle) in polar coordinates. After rescaling the surface area to one eighth of the
array size we co-localized the center of mass of each shape with the center of the
array.

Next, the remainder of the array was populated with Gabor elements. To ensure a
homogeneous spacing of Gabor elements throughout the array, we adjusted the
number of elements inside and outside the shape outline separately for each shape.
The number of interior elements ranged between 60 and 72, the number of exterior
elements between 507 and 542. No stimuli were included for which the mean local
density - here de�ned as the average Euclidean distance from each element to its
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�ve nearest neighbors - di�ered more than 1 arc min between interior, contour,
and exterior elements.

In each display, all interior and exterior elements had the same orientation. Three
di�erent types of arrays were obtained (Fig. 5.4) by manipulating the orientations
of the contour elements. In the local + global (LG) condition (Fig. 5.4(b)), all
contour elements were aligned along the outline of the embedded shape. In other
words, each pair of adjacent contour elements is locally aligned, and the entire set
of contour elements results in a global shape. In the global only (GO) condition
(Fig. 5.4(c)), only half of the contour elements was aligned along the outline
of the embedded shape and every other element was oriented orthogonal to the
outline. This still yields a global percept of a closed contour, but without any local
alignment between adjacent contour elements. In the no-contour (NC) condition
(Fig. 5.4(a)), all elements on the embedded shape were oriented parallel to the
other elements in the array.

Subjects were asked to perform four blocks of each task version. They were
instructed to focus on the �xation cross in the middle of the screen and press a
button upon appearance of each of the catch stimuli (Fig. 5.4(d)). These catch
stimuli were introduced to ensure that the participants' attention was kept to the
screen. To avoid that participants would only focus on a small region of the display,
we randomized the position of the circles across trials. In addition to the di�erent
stimuli explained above, also a number of blank events were included, for the same
reason as the empty events in the detection task. The number of blank events and
structure, non-structure and catch stimuli was randomized between task blocks.
The same task blocks were, however in a di�erent order, used for every subject. As
such, the total number of stimuli is equal for all subjects, yielding 500 trials for
the LG task and 500 for the version GO task, of which 8% were catch stimuli, 24%
structure and 48% non-structure. The ISI varied between 2 and 2.4 seconds (in
steps of 40ms) and stimuli were shown for 200ms.

5.2.2 Overview of acquired data

Study 1: Detection task

Twenty-six healthy subjects (11 female and 15 male, aged 18-44) with no history of
neurological or cardiological disorders participated in this study. Written informed
consent was obtained in accordance with the local ethical committee guidelines.
During the simultaneous measurements subjects were lying supine in the scanner
on a cushion that ameliorated the pressure from the EEG electrodes on the head,
and with soft cushions to the side to restrict head movement in the coil. Subjects
were provided with earplugs and headphones to avoid any harmful e�ect from the
fMRI acoustic noise. Eighteen out of these 26 subjects additionally participated
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(a) (b)

(c) (d)

Figure 5.4: Example stimuli for the di�erent array types. (a) no-contour (NC)
stimulus in which all Gabor elements have the same orientation. (b) local + global
stimulus (LG), obtained by aligning the elements on the contour parallel to their
local tangent at the contour. (c) global only stimulus (GO), in which every other
contour element is oriented parallel to or orthogonal to the shape outline. (d) catch
stimulus, is always a no-contour stimulus with a small circle overlaid at a random
location. Catch trials are not included in the analyses.
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in a session where only EEG was acquired outside of the scanner room with the
same presentation paradigm. In the outside session, the subjects were seated in
front of the computer screen. The visual angle was as close as possible to the
one in the inside session. The refresh rate of the screen was 60 Hz in both cases.
The computer room was dark, and there was no environmental noise during the
task execution. The experimental circumstances were optimized such that they
maximally correspond between the two (inside the scanner, and outside the scanner)
conditions.

Study 2: Grouping task

In this study, only simultaneous EEG-fMRI data were acquired. 17 subjects (8
female and 9 male, aged 23-44) with no history of neurological or cardiological
disorders were included. Written informed consent was obtained in accordance
with the local ethical committee guidelines. Two of the original 17 datasets had
to be eventually discarded due to insu�cient signal quality or problems during
acquisition, resulting in 15 datasets for further analyses.

5.3 Conclusion

In this chapter, the equipment for simultaneous acquisition of EEG and fMRI
was introduced. In addition, details were given about the datasets that were
acquired in the course of this work. More speci�cally, a visual detection task and a
grouping task were employed. For validation purposes, part of the subjects not
only performed the tasks during simultaneous EEG-fMRI measurements, but also
outside the scanner room. In the next chapters, the analyses performed on these
di�erent datasets will be discussed.





Chapter 6

JointICA for EEG-fMRI Fusion

Since several years, neuroscience research started to focus on multimodal approaches.
One such multimodal approach is the combination of electroencephalography
(EEG) and functional magnetic resonance imaging (fMRI). However, no standard
integration procedure has been established so far. One promising data-driven
approach consists of a joint decomposition of event-related potentials (ERPs) and
fMRI maps derived from the response to a particular stimulus. Such an algorithm
(joint independent component analysis or JointICA) has recently been proposed
by Calhoun et al. [23]. This method provides sources with both a �ne spatial and
temporal resolution, and has shown to provide meaningful results. However, the
algorithm's performance has not been fully characterized yet, and no procedure has
been proposed to assess the quality of the decomposition. In this chapter, we therefore
set out to answer why and how JointICA works. We show the performance of the
algorithm on data obtained in a visual detection task, and compare the performance
for EEG recorded simultaneously with fMRI data and for EEG recorded in a separate
session (outside the scanner room). We perform several analyses in order to set
the necessary conditions that lead to a sound decomposition, and to give additional
insights for exploration in future studies. In that respect, we show how the algorithm
behaves when di�erent EEG electrodes are used and we test the robustness with
respect to the number of subjects in the study. The performance of the algorithm in
all the experiments is validated based on results from previous studies. This chapter
is based on [136]

105
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6.1 Introduction

6.1.1 Simultaneous EEG-fMRI

As described in Chapter 4, EEG and BOLD changes can be measured simultaneously
to bene�t from their complementary properties. EEG measures electrical responses
with a millisecond precision, but does not provide a precise spatial localization of
the underlying cortical activity, since the electrode position is limited to the scalp
surface. fMRI, on the other hand, measures local changes in brain hemodynamics
with a very good spatial precision. However, the hemodynamic response is a slow
signal and one Echo-Planar Image (EPI) is only acquired every few seconds. This
is far below the brain reaction time to externally applied stimuli, thus making the
analysis of detailed temporal brain changes during the reaction on external stimuli
very di�cult.

For this reason, the simultaneous acquisition of both EEG and fMRI is getting
more and more popular, as their complementarity can provide deeper insight into
function and dysfunction of brain dynamics [180, 145, 52]. This advantage has
already been exploited in numerous applications. For instance, the combination of
EEG and fMRI allows localizing epileptic activity based on spike-triggered fMRI
[173, 104, 110, 17]. Other possible applications are the study of ongoing brain
rhythms [82, 83, 107, 141] and cerebral activations during sleep [39, 114, 169]. Also
the analysis of event-related brain responses based on multimodal information (e.g.
[144, 55, 54, 23, 67, 140] becomes more and more popular.

6.1.2 Integration approaches

The overview of the existing integration approaches is given in Chapter 4. Therefore,
here we mostly focus on JointICA itself.

JointICA identi�es the independent components for both EEG and fMRI modalities
simultaneously. To do this, it starts from ERP epochs in the temporal domain and
fMRI activation maps in the spatial domain. In the original paper on JointICA [ 23],
the method was applied to averaged ERP data from di�erent participants. Although
another possible application has been shown on single-trial simulation data by
Moosmann et al. [140], in this chapter we will focus on the original algorithm on
averaged data. The method assumes that the di�erent wave components (peaks)
of the ERP and the spatial components in a statistical brain activation map
(activation sites) of the same stimulus co-vary, either because they are generated in
the same brain region ([117] showed that the BOLD response is highly correlated
with the group neuronal activity of the same brain region), or because the BOLD
active areas had participatory roles in ERP activity, without necessary being the
source of a particular ERP wave. Hence, it is believed that ICA will be able to



INTRODUCTION 107

disentangle these components and connect the electrical activations (ERP peaks)
to their corresponding chemical (BOLD) brain activation sites [23].

The hypothesis about this one-to-one relation between the physiological origin
of both data sets and their statistical dependence, however, is not necessarily
true, since there is no particular mathematical reason to ensure capturing di�erent
ERP peaks always together with their corresponding fMRI activation sites. First
of all, spatial statistical independence among fMRI components alone cannot be
justi�ed in the sense that there is no physical reason for the spatial samples to
correspond to di�erent activity patterns with independent distributions (see [ 42].
Furthermore, the two signals (ERP and fMRI) are very di�erent in nature from a
signal processing point of view. As used in the JointICA algorithm in this work,
ERP is a temporal signal and fMRI a spatial map (obtained from a General Linear
Model - GLM analysis) without any temporal information and their probabilistic
distribution functions are di�erent. The reader should note here that generally it
is also possible to use concatenated ERPs from multiple electrodes as an input to
JointICA, as done in the simulation study by Moosmann et al., [140], therefore
obtaining spatio-temporal ERP information. However, in this work, only ERPs
from a single electrode are used.

Although JointICA was shown to provide meaningful results with real data when
introduced as a tool for integrated ERP and fMRI data analysis [23, 26], the
underlying ICA assumption that the ERP and fMRI information extracted in
a single component are mutually dependent, and at the same time statistically
independent among di�erent components was not questioned. Also, the behavior
and robustness of the algorithm were not investigated. For this reason, and because
of a growing interest in the method for the integration of di�erent multimodal
datasets, also besides EEG-fMRI [79, 192, 28, 64], some more methodological
concerns need to be explored.

6.1.3 The present study

In this chapter, we therefore explore and validate the performance of JointICA
and its central assumption that physiological linking between ERP and BOLD
amplitudes drives the extraction of multimodal components despite their
intrinsically di�erent temporal and spatial nature. We also show that the ICA
algorithm used in the JointICA method (Infomax - [ 14]) plays a crucial role in
this multimodal separation. To support this claim, we investigate the performance
of JointICA when other well-known ICA algorithms are used (JADE � [ 30]; and
FastICA [ 92], and show the disadvantages of these algorithms compared to the
performance of Infomax.

To validate the meaningfulness of the JointICA results, we used a simple and
well-established visual detection task with known ERP components and fMRI



108 JOINTICA FOR EEG-FMRI FUSION

activation sites. This task is well-suited for validation purposes, as consistent
results have been repeatedly found in several earlier studies [61, 63, 149]. The
dipole pair accounting for the C1 ERP wave was found to lie in the calcarine cortex.
The early P1 wave dipole was situated in the dorsal extrastriate cortex of the
middle occipital gyrus, and the late P1 dipole was found in the ventral fusiform
gyrus. The dipole that accounted for the early N1 ERP wave, was localized in the
parietal lobe near the intraparietal sulcus.

It is hypothesized that a large part of brain activity is re�ected both in EEG and
fMRI modalities, and the link between them can be established. This we refer to
as the central linking hypothesis. If we can �nd components that re�ect both EEG
and fMRI activity, it provides evidence to support the central linking hypothesis.
The contribution of the central linking hypothesis is evaluated �rst by randomly
reassigning ERPs and fMRI activation maps over participants, thus destroying
the amplitude link between the two modalities, and second by a comparison with
an individual ICA analysis of both ERPs and fMRI maps, thus excluding any
intermodal interaction. Furthermore, we investigate the e�ect of the ERP quality
for JointICA by comparing recordings inside and outside of the scanner and the
dependence of the JointICA results on the sample size.

Based on the results obtained with these di�erent analyses we will discuss why and
when (under which conditions) JointICA works well, hopefully providing a better
understanding for potential future users.

6.2 Materials and Methods

The detailed data and task description is given in Chapter 5, Sections 5.2.2 and
5.2.1, and here only the most important details are listed for the sake of readability.

Subjects

Twenty-six healthy subjects (11 female and 15 male, aged 18-44) with no history
of neurological or cardiological disorders participated in this study. Eighteen
out of these 26 subjects additionally participated in a session where only EEG
was acquired outside of the scanner room with the same presentation paradigm.
The computer room was dark, and there was no environmental noise during the
task execution. The experimental circumstances were optimized such that they
maximally correspond between the two (inside the scanner, and outside the scanner)
conditions.
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6.2.1 Tasks

Participants performed a simple visual detection task while in the scanner. Stimuli
consisted of segments of circular black-and-white checkerboard stimuli presented
one at a time in randomized sequences to one of the four quadrants of the visual
�eld [ 149]. The duration of a presented stimulus was 150ms. A central stimulus
was also present, but was not used for the purpose of this study. Subjects were
asked to press a button upon detection of each of these stimuli. Per run 100 stimuli
(20 of each type) were shown to the participants. The Inter-Stimulus Interval (ISI)
varied between 900ms and 1900ms.

6.2.2 Data acquisition

Here is the short outline of the acquisition process, but for more details the reader
should consult Section 5.2.1.

All subjects performed 4 runs of the visual detection task. During each experimental
block, 160 echo-planar images (EPI) composed of 28 slices of 3 x 3 x 4.5 mm voxel
size and 4.8 mm slice thickness were recorded with ascending slice order and 1.95
second repetition time (TR).

6.2.3 EEG processing

Preprocessing of the acquired EEG data was performed in the MATLAB 7.7.0
(R2008B) (The Mathworks Inc, Natick, Massachusetts, USA) environment with
the EEGLAB 5.03 toolbox [58], as explained in Chapter 4

For the application of the JointICA algorithm, only the ERP data from the
electrodes PO7 and PO8 were used to observe the activations corresponding to
right and left visual �elds respectively (one electrode per application of the method).
The ERP belonging to the Oz electrode was additionally used because the C1 ERP
peak, corresponding to the activations in the primary visual cortex, is observable
only on the midline electrodes [126, 61, 63].

6.2.4 fMRI processing

fMRI analysis was performed with the statistical parametric mapping software
(SPM5, Wellcome Department of Cognitive Neurology, London, UK) in MATLAB.
The EPI time series were slice-time corrected, realigned, co-registered with
anatomical images, normalized to the MNI template and smoothed with an 8-mm
FWHM Gaussian kernel, as in explained in Chapter 4.
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A stick function at the onset of the stimulus, as in traditional event-related fMRI
studies, was used as regressor. First-order statistics were calculated by convolving
the stick function at the stimulus timing with a canonical hemodynamic response
function (HRF), separately for the 5 stimulus locations (upper-left � UL, upper-
right � UR, lower-left � LL, lower-right �LR, and central stimulus - CC). No
derivatives were used in the analysis. The 6 movement parameters (three for both
translation and rotation) obtained during realignment were inserted in the model
as covariates of no interest. As a result, the design consisted of 5 + 6 = 11 variables
per experimental block per subject. For each subject and condition, percent signal
change (PSC) maps are then computed to be used in further analyses.

6.2.5 JointICA

JointICA has originally been proposed by [23]. It is implemented in the Fusion
ICA Toolbox, available from http://icatb.sourceforge.net . The JointICA
algorithm assumes that the electrical correlate of brain activation (expressed in
the ERP components) and the hemodynamic response to brain activation (BOLD
response) are generated by the same population of neurons. Hence, the amplitudes
of the ERP wave (peak) and of the BOLD response invoked by an activated area
will increase and decrease synchronously: a stronger ERP peak activation will
yield a stronger BOLD response in this particular brain region, and vice versa.
Additionally, JointICA will reveal regions that were not directly involved in the
creation of the ERP, but participated in the source activity, and therefore covariate
strongly with a particular ERP wave.

Following this assumption, we can concatenate the PSC fMRI maps, derived from
contrasting the BOLD signal invoked by a particular stimulus with the background,
with the average ERP response corresponding to the same stimulus. Prior to this
concatenation, several additional steps (listed below) are required, in order to avoid
the bias to a particular modality.

First, to compensate for the disproportion between the number of voxels in the
fMRI map and the number of time samples in the ERP signal, the ERP data are
upsampled using cubic spline interpolation. After upsampling, the data of the two
modalities are normalized (divided by the root mean squared data of all subjects)
and concatenated into a single vector for each subject. The data from all the m
subjects are then stacked into an m by n matrix (m being the number of subjects,
n the number of samples of our arti�cially created data), and �nally fed into an
ICA algorithm to solve the following linear mixing problem:

m

n
z }| {��

X fMRI X EEG �
= A �

�
SfMRI SEEG �

(6.1)
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X and S represent the matrices of, respectively, acquired and source signals, with
their superscripts indicating their correspondence to the fMRI or ERP matrix part.
Equation 6.1 assumes the same mixing matrixA for both modalities. As mentioned
before, this means that the corresponding parts of the ERP peaks and the BOLD
responses of the corresponding brain regions are assumed to be changing with the
same dynamics across subjects.

Following what has been mentioned previously, the JointICA algorithm provides, as
an output, independent components, each containing the sources of both modalities
(EEG and fMRI). In the Results section, these components are always shown in
paired �gures, one containing the EEG, and the other one the fMRI information.
Several ICA algorithms can be used in this setup. In this study we compare the
results from the Information Maximization algorithm (Infomax), proposed by [ 14],
Joint Approximate Diagonalization of Eigen-matrices (JADE; [ 30]) and FastICA
[91].

6.2.6 ICASSO Analysis

ICASSO is a robustness analysis tool [86, 87] for ICA results. ICA algorithms
iteratively try to maximize a cost function, and are subject to the risk of instable
solutions due to suboptimal local maxima. ICASSO assesses the stability of the
obtained solution by running the same ICA algorithm starting from di�erent initial
points and with di�erent bootstrapping, a number of times (in our work 30),
and analyses the di�erences between the multiple estimates of the independent
components. ICASSO matches components across di�erent runs by clustering them
based on the absolute value of the correlation between squared source estimates.
The clusters will be compact, if the correlations between di�erent estimates of the
same IC are very high. If, however, the correlation between di�erent clusters is
very high, one might consider performing an additional data reduction step, and
repeat the analysis with a lower number of estimated independent components.

The algorithm also returns the stability index Iq for each estimated cluster. In the
ideal case, the estimates are concentrated in mutually orthogonal clusters, in which
case this index yields a value very close to 1. If the clusters grow wider and start
mixing, this value drops.

The ICASSO toolbox performs the FastICA algorithm. However, we additionally
adapted it to use it with Infomax. The toolbox has already been used for
the analysis of fMRI data [35]. The ICASSO toolbox itself can be found at
http://research.ics.tkk.fi/ica/icasso/ .
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6.2.7 Evaluation Strategies

1. Application of JointICA � Simultaneously Recorded Data

To investigate the performance of JointICA, we start with applying it to
the ERP and fMRI data recorded simultaneously. We visually validate the
technique by comparing the activations obtained from JointICA when the
PO8 electrode is used with what is established in the literature [126, 61, 63].

According to the mentioned literature, primary visual areas are located around
the calcarine sulcus, and correspond to the C1 ERP wave. However, this wave
is di�cult to be seen on the PO8 electrode, but it is present on the midline
electrodes (Oz, POz). The C1 peak for the DL stimulus is positive, and has
a peak latency of around 100ms [126]. The activations start between 65ms
and 90 ms. Therefore, we performed JointICA also with the Oz electrode,
and we veri�ed resulting �rst brain activations for all 4 stimulus-types.

2. Application of JointICA � Non-Simultaneously Recorded Data

The magnetic environment of the MRI scanner invokes severe artifacts in
the recorded EEG signals that can only be removed at the risk of damaging
the brain signals in the measurements. Both residual artifacts and damaged
brain signals can interfere with the optimal performance of the JointICA
analysis. To evaluate the magnitude of these unknown nuisance factors we
also applied the JointICA analysis on EEG data free of the magnetic �eld
artifacts and distortions.

3. JointICA Experiment � Investigating the In�uence of the ICA Algorithm

To more fully understand the performance of JointICA and to be able to
explain how and why it works, we performed several additional analyses. To
begin with, we tested the importance of the ICA algorithm used for JointICA.
All the results reported so far were obtained with the Infomax algorithm [14].
We also tested the JointICA performance using two other well-known ICA
algorithms: JADE [ 30], which maximizes the statistical independence of the
components by diagonalizing the 4th order cumulant of the mixing matrix,
and FastICA [91], which uses a �xed point iteration scheme. FastICA extracts
sources based on their kurtosis, as does JADE, but the convex optimization
problem is solved using a cost function, instead of diagonalizing the kurtosis
matrix.

4. JointICA Experiment � Central Linking Hypothesis and Randomization

To check the central linking hypothesis, we also applied the Infomax algorithm
separately to ERP and fMRI data in order to show the di�erence for both
modalities compared to the JointICA analysis on the simultaneously acquired
data. Based on these analyses, we expect to understand whether the JointICA
algorithm separates components and sources based on the interaction between
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both modalities, or whether the separation of one of the modalities is
in�uenced (or driven) by the separation of the other one.

As explained before (see equation 6.1), JointICA assumes that the average
amplitudes of both EEG and fMRI responses have the same pattern
across subjects. It is worth noting that the correlation between average
ERP and BOLD amplitudes is also proposed by [11].To verify this
hypothesis, we connected random simultaneously acquired ERP and fMRI
data (corresponding to di�erent subjects) and applied the algorithm to check
how the decomposition is a�ected. In this case, the amplitudes of ERP and
fMRI responses are not expected to change synchronously, since they come
from di�erent subjects.

5. JointICA Experiment - Robustness and Consistency Analysis

Finally, we investigated the robustness of the method. There were two aspects
that needed to be checked in this respect: One was to check the consistency of
the ICA decomposition. As mentioned in the previous section, the ICASSO
toolbox was used for this purpose as to check the consistency of the Infomax
and the FastICA decompositions. Another point to investigate was how the
decomposition is dependent on the number of subjects in the study, and
how it a�ects the decomposition when the number of participants falls below
the suboptimal level. Therefore we applied a leave-one-out procedure, and
checked the consistency for every number of subjects from 26 to 12 for the
simultaneously recorded data, and from 18 to 12 for the data where the
outside recorded EEG is used. The subjects were left out at random, but
from 26 to 18, only the subjects without outside recordings were dropped,
so that the subsets of 18 subjects for inside and outside recorded ERP data
consist of the same participants.

The number of extracted independent components was 26 for the simultaneous
measurements, and 18 for the non-simultaneously recorded data. The optimal model
order was checked with the Akaike Information Criterion (AIC), the Minimum
Description Length (MDL) and the R-index (a heuristic Davies-Bouldin type
relative measure for a �natural� number of clusters, as implemented in ICASSO).
All three methods estimated the information dimension (the number of components
that should be extracted) equal to the full dataset dimension. This same estimate
was also made for the EEG modality alone, whereas the dimensionality of the fMRI
data was mostly estimated to be between 4 and 6.

As a �nal check of the JointICA robustness performance, we masked a part of the
fMRI data, and compared the results to the case where the values from the whole
brain are used.

For all the additional analyses we will present and discuss the results only for
the stimulus appearing in the down-left visual �eld, but the conclusions for other
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stimuli remain the same. Moreover, since we are interested in the fusion of fMRI
and ERP modalities, and therefore only in the independent components which
show both ERP and fMRI activation, we concentrate in this work only on ICs
which contain 90% of the total ERP IC energy in the time range of 50 - 350ms.

In the following section (Results), in several places, correlation analysis is
used to compare di�erent independent components. In these comparisons, the
corresponding independent components are matched based on the highest mutual
correlation coe�cient, i.e. the two independent components are corresponding
if the correlation coe�cient between these two is higher than if one of them is
compared to any other one.

Figure 6.1: Average ERPs (white), and standard deviation (gray) extracted from
the EEG data recorded outside the scanner room for 18 subjects (left), and from the
simultaneously recorded EEG data for 26 subjects (right). The data are recorded
on the PO8 electrode.

6.3 Results

6.3.1 Application of JointICA � Simultaneously Recorded Data

In this section, we present the results of the analyses on data for the simultaneous
measurements in two ways. In Fig. 6.2, the JointICA decomposition is shown for the
down-left visual �eld stimuli. The ERP data were derived from the electrode PO8,
on which the P1, N1, and P2 ERP peaks are clearly visible, and the corresponding
fMRI IC activations obtained from JointICA are shown.

Additionally, since the C1 ERP peak re�ecting the initial bottom-up neural response
of primary visual neurons located in the calcarine sulcus, is not visible on the more
lateral PO8 electrode [61, 63], Fig. 6.3 integrates the �rst activation results of all
four stimuli in di�erent colors, corresponding to the C1 peak IC of the Oz electrode.
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The detailed decomposition when the Oz electrode is used for the down-left stimulus
is shown in Fig. 6.4.

Each sub�gure in Fig. 6.2 a-f presents a speci�c fMRI IC activation, and the
corresponding grand average ERP, together with the ERP IC wave (shown in
yellow and blue respectively). Since only the positive expected fMRI activations
are available in the literature which we use for validation, only the positive fMRI
IC activations are also shown in this study. The reader should note that the Fig.
6.2c and Fig. 6.2d show the same independent component. They di�er only in the
slice that is taken to show the fMRI activations.

The locations of the fMRI IC activations in the brain are given in MNI coordinates
in the �gure captions, and anatomic areas are described. The P1 IC is associated
with the activation in the right middle occipital gyrus (Brodmann Area 37). The
N1 IC gives two components, the early one, associated with the right precuneus,
cuneus and left lingual gyrus (BA 19, BA 7 and BA 18). During the late N1 ERP
independent component, the areas in the right lateral occipital cortex (LOC) are
active (BA 37). During this peak, also the activation in the somatosensory cortex
(BA 3, 1 and 2) and primary motor cortex (BA 4) are visible. This activation is
expected, since the subject was asked to press the button each time the stimulus
appears. The component in Fig. 6.2e shows the ERP IC which appears as a
transition from N1 to P2 ERP peak. This shows the activation in the right and
left cuneus, and the right and left middle occipital gyrus. The P2 ERP peak is
associated with the activations in the right middle occipital gyrus and right and left
cuneus. These activations are expected, and are in line with previous �ndings in the
literature [ 126, 61, 63]. It is interesting to note that the explained fMRI variance
by the fMRI ICs shown in Fig. 6.2 was, 60%, while another 20% is explained by
the activations in the early visual areas which did not belong to any of the ERP
IC waves (extracted with the ERP data on PO8).

To further investigate the quality of the JointICA decomposition, in Fig. 6.3 we
present the �rst fMRI activations that emerge in the fMRI spatio-temporal map,
which can be considered the beginning of the visual activation. These activations
correspond to the C1 ERP IC of the Oz electrode. The ERPs for down-left (DL),
down-right (DR), upper-left (UL) and upper-right (UR) stimuli are presented in
di�erent colors. The corresponding ERPs with their C1 independent component
are shown in the corners coinciding with the position in the visual �eld where the
particular stimulus was presented, in colors describing the corresponding fMRI
activation.

Fig.4 presents in detail all the activations derived with the ERP from the Oz
electrode. Fig. 6.4a shows the fMRI IC activations around the calcarine sulcus
that are associated with the C1 ERP independent component. The activated areas
associated to the other ERP components (N1 early, N1 late and P2), correspond
closely to the activations of the same ERP peaks, recorded on another electrode
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(PO8), shown in Fig. 6.2.

To verify the correspondence of the fMRI maps of Fig. 6.2 and Fig. 6.4, the
correlations between the independent components are calculated. The correlation
values are 0.8 for the early N1 independent component, 0.73 for the late N1
component and 0.8 for the P2 component. In contrast, the C1 associated fMRI IC
from the Oz analysis (Fig. 6.4a) does not correlate with the P1 associated fMRI
component from the PO8 analysis (Fig. 6.2 a) (r=-0.12). This con�rms that these
two fMRI IC activation maps are entirely di�erent, despite the fact that the fMRI
data entered into the two analyses were identical and only the di�erent ERPs could
have caused this di�erent result.



RESULTS 117

Figure 6.2: The results of JointICA for the simultaneously recorded data from
the PO8 electrode for the down-left stimuli. Every extracted source contains an
fMRI and an ERP part, shown in the di�erent sub�gures (a-f). Fig. 6.2-a shows
the P1 ERP peak, and activation in the right middle occipital gyrus � lateral
occipital complex (LOC) (BA37, MNI coordinates [44 -70 4]), and some activation
in the right cerebellum (MNI [22 -70 -19]). Fig. 6.2-b shows ERP activity, partly
corresponding to P1 and mostly to the early N1. The fMRI map shows the activity
in the right precuneus (BA7, MNI [16 -78 40]), and right cuneus (BA19, MNI [21,
-79 43]). Some activity is also present in left lingual gyrus (BA18, MNI [-31 -75
-8]). Fig. 6.2c and Fig. 6.2d show the activations corresponding to the P1 peak
together with the late N1 component. Di�erent slices are shown to depict motor
and visual activations. The active fMRI areas in Fig. 6.2c are found in the right
LOC (BA37, MNI [47 -67 -3]), and right cerebellum (MNI [32 -63 -19]). The fMRI
activations in Fig. 6.2d are left postcentral gyrus - primary somatosensory cortex
(BA 3, 1 and 2) and precentral gyrus - Primary motor cortex (BA4). Additionally,
the insula (BA13, MNI [-56, -15, 16]) , and supplementary motor area (BA6, MNI
[-47, 2, 50]) are activated. The ERP component in the Fig. 6.2e includes late N1
and early P2 activation. It activates the right and left cuneus (BA19, MNI [24
-83 36]), right and left middle occipital gyrus (BA19, MNI [45 -77 9]), and right
cerebellum (MNI [17 -77 -15]). Finally, the P2 component is shown in Fig. 6.2f. It
activates the right middle occipital gyrus (BA18, MNI [32 -86 2]), right and left
cuneus (BA7, MNI [24 -83 36]) and right cerebellum (MNI [32 -68 -19]).
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Figure 6.3: Brain activations for the simultaneously recorded data, corresponding
to the C1 ERP wave for all 4 di�erent stimuli (extracted with the Oz electrode).
The o�set starts around 60ms, and the latency of the peak is around 100ms. The
grand average ERPs (in white), and the ERP C1 ICs (color) of the particular
stimuli are shown in the corners of the �gure, such that their position describes the
corresponding stimulus (i.e., the ERP corresponding to the upper left stimulus is
presented in the upper-left corner of the �gures, and the down-left, down-right and
upper-right stimuli are presented in the counterclockwise order). In the middle
of the �gure, the functional activations are plotted on the medial view of the
in�ated brain. Left and right hemispheres are presented on the left- and right-hand
side, respectively. Each functional activation is painted in the same color as the
corresponding C1 ERP IC.
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Figure 6.4: The results of JointICA for the simultaneously recorded data from the
Oz electrode for the down-left stimuli. Every extracted source contains an fMRI
and an ERP part. FFig. 6.4a shows the ERP wave containing the C1 peak. The
corresponding fMRI activations are in the right upper lingual gyrus, around the
calcarine sulcus � primary visual cortex (BA17, MNI [7 -93 5]). In Fig. 6.4-b,
the early N1 component is present. The active fMRI areas are the right cuneus
(BA7, MNI [18 -72 46]) and right lingual gyrus (BA18, MNI [28,-75 -9]). The late
N1-related component (Fig. 6.4c), shows fMRI activations in the somatosensory
cortex (BA3, 1 and 2) and primary motor cortex (BA4). The component in Fig.
6.4d shows P2 ERP activation, and the fMRI shows activity in the right cuneus
(BA7, MNI [25 -63 53]).
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6.3.2 Application of JointICA �Non-Simultaneous Recordings

In addition to the simultaneous acquisition, a non-simultaneous EEG measurement
was performed for 18 out of the 26 subjects, in which the EEG data were recorded
outside the scanner room, during the same task [9, 185]. The grand average ERPs
of the inside and outside sessions are being compared in Fig. 6.1. The di�erence
between the inside and the outside acquired ERPs can be due to magnetic �eld
artifacts, as well as due to di�erent environmental settings, like the scanner noise, or
the supine versus upright position. The di�erences between the two grand average
ERPs were much lower (RMSE=0.82), than the individual average ERPs of the
corresponding subjects (mean RMSE across subjects was 1.81, with a minimum
value of 0.97 and a maximal value of 3.1, see Fig. 6.1 for details).

To investigate the di�erence in quality between the data measured outside of the
scanner room and the data measured inside the scanner, we computed the signal-
to-noise ratios (SNRs) of the inside and the outside recorded ERPs for each subject.
The SNR was computed such that the single trial ERP estimate was compared
to the average ERP of the same subject. The provided SNRs are computed for
the subset of 18 subjects, having both inside and outside recordings. The number
of single trials in each average ERP was between 75 and 80 for both inside and
outside recordings.The mean SNR for the inside data was 0.2484± 0.0872, whereas
the SNR computed for the non-simultaneously measured data was 0.5385± 0.2102.
The di�erence in the SNRs between the two datasets was signi�cant (p < 0:0001).

Taking into account the higher SNRs for the outside compared to the inside data,
and the greater similarity of the GA compared to single subject averages, we argue
that the residual magnetic �eld artifacts in the inside case do a�ect the ERP signals.
Therefore, we propose that it is relevant to make use of the outside recorded data
to assess the in�uence of the magnetic �eld artifacts on the JointICA.

Fig. 6.5 shows the results of applying the JointICA algorithm to the fMRI data
from the simultaneous measurement combined with the ERPs derived from the
non-simultaneous measurement, again for the down-left stimulus condition. For
an easier comparison, we overlaid the obtained fMRI ICs (blue) on top of the
corresponding fMRI ICs obtained for the simultaneous measurements (red). The
overlap between the two is shown in yellow. From this �gure, it can be seen that the
fMRI IC activations for the inside and outside measurements, corresponding to the
same ERP IC waves, largely overlap. As it was the case for the inside recorded EEG,
contra-lateral fMRI activation is visible in the middle occipital gyrus connected
to the P1 peak. Activations are also present in the right cuneus and precuneus,
associated with the N1 early peak, and the active regions in somatosensory and
motor areas coincide with the N1 late activity. Also the P2 peak is mostly associated
with the activations in left and right cuneus.

The fMRI ICs resulting from the analysis with the Oz electrode measurements
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outside the scanner were also similar to the ones obtained in the corresponding
analysis with the simultaneously recorded data (presented in Fig. 6.3 and Fig. 6.4).
Therefore, these pictures are not additionally shown.
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Figure 6.5: Each sub�gure (a-f) shows the fMRI activation and the corresponding
ERP IC from the non-simultaneously recorded data. The grand average ERP
is shown in yellow. Concerning the fMRI activations, the activations from the
simultaneous recordings (the same as in Fig. 6.2) are shown in red, the activations
from the non-simultaneous measurements are presented in blue, whereas yellow
shows the overlap between the two. The �rst activation (Fig. 6.5a) corresponds
to the beginning of the P1 ERP wave (early P1 component). The fMRI shows
activation in the right middle occipital gyrus (BA19, MNI [43 -77 4]), and in the
left and right LOC (BA37). Fig. 6.5b shows activation corresponding to the late
P1 peak. The associated fMRI active regions are right fusiform gyrus (BA19, MNI
[33 -72 -19]) and some cerebellum regions (MNI [2 -77 -10]). The early N1-related
components are shown in Fig. 6.5c. The fMRI activations are found in the right
lingual gyrus (BA18, [21 -73 -9]), right precuneus (BA7, MNI [16 -80 37]), and right
cuneus (BA19, MNI [19, -82, 43]). The late N1 component (Fig. 6.5d, Fig. 6.5e;
Di�erent slices are shown to depict motor and visual activations) shows activation
in somatosensory and primary motor areas (BA 3, 1, 2 and 4), supplementary motor
areas (BA6, MNI [-43, -5, 56]), the insula (BA13, MNI [-56, -15, 16]), together
with visual activations in the right middle occipital gyrus (BA19, MNI 43 -77 4).
The last, P2-related, component (Fig. 6.5f) shows activations in the left and right
cuneus (BA19).
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6.3.3 JointICA Experiment � Investigating the In�uence of the
ICA Algorithm

In Table 6.1, the cross-correlations between the independent components extracted
by Infomax and FastICA (the left panel) and Infomax and JADE (the right panel)
are shown. It is obvious that Infomax and FastICA yield similar components, with a
mean cross-correlation value of 0.9815± 0.5811, whereas the results for Infomax and
JADE are signi�cantly di�erent (mean correlation value of 0.7471 ± 0.3736, p-value
of unpaired t-test < 0.0001). The reported averages and standard deviations of
the correlation values are corrected with the Fisher z-transformation throughout
the manuscript.

Looking at the activations, the results from Infomax and JADE are di�erent
in the following sense: �rst, JADE did not yield speci�c P1-connected visual
components. Second, JADE combined the P1 and early N1 ERP waves together
in one component, but also their corresponding fMRI activations were combined
in this same component. Third, the independent component revealing the late
N1 peak in the ERP modality did neither show motor nor N1-associated visual
activation. Instead, it yielded activation that was expected to belong to the P1
peak. The rest of the activations were similar.

Table 6.1: Correlations between the independent components derived from 26
subjects using di�erent ICA algorithms. Left panel shows the correlation between
the maps derived with Infomax and FastICA, whereas the correlations between
maps derived by Infomax and JADE are shown in the right panel. The Mean and
the Standard Deviation are corrected with the Fisher z-transformation.

Infomax-FastICA correlation Infomax-JADE correlation
0.9877 0.9913 0.9929 0.97320.6886 0.4982 0.9573 0.9
0.9924 0.9435 0.9927 0.96030.8633 0.7468 0.904 0.4829
0.9901 0.9572 0.9961 0.99490.4245 0.8691 0.8338 0.6417
0.9965 0.7324 0.8976 0.98830.567 0.7786 0.5996 0.5846
0.9888 0.9927 0.989 0.9969 0.7537 0.6556 0.9065 0.5808
0.9175 0.8327 0.8767 0.98820.482 0.7524 0.7264 0.6168
0.9252 0.994 0.9166 0.549

Mean = 0.9915±0.5811 Mean = 0.7471±0.3376
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Table 6.2: Correlations between independent components derived with JointICA and with solely one of the modalities.
The left panel shows the correlations with EEG and the right panel with the fMRI modality. The Mean and the Standard
Deviation are corrected with the Fisher z-transformation.

Correlations of the ERP ICA to the ERP Correlations of the fMRI ICA to the fMRI
modality from JointICA decomposition modality from JointICA decomposition

Simultaneously recorded data 0.4281 0.5719 0.7727 0.7172 0.5660.6260 0.6799 0.7633 0.4568 0.4744
0.3293 0.8916 0.5565 0.7468 0.69380.6177 0.3914 0.6519 0.4928 0.4957
0.8188 0.8726 0.8551 0.4571 0.91090.8107 0.524 0.6798 0.5974 0.4820
0.6024 0.3320 0.8689 0.8546 0.69070.8586 0.4682 0.4519 0.5587 0.7827
0.9249 0.8395 0.8351 0.8775 0.75440.6722 0.5638 0.595 0.3656 0.6578
0.7429 0.5850

Mean = 0.7541±0.3539 Mean = 0.6065±0.2205

Nonslimultaneously recorded 0.7053 0.5980 0.6991 0.7598 0.69020.7618 0.8742 0.4981 0.5728 0.8800
data 0.5234 0.6081 0.6119 0.6996 0.76800.4297 0.7714 0.4311 0.6687 0.8717

0.8513 0.7717 0.7822 0.9031 0.86550.7292 0.4785 0.5672 0.5179 0.4747
0.5925 0.7182 0.8572 0.8260 0.8244 0.5862

Mean = 0.7414±0.2465 Mean = 0.6887±0.3177
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Table 6.3: Correlation of the di�erent ICA maps derived with JointICA on 26
subjects of the inside data, and the JointICA of the 26 subjects when the ERPs
are connected to fMRI maps of the non-corresponding subjects. The Mean and
the Standard Deviation are corrected with the Fisher z-transformation.

0.3876 0.3857 0.4404 0.3469 0.4766 0.6848 0.3612 0.3813
0.5896 0.5811 0.3192 0.4462 0.5405 0.3022 0.2639 0.3477
0.5498 0.7366 0.4559 0.6363 0.3695 0.4724 0.5217 0.4772
0.7252 4618

Mean = 0.4833±0.1802

6.3.4 JointICA Experiment � Central Linking Hypothesis and
Randomization

Further, we compared the ERP and fMRI decompositions obtained with the
JointICA analysis, to those obtained by applying Infomax to solely fMRI or inside
and outside recorded ERP data. The correlations of the Infomax decomposition
of the ERP and fMRI data obtained in separate and joint decompositions,
corresponding to the down-left stimulus are shown in Table 6.2. The correlations
between corresponding components from bi-modality and mono-modality analyses
were signi�cantly higher for the ERP only (0.7541± 0.3539) compared to the fMRI
only analysis (0.6065± 0.2205) (p = 0.0018) for the inside case. In the case of 18
subjects (outside data), still the ERP only data were more strongly correlated
(0.7414± 0.2465), than the fMRI data (0.6887± 0.3177), but this di�erence was not
signi�cant.

To further investigate the importance of the central linking hypothesis, the bottom
row of Table 6.3 shows the correlation coe�cients between the fMRI IC maps
derived in a regular way with simultaneously recorded ERPs, and the fMRI IC
maps derived with the same ERP data, but now randomly assigned to the fMRI
maps (i.e. the fMRI and the ERP data of the subjects do not correspond to each
other). Obviously, the correlation coe�cient values are rather low, indicating that
the amplitude changes in the ERP and fMRI components are closely related.
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Figure 6.6: Cluster plots from the ICASSO analyses: a) Infomax, simultaneously
recorded data, 26 subjects; minimal Iq value was 0.9989 b) Infomax, data recorded
in separate sessions, 18 subjects, with minimal Iq value of 0.9536 c) Infomax,
simultaneously recorded data, 18 subjects; minimal Iq was 0.8159 d) FastICA
simultaneously recorded data, 18 subjects, with minimal Iq of 0.6287. Dots
represent the estimates from a single iteration (there are 30 iterations), blue circles
are the �best� estimate, taking into account the results from all 30 iterations.
sij denotes the correlation between the estimates. The �gure shows that the IC
estimates in panels a) and b) are focused to the same value, whereas the estimates
in c) and d) are spread. Also, the connections between di�erent clusters indicate
the mixing between the estimates of di�erent independent components.
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6.3.5 JointICA Experiment - Robustness and Consistency anal-
ysis

To explore the robustness we performed several analyses, and we additionally
employed the ICASSO method as described in the Methods section. The minimal
Iq values are given in Table 6.5 for di�erent numbers of subjects in the experiment
(12 to 26 for the simultaneous, and 12 to 18 for the non-simultaneous measurements).
Fig. 6.6 presents the results of the ICASSO analysis for di�erent setups. The
red and pink lines respectively describe stronger and weaker connections between
the estimated clusters. If the decomposition is consistent, the between-cluster
connections do not exist.

First, ICASSO showed that the decomposition for both the 26 inside recorded
subjects, and 18 subjects where the ERPs were recorded in separate sessions
were stable, with the smallest Iq values of 0.9989 and 0.9536, respectively (Fig.
6.6a-b). However, the ICASSO study provides only the information about the
consistency of the decomposition itself, not about how is it in�uenced with respect
to a di�erent number of subjects. Therefore, we additionally checked the behavior of
the decomposition when the number of subjects for the simultaneous measurement
drops from 26 to 18. In this leaving-one-out procedure, always subjects without
outside recording were left out, ending with the 18 subjects which have both inside
and outside recordings. Beside this constraint, the subjects were left out completely
at random. Since the di�erence between these two measurements is mostly re�ected
in the P1-related IC ERP and fMRI maps (see Fig. 6.2 and Fig. 6.5, and Table
6.4), we followed the behavior of the independent components, associated with this
peak.

For the number of subjects being 25, not much was changed (see Tabel 6.5). Then,
the decomposition becomes unstable with 24 subjects (minimal Iq of 0.7982). Closer
inspection of the joint decomposition, revealed that the P1 peak, which was alone
in the decomposition for 26 subjects (Fig. 6.2), got separated in 2 peaks, but
the fMRI activations were not interpretable. The decomposition is still unstable,
until the number of subjects drops down to 19 (minimal Iq 0.9573). At that point,
the two P1 peaks are merged together again, but with no interpretable fMRI
component. The same holds with the 18 subjects, and this decomposition is shown
in Fig. 6.7. These 18 subjects in Fig. 6.7 are the same subjects, whose outside
results are shown in Fig. 6.5.

We additionally compared in Fig. 6.6 the robustness of the Infomax decomposition
for 18 subjects recorded in the non-simultaneous and simultaneous sessions (Fig.
6.6b-c), and also the FastICA decomposition of the 18 subjects recorded in
the simultaneous session (Fig.6 d). This �gure shows that the Infomax inside
decomposition for 26 subjects and the decomposition for 18 subjects recorded in
the separate sessions are stable, meaning that they yield a constant decomposition,
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independently of the initialization of the Infomax algorithm (Fig. 6.6a-b). Fig.
6.6c shows that the Infomax decomposition of the simultaneous data is less robust
than the one for the separate measurements, when an equal number of subjects
(18) are used, with a minimal Iq of 0.8159.

A comparison of the results obtained by Infomax and FastICA on the simultaneous
measurements (Fig 6c versus 6d) shows that the FastICA algorithm is more unstable
than Infomax (minimal Iq is only 0.6287). It is worth noting at this point that,
when FastICA ICASSO is applied to the dataset of 26 subjects, it gives a very
stable performance (Iq of 0.9932).

When the number of subjects is further reduced (the decomposition with 12 subjects
is shown in Fig. 6.8), the components in the simultaneous Infomax setting are
getting merged together, and the decomposition becomes stable again (Iq=0.9435,
see Table 6.5). Note that in Table 6.5, we always leave the same subject out, in
both inside and outside recordings. The subject which was to be left out is chosen
completely at random.

Fig 8-a shows that the ERP IC merges the P1 and early N1 ERP peaks, but also
the corresponding fMRI ICs are merged (when compared to Fig. 6.2a and Fig.
6.2b). These activations are presented in Fig. 6.8-a in blue and green respectively.
The overlaps with the decomposition with 12 subjects are presented in purple and
yellow. Fig. 6.8b shows again the N1 late component, which shows the cuneus,
precuneus, somatosensory and primary motor activation, same as Fig. 6.2c-d
(shown in blue, overlap in purple). The same holds for Fig. 6.8c which shows the
P2 ERP IC, and the corresponding fMRI IC maps, which correspond to the fMRI
IC maps visible in Fig. 6.2f (shown in blue, overlap in purple).

It is also worth noting that for the non-simultaneous measurement, the Iq value
is consistently high for all the number of subjects in the experiment from 12 to
18, whereas considerable variability in this value is present for the simultaneously
measured data (Table 6.5).

As a last step in the robustness analysis, we checked how the decomposition is
a�ected by masking a part of the fMRI data. We applied a mask that only included
the occipital area, together with the cuneus and precuneus areas (the region where
we expected our activation, without somatosensory and motor areas). The results
did not change in the sense that the same fMRI ICs were connected to the same
ERP ICs. The only di�erence was that somatosensory and motor areas were no
longer present in any of the components. Therefore, the late N1 peak, for example,
contained only the visual activations, as shown in Fig. 6.2d.
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Table 6.4: The most important ERP peaks and their corresponding relevant activations retrieved from the simultaneously
(left panel) and non-simultaneously (right panel) recorded data for the down left stimulus. All ERP peaks were identi�ed
on PO8 channel, except for the C1 peak of which the results were obtained with channel Oz. Regions like the cerebellum,
which are less relevant for the present study, are not listed, here, but they can be found in Figs. 6.2 and 6.5 for the
simultanous and non-simultanous data respectively. The fMRI activations are presented with their anatomical region, and
their corresponding Brodmann area (BA), and can be seen in Figs. 6.2 and 6.5.

Simultaneous data Non-simultaneous data
ERP peak Anatomical region Brodmann ERP peak Anatomical region Brodmann
C1 Right upper lingual gyrus BA 17 C1 Right upper lingual gyrus BA 17

P1 Right LOC BA 37 P1 (early) Right middle occipital gyrus BA 19
Right LOC BA 37
Left LOC BA 37

P1 (late) Right fusiform gyrus BA 19

N1 (early) Right precuneus BA 7 N1 (early) Right precuneus BA 7
Right cuneus BA 19 Right cuneus BA 19
Left lingual gyrus BA 18 Right lingual gyrus BA 18

N1 (late) Right LOC BA 37 N1 (late) Right middle occipital gyrus BA 19
Left postcentral gyrus BA 3,1,2 Left postcentral gyrus BA 3,1,2
Left precentral gyrus BA 4 Left precentral gyrus BA 4
Left medial frontal gyrus BA 6 Left medial frontal gyrus BA 6
Left Insula BA13 Left Insula BA13

P2 Right cuneus BA 19 P2 Right cuneus BA 19
Left cuneus BA 19 Left cuneus BA 19
Right middle occipital gyrus BA 18
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Table 6.5: The e�ect on consistency of the derived independent components when
the number of participants is dropping from 26 to 18 observed through the Iq
measure derived with the ICASSO analysis. The Iq stands for quality (stability)
index. The index in the table is the lowest stability index for the dataset consisted
of a particular number of subjects

Number of Iq (simultaneous Iq (non-simultaneous
components recordings) recordings)
26 0.9989 -
25 0.9596 -
24 0.7982 -
23 0.7288 -
22 0.6736 -
21 0.8817 -
20 0.8817 -
19 0.9573 -
18 0.8159 0.9596
17 0.8964 0.9451
16 0.9524 0.9445
15 0.7565 0.9415
14 0.9533 0.9403
13 0.9518 0.9378
12 0.9435 0.9453
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Figure 6.7: The JointICA results of the simultaneously recorded data for 18 subjects
(the same subjects as in Fig. 6.5). Fig. 6.7a shows the activations in the left lingual
gyrus (BA18, MNI [-11 -82 -3]), right middle occipital gyrus (BA37, MNI [48 -64
7]), with some additional frontal lobe activation. The ERP-related activation is
connected to the P1 peak. Fig. 6.7b shows activity in the right fusiform gyrus
(BA19, MNI [29 -76 -13]), right precuneus (BA7, MNI [26 -76 -16]) and left LOC
(BA37, MNI [-51 -69 9]). The ERP activity is mainly connected to the early N1
peak. The activation in Fig. 6.7c is shown around the calcarine sulcus and bilateral
activation is visible in the precuneus. Fig. 6.7d shows the somatosensory activity
in Brodmann areas 3, 1 and 2, and in the primary motor cortex (BA4). Also, visual
activity is shown in the inferior occipital gyrus (BA19, MNI [45 -72 -1]), and some
cerebellum activity close to right fusiform gyrus. The ERP activation is connected
to late N1 wave. The P2-related ERP activation (Fig. 6.7e) is mostly associated
to the fMRI activation in the right and left precuneus (BA7).
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Figure 6.8: JointICA results of the simultaneously recorded data for 12 subjects
(fMRI data shown in red). The blue and green activations correspond to the data
obtained for the same peaks with 26 subjects. Yellow ERP data correspond to
the grand average ERP, whereas the light-blue plot is a particular independent
component. Fig. 6.8a shows the activations in the right and left fusiform gyrus,
right middle occipital gyrus and right cuneus. fMRI activations corresponding
to the P1 peak with 26 subjects (Fig. 6.2a) are shown in blue, and the early
N1-related activations from Fig. 6.2b are presented in green. Yellow represents
the overlapped area between red and green, and purple is the overlap between red
and blue. Fig. 6.8b shows activity in the right middle occipital gyrus activation,
somatosensory areas (BA3, 1 and 2) and in the primary motor area (BA4). Also
some cerebellum activation is visible in the vicinity of the fusiform gyrus. Fig. 6.8c
shows the fMRI IC activation in the left and right cuneus.
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6.4 Discussion

In this study, we evaluated and presented the performance of JointICA, a recently
proposed method for a symmetric integration of EEG and fMRI. To this end,
we recorded EEG and fMRI data during a simple visual detection task. As this
particular task is very well described in the literature [126, 62, 61, 63], we use
this information to assess the relevance of the results in our experiments. For
this reason, we did not additionally include a simulation study but for simulation
studies of the algorithms used in this chapter, the reader is referred to [140, 42].

We compared the performance of JointICA for data acquired both simultaneously
and non-simultaneously and investigated whether the decomposition was equally
driven by both modalities, or solely by one of them. Moreover, we examined the
validity and necessity of the assumptions that JointICA [23] relies on the amount
of available data and the selection of the ICA algorithm. Further, we investigated
the in�uence of the robustness and consistency of the decomposition obtained with
JointICA, validated the central linking theorem, and we proposed the necessary
conditions for a reliable decomposition.

6.4.1 Application of JointICA � Simultaneously Recorded Data

According to the literature and based on the characteristics of the presented task,
the following activations are expected: the C1 peak should correspond to activity
in the vicinity of the calcarine sulcus, whereas the early P1 peak is expected to
activate the dorsal extrastriate areas of the middle occipital gyrus. Furthermore,
the late P1 wave is known to be related to activations in the ventral fusiform gyrus,
and the early N1 peak should yield activations of the parietal lobe, close to the
intraparietal sulcus [126, 61]. In addition to this visual stimulation, our subjects
were required to respond to the presented stimuli by pressing a button, which
should evoke activation of the somatosensory and primary motor cortex.

The above expectations were consistently con�rmed in our study both on
simultaneously and non-simultaneously acquired data. However, as is shown
in Fig. 6.2, the P1 ERP IC emerged as expected, but the activation connected to it
was not complete in the sense that there was no activation in the ventral fusiform
gyrus (as explained above).

Also in Fig. 6.3 and Fig. 6.4, we �nd the expected activations. It is clear that the
C1 peak is positive for lower visual �eld stimuli, and negative for upper visual �eld
stimuli. This comes from the fact that the activations which produce the C1 ERP
peak lie on the opposite sides of the calcarine sulcus, and therefore their dipoles
produce peak activations with an opposite polarity [32, 62]. It is also clear from
Fig. 6.3, that the voxels associated with these early ERP components are located
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in or very close to the calcarine sulcus in the contra-lateral hemisphere of the brain,
as expected. Also, voxels in the upper bank of the calcarine sulcus are associated
with the C1 aspect of the ERPs invoked by the lower-half visual �eld stimuli and
voxels in the lower bank of the calcarine sulcus are associated with this component
from the upper-half visual �eld stimuli.

As a further argument that these decompositions are valid, we showed that the
early components in the analyses with the PO8 electrode (Fig. 6.2) and the Oz
electrode (Fig. 6.3 and Fig. 6.4) do not correspond. On the other hand, we showed
that the later fMRI ICs from the Oz analysis are spatially highly correlated with
the fMRI ICs from the PO8 analysis (also visible in Fig. 6.4).

6.4.2 Application of JointICA �Non-Simultaneous Recordings

Making use of the EEG data measured outside of the scanner room, slightly
improved the interpretability of the results and yielded spatio-temporal activations
more consistent with the literature, speci�cally for the P1-related component.
Earlier work by [126] showed that the P1 ERP wave is generated by two di�erent
regions. One region is found in the middle occipital gyrus (this activation is present
in both inside and outside maps, Fig. 6.2a Fig. 6.5a). However, another region
that contributes to the late P1 activation is located in the fusiform gyrus. This
contribution can be clearly seen in Fig. 6.5b, but not in Fig. 6.2a, nor in any
other sub�gure of Fig. 6.2. It is also worth noting that the locations of the brain
activation clusters shown in Fig. 6.5 are in strong agreement with the source
localization that were obtained by Di Russo et al.[61] using dipole-modeling.

That the outside data yield more activation than the inside ERP data is further
evident from the fact that the results were obtained with only 18 datasets, or 8 less
than in the analysis with data measured simultaneously. To further substantiate
this, we repeated the jICA analysis with inside EEG data with only 18 datasets
(the subset of subjects which has both inside and outside recordings, as mentioned
before). The results of this analysis did not yield the expected P1-related fMRI
activity (Fig. 6.7). This was contrary to the non-simultaneous analysis in which
the expected fMRI activation for the P1 wave was fully captured in the P1 IC
(Fig. 6.5), despite that it included only 18 participants. This di�erence is probably
due to residual scanner-related artifacts in the EEG data measured inside the
scanner. Firstly, the quality di�erence of the ERPs recorded inside and outside the
scanner room is obvious from Fig. 6.1 (especially from the pre-stimulus baseline
variations), and from the SNR values provided in the Results section. Secondly,
our previous work has shown that the quality of ERPs from EEG data recorded
inside the scanner is strongly dependent on the procedures and parameter settings
used for removing the artifacts and that the optimal settings vary from dataset
to dataset [9, 185]. Of course, given the di�erences in position, (neuro)physiology
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and measuring conditions between inside and outside EEG recordings, it cannot be
excluded that some of the di�erences in the jICA result are also real di�erences that
cannot be resolved with improved analysis and signal cleaning techniques. Taking
this precaution into account, we believe that the results reported here constitute a
good argument for acquiring EEG and fMRI data in separate sessions, as it may
yield better results with fewer participants. However, under certain circumstances
separate recordings are not recommended. E.g., there are many cognitive studies
in which processes, such as habituation, learning and arousal state [55, 54], play an
important role, and thus simultaneous measurements have to be performed. Also
in some applications in clinical studies, simultaneous recordings are required. In
both cases, it is essential to carefully optimize the data quality (e.g., [185] prior to
further analyses.

6.4.3 JointICA Experiment � Investigating the In�uence of the
ICA Algorithm

Even though we know now which data properties are important to retrieve
interpretable ICA components, this does not yet explain why exactly the JointICA
method is able to extract these speci�c multimodal components. If one would
consider general ICA assumptions, obtaining these components does not seem
logical for the following reasons. First of all, the fMRI spatial activation maps in
the brain have no mathematical ground to be fully statistically independent from
each other (although this hypothesis is hard to check). This is why algorithms
based on e.g. the diagonalization of 4th order cumulant matrices (like JADE), and
therefore destruction of all the 4th order cross-cumulants between the obtained
independent components, are not able to separate fMRI sources correctly. This
behavior was shown previously [24, 69, 35], and the same result is con�rmed here
in Table 6.1. Although JADE does connect some components in the reliable way,
other components are either merged together, or the ERP IC peaks are connected
with non-corresponding fMRI IC activations (according to the expected activations
based on the literature). Second, there is no reason to assume that ERP temporal
peak components and fMRI spatial independent maps are statistically dependent,
and will therefore be extracted into single independent component. For the above
mentioned reasons, JADE is not the good choice for the JointICA algorithm, and
therefore [23] used Infomax.

For the fMRI applications, the superior performance of Infomax, compared to other
algorithms, has been shown by di�erent groups [130, 24, 22, 42]. Daubechies et
al., [42] showed on various simulations that the performance of Infomax is linked
to its ability to e�ectively handle sparse components rather than independent
components as such. FastICA algorithm has also been tested, and it showed more
sensitivity to statistical independence of the data distributions with non-sparse
data, but these distributions had no in�uence if the data used in the experiment
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were sparse. An explanation for this can be found in the fact that Infomax and
FastICA are based on minimizing the nonlinear objective function, which was
tailored to satisfy the expected distribution of the target components, not strictly
implying statistical independence between components [29] showed that it was
possible to improve the Infomax estimates by tuning the nonlinearity to better
match the underlying distributions). Speci�cally, since the data distribution of
the target components was assumed to be super-Gaussian (sparse), a sigmoidal
function is chosen for Infomax [130], as implemented in the Fusion ICA Toolbox.
For this reason, we expect Infomax to perform not only well on the fMRI but also
on the joint data, assuming the sparsity of both modalities.

This means that, for Infomax to work, it is su�cient that brain areas corresponding
to higher ERP peak amplitudes also need to show stronger hemodynamic responses
and vice versa, and that the number of activated voxels with respect to the total
number of analyzed voxels is small. If the amplitude modulation over subjects
is linearly dependent between both modalities, due to equation 6.1 they will be
captured in the same row of the S matrix, i.e., in the same independent component,
even if the mutual independence between all the estimated components is not
satis�ed. As such, we can conclude that JADE is less e�ective in connecting fMRI
activations with their corresponding ERP waveforms than FastICA or Infomax.
For the analysis of the performance of the algorithms on the fMRI data, with a
number of simulations where sparsity/independence was questioned, we refer the
reader to [42].

Concerning the FastICA algorithm, it pursues the same goal, using the concept
of di�erential entropy (negentropy), again an information theoretic function,
interpreted as a measure of non-Gaussianity of a distribution. FastICA practically
estimates negentropy, based on maximum entropy principles [90]. This results
in the use of nonlinearities that are practically equivalent to those required by
Infomax. Hence the decomposition by these algorithms is almost indistinguishable
when 26 subjects are used (see the correlations in Table 6.1).

The di�erence between the two algorithms is the complementary way of adapting
the unmixing matrices within each iteration. FastICA uses the non-adaptive rule,
whereas Infomax uses the adaptive rule. The adaptation additionally requires the
choice of a learning rate sequence, thereby a�ecting the convergence speed. However,
the adaptation may account for some non-stationary e�ects in the observed data,
and is more robust to the choice of the initial point (as con�rmed by the ICASSO
analysis in our work (Fig. 6.6)). For a more theoretical explanation about the
algorithms and methods the reader is directed to (Infomax - [14]; Fixed-Point
approach [91, 34]).
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6.4.4 JointICA Experiment � Central Linking Hypothesis and
Randomization

To support our central-linking hypothesis that the strengths of activations in ERP
and fMRI data are indeed highly correlated, we refer to work of Sadeh et al. [168]
for visual brain activation in humans. They examined the correlations between
ERP and fMRI measures in face-selectivity. What they found is that not only
face-selective ERP and fMRI responses were highly-correlated, but also that these
correlations were speci�c for distinct ERP latencies and distinct brain regions.
Following the same logic, we believe that these �ndings hold for all brain activations
and that di�erent ERP peak components are highly connected to di�erent fMRI
regions. This was also con�rmed in a similar study with auditory stimulation by
Mayhew et al. [129] and in a visual study of [11].

In the context of the central-linking hypothesis, we were comparing the similarity of
the components obtained from integrated and individual ERP and fMRI ICA
analyses. Based on this, and on the better results obtained with the non-
simultaneously compared to the simultaneously acquired data (Figs. 6.5 and
6.7), we hypothesize that the JointICA decomposition is more strongly in�uenced
by the ERP characteristics. It therefore represents an additional argument for
optimizing the quality of the ERP data.

Nonetheless, the decomposition of the single modality ERP data was still
signi�cantly di�erent from what was obtained in the joint decomposition. This is
evident from the fact that some of the peaks obtained in distinct components in
the separate analysis, are merged in the joint analysis, thanks to the fMRI maps.
This indicates that, although the ERP data are more similarly decomposed, the
fMRI modality also in�uences the decomposition signi�cantly, which additionally
con�rms the central linking hypothesis.

As mentioned in the results, only 60% of the fMRI in the simultaneously processed
data was explained through the PO8 ERP components in Fig. 6.2, whereas
additional 20% is explained through a single fMRI independent component that
shows activations in the primary visual areas, but has no ERP activation on the
PO8 electrode. This fact is very interesting, since it implies that the so-called
ERP-blind fMRI activations can be captured with the ICs having �at ERP part.

However, if the Oz electrode is used for decomposition, this same fMRI IC is
connected to the C1 ERP IC. Therefore, the central linking theorem is additionally
supported in the sense that a major part of the fMRI signal energy (more 80%
in total) can indeed be explained with the ERP activity through the JointICA
method. Moreover, it implies that the decomposition is more driven with the ERP
modality, and explains the di�erence in the fMRI maps extracted jointly with the
ERP data and in a separate analysis.
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Another way to picture the central-linking hypothesis was the randomization
analysis. It is shown that the ICs yield very low correlations with the randomized
data (Table 6.3), signi�cantly worse compared to the correlation coe�cients
obtained by comparison of Infomax to JADE (Table 6.1), or Infomax decomposition
of solely the fMRI data (Table 6.2). Additionally, when the data are randomized,
the fMRI IC maps are connected to the wrong ERP independent components,
or show no interpretable activation at all. This leads to the conclusion that the
decomposition with randomized ERPs is worse than if no ERP information is used.

An additional indication that the ERP data are important for the algorithm,
is given by the above-mentioned fact that di�erent electrodes yield a di�erent
decomposition. This is shown in Figs. 2 and 4, visualizing the decompositions
using electrodes PO8 and Oz respectively. However, these decompositions di�er
only in the early ERP components. When Oz is used, the fMRI IC shows activations
around the calcarine sulcus (primary visual area), whereas if the PO8 electrode
is used, the middle occipital gyrus (P1-related region) is activated. All the other
activations (early N1, late N1 and P2) are similar between the two decompositions.
The di�erences correspond well with the fact that the activations around the
calcarine sulcus are connected with the C1 peak, which is visible on the midline
electrodes (e.g., Oz), whereas the activations in the middle occipital gyrus give
rise to the P1 peak that temporally overlaps with the C1, but is visible on the
more lateral EEG electrodes (e.g., PO8). For more information about the expected
occipital activations connected to the task used in this study, the reader is referred
to [126, 62, 61, 63].

6.4.5 JointICA Experiment � Robustness and Consistency
analysis

Our results show that increasing the number of subjects has a clear impact on the
quality of the decomposition. Table 6.1 shows that FastICA and Infomax extracted
very similar independent components. Therefore, we conclude that, if the dataset
is su�ciently large, both algorithms are going to show a consistent performance
and yield similar results (as explained in one of the previous subsections). If the
dataset is insu�cient, the decomposition becomes unstable and Infomax performs
better in the sense of consistency.

Fig. 6.7 (the decomposition of 18 subjects, simultaneously recorded data), teaches
us that, apart for the P1-related independent component, other components are
similar to when 26 subjects are used (Fig. 6.2). That implies (together with what
we have seen by reducing the number of subjects from 26 to 18), that by taking less
subjects into account, the decomposition is not going to change completely for all
the components, but only for some (unstable) components, in this case P1. Other
components are going to preserve their associated activations. This is because
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the information dimension is higher than the data dimension, and therefore it is
no longer possible to separate the data into more independent components. This
becomes even more obvious when the number of subjects drops to only 12 (Fig.
6.8).

As mentioned before, when JADE is used in JointICA, the ERP ICs and the fMRI
IC maps are sometimes merged into one component, but sometimes also wrongly
connected. The corresponding components in the Infomax decomposition with 12
subjects are only merged into one independent component. This is the consequence
of a non-su�cient dataset. However, if more ERP ICs are merged into only one
independent component, the corresponding fMRI ICs are also merged into the
same component. Therefore, the decomposition can still be trusted.

Based on our research, we try to speculate on the test for the reliability of the
decomposition. The decomposition can be considered reliable if it is found to be
consistent (Iq above 0.9) systematically across consecutive numbers of subjects.
This means that if the Iq value is high both in the experiment with N subjects
and in the experiment with N+1 or N-1 subjects, the decomposition is reliable.
In that sense, reliable decompositions are shown in Fig. 6.2, Fig. 6.5 and Fig.
6.8, while the decomposition in Fig. 6.7 is not (see Table 6.5 for details). The
consecutive number of subjects ensures the robustness of the decomposition. The
consistency can be checked for both the Infomax and FastICA algorithms to ensure
the su�ciency of the dataset.

However, as this claim is heuristically derived, it should only be taken as a hint for
the researcher. Additional check, e.g. checking the existence of some physiologically
expected components by an expert, should also be performed.

6.5 Conclusion

In this study, we investigated the performance of JointICA for EEG-fMRI data
on a visual detection task. We showed and compared the performance when the
EEG was recorded both simultaneously with fMRI data and in a separate session
(outside the scanner room). The importance of the ICA algorithm, which is used
for the decomposition, is also analyzed and discussed. Although it was previously
suggested to use Infomax, it was better explained in the Discussion section of
this chapter why exactly this algorithm is the best choice. For this reason, its
performance was also compared to FastICA and JADE. Additionally, we validated
the central-linking hypothesis, and showed that the joint decomposition is mostly
in�uenced by the ERP modality, and that therefore a good quality of the ERP data
is highly desirable. It is also shown that the number of included subjects should
be as high as possible, in order to obtain a complete decomposition. However,
if the available number of subjects is not su�cient for the full decomposition, a
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meaningful decomposition can still be obtained, and we proposed a way to check if
the obtained decomposition can be reliable. Although in this case some independent
components are merged together, the corresponding ERP and fMRI activations
still belong to the same independent component.



Chapter 7

A simultaneous EEG/fMRI
Study on Local and Global
Integration of Visual
Information

In the previous section, the JointICA approach has been explained and validated
[136]. In this chapter, we exploit JointICA for another, more complicated, task
(the task of perceptual grouping, described in 5.2.1). Besides discussing the results
obtained with JointICA, this approach is compared to other approaches (correlation-
based approaches). Also, the JointICA has been slightly modi�ed in two ways,
and these new results are presented and discussed. This research is performed in
collaboration with the Laboratory of Experimental Psychology, KU Leuven.

7.1 Introduction

Vision science aims to understand how the brain translates the pattern of light on
the retina into a stable, coherent and meaningful picture of the outside world. An
intermediate step in this process is to determine which parts of the retinal image
belong together. To describe how local elements are perceptually grouped into
larger wholes, a number of grouping principles have been introduced by the Gestalt
School in the early 20th century (e.g., [100]). These principles include � among
others � proximity, similarity and good continuation (Fig. 7.1).
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(a) (b) (c)

Figure 7.1: Illustrations of 3 Gestalt principles. (a) Proximity. The dots are
perceived to group in horizontal lines, because the distance between the dots is
smaller in the horizontal than in the vertical direction. (b) Similarity. The dots are
grouped in vertical direction because of systematic luminance di�erences between
adjacent columns. (c) Good continuation. The upper �gure is perceived as a
collection of 5 circles, rather than a collection of 9 more complex shapes, because
we tend to see the lines continuing in their established direction

Our research investigates the neural mechanisms of contour integration, i.e. the
grouping of local edges into global contours. Contour integration is strongly linked
to the Gestalt principle of good continuation, the tendency to aggregate spatially
aligned neighboring features into a continuous contour [189]. Good continuation has
been studied extensively in the path�nder or snake detection paradigm (introduced
in [72]), in which participants have to detect a winding path in an array of randomly
positioned elements. The strength of grouping by good continuation depends on a
number of factors, such as the separation and relative orientation of local elements.
More global contour properties also in�uence the grouping strength [85]). Straight
contours are detected more easily than curved ones (e.g. [72, 84]) and changes
in curvature direction impede path detection [154]. Longer paths [72] and closed
contours (e.g., [103, 84, 155]) improve detectability.

Grouping of local elements into a global contour requires integration beyond the
receptive �eld size of orientation selective neurons in primary visual cortex (V1).
Field et al. [72] assumed that lateral connections between V1 neurons might enable
this integration and, as such, provide the neural circuitry for contour integration.
Empirical support for this view comes from Fitzpatrick [ 74]. He observed anisotropy
in the striate cortex of the tree shrew. Neurons with the same orientation preference
are more strongly interconnected. These connections also extend further than
connections between neurons with a di�erent orientation tuning. Schmidt, Goebel,
Löwel, and Singer [172] obtained similar results in area 17 of the cat. In addition,
they showed that the anisotropy is even more pronounced for neurons with spatially
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aligned receptive �elds. This synaptic architecture within V1 might enable the
perceptual grouping of smoothly aligned edge elements. Further evidence for this
idea comes from physiological studies that found enhanced neural responses in
striate cortex when oriented gratings were �anked by collinear gratings outside the
neuron's receptive �eld (e.g. [158]).

The integration of local elements into spatially extended contours has often been
explained by a reinforcing cascade of lateral connections between V1 neurons (e.g.,
[113]). More recently, however, some authors have argued that a serial propagation
through horizontal connections is probably too slow to explain the fast modulations
by stimuli far outside the classical receptive �eld [7]. Probably, also extrastriate
feedback connections to V1 play a role in contour integration [8]. This view of
contour integration as a global-to-local process, mediated by feedback connections is
supported by recent neurophysiological �ndings. Li, Piëch, and Gilbert [112] found
that the enhancement of V1 responses to collinear contour elements disappeared
under anaesthesia, highlighting the involvement of extrastriate areas in contour
integration.

The involvement of both striate and extrastriate brain areas in contour integration
has been observed in functional magnetic resonance imaging (fMRI) studies. Gabor
elements that are arranged to form a closed shape outline elicit a stronger BOLD
response than randomly oriented Gabor elements, both in object sensitive lateral
occipital cortex (LOC) and in early retinotopic areas [5, 102]. Although fMRI has
provided us with important knowledge about which cortical areas are involved
in contour integration, it does not allow to tap into the temporal aspects of the
grouping processes.

To uncover the time course of contour integration, imaging methods with a high
temporal resolution are required. In a MEG study, Tanskanen, Saarinen, Parkkonen,
and Hari [178] found that responses to collinear contours embedded in a �eld of
randomly-oriented Gabor elements began to di�er from no-contour stimuli after
130 ms, with the largest di�erence occurring 215 ms after stimulus onset. Earlier
responses, 95 ms after stimulus onset, were identical to contour and no-contour
stimuli. Their source analysis revealed contour-sensitive regions in the posterior
parieto-occipital cortex. Mathes, Trenner, and Fahle [128] found a contour-speci�c
EEG response, starting about 150 ms after stimulus onset, with detectable contours
eliciting a negative shift over occipital recording sites (see also [122]).

Although the above MEG and EEG studies have yielded novel insights into the time
course of contour integration, they do not provide much insight into the temporal
dynamics underlying contour integration. Knowledge about the dynamical interplay
between the di�erent mechanisms of contour integration is fundamental to a
comprehensive understanding of the mechanisms involved in contour integration. In
the current study, we set out to investigate which cortical areas are activated when.
Joint independent component analysis (JointICA) on simultaneously recorded
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EEG/fMRI data, introduced in [ 23] and validated in [136] is a promising approach
to study the temporal interactions between the cortical regions involved in contour
integration. JointICA starts from the assumption that the amplitudes of the
event-related potentials (ERP) and the haemodynamic responses covary because
they are generated in the same brain region. The shared components can then be
disentangled across participants, allowing to link temporally localized electrical
activations (ERP peaks) to spatially localized BOLD responses.

In the current study, we apply these methods to reveal the neural underpinnings of
local and global mechanisms of contour integration. We believe that local grouping
(i.e., binding of neighboring elements) starts early in visual processing, and provides
the input for more global grouping processes that evolve later in time and in
object-sensitive areas. Grouping on a more global level can facilitate the ongoing
grouping processes in retinotopic areas through recurrent feedback mechanisms.

7.2 Methods

7.2.1 Participants

15 participants (7 female and 8 male, aged 23-44, with a mean and standard
deviation of respectively 27.4 and 5.2) with no history of neurological or cardiological
disorders volunteered for this study. All participants reported normal or corrected-
to-normal vision. Written informed consent was obtained in accordance with the
KU Leuven Ethics Committee guidelines.

7.2.2 Task Paradigm

To investigate the mechanisms behind contour integration, a task was used in which
two types of contour stimuli were alternated with no-contour stimuli (with the
two types of contours in distinct runs). Below, �rst, a detailed description of the
construction of these stimuli is given, after which the experimental procedure that
was followed, is explained.

Stimuli The detailed description of the task used in this chapter was explained
in 5.2.1. Here, only a short description is given, so that the following text can be
more easily followed.

The employed stimuli were arrays of oriented and non-overlapping Gabor elements
(see Fig. 5.4), created with MATLAB and GERT, the Grouping Elements Rendering
Toolbox [59]. The stimuli were presented centrally on a uniform grey screen with a
randomized alternation between local+global contour (LG), global-only contour
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(GO), no contour (NC) and catch stimuli. NC stimuli were dense matrices of
isolinear non-structure elements as shown in Fig. 5.4(a). Catch stimuli looked
similar but included a small circle in the Gabor array (Fig. 5.4(d)). There were
two types of structure stimuli, thereby distinguishing between two versions of task
blocks. In LG, structure stimuli were dense matrices with curvilinear contour
elements and isolinear non-structure elements (Figure 5.4(b)). GO task showed
structure stimuli corresponding to dense matrices with alternating curvilinear and
orthogonal contour elements and isolinear non-structure elements (Fig. 5.4(c)).
For more details on similar stimulus construction, see [121].

Experimental Procedure The Gabor arrays explained above were presented
centrally on a uniform gray screen, during a passive-viewing task. To ensure
that the participants' attention was kept to the displays during passive viewing, an
undemanding orthogonal catch task was used: while �xating in the middle of the
screen, participants were instructed to press a response button when a circle was
present in the array (as illustrated in Fig. 5.4(d)). To avoid that participants would
focus on a small region of the display, the position of the circles was randomized
across catch trials. Catch trials were not included in the analyses.

As such, each experimental run consisted of contour trials (frequency = .24), no
contour trials (frequency = .48), catch trials (frequency = .08), and blank trials
(frequency = .20). LG and G conditions were presented in separate runs, four of
each type. The stimulus order within each run was optimized using the approach
suggested in [98], slightly modi�ed to allow for a random inter-trial duration.

A contour stimulus was always preceded by 1 to 5 no contour stimuli with identical
Gabor positions, and was always followed by a no contour stimulus with di�erent
Gabor positions. To ensure that all e�ects pertain only to di�erences in element
orientation (and not to di�erences in element position), the �rst no contour stimulus
following a contour stimulus was not included in the analyses. The positions
of Gabor elements in successive no contour arrays did not change, while their
orientations did (each element was rotated at least 30 degrees away from its
previous orientation).

Each stimulus was presented for 200 ms. The duration of the inter-trial interval was
uniformly sampled between 2000 and 2400 ms. A central �xation cross was shown
during the inter-trial interval. The experiment was run using the Presentation
software (Neurobehavioral Systems, Albany, CA, USA). A Barco projected the
stimuli on a translucent screen attached to the bore of the scanner. Responses to
the catch trials were registered using a response box.

Localizer Exeriments In addition to our task paradigm focusing on contour
integration, fMRI data were acquired during four more runs especially intended
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to accurately de�ne certain regions of interests (ROIs). Two types of these so-
called localizer experiments were performed (two of each type). In the �rst, the
meridian mapping experiments, horizontal and vertical wedges �lled with black-
and-white patterns of circles and squares were presented to the participants. These
stimuli speci�cally activate the borders of the early visual regions, thus allowing
an accurate localization of the early visual areas (EVAs) V1 and V2. Second, the
contrast between presented objects and scrambled images during object-localizer
experiments was employed to extract the lateral occipital complex (LOC, including
LO and pFs) and co-lateral sulcus (CoS) areas, involved in object detection.

To sum up, a complete experiment consisted of 12 runs of about 5 minutes each:
eight runs involving contour integration, two meridian-mapping and two object-
localizer runs. The order of runs was randomized across participants.

7.2.3 Electrophysiology

The EEG acquisition and preprocessing is thoroughly explained in Chapter 4. Here
we outline shortly the preprocessing steps used in this study.

EEG recording The EEG data were collected from 62 standard scalp sites using
the MR-compatible BrainAmp MR+ system (BrainProducts,Munich, Germany)
with a sampling rate of 5 kHz . Two additional electrodes were placed below the
left eye and on the left upper back to monitor eye blinks and the electrocardiogram
(ECG), respectively. All 64 channels were recorded with FCz as reference and Iz as
ground. Electrode impedances were kept below 10k! .

EEG preprocessing The acquired EEG data were subjected to the following
preprocessing steps, of which the �rst ones were intended to remove the scanner-
related artifacts in EEG simultaneously measured with fMRI data. Preprocessing
as well as artifact removal were performed in the MATLAB (v 7.7; The MathWorks,
Natick, MA, USA) environment with the EEGLAB 5.03 toolbox [58].

First, gradient artifacts were removed with the average template subtraction method
[2], as implemented in the Bergen EEG-fMRI EEGLAB plug-in [142]. After �ltering
the data between 1 and 30 Hz and downsampling to 250Hz, ballistocardiogram
(BCG) artifacts were reduced with a combination of the Optimal Basis Set (OBS)
method [147] and ICA [185]. In addition, eye artifacts were reduced with ICA [96]
and data were rereferenced to the average of TP9 and TP10 (the closest electrodes
to the mastoids in the present electrode setup).

To extract task-related event-related potentials (ERPs), all available blocks per
subject and per condition were merged together and data were segmented from 100



METHODS 147

ms before until 500 ms after stimulus onset. Baseline correction was performed
based on the 100ms pre-stimulus interval and low quality trials were rejected by
thresholding trials at 150 �V . Thereafter, an average ERP for each stimulus type
was computed.

7.2.4 Functional MRI

The fMRI acquisition and preprocessing is thoroughly explained in Chapter 4.
Here, the parameters used for this particular study are shortly outlined.

fMRI acquisition To acquire the fMRI images, a Philips 3T Intera whole-body
scanner (Royal Philips Electronics, Amsterdam, the Netherlands) was used. The
acquisition parameters di�ered between the experimental (related to contour
integration) and the localizer runs. For each of the experimental runs, 155 echo-
planar images (EPI) composed of 36 slices of 3 x 3 x 3 mm voxel size and 3 mm
slice thickness were recorded with ascending slice order with 2 s repetition time
(TR) and 29.8 ms echo time (TE). For the localizer runs, 110 images were acquired
composed of 48 slices of 3 x 3 x 3 mm voxel size and 2 mm slice thickness with
TR = 3 s and TE = 29.8 ms. In addition to the functional data, a full brain
anatomical image was obtained with the magnetization prepared rapid gradient
echo (MPRAGE) imaging sequence (182 coronal slices, TE = 4.6 ms, TR = 9.7 s).

fMRI preprocessing fMRI analysis was performed with the statistical parametric
mapping software (SPM5, Wellcome Department of Cognitive Neurology, London,
UK). The EPI time series were slice-time corrected, realigned, co-registered with
anatomical images, normalized to a template and smoothed with a 6-mm FWHM
Gaussian kernel. Next, fMRI activation maps were retrieved via a general linear
model (GLM) analysis with stick-functions based on the onset times of the di�erent
stimuli. More speci�cally, percent signal change (PSC) maps were derived for each
subject and stimulus.

De�nition of Regions of Interest To de�ne the regions of interest, �rst, the
anatomical images of all participants were segmented and �at-maps were derived
using the Caret5 software (Van Essen Laboratory, Washington University, St.
Louis, USA). Subsequently, the SPM-derived activation maps (T-maps) from the
object-localizer and meridian-mapping runs were projected onto these �at-maps,
and thresholded based on a p-value of 0.001. The resulting overlays allowed deriving
the CoS and LOC ROIs (for the object-localizer maps) and the ROIs in the early
visual regions V1 and V2 (for the meridian-mapping maps).
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7.2.5 Data analysis part 1: Correlation Study

The correlations are computed between the task-related fMRI activation in the ROIs
extracted using localizers, and the time-instants in the average ERPs computed for
the corresponding task in the following way. Concerning the fMRI data, in each
of the ROIs, the 100 most sensitive voxels are selected from the fMRI PSC map.
The median of these selected voxels is then used to for the correlation with the
ERP data. The ERP data, are divided in 4ms windows. These data points for
each subject, are then correlated with the fMRI activations from the ROIs, and
this is performed for all the three recorded conditions (LG - local+global, GO -
only global and NC).

7.2.6 Data analysis part 2: JointICA

To extract spatio-temporal information from the EEG and fMRI data acquired in
this study, the JointICA approach, as originally proposed by Calhoun et al. (2006)
[23] and validated by Mijovi¢ et al. (2012) [136], was used. JointICA starts from
the assumption that the amplitudes of the ERPs and the hemodynamic responses
co-vary when they are generated in the same brain region.

In order to apply JointICA, the fMRI PSC map obtained with the SPM
GLM analysis for every subject and stimulus, was vectorized and concatenated
with the average ERP for the same subject and stimulus. For each stimulus
separately, the subject-speci�c concatenated ERP-fMRI vectors were then arranged
together in one matrix and fed into the JointICA algorithm (freely available from
http://icatb.sourceforge.net). As such, joint independent component maps were
obtained as in Eq. 7.1, incorporating both spatial and temporal information about
the stimulus-related processes.

�
X fMRI X EEG �

= A �
�
SfMRI SEEG �

(7.1)

The reliability of the JointICA decomposition was checked by calculating the
stability index ( Iq) using ICASSO [87], as proposed by Mijovi¢ et al. (2012) [136].
The Iq index was computed for all the extracted independent components, both
based on the complete dataset (15 participants), and when one of the participants
was left out. In addition, this ICASSO analysis also allowed estimating the number
of underlying components, based on the computation of the R-index [87].
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7.2.7 Data analysis part 3: Modi�ed JointICA

The application of JointICA explained above, was performed for each condition
separately. However, the three di�erent conditions present in this study (LG, GO
and NC) are similar to a certain extent, such that they might invoke the same
underlying neural sources. For this reason, it would be interesting to perform the
analyses on the data from the di�erent conditions simultaneously, in other words,
to jointly estimate their mixing matrices and sources. As such, we could focus the
method speci�cally on similarities and di�erences across conditions.

To explain this in more detail, let us denote the matrices representing the EEG
and fMRI data from all subjects, induced by condition LG, with and , respectively
(and analogously for the conditions GO and NC). We then propose to combine the
data from the di�erent conditions in a single matrix and perform the ICA analysis,
as shown in Eq. 7.2:

2

4
X fMRI

LG X EEG
LG

X fMRI
GO X EEG

GO

X fMRI
NC X EEG

NC

3

5 =

2

4
A LG

A GO

A NC

3

5 �
�
SfMRI SEEG

�
(7.2)

with A LG , A GO and A NC the parts of the mixing matrix, corresponding to the
conditions LG, GO and NC, respectively, andSEEG and SfMRI the EEG and fMRI
portions of the extracted independent components. By modifying the JointICA
analysis in this way, the information embedded in the source signals is assessed
jointly for all conditions.

Subsequently, to extract the information in the independent sources, corresponding
to a particular condition, the above-mentioned condition-speci�c parts of the
estimated mixing matrix can be used. For example, by combining the LG-speci�c
part of the mixing matrix A with the EEG and fMRI data from this same condition,
the independent sources speci�c for this condition, can be extracted. This is
illustrated in Eq. 7.3, with A � 1

LG the pseudo-inverse of the LG-speci�c part of the
mixing matrix.

h
SfMRI

LG SEEG
LG

i
= A � 1

LG �
h
X fMRI

LG X EEG
LG

i
(7.3)

In this way, the information embedded in the source signals is going to be assessed
jointly for all the conditions. If one remembers Eq. 2.19, all the columns of
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the unmixing matrix ( wi ) are estimated together, maximizing the entropy of the
output. This procedure enables us to jointly maximize the likelihood of Ŝ as
(px (WX )j det W j), instead of �rst estimating W LG , W GO and W NC , such as to
maximize the likelihood od ŜLG , ŜGO and ŜNC as px LG (W LG X LG )j det W LG j,
px GO (W GO X GO )j det W GO j and px NC (W NC X NC )j det W NC j and then trying to
make a link between the estimates. Therefore, the rows of the mixing matrixA
(mixing matrix is computed as the pseudo-inverse of the unmixing matrix) are also
calculated jointly.

7.3 Results

7.3.1 Visualization of Employed EEG and fMRI data

Fig. 7.2 shows the localized V1/V2, LOC and CoS areas obtained from the localizer
analysis. The color bar depicts the number of subjects whose localized areas overlap
at the particular voxel.

To illustrate the data that have been used to obtain the results below, Fig. 7.3
shows visual depictions of both the ERP and fMRI signals, averaged across subjects.
First, the top panel of Fig. 7.3 shows the grand average ERPs corresponding to,
from left to right, the LG, GO and NC condition. In addition, their standard
deviation across subjects is illustrated in gray. Next, in the middle panel, the scalp
distributions of these grand average ERPs at two di�erent latencies are included.
More speci�cally, for each of the conditions, the topography is displayed around a
latency of 90 (top) and 190ms (bottom) after stimulus onset. Finally, the fMRI
results of a second-level SPM analysis are visualized from three di�erent views
(ventral, medial and lateral) in the bottom panel. Furthermore, the contours of the
group-ROIs, obtained by analyzing the data from the localizer runs, are illustrated
in these same �gures in di�erent colors. More speci�cally, the contour of the V1
ROI is marked with a purple line, the V2 ROI is shown in green, a red line is used
for the LOC ROI, and the CoS ROI is shown in black. The group-ROIs are de�ned
as the overlapping areas between the individual ROIs from at least 10 subjects.

7.3.2 Correlations

The results from the correlation study are shown in Fig. 7.4. The inverse values
of the corresponding p-values (p� 1) are shown in Fig. 7.5. In these plots, a value
larger than 20, implies that the p-value is lower than 0.05.

The plots show three panels, corresponding to the conditions LG, GO, and NC
from top to bottom, on the interval 0-400 ms. Di�erent ROIs are color-coded. It
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Figure 7.2: The regions of interest (ROIs) derived using the localizers, projected
onto an in�ated anatomical brain template. The color represents the number of
subjects which have the active localizer area in the current voxel.

is to be noted that if the ERP and fMRI changes are positively correlated, then
the sign of the correlation should correspond to the sign of the ERP amplitude at
the particular time-instant. If the signs di�er, that implies that the activation in
the particular ROI is negatively correlated with the amplitude of the ERP at the
particular time-point. The average ERPs for di�erent conditions are shown in the
bottom panels of Fig. 7.3.

These results imply that there exists a signi�cant correlation between the ERP
wave around 130ms and the EVA and LOC ROIs for the LG condition. Also,
there is a signi�cant negative correlation between the CoS ROI and the ERP wave
at around 170 ms. In addition, signi�cant negative correlations are observed with
the EVA ROI around 350 ms and the LOC ROI around 370 ms.

As for the GO condition, signi�cant correlations are observed with the EVA ROI
around 70 ms. The CoS ROI is correlated with the ERP wave at the latency of
around 270 - 300ms, and EVA and LOC show the correlations around 330ms.

Concerning the NC condition, the signi�cant correlations exist only in the time-
interval between 0 and 50ms.

7.3.3 JointICA

The JointICA results are shown in Figures 3-5 for the conditions LG, GO and NC,
respectively. As explained above, for each case, the stability index Iq from the
ICASSO analysis was computed for the complete dataset as well as after leaving
out one subject. In all cases, the calculated values were higher than 0.9, implying
a good reliability of the obtained results. The R-index of the ICASSO analysis
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estimated the number of components to be derived on 15, for all three conditions
in this study.

Fig. 7.6 shows both the temporal (ERP) and spatial (fMRI) part of �ve independent
components resulting from applying JointICA to the data from the LG condition.
Together with the ERP part of the independent components, also the grand average
ERP corresponding to this same condition is shown. The components are ordered
according to their temporal behavior.

From this �gure, it becomes clear that the EVA regions (both V1 and V2) are
activated around 60 ms and 250ms (panels 1 and 5, respectively). Activations
of the CoS area are visible around 200 and 250ms (panels 4 and 5), and the
LOC is mainly activated around 70, 170 and 200ms (panels 1, 3 and 4). In
addition, negative visual activations are visible around 130ms and 370ms (panel
2). These negatively activated areas should be interpreted as that the ERP and
fMRI components are �contra-related�, meaning that larger ERP peaks correspond
to smaller fMRI activations and vice-versa.

In a similar way as for the LG condition in Fig. 7.6, Fig. 7.7 shows the JointICA
results from the data corresponding to the GO condition. For this condition, EVA
activations are mainly found around 170ms, 270 ms and 330ms (panels 2, 3 and
4). Furthermore, the component shown in panel 4 also shows a small peak around
70 ms, revealing additional EVA activation at this latency. The CoS area shows
peak activations around 200ms and 270ms (panels 2 and 3) and LOC activations
are visible around 200 and 330ms (panels 2 and 4). The activations around 70ms,
200 ms and 250ms are very similar to the activations shown earlier in Fig. 7.6,
but there is a clear di�erence visible in the ERPs around 330ms. More speci�cally,
at this latency there is a clear negative peak for the GO condition, which cannot be
seen in the LG results. For the GO condition, this peak corresponds to activations
in LOC and EVA.

The JointICA results for the NC condition are summarized in Fig. 7.8. Also here,
both the temporal and spatial parts of the independent components are shown, the
former together with the grand average ERP waveform. Here, EVA activations are
found around 170ms and 370ms (panels 1 and 3), CoS activations around 200
ms (panel 2) and LOC activations around 170ms (panel 1). The late activation
(around 370 ms) of the EVA ROI was also present for the LG condition (see Fig.
7.6, panel 2), but in the case of the LG condition, the relation between ERP and
fMRI activations was negative, whereas for the current condition (NC) it is positive.

7.3.4 Modi�ed JointICA

Fig. 7.9 shows the results of applying the modi�ed JointICA approach to the
data from all conditions simultaneously. The number of independent sources to
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be derived was estimated to 23. For 6 independent components, the upper part
of the �gure shows the condition-speci�c fMRI results for (from top to bottom)
the LG, GO and NC condition, respectively. The condition-speci�c ERP results
are shown below in the �gure, together with their grand average ERP waveforms.
As explained above, a paired t-test is used to compare the condition-speci�c
distributions across subjects of each component. In the �gure, only p-values
corresponding to signi�cantly di�erent distributions across subjects (p < 0.05)
are included. Their subscripts speci�cally indicate the two conditions that were
compared.

The components in the �rst and third panel (from left to right) show the same
distribution across subjects for the three conditions (p> 0.05). The component
in the �rst panel shows activations in the early visual areas around 70ms after
stimulus onset. This activation could not be separated in the original JointICA
analysis for the NC and GO conditions (Figs. 7.7 and 7.8). The component in the
third panel reveals activations in higher visual areas and CoS around 200ms. This
same component was also found in the results obtained with the original JointICA
analysis for all conditions (as shown in Figs. 7.6-7.8).

The component in the second panel shows activations in the LOC and EVA ROIs
around 170ms after stimulus onset. Similar to the component shown in panel 3,
also this component was found in the individual JointICA analyses for all conditions
(see Figs. 7.6-7.8). However, as opposed to this previously explained component,
the distribution across subjects of the current one is signi�cantly di�erent for the
LG and NC conditions, implying that the processes behind these activations are
physiologically di�erent. By closer look at the activated regions, it is obvious
that, although the EVA and LOC ROIs are activated for all three conditions, the
activation in the LOC ROI is the same for LG and GO, but di�erent from NC.
Also the activation of the EVA region is the same for LOC and GO, but di�erent
for the LG condition.

The component presented in the fourth panel of Fig. 7.9, with the ERP part peaking
around 240ms after stimulus onset, shows signi�cantly di�erent distributions across
subjects for all three conditions. The NC-speci�c ERP part of this IC is a �at line
with zero amplitude, implying no activation for this condition around this latency.
The di�erence between the GO- and LG-speci�c parts of this IC is in the amplitude
of their ERP peaks at 240ms. In addition, the GO condition shows activations
in the CoS and EVA areas, whereas for the LG condition, also the LOC area is
activated.

The �fth panel of Fig. 7.9 shows a component that is only characteristic for the
GO condition, with activations in the LOC and EVA ROIs. This component
corresponds to a component retrieved with the individual JointICA analysis for
this condition, as can be seen from panel 4 in Fig. 7.7. The advantage of the
modi�ed JointICA analysis, however, is that the �at lines available from the LG-
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and NC-speci�c parts of the ERP information, con�rm the exclusiveness of this
component for the GO condition.

Finally, the rightmost panel of Fig. 7.9 shows an IC with not signi�cantly di�erent
distributions across subjects for the three conditions. All three conditions reveal
activations in the CoS and EVA areas. However, the EVA ROI activations for the
NC and GO conditions are positive, whereas these same activations are negatively
related to the ERP waveforms for the LG condition. This observation could not be
made based on the results from the individual JointICA analyses and suggests the
presence of very late activations of the early visual areas speci�cally for GO and
NC.
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Figure 7.3: Top panel: ERP waveforms for each of the three conditions (LG =
local and global, GO = global only and NC = no contour) on channel Oz. For
each case, the grand average is shown in white and the standard deviation across
subjects is colored in gray. Middle panel: Scalp distributions around 90 (top) and
190 ms (bottom) after stimulus onset for each of the three conditions. Bottom
panel: Results from a 2nd-level SPM analysis on the fMRI data from each of the
three conditions (ranging from orange to yellow) together with the contours of the
ROIs of interest for this study in di�erent colors. These group-ROIs are de�ned as
the overlapping areas between the individual ROIs from at least 10 subjects.
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Figure 7.4: The correlation between the activations in a speci�c ROI and the
ERP values at speci�c time points. The bin-length in the ERPs is 4 milliseconds.
Di�erent ROIs are shown in di�erent colors. The early visual area (EVA) ROI is
shown in blue, LOC ROI in green and CoS ROI in brown.

! "! #!! #"! $!! $"! %!! %"! &!!

"

#!

#"

$!

'()*+,)-.

(/
0*

1-
*2

+
3�ï

04
56

*

78169861*+:

 

 

! "! #!! #"! $!! $"! %!! %"! &!!

"

#!

#"

$!

'()*+,)-.

(/
0*

1-
*2

+
3�ï

04
56

*

78169861*+;

 

 

! "! #!! #"! $!! $"! %!! %"! &!!

"

#!

#"

$!

'()*+,)-.

(/
0*

1-
*2

+
3�ï

04
56

*

<=+78169861*

 

 

>(-645
?@A
A@7

Figure 7.5: The p-values of the correlations from Fig. 7.4.The color codes are the
same as in Fig. 7.4.
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Figure 7.6: Results of the JointICA analysis applied to the data in response to the LG stimulus. Five di�erent components
are shown, ordered according to their temporal contribution. For each component the upper panel of the �gure shows
the spatial (fMRI) part, whereas the bottom panel represents the temporal (ERP) part together with the average ERP
waveform (solid versus dotted line, respectively). The fMRI �gures show yellow-orange colors for positive activations and
blue ones for negative activations and also include the contours of the ROIs of interest in the same colors as in Fig. 7.3.
Only activations, of which the absolute value exceeds 3 times the standard deviation of the activation values in all voxels,
are shown.
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Figure 7.7: Results of the JointICA analysis applied to the data in response to
the GO stimulus. Four di�erent components are shown, ordered according to their
temporal contribution. For each component the upper panel of the �gure shows the
spatial (fMRI) part, whereas the bottom panel represents the temporal (ERP) part
together with the average ERP waveform (solid versus dotted line, respectively).
The fMRI �gures show yellow-orange colors for positive activations and blue ones
for negative activations and also include the contours of the ROIs of interest in the
same colors as in Fig. 7.3. Only activations, of which the absolute value exceeds 3
times the standard deviation of the activation values in all voxels, are shown.
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Figure 7.8: Results of the JointICA analysis applied to the data in response to the
NC stimulus. Three di�erent components are shown, ordered according to their
temporal contribution. For each component the upper panel of the �gure shows the
spatial (fMRI) part, whereas the bottom panel represents the temporal (ERP) part
together with the average ERP waveform (solid versus dotted line, respectively).
The fMRI �gures show yellow-orange colors for positive activations and blue ones
for negative activations and also include the contours of the ROIs of interest in the
same colors as in Fig. 7.3. Only activations, of which the absolute value exceeds 3
times the standard deviation of the activation values in all voxels, are shown.
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Figure 7.9: Results of the modi�ed JointICA analysis, performed jointly on the
data from all three conditions (LG = local and global, GO = global only and
NC = no contour). The upper panels show the spatial (fMRI) results from the
condition-speci�c independent components, for (from top to bottom) the LG, GO
and NC conditions. For each case, the results are only depicted from those angles
that show the major part of the activation (as before, only those parts of the
activation are shown that exceed 3 times the standard deviation of all activation
values). P-values are only mentioned if they are below 0.05. The bottom panel
presents the temporal (ERP) parts of the independent components, with di�erent
colors distinguishing between the di�erent conditions. These colors correspond
to those used in Figs. 7.6-7.8. Together with the independent components (solid
line), also the grand average ERPs for all conditions are plotted (dashed line).
Like in Figs. 7.6-7.8, also here the components are ordered according to their
temporal peak behavior. The empty fMRI sections in panels 4 and 5 correspond to
components for which the ERP part is a �at line.
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7.4 Discussion

To not only identify the brain regions involved in contour integration, but also
unravel their temporal interactions, a fully integrated analysis of simultaneously
acquired EEG and fMRI data, is needed. In this study, therefore, data acquired
during a perceptual grouping experiment, were analyzed with JointICA, a method
that has been previously successfully introduced and validated on several datasets
[23, 136]. In addition, to speci�cally investigate the di�erences between distinct
conditions included in the task paradigm, a modi�ed version of the JointICA
approach was applied. The results of these studies are also compared to those of a
standard correlation analysis.

Our results showed that, although the employed conditions were similar to a certain
extent in their temporal activation of involved brain areas, very apparent di�erences
could be found at speci�c latencies. More speci�cally, the independent component
peaking at latency of 240ms, activating the CoS area, is speci�c for the LG and
GO stimuli, but not for NC. Further, the IC corresponding to the latency of 330
ms, shows late activation of the LOC and EVA ROIs, particularly for the GO
condition. Finally, late visual activations around 370 ms are speci�c for GO and
NC stimuli, and the LG condition shows negative correspondence.

The modi�ed JointICA allowed us to focus on the similarities and di�erences
across conditions and to perform statistical analyses. An additional bene�t of
this approach relates to data dimensionality. It has been shown by Mijovi¢ et al.
(2012) [136] that if the number of subjects, included in the JointICA analysis, is
not su�ciently large, the estimated sources will be accurate, but some sources may
be joined together into one independent component. This is usually the case when
the number of subjects in the study is lower than approximately 25. However, by
combining the data from the di�erent conditions in one analysis, as was explained
in Eqs. 7.2 and 7.3, the number of available subjects is arti�cially enhanced to 45
not linearly dependent subjects, therefore making the analysis more robust.

Finally, we compared the performance of the correlation analysis, to JointICA.
The results from these two analyses correspond to a certain extent. For example,
negative correlation of the EVA ROI and the ERP wave at the latencies of 130ms
and 370ms for the LG ROI are obtained by both JointICA and the correlation
analysis. Further, the results for the GO condition also partly correspond between
the two analyses. However, the correlation analysis did not provide any signi�cant
correlations for the NC condition.

The reason for this incomplete performance of the correlation analysis may be found
in the fact that overlapping of several di�erent activations may highly in�uence the
correlation measure, yielding no signi�cant correspondence. On the other hand, the
JointICA analysis, instead of only computing a parameter, aims at disentangling
the contributions from di�erent processes into a linear mixture of independent
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components. Therefore, JointICA allows that di�erent sources overlap, and is able
to separate them into di�erent independent components, yielding more robust and
detailed analysis.

7.5 Conclusion

The JointICA method, validated and explored in chapter 6 is used in this chapter
for the novel perceptional grouping study. The results from JointICA analysis are
compared to the results from the correlation analysis. It is shown that JointICA
results are more complete and easier to interpret than the the correlation results.
Also a modi�cation of JointICA for simultaneous analysis of di�erent paradigms is
proposed. The results from this modi�ed analysis agree with the results obtained
by regular JointICA. However, the new method is able to emphasize the similarities
and di�erences in the joint EEG-fMRI activations, belonging to di�erent task
conditions.



Chapter 8

Conclusion and Future Work

This chapter provides an overview of the work presented in this thesis. Additionally,
it states the remaining questions, and proposes approaches towards solutions of
these problems.

8.1 EMD-based source separation techniques

In Chapter 2, we demonstrated the application of empirical mode decomposition
(EMD) as a tool for exploring the sources of single-channel signals. In this thesis,
EMD is used to map the single-channel data into a two-dimensional space. This is
used as a preprocessing tool within a novel single-channel BSS method EEMD-ICA,
introduced in Chapter 3. The performance of the algorithm in extracting sources
from EEG signals is shown, as well as in removal of the ECG artifact from the EMG
signals. Thereafter, the extension of the method to 2-channel signals is proposed.

It has been shown that the EEMD as a preprocessing tool outperforms wavelets, due
to its data-driven nature. The comparison is provided on a number of simulation
and several real-life physiological signals. Also, the nature of the EEMD algorithm
allows for better extraction of the oscillatory-type signals, and therefore is superior
in this case, compared to wavelets.

The performance of the 2-channel EMD-ICA approach is shown on the EEG data.
It is shown that this approach can also solved an under-determined ICA problem,
when only two channels are available. Also, it is shown that this extended method
outperforms the single-channel method in case that 2 channels are available. Also
the potential of using this method for cleaning the ECG artifact from the EMG
channels is shown.
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This approach may be bene�cial for the neonatal EEG processing, in which case,
due to small dimensions of the neonatal head, only a small number of EEG-channels
are available. In most cases, this number goes up to 8 channels. However, in the
polysomnographic (PSG) recordings, usually up to only two EEG electrodes are
used. Additionally, nowadays there is a tendency towards developing new devices
with wireless transmission of the physiological data. In this case, in order to avoid
the overload of the wireless links, only a few channels of the PSG recordings is
available. In these cases, such an approach can also be bene�cial.

As already mentioned in Chapter 2, the multichannel EMD (multivariate EMD -
MEMD) has been developed by Rehman and Mandi¢ [160]. This approach separates
the multichannel signal into its oscillatory modes (IMFs) such that the common
modes are extracted to the corresponding IMFs. In that group, some work has
already been done with applying this approach to the EEG data [162]. This method
can be used for a number of useful data-extraction applications from the EEG data.
For example, De Vos et al. [51] used the combination of wavelets and parallel factor
analysis (PARAFAC) to detect the seizure onset zone from the EEG recordings. In
the case of oscillatory seizures, multivariate EMD may have an advantage compared
to wavelets as used in combination with PARAFAC.

Additionally, the MEMD algorithm has been shown to exhibit interesting properties
that can be used to avoid the mode-mixing problem in EMD. As mentioned in
Chapters 2 and 3, the extraction of the IMFs is improved by introducing ensemble
EMD (EEMD [ 191]). However, the mode-mixing problem still remains. Recently,
Rehman and Mandi¢ showed that this problem may be solved by using, so-called,
Noise Assisted MEMD (NA-MEMD) [ 161]. The problem appears to be solved
by arti�cially generating a number of white Gaussian noise channels, and feeding
these channels as inputs to MEMD, together with the original signal. For more
information about the method, the reader is referred to [161]. This method can
potentially be used as an improvement of EEMD, as the �rst step of the algorithms
proposed in Chapter 3.

We showed the potential of PARAFAC as a brain computer interface (BCI) tool in
[186]. In that work, the automatic clustering of the checkerboard stimuli presented
in left or right visual �eld was shown with the classi�cation accuracy of above 90
percent for the data recorded outside the scanner magnetic �eld and around 80
percent for the data recorded simultaneously with fMRI. It is also shown that the
data between all four quadrants (upper-left, upper-right, down-left and down-right)
can be distinguished. The classi�cation is signi�cantly better than the one obtained
on the raw data (p-alues below 0.05).

The EMD and bivariate EMD have also shown potential to be used as BCI tools in
[167] and [119] respectively. In [119], the gamma-band synchronization is proposed
as a selective attention features, both in energy and phase domains. This is
one extra reason to exploit the joint performance of the EMD (or MEMD) and
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PARAFAC.

Since MEMD by de�nition extracts joint oscillatory sources from multichannel
signals, its application may be useful in the alpha activity removal from the EEG
recordings. It is well known that the alpha-band spontaneous activity (8� 12Hz)
strongly overlaps in the frequency spectrum with the event-related potentials
(ERPs), and that it is detectable among several channels. Due to this e�ect, the
single-trial ERP estimates can be highly corrupted, and such a method might be
able to produce better signal quality for the EEG-fMRI integration applications.

Also, the removal of the ballistocardiogram (BCG) artifacts from the EEG data
simultaneously recorded with the fMRI represents a big challenge in the EEG-fMRI
research comunity. Several algorithms for this purpose have already been proposed
(the overview is given in Chapter 4 [185]). However, although the signal quality is
fair, the residual artifacts are still large, making the EEG data recorded outside the
scanner room way more reliable (see for example Chapter 6, [136]). This artifact is
also oscillatory in nature, and the application of MEMD or combination of MEMD
with PARAFAC may be useful for its removal.

The major drawback of these approaches is the computational complexity of the
EMD algorithm. Several groups have focused their research towards a solution
of this problem. For the single-channel case, Lee et al. [108] developed a
hardware implementation of EMD using digital signal processors (DSP) and �eld
programmable gate arrays (FPGA). They also demonstrated the performance of
their implementation for on-line ECG denoising systems.

8.2 BSS techniques for multimodal EEG-fMRI fusion

The introduction to BSS techniques for EEG-fMRI is given in Chapter 4. The
application of these methods to the detection and grouping task (presented in
Chapter 5) are shown in Chapters 6 and 7. It was shown that the JointICA
algorithm can be successfully used for unravelling the time-space characteristics
of brain-activity recorded by EEG and fMRI. Indirectly, that is a proof of the
assumption that the EEG and fMRI task-related responses are mutually correlated
across subjects, as proposed e.g. in [11].

In Chapter 6 an explanation and discussion is provided on how and why the
algorithm performs well, and what are the necessary conditions for applying it to
the acquired EEG-fMRI dataset. Further, it is discussed what one can expect if the
dimensionality of the acquired data is not large enough, and how the dataset quality
in�uences the JointICA result. The superiority of the Infomax [ 15] algorithm to
the JADE [ 31] is validated and explained. Also, it is shown that the number of
participants in such an analysis should be as high as possible. However, even if
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the number of subjects is insu�cient for a full decomposition, a physiologically
meaningful decomposition can still be obtained.

After this extensive validation, we used the technique in an optimal way to derive
novel neuroscienti�c conclusions in the study of perceptual grouping. We also
proposed a modi�cation in order to statistically compare results from EEG-fMRI
recordings during di�erent task-conditions. The results of this study are shown in
Chapter 7, and a discussion is provided.

Several JointICA questions are still left unanswered, and need further exploration.
For example, it is interesting to �nd an automatic way to select the signi�cant
components (this can be done by, e.g. explained variance of the particular
component in the particular brain areas). Also, so far, only one electrode is
used in the JointICA setup. In this way the spatial information coming from the
EEG modality is completely lost. Therefore, using more electrodes in the JointICA
setup would be bene�cial. In an analogue way, the time information coming from
the fMRI modality is also lost, and it would be interesting to incorporate this
in the JointICA framework. Finally, the use of JointICA-like methods for single-
trial EEG-fMRI fusion may bring additional improvements in the neuroscience
signal-processing research.

8.3 Future work in the single-trial EEG-fMRI area

The work on EEG-fMRI integration presented in this thesis is mostly directed
towards average EEG or fMRI responses. However, as mentioned in Chapter 4,
future work will also be concentrated on the investigation of single-trial EEG-fMRI
activations. Highly cited papers [55, 67] show that single-trial variations related
to physiological processes can be identi�ed in EEG and fMRI, and con�rm that
integrated EEG-fMRI on a single-trial basis is conceptually possible. However,
there is no consensus if single-trial variations as a response to identical stimuli
can be reliably studied with current signal processing techniques. Therefore, it
is important to focus on improving signal processing concepts to identify single-
trial variations and validate them by correlating it with variations from another
modality.

In order to improve the quality of the single-trial estimates, it is necesary to remove
as much as possible non task-related activations from the fMRI and EEG data.
Some ideas for improving the quality of the single-trial ERP estimates are stated in
Section 8.1. Nowadays, fMRI analysis is mainly based on assessing the statistical
signi�cance of a trigger-based model across subjects. However, in the cases of
single trials, statistical models cannot be used. This calls for new techniques to
investigate the single-trial variations. So far, little has been done to optimize the
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quality of the single-trial fMRI data. There is, however, an indication that BSS
techniques may be exploited for this purpose.

Most of the currently available BSS algorithms for the fMRI processing are mostly
used fully blindly, without incorporating any of the available prior knowledge during
the source extraction. Some semi-blind approaches for the processing of the fMRI
data are reported, which incorporate stimulus timing constraints into the BSS
techniques [25]. Although they showed to outperform standard BSS techniques in
extracting task-related activation maps, they are not able to extract spontaneous
brain activity, since no prior information about the time-course is available in this
case. Also, the BSS approaches to processing of the fMRI recordings are mostly
either spatial or temporal, although the fMRI information of interest is embedded
in both domains.

It is crucial to extract well the spontaneous fMRI activity to achieve better
quality of the single-trial fMRI maps. An additional importance of extracting
these spontaneous �uctuations is in the study of behavioural responses. Several
studies indicate that the �uctuations in single trial estimates (together with
the overlapping spontaneous activity) are responsible for the changes in human
behavioural responses. It can make our responses faster or slower, it can make
that sometimes we see the stimulus, and sometimes not. However, it is not
fully explored to which extent these changes are coupled to intrinsic single-trial
variations and what is the in�uence of the overlapping spontaneous brain activity.
Currently, the correlation-based methods (seeding approaches) are used to extract
this spontaneous activity from resting states. However the extraction of these maps
is more di�cult in case where task-related activations are also present for several
reasons. Therefore, the aim of future research would be to �rst separate both the
single-trial �uctuations and the spontaneous brain activity from each other, as well
as from other brain �uctuations which are not of interest.

As already mentioned, this decoupling of spontaneous activity and single-trial BOLD
estimates is additionally important for the coupling of fMRI and electrical (EEG)
brain activity. There are certain indications from the literature that the ongoing
spontaneous brain activity is coupled with power oscillations in the electrical brain
activity [ 170, 171, 13], and that the single-trial BOLD activity is related to the
single-trial changes in ERP [117]. This hypothesis is not yet fully explored, and
the �ndings from such a study may lead to a new focus to the �eld of EEG-fMRI
research.

According to what is stated in this section, several objectives for further research
can be proposed:

1. Developing new BSS techniques to optimize the extraction of fMRI sources
in both the spatial and temporal domain simultaneously. Currently, there
are numerous ICA algorithms with di�erent assumptions on the extracted
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independent components (e.g., components are sparse or �uctuating). The
techniques should be introduced to best match the behaviour of the fMRI
spatio-temporal maps, and allow introducing constraints as prior knowledge.
These constraints are to be extracted from the data itself. For example,
during this spatio-temporal source separation, it is possible to allow the
temporal ICA algorithm to use prior information obtained from the spatial
separation, and vice versa.

2. These techniques can consequently be used to extract the spontaneous activity
maps from the recordings where the subjects perform a particular task and
compare the results with or without additional constraints obtained from
the well-known patterns of ongoing brain activity. These patterns can also
be obtained during the recording of the resting-state maps, when only the
spontaneous activity maps are present.

3. These estimates can then be used to optimize the quality of single-trial
estimates, and decouple the single-trial and spontaneous brain activity.

4. It is important to provide answers to how single-trial estimates are connected
to subjects' responses (behaviour), and to which extent these behavioural
responses are caused by the spontaneous activity.

5. Unravelling the basis of the fMRI-EEG coupling. This also means providing
the answer to how much overlap is there between spontaneous brain activity
and single-trial activations recorded with fMRI, on the one hand, and the
electrical power oscillations in di�erent bands and the single trial ERP
estimates, on the other hand. Also, it is important to �nd which features
recorded with fMRI and EEG do not correspond to each other (which are
speci�c to only one modality). This can be done for example by comparing
(correlating) both modalities by behavioural features.

6. Finally, with all the previously stated questions being answered, one can
compare the possible improvements obtained with di�erent methods and
develop new BSS techniques for single-trial EEG-fMRI coupling.

In the personal opinion of the author, it is important to focus on these basic, yet
not well-established concepts in current neuroscience research. The understanding
of these relations is crucial and will yield new insight into basic brain functioning
and connectivity. The goal is also that these techniques allow us understanding
more about spontaneous activity during performing a task. On a long term,
understanding how the �uctuations in spontaneous activity in�uence human
behaviour will open the door to possible applications for studying neuro-feedback.

From the algorithm development point of view, besides the continuation of the
work on matrix BSS techniques, we also aim at exploring tensorial setups for
solving a EEG-fMRI fusion BSS problem. The �rst major challenge here is to map
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this multimodal data to be best represented in this mutlidimensional space. One
approach is to �t the data meaningfully in only one tensor, similarly as JointICA
arranges the data in a single matrix, and then perform the decomposition. Another
approach would be to use separate tensors for each modality, and then to solve
the �coupled� tensorial problem. Several �coupled� cannonical decomposition
approaches, which might serve as ideas to solve this multimodal problem are
already proposed in [193, 1]. Finally, the second challenge is then how to perform
a tensor decomposition, such that the newly obtained mathematical components
are physiologically interpretable.
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