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Résumé

L’électroencéhalographie (EEG) est une technique d’imagerie cérébrale non invasive
importante, capable d’enregistrer ’activité neuronale avec une grande résolution tem-
porelle (ms), mais avec une résolution spatiale faible. Le probleme inverse en EEG est un
probleme difficile, fortement sous-déterminé : des contraintes ou des a priori sont néces-
saires pour aboutir a une solution unique. Récemment, I'intégration de signaux EEG et
d’imagerie par résonance magnétique fonctionnelle (fMRI) a été largement considérée.

Les données EEG et fMRI relatives a une tache donnée, reflétent les activités neuro-
nales des mémes régions. Nous pouvons donc supposer qu’il existe des cartes spatiales
communes entre données EEG et fMRI. En conséquence, résoudre le probleme inverse
en EEG afin de trouver les cartes spatiales des sources EEG congruentes avec celles ob-
tenues par l'analyse de signaux fMRI semble étre une démarche réaliste. Le grand défi
reste la relation entre l’activité neuronale électrique (EEG) et Pactivité hémodynamique
(fMRI), qui n’est pas parfaitement connue & ce jour. La plupart des études actuelles re-
posent sur un modele neurovasculaire simpliste par rapport a la réalité. Dans ce travail,
nous utilisons des a priori et des faits simples et généraux, qui ne dépendent pas des
données ou de 'expérience et sont toujours valides, comme contraintes pour résoudre
le probléeme inverse en EEG. Ainsi, nous résolvons le probleme inverse en EEG en esti-
mant les sources spatiales parcimonieuses, qui présentent la plus forte corrélation avec
les cartes spatiales obtenues par fMRI sur la méme tache. Pour trouver la représenta-
tion parcimonieuse du signal EEG, relative a une tache donnée, on utilise une méthode
(semi-aveugle) de séparation de sources avec référence (RSS), qui extrait les sources
dont la puissance est la plus corrélée a la tache. Cette méthode a été validée sur des si-
mulations réalistes et sur des données réelles ’EEG intracranienne (iEEG) de patients
épileptiques. Cette représentation du signal EEG dans l’espace des sources liées a la
tache est parcimonieuse. En recherchant les fonctions d’activation de fMRI similaires a
ces sources, on déduit les cartes spatiales de fMRI tres précises de la tache. Ces cartes
fournissent une matrice de poids, qui impose que les voxels activés en fMRI doivent étre
plus importants que les autres voxels dans la résolution du probleme inverse en EEG.
Nous avons d’abord validé cette méthode sur des données simulées, puis sur des données
réelles relatives a une expérience de reconnaissance de visages. Les résultats montrent
en particulier que cette méthode est tres robuste par rapport au bruit et a la variabilité

inter-sujets.
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Abstract

Electroencephalography (EEG) is an important non-invasive imaging technique as it
records the neural activity with high temporal resolution (ms), but it lacks high spatial
resolution. The inverse problem of EEG is underdetermined and a constraint or prior
information is needed to find a unique solution. Recently, EEG-fMRI integration is
widely considered.

The EEG and fMRI data of a specific task, eventually reflect the neurological events
of the same activation regions. Therefore, we expect that there exist common spatial
patterns in the EEG and the fMRI data. Therefore, solving the EEG inverse problem
to find the spatial pattern of the EEG sources which is congruent with the fMRI
result seems to be close to the reality. The great challenge is the relationship between
neural activity (EEG) and hemodynamic changes (fMRI), which is not discovered by
now. Most of the previous studies have used simple neurovascular model because
using the realistic model is very complicated. Here, we use general and simple facts
as constraints to solve the EEG inverse problem which do not rely on the experiment
or data and are true for all cases. Therefore, we solve the EEG inverse problem to
estimate sparse connected spatial sources with the highest correlation with the fMRI
spatial map of the same task. For this purpose, we have used sparse decomposition
method. For finding sparse representation of the EEG signal, we have projected the
data on the uncorrelated temporal sources of the activity. We have proposed a semi-
blind source separation method which is called reference-based source separation (R-
SS) and extracts discriminative sources between the activity and the background. R-
SS method has been verified on a realistic simulation data and the intracranial EEG
(iEEG) signal of five epileptic patients.

We show that the representation of EEG signal in its task related source space is
sparse and then a weighted sparse decomposition method is proposed and used to find
the spatial map of the activity. In the weighted sparse decomposition method we put
fMRI spatial map in the weighting matrix, such that the activated voxels in fMRI are
considered more important than the other voxels in the EEG inverse problem.

We validated the proposed method on the simulation data and also we applied the
method on the real data of the face perception experiment. The results show that the

proposed method is stable against the noise and subject variability.
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Chapter 1

EEG and fMRI Integration

1.1 Introduction

Integrating information across multiple neuroimaging modalities during the same task has been
considered tremendously during the past decade. Each modality has its advantages as well as
limitations. The dream of integrating multiple modalities is to exploit the common as well as
unique information from complementary modalities to achieve better estimation of the localiza-
tion and dynamics of neurological activity. In practice, a trade-off exists between the estimation
accuracy of the common information estimation and the estimation of all activities involved in
any of the modalities. In this work, electroencephalography (EEG) and functional magnetic
resonance imaging (fMRI) integration is studied.

The recording of electrical potentials from electrodes applied to the human scalp surface is
known as electroencephalography (EEG). The human electroencephalogram was first recorded
by Berger in the 1920’s and since then has been widely used in both research and clinical ap-
plications. The main sources of scalp EEG signals are post-synaptic cortical currents associated
with synchronously activated pyramidal cortical neurons, which are oriented perpendicular to
the cortical surface [1]. EEG detects directly the rapid electrical change of neurophysiological
processes, which allows studies of the dynamics of neural networks that occur on the order of
tens of milliseconds. Although, scalp EEG recording is noninvasive and cheap, its localization
is very complicated [2]. Its complexity originates from its weak and blurred signal and lim-
ited number of observations. The scalp EEG recordings are blurred because of the different
electrical conductivity of the brain, skull and scalp. To overcome this problem, realistic head
models obtained from magnetic resonance imaging (MRI) are used to model the propagation
of the potential from the cortex to the scalp. Also, high resolution EEG recording technologies
are introduced to record EEG with high number of electrodes (64-128) (a cap sample is shown
in Figure 1.1). Despite the efforts on increasing the accuracy of EEG modeling and record-
ing, it suffers from low spatial solution due to its limited number of spatial measurements and
ambiguity of electromagnetic inverse problems [3].

Functional magnetic resonance imaging or functional MRI (fMRI) is a functional neuroimag-

ing procedure using MRI technology that measures neural activity indirectly through oxygena-
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Figure 1.1: Samples of EEG scalp cap.

tion blood flow and metabolism changes. This technique relies on the fact that cerebral blood
flow and neuronal activation are coupled. Since the 1890s it has been known that changes in
blood flow and blood oxygenation in the brain (collectively known as hemodynamics) are closely
linked to neural activity. When an area of the brain is in use, blood flow to that region also
increases. The primary form of fMRI uses the Blood-oxygen-level dependent (BOLD) contrast,
discovered by Seiji Ogawa. fMRI data provide a measure of brain function on a millimeter spa-
tial scale and a subsecond (and delayed) temporal scale. EEG and fMRI integration is studied
intensively and more than other possibilities, because combining the complementary tempo-
ral and spatial resolutions of EEG and fMRI may reveal high resolution reconstruction of the
spatiotemporal structures of the neural activity. Comparison of spatiotemporal resolution of dif-
ferent imaging method is shown in Figure 1.2. Another reason is that simultaneous acquisition
of EEG and fMRI is possible. The main question here is: As EEG and fMRI detect different
aspects of neural activity, what is the relationship between these two observation sets?

Reports in the literature do not provide a clear picture of the link between EEG and BOLD
signals. Figure 1.3 shows a schematic of EEG-fMRI relation. In particular, contradictory results
have been presented regarding the dependency of BOLD changes on the EEG power and spectral
profiles. The co-existence of visible and invisible sources in a same behavioral task for the
E/MEG and fMRI techniques are discussed in [4, 5, 6, 7).

Different models of the transfer function between EEG and BOLD signals are compared in [§],
in the prediction of the fMRI data, in a visual stimulation experiment with human healthy
subjects. The models explored included the EEG total power (TP; [9]); linear combinations
of the power from different frequency bands [10]; and several variations of a heuristic model
proposed by [11] in which BOLD changes are assumed to be proportional to the root mean
square frequency (RMSF) of the EEG spectrum. The results obtained showed a clear superiority
of the RMSF metrics in predicting the BOLD signal, when compared to power-weighted metrics.

Their results show that changes in BOLD are indeed associated with changes in the spectral
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profile of neural activity and they do not arise from one specific spectral band.

Although a great amount of both experimental and theoretical work has been dedicated
to the clarification of the relationship between neural activity and associated hemodynamic
changes, neurovascular coupling mechanisms remain an active area of research [8]. The principal

limitations on multimodal EEG-fMRI integration are imposed by:
e Physiology

— One reason why EEG and fMRI sources might be dislocated is the distance between
the neuronal population whose electrical activity is generating the EEG signal and

the vascular tree, which provides the blood supply to these neurons [12].

— Some source activity may be located or oriented such that there is little electromag-
netic field outside the head. Examples of this are radially oriented sources in MEG
and deep ’closed field’ sources in EEG, for which the activity patterns are such that
the total macroscopic current cancels out. All of these could generate significant fMRI
but they are not visible in EEG or MEG.

— The fMRI activations can be detected where there are no neuronal activities because
the fMRI signal is sensitive to parameters reflecting energy consumption. In practice,
the brain consumes energy for many more processes which are not directly linked to
the neuronal activities, e.g. neurotransmitter release and uptake, vesicular recycling,
maintenance of membrane potentials and so on [13, 14]. These kinds of sources are

usually referred to as 'fMRI extra sources’ or "TEEG invisible sources’.

— Some E/MEG sources cannot be detected in fMRI, which have been usually referred
to as 'EEG extra sources’ or fMRI invisible sources’. Some neuronal sources which
are active only for a short time period may be detected in EEG or MEG, but do not

appear in fMRI results since fMRI integrates brain activity over time [15].

e Experimental limitations

Another important potential source of bias in EEG-fMRI integration is experimental vari-
ability. In some situations, it might be necessary to acquire the EEG and fMRI data in
separate sessions. In this case, habituation effects, variations in the stimulation paradigm,
or any other difference between the sessions might lead to the differential activity of neural
networks [5, 16].

1.2 Simultaneous scalp EEG and fMRI

The desire of epileptologists to better spatial localization of electrical epileptic sources in patients
undergoing presurgical evaluation motivated the idea of EEG-fMRI integration [17]. While, the
first EEG monitoring during echo planar MRI were accomplished in 1993 [18] and now, it is
generally used in presurgical evaluation of patients with epilepsy.

Developing methods for the integrative analysis of simultaneously recorded EEG and fMRI

data is difficult because of the artifacts caused by each method on the other one. (i) As Faraday’s
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law says: a time varying magnetic field in a wire loop induces an electromotive force (EMF)
proportional in strength to the area of the wire loop and to the rate of change of the magnetic field
component orthogonal to the area. Strong ambient magnetic field of fMRI recording instrument
induces a significant EMF on the EEG electrodes. This artifact which is caused by the switching
of the magnetic field gradients used in the image acquisition is called ”scanning artifact”. This
is usually the largest in amplitude (in the order of mV) but the most stable over time [19]. (ii)
Even a slight motion of the EEG electrodes within the strong static field of the magnet can
induce a significant EMF [20, 21]. For instance, native pulsatile motion related to a heart beat
yields a ballistocardiographic artifact in the EEG that can be roughly the same magnitude as
the EEG signals themselves [18, 22]. This artifact is called "pulse artifact”.

These artifacts are a real concern for concurrent EEG-fMRI acquisition. However, hardware

and algorithmic solutions may be able to unmask the EEG signal from MR disturbances.

e Scanning artifact can be removed efficiently by subtracting an average artifact template
[23, 24]. The effectiveness of this method is related to the time variations of the MR
artifact waveform which can reduce the success of this method [25, 26]. The problem can be
resolved through hardware modification that increases the precision of the synchronization
of MR and EEG systems [27] or during post-processing by using precise timings of the MR

pulses during EEG waveform averaging [25].

e Spectral domain filtering, spatial laplacian filtering, PCA, and ICA (see [28, 29, 30, 31,
32, 33, 34]) can be used to remove the artifacts.

e Interleaved EEG/fMRI: the experiment protocol consists of time blocks and only a single
modality is acquired during each time-block [35, 36]. This means that every stimulus has
to be presented at least once per modality. To analyze ERP and fMRI activations, the
triggered fMRI protocol can be used with every stimulus presentation so that EEG and
MR are sequentially acquired in order to capture a clean E/MEG signal followed by the
delayed HR [37].

e Electrode leads are also important equipments. Creating electrode leads which can have
direct contact with the subject’s scalp to prevent the development of nuisance currents is
important. Also, EEG equipments should not disturb the homogeneity of the magnetic
field and distort the resulting MR images [18, 38]. These artifacts can be effectively avoided
by using specially designed EEG equipment [22]: specialized geometries, and "MR-safe”

materials (carbon fiber, plastic) for the leads.

1.3 Why do we still work on separated EEG and fMRI acquisi-

tion?

Despite advances in simultaneous EEG-fMRI hardware and software, the signal to noise ratio

(SNR) of these signals is still significantly lower than the corresponding unimodal paradigms.
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Although artifact removal algorithms have been somehow successful [7], some EEG information
may be removed during artifact removal step. Also, each modality still imposes limitations on
the other, i.e. not any EEG paradigm can be run with fMRI or inside an MR scanner, and not
every fMRI paradigm is suitable for EEG analysis. The conduction of separate EEG and fMRI
sessions should hence always be considered. If an experiment can be repeated more than once
with a high degree of reliability of the data, separate E/MEG and fMRI acquisition may be

appropriate.

1.4 Co-registration

In EEG-fMRI integration, a common geometrical framework has to be derived in order to locate
appropriately the voxels whose EEG responses is high and voxels whose hemodynamic response
is increased /decreased during the task performance. The issue of deriving a common geometrical
framework for the data obtained by different imaging modalities is called the "co-registration”
problem. Several techniques have been used to produce an optimal match between the realistic
head reconstruction obtained in the high resolution EEG/MEG by the MRIs of the experimental
subject and the fMRI image coordinates. The first group of techniques is based on the presence
of landmarks on the both images used for the coregistration. Corresponding landmarks have
to be determined in both modalities [20]. A second group of techniques is based instead on
the matching of surfaces belong to the same head structure, as obtained by the different image
modalities. In these techniques a prerequisite is the segmentation of the structures whose surfaces
have to be matched [16]. With the volume-based registration technique no additional information
as landmarks or surface detection is necessary [39].

In the case in which the multimodal EEG and fMRI is performed simultaneously, the setup of
a common geometrical framework becomes simpler. In this case registration can be performed

based on a scanner coordinate system.

1.5 Method

The main goal of EEG and fMRI integration is to fuse the observed data to find out the common
data which are hidden in both. However, the most appropriate way in which to combine the data
in order to achieve this goal is not clear. The majority of previous EEG-fMRI studies have used
aspects of the EEG time-series to inform the fMRI data analysis within the framework of the
generalized linear model (GLM) [40, 41, 42], called EEG-informed fMRI method, while others
have used the opposite strategy of informing EEG source analysis using spatial constraints
extracted from fMRI data [43, 44]. These methods are called fMRI-informed EEG methods.
Some recent developments have been directed towards the generation of common forward models
for both modalities to be applied to the bimodal space-time series [45, 46, 11, 47, 48]. These
methods are called symmetric methods or EEG-fMRI fusion.

The main ideas of different groups of EEG-fMRI integration, their advantages and their
limitations are described in this section. [49, 50] review EEG-fMRI integration methods. All
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EEG-fMRI integration methods are shown in a schematic in figure 1.4.

1.5.1 EEG-informed fMRI Methods

In this method, temporal features extracted from the EEG signal is used to form one or more
regressors in the generalized linear model (GLM) of fMRI (Figure 1.5). The obtained E/MEG
features first get convolved with a hypothetical hemdynamic response function (HRF) and are
then subsampled to fit the temporal resolution of fMRI.

An open question in this context is which EEG features are ideally suited for this type of
analysis [51, 52]. Several features of the EEG are suitable, such as ERP amplitudes [40], ERP
latencies [53], EEG synchronization and phase coherence [54, 55|, or the power within specific
EEG frequency bands [56].

Event-related potentials (ERPs) are computed from scalp recordings by computer averaging
epochs (recording periods) of EEG time locked to repeated occurrences of sensory, cognitive,
or motor events. The spontaneous background EEG fluctuations, which are typically random
relative to when the stimuli occurred, are averaged out, leaving the event-related brain potentials.
The ERP thus reflects, with high temporal resolution, the patterns of neuronal activity evoked
by a stimulus.

EEG power in a specific frequency is also used as an EEG feature. In [57] the correlation
between the BOLD signal and the variations of the alpha wave is investigated in a rest data.
In this study the alpha wave power is extracted from occipital electrodes and are convolved
with HRF, then the correlation between the result and the BOLD signal is computed and high
correlation is reported for some regions.

The stability of these methods are investigated in different studies against various factors.
Stability against artifacts [58], various subjects and experiment sessions [59] and physiological
factors [60] are studied.

Independent component analysis (ICA) is also used to extract single (EEG) trial variabil-
ity as predictors for fMRI signal changes [40, 41]. [52] explicitly states quantitative degrees of
dependency.

In special cases, special approaches are considered. For example, to study epilepsy, after
artifact correction, the epileptiform activity is identified by an expert on the EEG traces. These
events are then convolved with a hemodynamic response function (HRF), and used as a regressor
in the standard GLM [61]. To study resting-state network spontaneous fluctuations of power
in specific frequency bands are quantified in the EEG signal. Time-dependent power in each of
these frequency bands is used as the feature.

Some multivariate extensions of this type of approach have also been proposed. Essentially,
these techniques try to find a linear decomposition of fMRI data which is correlated with a
time-frequency decomposition of the EEG [62, 63]. In [64] a multivariate machine learning
method based on the Relevance Vector Machine (RVM) regression is proposed to consider the
multivariate nature of the fMRI data. In [65] a transfer function between EEG and BOLD signal

is used.



10 EEG and fMRI Integration

EEG data - - -
e
Pre-processing
Artifact reduction
Band-pas= filtenng
Re-referencing, resampling
ICA dencising/selects
EEG features
Frequency-band fluctuations
Power fluctuations = :
Phase synchronization = = —E = |CA source distributions
= : MRAl-driven e -
R EEG-derived  £EG octimation Actvaton foc
Component amplitudes =| = iMRI prediction Timacourses
Responsa dalays = - *  |ndnadual voxels s
hi-:mﬂaha. slow polentials = =~ A ) = ROl averages
Smﬂlm - COMmpanson - ICA components
Source reconstruction =
Symmatrical integration
Data-driven approaches

ICA dervabions Other methods

Figure 1.4: A schematic of the main EEG-fMRI integration methods. Taken from [50].
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1.5.2 fMRI-informed EEG Methods

The most straightforward way to impose the fMRI constraint upon the EEG source localization is
to restrict the source spaces to locations exceeding a threshold predetermined for fMRI statistical
analyses [66]. The main goal of these methods is to use fMRI-derived spatial priors in the EEG
source reconstruction problem to achieve high spatial resolution and at the same time utilize
the fast dynamics of neuronal activity measured by EEG. This approach can be divided into
two classes, associated with the EEG source model employed: (i) the equivalent current dipole
(ECD) model [67] and (ii) the distributed source model (known as imaging methods) [68].

In the ECD model, few current equivalent dipoles are assumed to generate the EEG signal.
The spatial information of the fMRI data is used to set the position of the current dipoles at
the fMRI hotspots, allowing to the localization procedure to rotate freely only the direction of
the dipoles to fit the EEG or MEG data [4, 16, 69].

Because of invisible fMRI sources, it may not be possible to simply restrict the source model
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solutions to areas where fMRI shows activation. To overcome the displacement between lo-
cations obtained from fMRI analysis and ECD modeling, [5], in the first step, compares the
detected activations across the two modalities to increase the reliability of dipole localization
alone. In [16], additional weighting by the distance from the ECD to the corresponding fMRI
activation foci is introduced to guide ECD optimization. Further, fMRI invisible activations
can be accommodated by introducing free dipoles without the constraint on dipole location. In
addition, many ECDs are required to model spatially extended regions correctly [70].

In imaging techniques (distributed source model), weighted regularization techniques are
used to enter the fMRI information in the EEG inverse problem. In these techniques, the model
uses the fMRI activation as a prior on the spatial profile of cortically-distributed sources. As
a consequence, the estimation penalizes sources whose fMRI-derived activation probability is
low. This approach has been shown to estimate the position and extent of underlying sources
robustly; whenever the fMRI-derived constraints are congruent with the reality [71]. Hence,
although approaches for fMRI-informed EEG are used on simultaneously acquired data, their
strengths are most apparent in the context of separate recordings.

This approach is very sensitive to some generators of EEG or MEG signals that are not
detected by fMRI, which have been usually referred to as ’fMRI invisible sources’. In this case,
the EEG source reconstruction is strongly biased, which is why many variants of the fMRI
penalty term have been proposed [72, 73, 74, 75]. Most of the previous works assumed BOLD
signal as the power of EEG, but [45] interpret the BOLD signal as the ¢; norm of the EEG
source signal. [72] revealed that the distortion by the fMRI invisible sources could be reduced
considerably by just giving a constant weighting factor to the diagonal terms of source covariance
matrix in a linear inverse operator. Wy pr = wy;, where wy; = 1 for fMRI activated voxels
and w; = wo € [0,1] for voxels which are not revealed by fMRI analysis. A Monte Carlo
simulation showed that wg = 0.1 (which corresponds to the 90% relative fMRI weighting) leads
to a good compromise with the ability to find activation in the areas which are not found active
by fMRI analysis and to detect active fMRI spots (even superficially). [3] used non-thresholded
fMRI activation maps with other factors instead of one in the diagonal elements.Therefore, the

W s rr is reformulated to (W garrr)i = wo 4 (1 —wp) % where §; corresponds to the relative

6maa: ’

change of the fMRI signal in the i-th voxel, and dmaz is the maximal detected change. This way

the relative E/MEG-fMRI scheme is preserved and locations of stronger fMRI activations have
higher prior variance. [76] proposed to use non-diagonal matrix for W ¢,z They proposed two

different weighting matrices as follows:

w;' = g(6:)?
wlgl = g(8;)g(6;).corri;

and
w;;' = g(6:)*| Gl 2

wi;t = 9(6:)9(6) Gl MG 4[| corri;

where ¢(d;) is a function of the statistically significant percentage increase of the fMRI signal
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during the task, ||G ;|| is the ¢3 norm of the ith column of the lead field matrix, and cor;; is the
correlation of the fMRI signal of the ith and jth sources. The simulations in this study show
that using the norm of the columns of the lead field matrix leads to better performance.

In [73] a balancing parameter is defined to balance the effect of fMRI information. These
techniques require the tuning of the balancing parameter which regulates the weight of the
penalty term, in relation to the accuracy or model fit. [77] proposed a method to define the
balancing parameter adaptively according to the mismatches between EEG and fMRI using
partial power of the EEG data in different time windows.

[78] proposed two level algorithm. First, they estimate the dipole magnitudes from the EEG
inverse problem hardly biased with fMRI results. In the second step, they used the distance
between the dipole magnitudes and the estimated dipole magnitudes in the first step as the
regularization term in the EEG inverse problem. Simulations of this study show that this type
of regularization leads to smaller localization error, more stability against fMRI invisible sources,
fMRI extra source, and fMRI displacement in compare with the previous ones which have used
the weighted ¢ norm as the regularization term.

Some authors [79, 80| have proposed principled Bayesian techniques to optimize standard
regularization procedures, by estimating the balancing parameter from the EEG data. In [80],
a Bayesian model comparison method is proposed to decide whether one should use the fMRI

constraint or not. This approach has been applied successfully to clinical epilepsy data [81].

1.5.3 Symmetric Methods

Unlike data integration methods, which tend to use information from one modality to improve
the other, symmetric methods, known as data fusion techniques, incorporate both modalities in
a combined analysis, thus allowing for true interaction between the different data types.

Symmetric approaches can be divided into two groups; the first group is based on Data-
driven analysis and second one is model-based methods. Model-based approaches investigate
the goodness-of-fit of the data to the prior knowledge about the experimental paradigm and
the properties of the data. In practice, very few fusion approaches have relied on realistic
neurophysiological models [82]. This is because the complexity of real metabolic-hemodynamic
cascades renders the estimation of their parameters a difficult problem. In contrast, other
researchers have relied on simplified variants of the neurovascular coupling model by restricting
its parameters to model some common properties exhibited by "active” areas contributing to
both event-related EEG and fMRI measurements [11, 83, 46].

However, any model-based EEG-fMRI fusion procedure will suffer from the usual limitation
of modeling which is arisen from the fact that whether the assumptions of the model are satisfied
or not in a given experimental context.

Data-driven analysis methods, such as blind source separation (BSS) based on independent
component analysis (ICA), are very useful in the study of a brain function. Generally, data-
driven methods are very useful when the dynamics are hard to model and underlying assumptions

about the data have to be minimized. Some Data-driven methods have been proposed for EEG-
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fMRI fusion. We will review them below.

Trilinear Partial Least Squares (tri-PLS2)

In [62] Partial Least-Squares (PLS) regression was generalized into the tri-PLS2 model, which
represents the E/MEG spectrum as a linear composition of trilinear components. Each compo-
nent is the product of spatial (among E/MEG sensors), spectral and temporal factors, where
the temporal factors have to be maximally correlated with the corresponding temporal compo-
nent of the similar fMRI signal decomposition into bilinear components: products of the spatial
and temporal factors. Analysis the data from [57] using tri-PLS2 found a decomposition into
3 components corresponding to alpha, theta and gamma bands of the EEG signal. The fMRI
components had a strong correlation only in alpha band component (Pearson correlation 0.83 (p
= 0.005)), while the theta component also showed a linear correlation of 0.56 (p = 0.070). It is
interesting to note, that spectral profiles of the trilinear EEG atoms received with and without
fMRI influence were almost identical, which can be explained either by the non-influential role
of fMRI in tri-PLS2 decomposition of EEG, or just by a good agreement between the two. On
the other hand, EEG definitely guided fMRI decomposition, so that the alpha rhythm spatial
fMRI component agreed very well with the previous findings [57].

Joint ICA

Joint independent component analysis (JICA) has been successfully used for the fusion of data
from the two modalities such as fMRI and EEG [84].

Given two feature data sets X and X, the jICA approach involves concatenating the data
sets alongside each other and then performing ICA on the concatenated data set as in [X; Xa| =
A[S; Ss]. Joint-ICA assumes that the sources have a common modulation profile (A) across
subjects or modalities, which is a strong constraint considering that the data come from two

different modalities.

Parallel ICA

Parallel ICA has been proposed in [85, 86]. It performs separate analysis on each modality and
enhances the inter-subject co-variations by constraining the correlations between modulation
profiles. It is flexible as it does not assume identical inter-subject variations.

In [87], a multivariate parallel ICA decomposition incorporating dynamic neurovascular cou-
pling for concurrent EEG-fMRI recordings is proposed. This method simultaneously optimizes
both the maximum independence of EEG and fMRI sources in addition to the maximum neu-
rovascular coupling which is derived from the correlation between the HRF-convolved EEG and
the fMRI time courses.
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Figure 1.7: Data model for mCCA and jICA [89].
mCCA

Multi-set canonical correlation analysis introduced in [88] and it was used in biomedical imaging
context in [89]. It decomposes each data set into a set of uncorrelated components in a way that
their corresponding modulation profiles are highly correlated across subjects or modalities. The
components are spatial areas of activation in the case of fMRI data, temporal segments in the
case of EEG data.

The main difference between mCCA and ICA-based methods (jJICA and Parallel ICA) is that
mCCA searches for uncorrelated sources while the other methods search for independent sources.
Relaxing the independence criterion may enable multimodal-CCA to explore the connectivity
between different networks of functional areas associated with both hemodynamic response and
electric potential.

mCCA and jICA are compared in [89] and the results show that they have similar performance
when two modalities ahave strong connections and mCCA outperfoms when the connections are
weak. Connections between the two modalities are simulated by generating correlation between

profile pairs, formed across modalities. See figure 1.7.

STEFF

[90] proposed a hybrid approach, in which group ICA is used for generating temporal and spatial
priors from the EEG data recorded simultaneously with the fMRI data, respectively. Then, the
temporal and spatial priors are introduced to a simple model-driven approach. The study
compares MNE (Minimum Norm Estimation), LORETA, MSP (Multiple Sparse Priors [68]),
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fMRI-weighted MNE [72] and STEFF (Spatial-Temporal EEG/fMRI Fusion). The comparison
shows that the method with the best spatial resolution is STEFF and the others are sorted as
MSP, fMRI-weighted MNE, LORETA and MNE after STEFF.

1.6 Applications

1.6.1 Epilepsy

Simultaneous EEG-fMRI recordings are used greatly in the evaluation of epilepsy, namely in the
characterization of brain networks related to epileptic activity. In EEG-fMRI studies, epileptic
events are usually described as boxcar signals based on the timing information retrieved from
the EEG, and subsequently convolved with a hemodynamic response function to model the
associated Blood Oxygen Level Dependent (BOLD) changes [81, 91, 92].

1.6.2 Cognitive Study

Different integration methods of EEG-fMRI data are used in cognitive tasks. Some examples
of these studies are the processing of target detection (oddball paradigm) [41, 42], performance
monitoring [40], decision making [93], working memory maintenance [56, 94] and simple auditory

responses [95].

1.6.3 Resting-State Brain Activity

The study of [96] used co-registered EEG-fMRI to detect the electrophyiological signatures of
resting state networks. In [97] the generalized linear model is used to determine which of the
identified patterns correlates significantly to the spontaneous variations of the alpha rhythm. [98]
extracts partial directed coherence (PDC) measure from the EEG data which is used to find the

nodes of resting-state networks in fMRI.



Chapter 2

Motivation

We are interested in studying the brain function to find out how the human brain works. It
would help the physicians to find a treatment for mental diseases and it would also work as an
inspiration for inventors to design intelligent systems and robots.

Several imaging modalities have been created to study human brain functionality. To use the
advantage of different modalities and recover the disadvantage of one modality, multimodality
analysis has been a focus of several researches in the recent years. Omne possible and more
general modality fusion is EEG-fMRI integration. Integration of EEG and fMRI is of particular
interest because of two main reasons. First, the feasibility of their simultaneous acquisition is
helpful to have synchronized data. Second, because of their complementary characteristic, high
spatiotemporal source localization becomes achievable. Overall, the purpose of the EEG-fMRI
integration is to achieve high spatial resolution of fMRI and high temporal resolution of EEG
simultaneously.

EEG-fMRI integration approaches can be divided in two groups. The first group uses one
modality as an auxiliary data for analyzing the other modality data [40, 77, 75]. The second
group, which is called symmetric or fusion, uses both EEG and fMRI data jointly to find spa-
tiotemporal sources [63, 99, 85, 87, 46]. Each group also can be divided into different groups.
Figure 2.1 shows different groups in a schematic. A review of these different methods has been
presented in Chapter 1. Here, we just mentioned some advantages and disadvantages of these
methods. Methods in EEG-informed fMRI analysis and other model-based methods are very effi-
cient when a realistic model of EEG and fMRI relation is available. However, by now none of the
proposed methods are considered as the best one and none of them can interpret the EEG and
fMRI data relations completely. In EEG-informed fMRI analysis and symmetric feature-based
methods, the feature which should be chosen for the method are not fixed and the best choice is
still an open question. Symmetric data driven methods are not based on the real physiological
relations between the EEG and fMRI data. The assumed EEG-fMRI model is very simple.
Therefore, there is no guarantee for them to work well in all conditions. In fMRI-informed
EEG analysis method, the least assumptions are taken for the relation between the EEG and
fMRI data. Therefore, They are more general and they are used in different applications more

frequently. However, the fMRI invisible sources and EEG invisible sources are the challenges for

17
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Figure 2.1: EEG-fMRI integration categorization.
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these methods.

In this work, the spatial map of the fMRI data is used as prior information to solve the EEG
inverse problem such that the most common and uncommon sources can be detected. Therefore,
the proposed method settles down in the fMRI-informed EEG analysis group. The early methods
in this group add fMRI results in the weighting matrix in the regularization terms in the EEG
inverse problem [100, 101]. These methods interpreted fMRI spatial map as the power of EEG
data and used weighted ¢ norm regularization approach. Therefore, their result is very smooth
and sensitive to the mismatch of the EEG-fMRI data [78]. Here, we use the fMRI results as
a spatial hint for the EEG inverse problem, which does not need to find the real physiological
relation between EEG and fMRI data. Although we also add fMRI data in the weighting matrix
in the regularization term, the regularization term is constructed from the spatial map and it is
not based on the dipole currents directly. Therefore the interpretation of the way we use fMRI
prior information is directly the spatial prior information.

The aim of our method is applying fMRI result or any other prior information in the inverse
problem of EEG to improve the spatial resolution of the source localization. This method would
be useful when we do not have the fMRI data for each subject but only a group fMRI analysis or
a reliable fMRI analysis result which can be used as prior information is available. The proposed
method in this survey is fast with low computations in comparison to previous ones and it is
more stable to invisible sources in each modality.

First, we propose a reference based source separation method which has been evaluated on
the intracranial EEG signals of 5 epileptic patients who were seizure free after an operation. We
present a fast method to extract the sources related to the interictal epileptiform state. The
method is based on general eigenvalue decomposition using two correlation matrices during: 1)
periods, including a reference activation which can be interictal epileptiform discharges (IED),
and 2) background activity periods which can be periods excluding IEDs or abnormal physi-
ological signals. After extracting the most similar sources to the reference or IED state, the
related sensors are estimated by using a multi-objective optimization method. The method is
evaluated using both realistic simulated data and actual intracerebral electroencephalography
(iIEEG) recordings of patients suffering from focal epilepsy. These patients are seizure-free after
the resective surgery. Quantitative comparisons of the proposed IED regions with the visually
inspected ictal onset zones by the epileptologist and another method of identification of IED
regions reveal good performance.

Secondly, we introduce an EEG-fMRI integration method. R-SS method is used to extract
the sources from the scalp EEG signal. The method is based on the spatial sparsity of neural
activity using weighted sparse decomposition. An optimization method is met which is also
evaluated on a simple synthetic data. Here, we analyze fMRI data using generalized linear
model (GLM) and the results are used in solving EEG inverse problem as a weighting matrix in
the weighted sparse decomposition. We also use the £y norm as a measure of sparsity instead of
the /1 norm. The performance of the proposed method is evaluated quantitatively along with
multiple sparse priors (MSP) method with no prior information, and MSP uses fMRI results

as prior information. Source distribution index (SDI) and localization bias (LB) are used to
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measure the performance of different localization approaches with or without a variety of fMRI-
EEG mismatches. The method is also applied to the real data of face perception of 16 subjects
and its stability against subject variations is evaluated with the number of false positive and true
positive regions. Simulation results show that the proposed method has the lowest localization
bias and it is more stable to noise. Although the existence of an extra region in the fMRI data
enlarges the localization bias, the proposed method outperforms the other methods. Conversely,
a missed region in the fMRI data does not affect the localization bias of the common sources
in the EEG-fMRI data. Results on the real data are congruent with the previous studies and
produce two clusters in the fusiform and occipital face areas (FFA and OFA, respectively).
Moreover, it shows more stable localization against variations in different subjects.

The main contributions of the current work are:

e Reference-based source separation method estimates a set of relevant sources of the state

of interest.
e (5 regularization finds the sparse correlated sources.

e EEG-fMRI integration method which estimates the sparse decomposition of the EEG signal

in its relevant source space.

e Using the spatial map estimated from the fMRI data as a weighting matrix in the sparse

decomposition.
e Introduce Pareto optimization for the final decision of the brain active regions.
The rest of the thesis is organized as follows:

1. Part II: an algorithm for /3 g regularization is proposed in this part, which would be used
in Chapter 6.

2. Part III: Reference-based source separation method basics and its evaluation on the sim-
ulation and actual data are explained in this part including two chapters:
(a) Chapter 4: Reference-based source separation method is introduced in this chapter.

(b) Chapter 5: in this chapter the R-SS method is applied to the realistic simulation data
and also it is applied to the intracranial EEG data of 5 epileptic patients and it is

also evaluated quantitatively.
3. Part IV: the integrating method is explained in this part including two chapters:

(a) Chapter 6: The theoretical basis of the proposed method is explained in this chapter.
(b) Chapter 7: Here, the proposed method is evaluated by the simulated and actual
EEG-fMRI data set.

4. Chapter 8: the concluding remarks, perspectives, and the list of related publications are

brought in this chapter.
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Chapter 3

s o Regularization

3.1 Introduction

The synchronized neuron activations which produce currents within the brain can be modeled
with some dipoles. The effect of these dipoles on voltages measured at the scalp electrodes using

Maxwell’s equations is estimated by the linear forward model.
X=GJ+E, (3.1)

where the lead field G (N x M) would be calculated, using structural MRI and boundary element
method (BEM) X is a N x T matrix that contains scalp readings, IV is the number of channels
and T is the number of time points, Jy;x7 contains dipole magnitudes at different time instants,
E,, represents the noise, and M is the number of mesh vertices and, practically, N < M.

Source-localization is the extraction of the spatial information of the brain activation from
the EEG data. It would be the result of the inverse solution of the linear forward equation (3.1).
The inverse problem consists in finding an estimate of the dipole temporal courses, which are the
rows of matrix J, given the electrode positions, scalp readings X and the gain matrix G. The
EEG inverse problem is under-determined (since N < M) and lacks a unique solution, which is
due to the fact that there are fewer observations than the unknown variables.

Two main approaches to the inverse problem are non-parametric (imaging) and parametric
(scanning) methods [102]. A brief review of these methods can be found in [103]. Parametric
or scanning methods use a small number of dipoles [104, 105, 106], multi-poles [107, 108], or
cortical patches [109, 110] and scan over locations to find the best set of sources to represent
the data. Examples of scanning methods include MUSIC [111], beamforming [112, 113], and
maximum likelihood estimation [114]. Non-parametric methods are also referred to as Imaging
methods. In these models several dipoles with fixed locations and possibly fixed orientations are
distributed in the whole brain volume or cortical surface. Here, we focus on imaging methods
as our proposed method is an imaging method.

Obtaining a physiologically feasible solution can be done through reasonable constraints. The
brain neural activities are sparsely localized [115, 116], thus a relevant constraint is to use the

sparse characteristics of the spatial distribution of the sources [117, 118, 119, 68]. Mostly used
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penalty terms are {5 and ¢1 norm of J, which are respectively referred as Tikhonov regularization
[120] and LASSO [121]. These penalty terms and different methods are reviewed in [103].

The ¢5 norm is the most common regularization method, which is known as Minimum Norm
Estimation (MNE). For the problem:

X =GJ+E, E, ~N(0,C,)

The optimization problem leads to:

1
J = argmin (2||E ~GJ|3+ )\||WJ||2> : (3.2)
J

Minimum Norm Estimation has an analytic solution which leads to a simple matrix multiplica-

tion [120]. This makes the estimation extremely fast.
J=(WW)'G'[GWW)'G' + \C,|'X (3.3)

This corresponds to a penalized maximum likelihood estimate assuming the sources are Gaussian
and normally distributed, with a diagonal covariance matrix [122]. Now, consider the following

2-level hierarchical linear model:

XZGJ+EnEnNN<O,Cn)
J:0+Ej EjNN(O,Cj)

where the notation N specifies a Gaussian distribution. Then the likelihood p(Y|J) = N(GJ, C,,)

with prior as p(J) = N (0, C;) leads to maximum a posteriori (MAP) estimate as follows:

p(J1X) o< p(X|T)p(J)

(3.4)
Juap = C;G'[GC,;G''X

Comparing Eq. 3.4 with Eq. 3.3 shows that they are equivalent if C; = (W/'W)~L.

The hypothesis in the ¢ norm regularization method is the smoothness of the solution.
Therefore, the estimated sources with this method have too smooth spatial maps and the extent
of active regions is often over-estimated. Therefore, this method fails to recover high spatial
frequencies. To address this limitation many alternatives to MNE have been proposed using
different weighting matrices.

Minimum current estimate(MCE) uses the ¢; regularization, which has been proposed to find
a focal spatial map and avoid smoothness [123]. This corresponds to a penalized maximum
likelihood estimate assuming the sources are exponentially distributed (E; ~ exp(—|E;|)). One
reason is that, under certain conditions, it has been proved that sparsity could enable the perfect
resolution of ill-posed problems [124, 125]. The ¢; norm is a strong hypothesis which promotes
sparse solutions, which means that the solution should only have a small number of non-zero
coefficients. In the ¢; regularization context, many algorithms have been proposed. As an ex-

ample, FOCUSS algorithm has been proposed which uses Iterative Re-weighted Least Squares
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(IRLS) [126]. The drawback of the ¢; regularization compared with the {3 regularization, is that
the optimization problem does not have an analytic solution. In the last few years, the machine
learning and signal processing communities have devoted a lot of efforts into the improvement of
the optimization methods that help to solve non-differentiable problems arising when consider-
ing sparse priors. Among the list of algorithms that have been proposed, IRLS methods, similar
to the FOCUSS algorithm consist in iteratively computing weighted MN solutions with weights
updated after each iteration [127]. The LARS-LASSO algorithm [121, 128, 129] is an extremely
powerful method for solving the ¢; problem. Simple coordinate descent methods [130] or block-
wise coordinate descent, also called Block Coordinate Relaxation (BCR) [131], are also possible
strategies. Alternatively, methods based on projected gradients have been proposed in [127, 132].
Most of these methods belong to the general Bayesian framework proposed in [122], which is

explained in 3.2.

3.2 Bayesian Modeling with General Gaussian Scale Mixtures

and Arbitrary Covariance Components

In this section we present a general purpose Bayesian framework for source localization. We

begin with the noise model:

1
P(X|3) ox exp(—5 X — G2 ) (3.5)

where [ X[[g-1 denotes the weighted matrix norm \/ trace[X'S:1X] and X is the noise covari-

ance. Next the following source prior is assumed:

d’Y
1 _
pAl) o cap(— strace [1'5;19]), 5, = 3G (36)
i=1
where v = [y1, - ”de}/ is a vector of d, nonnegative hyperparameters that control the relative

contribution of each covariance basis matrix C;. While the hyperparameters are unknown, the
set of components
C={Ci:i=1,---,Cq } (3.7)

is assumed to be fixed and known. In the simplest case, X3 = 71 C1 = 11, where [ is an identity
matrix, leads to a weighted minimum ¢ norm solution. If we assume the underlying source
currents are formed from a collection of dipolar point sources located at each vertex, then we
may choose C = {e;e} : i =1,--- ,Cdv}, where e; is a standard index vector of zeros with a
"1’ for the i-th element. Focal Underdetermined System Solution (FOCCUSS) [133, 126], MCE,
sparse Bayesian learning (SBL) [134] and Multiple Sparse Priors (MSP) [68] have used the same
assumptions. [122] analyzes and extends several broad categories of Bayesian inference directly

applicable to source localization.
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3.3 Mixed Norm Regularization

The ¢1 norm regularization leads to spread sparse sources. However, the activation sites of
the brain activities are localized and each localization contains correlated dipoles, but correlated
sources are not estimated by the £; norm regularization. In order to go beyond these limitations,
there has been a growing interest for the mixed norm constraints, so that the advantages of these
norms are integrated into the solution [135, 136]. The ¢2 norm regularization has the advantage
of recovering correlated sources, but its spatial resolution is low as the result is very smooth. The
£1 norm regularization has the advantage of providing sparse results, but cannot find correlated
sources. Integrating both of them in the penalty term could lead to sparse correlated sources.

The mixed norm constraints can be divided into two groups which are reviewed in sections
3.3.1 and 3.3.2, respectively. The first group, which is called Mixed-Norm Estimates (MxNE),
has been proposed in [117, 137]. The second group, which is called Weighted Elastic Net (WEN),
has been proposed in [138].

We propose a new mixed norm constraint which is more accurate and more stable against

the noise and it is simpler than previous ones. The method is introduced in section 3.5.

3.3.1 Mixed-Norm Estimates (MxNE)

In this method, the ¢; norm of the #» norm of the time courses of the current dipoles are used

as a penalty term as follows:

FO =" D g (3.8)
7 k

where jjj, is the entry of the matrix J located at the i-th row and k-th column. ), jin’ represents
the power of the i-th dipole temporal course. The idea behind this method is to estimate J
with a minimum power of temporal courses in the sense of the ¢; norm. The ¢; norm leads
to the sparsity of the dipoles power which is actually true, because the power of most of the
current dipoles are too small because few of them are located in the active regions. In addition,
in the time domain, the ¢ norm will apply the smoothness constraint. In this method, the
time series of the sources and their spatial map will be estimated simultaneously. The related
optimization problem can be solved by SOCP (Second Order Cone Program) [117] but with a

high computational cost.

3.3.2 'Weighted Elastic Net

A newly developed variable selection method [138], called elastic net (EN), can produce a sparse
model with good prediction accuracy, while encouraging a grouping effect. Empirical results and
simulations have demonstrated superiority of the elastic net over LASSO [138].

Weighted elastic net (WEN) has also been developed in [139, 140]. Weighted elastic net for



¢ Regularization 27

a linear model a = Gb, where a and b are NV x 1 and M x 1 vectors, is as follows:

~

b = argmin ||a — Gb|| + \2||W2b|| + A1 |Wb| (3.9)
b

3.4 Weighted Smooth ¢, (WSLO)
Weighted ¢y regularization problem for a linear model is formulated as follows:

minimize  ||[W1bl|o
b (3.10)
subject to a = Gb

A fast algorithm has been proposed in [141], which is called weighted smooth ¢, (WSLO),
to solve (3.10). The main idea of smooth ¢y (SLO) is to use a smooth approximation of the ¢,
norm. Here, we briefly review SLO and WSL0O as we need to know their ideas in the following.
Assume that f,() is a continuous function satisfying lim,_,o f»(b) = 1—|b|o, for example f,(b) =
exp(;Tb;). Then |b|p can be approximated as |blo =~ 1 — f,(b), where o determines the accuracy
of the approximation: the smaller o, the better approximation, and the larger o, the smoother

approximation. So, the optimization problem is as follows:

maximize F, = fo(bi) = exp(—b?/Qo—?)
’ 2 > -
subject to a = Gb

[142] used graduated non-convexity (GNC) approach for maximizing the above optimization
problem. GNC starts with a very large o, for which F} is nearly concave and its maximization is
easy, and then gradually decreases o, and for each ¢ it starts the search for the maximizer of F,
from the maximizer for the previous (larger) . Using such an annealing process, it is expected
(but not mathematically guaranteed) to escape from being trapped into the local maximum. [141]
showed that GNC-based SLO solver is directly applicable to the weighted minimization. In this

case, |slow & Dty wi — Y ity wifs(b;), and so, the following term should be maximized:

maximize F,’ = Z w; fo(b;) = Z w; exp(fb?/%z)
b (3.12)
subject to a = Gb
The final algorithm would be as shown in Figure 3.1. There are a few more points to be
mentioned about this algorithm: For smaller o’s, F* is more fluctuating and we should use a
smaller step-size of the gradient ascent loop for its maximization. For reasons detailed in [142],
a good choice is to decrease the step-size proportional to o2 as po?. Also a good initialization

is to use the maximizer of F¥(b) for ¢ — oo which is the minimum weighted ¢3 norm [142].
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WSLO:
1. Initialization:

e Set by equal the minimum weighted £5 norm solution of a = Gb.

e Choose a suitable decreasing sequence for o : [o7 --- 0]
2. Forj=1,---,J:

(a) Let 0 = 0.
(b) Solve (3.12) using L Gradient-Projection iterations:
e Initialization: b = Bj_l.
e For {=1,2,....L
— Let s < s+ (uo?)VF¥(b).
— Project s back onto the feasible set b|Gb = a: s < b—G¥(Gb—a).
e Set f)j =b.

3. Final answer is b = BJ.

Figure 3.1: WSLO0 algorithm.

3.5 /{3 Regularization

In this section, we propose a new method of optimization with sparsity constraint, where we
replace a 11-norm term by a l0-norm, inspired by [142]. A fast stable method has been proposed
for the ¢y norm regularization in [142] and since then it can be used in many sparse decomposition
problems. The ¢y norm regularization leads to a very sparse response. The idea of combining
the £5 norm and the £g norm is raised for using the advantages of both to have correlated sparse
regions in the response. The idea is the same as elastic net but, we replace the ¢; norm with

the ¢p norm in the weighted elastic net (3.9).

~

b = argmin |Ja — Gb|| + Aa|[Wab]| + At[|[W1bllo (3.13)
b

or
minibmize IlW1ib||o

subject to ||la — Gb|| + A2||[Wab|| <

It can be simplified using the following change of variables [139]:
1 G
G '=(1+X) 2

6
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b* = /14 X\2b

then, the optimization problem can be written as:

minimize  ||[W1b*||o
b (3.14)
subject to a* = G*b*

Now, WSLO can be used for this problem directly. The variables in (3.14) are greater in size
than the initial variables as they are concatenated versions of the initial variables. For example
G is a N x M matrix while G* is a (N + M) x M matrix. In underetermined problems N < M
and this would result in high computation load. To recover the high computation load we have

used a multi-objective optimization approach.

6270:
1. Initialization:

e Set by equal the minimum weighted ¢ norm solution of a = Gb.

e Choose a suitable decreasing sequence for o : [o1 -+ - 07].
2. Forj=1,---,J:

(a) Let 0 = 0j.
(b) Solve (8) using L Gradient-Projection iterations:
e Initialization: b = Bj,l.
e For/=1,2,...,L
— Let s + s+ (uo?)VEY(b).
— Project s back onto the feasible set {b|Gb = a}: s + b—G¥(Gb—a).
e For/=1,2,... K
— Let s + s — ps.
— Project s back onto the feasible set {b|Gb = a}: s < b —GY(Gb—
a).
— if F(b) > (1 — 135) (Fy (be-1))

i. b=by
. pg = pp
e Set b; =b.

3. Final answer is b = E)J.

Figure 3.2: /5 o regularization algorithm.

Multi-objective optimization consists of optimizing a set of objectives. A p-objective opti-

mization problem can be formally described as:

minimize f(x) = f1(x), f2(x), ..., fp(x)

(3.15)
subject to gj(x) <0 ,i=1,---,m
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where & = [z, 22, ...,2,)" is the vector of n decision variables and g;(z) represent a set of m
inequality constraints.

One way to tackle multiple objectives is lexicographic method, a technique that requires the
decision-maker to establish a priority for each objective [143]. With the lexicographic method,
the objective functions are arranged in order of importance. Then the following optimization
problems are solved one at a time:

mh}:iér)n(ize filx),i>1li=1---,p
subject to  fj(x) < fj(x) j=1,---,i—1

Here, i represents a function’s position in the preferred sequence, and fj(:c;f) represents the
optimum of the j-th objective function, found in the j-th iteration. The lexicographic approach
is usually useful when dealing few objectives (two or three). It should also be reminded that
sometimes its performance is tightly subject to the ordering of objectives.

A constraint relaxation is represented by [144]. It is induced by increasing the right hand

side of the constraint by a percentage of f;(z}) as follows:

@) < (14 230 () (3.16)

where §; ranges between 0 and 100.
The /3 o optimization problem can also be considered as a multi-objective optimization prob-
lem as follow:
minimize f(b) = [||[W1bl|o, [|[W1b]|]
subject to a = Gb

where, the £o norm is the first objective and the ¢5 norm is the second one. The WSLO method
minimizes £; iteratively by decreasing o value. For each o value, after minimizing the £y norm,

we try to minimize the ¢ norm as shown in Figure 3.2. The ¢ value is equal to 5.

3.6 Data and Results

We conducted a simulation to compare weighted WSLO and #5 . In this simulation, we randomly
created a system Gb = a of n = 40 equations in m = 100 unknowns having two different sparse
solutions by and by with ||b;|lo = 13 and ||bz||o = 13 but the non-zero points are in two regions.
For by, non-zero points are chosen from a normal curve which has its maximum value in the
middle non-zero point, and it is randomly placed in the first half of the time points. For b,
non-zero points are chosen randomly in the second half of the time points. This was done as
follows:

First, G; of size n = 40 by m/2 = 50 was randomly created with entries drawn independently
from a standardized Gaussian distribution. Then b} of length m/2 = 50 was created to have 13
connected non-zero entries (whose center locations were chosen randomly), and x = G1b} was
calculated. Similarly, Gy of size n = 40 by m/2 — 1 = 49, and b}, of length m/2 — 1 = 49 with
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Figure 3.1: Source signal sample.

13 — 1 = 12 non-zero entries were created. Matrix G, vectors by and by were then formed as
G = [G1,Gy,a — Gob)], by = (b, 01x50)" , and by = (0150, by, 1)". Finally, the columns of G
were normalized to have unit fo-norm, and the entries of by and by were scaled accordingly.

Figure 3.1 shows a signal sample for by and by. Then, we chose the weighting vector w such
that it is equal to « for non-zero elements of by and it is equal to 1 — « for non-zero elements
of by, where 0 < a < 1. So, for a < 0.5, by the first source should be estimated and for a > 0.5
the second source should be estimated.

The output (f)) was then compared to b; and by using their correlation coefficient (p; and
p2, respectively). For p; > 0.9, it is expected that by is estimated by the algorithm, while
for po > 0.9 it is expected that the algorithm result would be close to bs; otherwise, it was
declared that the algorithm has failed to estimate either one of the solutions. This experiment
was repeated 1,000 times with different randomly generated systems. Figure 3.2 depicts the
percentages of estimating by, by and failure rates versus a.

Figure 3.2 shows that WSLO estimates by for v < 0.4 and estimates by for a > 0.4, while /3 g
estimates by for for o < 0.5 and estimates by for a > 0.8. It shows that /3 o has the tendency
to estimate by which is a connected source, while WSLO has the tendency to estimate by which
is a spread source. The results of weighted elastic net (WEN) are also shown for A2 = 0.025 and
A1 = 0.05. The results show that WEN tends to estimate the connected source, but its accuracy

is less than the ¢3¢ regularization method.

3.7 Conclusion

In this chapter, we have introduced previous regularization methods which have been used in
EEG source localization. We have also proposed a new regularization term which is the combi-

nation of the y norm and the ¢ norm. It is called ¢3¢ regularization. Theoretically, It is more
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Figure 3.2: The percentages of by and by estimates, and the percentages of failure versus a.

accurate than the similar methods proposed before, because of using the £3 norm. In a simple
simulation, we have shown that the {3 regularization tends to estimate the sparse connected
regions and it is more accurate than weighted elastic net. As the optimization algorithm is also
simple, it seems that the {5 o regularization would be a good choice for our problem and it would
be used in chapter IV.

Some experiments can be considered as future works listed as follows:

e The (3 o regularization algorithm should be verified on different simulations which simulate

different situations in the real data. For example, considering different types of noise.

e Choosing the best value for the repetition number of the ¢ norm minimization (K') in the

U3 regularization (Figure 3.2).



Part 111

Reference Based Source Separation
(R-SS)

33






Chapter 4

R-SS Method

4.1 Introduction

In this chapter, reference-based source separation (R-SS) is introduced. Its solution is computed
by generalized eigenvalue decomposition (GEVD) which is fast since it admits an exact analytic
solution. A similar idea has already been applied for extracting fetal ECG from maternal
ECG [145, 146]. Spatial filters computed by GEVD to maximize the power of the temporal
sources during the reference state using GEVD, are used for enhancing spatial resolution of
recordings. As a result, GEVD provides temporal sources sorted according to their decreasing
similarity with the reference. Selecting the right number of temporal sources is a tricky problem.
In this chapter, as a second processing step, we propose an original method, based on Bayes
rule, is then applied for selecting the number of sources similar enough to the reference.

GEVD principles are reviewed in Section 4.2. Data structure and the heart of the R-SS
method are presented in Sections 4.3 and 4.4, respectively. Source classification method which

is the last step in R-SS is explained in Section 4.7.

4.2 GEVD Principles

Generalized eigenvalue decomposition (GEVD) of one pair of symmetric and positive definite

matrices (R!,R?) can be stated as follows:
R'W = R?WA (4.1)
where A is the diagonal matrix of generalized eigenvalues. The generalized eigenvectors build

the columns w of matrix W. The ratio

wRlw

A = —
(w) wR2w

(4.2)

where () denotes transpose, is known as the Rayleigh quotient, and its maximization is usually

performed by GEVD. In fact, the first derivative of A whose roots are the extreme points of A

35
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is:
2

wR*w

Eq. (4.3) shows that the greatest eigenvalue in (B.1) will be the maximum value of Rayleigh

V(W) = (R'w — AR?w). (4.3)

quotient.
Defining various pairs of matrices (R}, R?) and using GEVD for maximizing the Rayleigh
quotient can be used in different applications, associated with different criteria [145]. GEVD

has some useful properties which are defined in the following two theorems.

4.2.1 GEVD Properties

Theorem 4.1. For symmetric positive definite matrices (r' and %), we have:

0 o,
w,R*w; = { Z fj (4.4)
Bi>0 1=y

and

0 1+
wi Rl w; — 7 (45)
Aifi >0 i=j

Proof: For i-th eigenvector we have

The scalar product with another eigenvector gives:

W;-RIWZ‘ = )\Z‘WQ-RZWZ‘ (4.7)
and of course also:
W;RIWJ' = )\jWéR2Wj (48)
Since R! and R? are symmetric:
)\iWQRQWj = )\ngRQWj (4.9)
and hence:
(/\i — )\j)W;-RQWj =0 (4.10)
If A\; = Aj # 0 then:
wR*w; =0 (4.11)

and if i = j, as R? is positive definite we have:

W;RQW]' =06;>0 (4.12)
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In the same way we have:

0 ]
wR'w; = T (4.13)
Aif; >0 1=

Theorem 4.2. The eigenvectors are linearly independent.

Proof: Suppose w; are not linearly independent. This would mean that we could write an
eigenvector wy, as
WE= ) YW (4.14)
J#u
This means that for j # k,
)\iW;-R2Wk = )\jW}RZWj #0 (4.15)

which violates equation 4.4, the eigenvectors are linearly independent.

4.3 Data
Let us denote the observation data as X € RN*T and its rows as x, = [z[1],- -+, 2;[T]],
i=1,---,N is a zero-mean 1 X T" matrix corresponding to the T" samples recorded in electrode
lead i, and N is the number of channels (electrode leads).

Assuming a linear model, X = AS, let’s denote the columns of A as a; = [a1[j] ... an[j]]’
and the rows of S as s} = [s;[1],- -+ , s;[T']] where they represent the j-th spatial pattern and i-th

temporal sources, respectively. Here, a;[j] shows the contribution of the ith temporal source, s,
to the jth electrode lead, x.

4.4 Heart of Reference-Based Source Separation Method

Our objective is to extract the sources related to a reference activation model. We consider two
states, denoted C! and C?, which correspond to the reference and non-reference activations,
respectively. Denoting 7¢, ¢ = 1,2, the set of time samples related to each state, we can build
the corresponding segment matrix, X € RV*M ‘ The correlation matrix of data for each state

can be estimated as: )
Mt

The spatial filters, W (whose columns are generically denoted w), for which the temporal

~
R = — XX (4.16)

sources, S = W’'X have maximum similarity with the reference activation state, i.e., maximum

variance in the reference state compared to the other state, is computed as:

wR w

(4.17)

max ——
W wR'w

Using (4.3) for solving (4.17) leads to GEVD of (ﬁl, ﬁ2):

R'W=R'WA (4.18)
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Using W, the spatial patterns, A = (W’)~!, and the temporal sources, S = W'X are extracted.
As explained before, the maximum eigenvalue in (4.18) is related to the maximum power ratio
in (4.17). We rank the eigenvalues in decreasing order. This implies ranking of the estimated

temporal sources, according to their resemblance to the reference activation state.

4.5 Sources are uncorrelated

In R-SS the observations are segmented into two parts. In EEG analysis for reducing the noise
and the background the average of the epochs is used. Therefore, we naturally have two parts

in the observation. The equivalent observation matrix in R-SS is produced as:
X = [X'X?] (4.19)
The source matrix and the transform matrix W is etimated by R-SS.
S = WX = W[X!'X?] (4.20)
Here, we will show that the estimated sources are uncorrelated.

SS’ = WXX'W'

xY

_ 1~72
_W[XX] XQ/

] W/ (4.21)
= WR!+ RH)W

Using theorem 4.1 it is proven that the correlation matrix of the sources is diagonal and
without loss of generality the temporal sources are normalized, which means that SS’ = I,

where I is an N x N identity matrix.

4.6 Comparison with previous applications of GEVD

GEVD has been used before in different applications like common spatial patter (CSP), non-
stationary source separation and periodic independent component analysis. Here we want to

review these methods to clarify the idea behind them. This classification is taken from [147].

e SNR Mazximization: Suppose that the observation x = x], the ith row of X in Eq. 3.1,

has an additive model as follows:

X = Xgs + X,

where x; is the desired part of the observation, and x,, is the undesired part, considered
as noise and/or interference. The goal is to find a linear transform y = w’x to obtain a
transform with the highest SNR value.
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wR, w

/
Ys¥s
SNR = =
(w) Yi¥n wR,, w

where R,, = 7x,x, and Ry, = 7x/,x, are the correlation matrix of desired and undesired

parts of the observation. The maximum value of the SNR is achieved by GEVD of the
matrix pair (R;,, Ry, ).

e Nonstationarity Mazimization: Suppose that the observations are the nonstationary mix-
tures of the desired and undesired signals. For example, in Brain Computer Interface
(BCI), the goal is to find the brain patterns related to two different tasks like left and
right hand movements. In this application, Common Spatial Patterns (CSP) are estimated
using GEVD of the correlation matrices of different epochs of the EEG signal [148]. In our
work the reference and non-reference states are two different time intervals with different
statistical measures. Extracting artifacts from EEG which is recorded simultaneously with

fMRI also can be considered as nonstationary signals [34].
In all these applications the spatial filter is derived by GEVD of the correlation matrices

of two time intervals. The choice of time intervals is dependent on the application.

e Spectral Contrast Maximization: Sometimes undesired part of the observation is separable
in other space like frequency domain. In such a case we use GEVD of the cross-spectrum
of the observations in a specific frequency bandwidth and the covariance of the whole

observations considering all frequencies.

Eq. 4.6 can be transformed as follows:

Y(f) =F{yt)} = wF{z(t)} = wX(f)

and GEVD is written as:

B E{|Y (v)]*} w'S,w

BV wCew

a(w)

where S, = E,{X, X!} is the cross-spectrum of the observation vector averaged over the
bandwidth of interest. See [147] for more details.

e Periodicity Maximization: When the desired or undesired parts of the observations have
a periodic or quasi-periodic structure, one may seek for a linear transform that maximizes

a measure of periodicity, while keeping the signal energy bounded:

€(W) _ Et{y(t)y(t + Tt)} _ WlP%W
B Efy(t)?} - wWCw

The MUSE algorithm assumes a constant value for 7, [149] and [145] assumes a time

varying value for 7.
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4.7 Source Classification

Blind source separation (BSS) methods are powerful tools for separating sources in many ap-
plications. Estimating the number of sources provides useful information for BSS methods.
Applying Principle Component Analysis (PCA) and choosing the number of dominant eigenval-
ues of the spatial correlation matrix as the number of sources is a well known method. However,
it is difficult to distinguish dominant eigenvalues. Various methods based on Information Theo-
retic Criteria (ITC) have been proposed to estimate the principle dimension of multivariate data.
Several methods based on I'TC have been demonstrated to be attractive for model order selection
in signal processing, including Akaike’s information criterion(AIC) [?], Kullback-Leibler infor-
mation criterion(KIC) [150], the minimum description length (MDL) criterion [151], Bayesian
information criterion (BIC) [152] and a Laplace approximation to Bayesian Criterion based on
model evidence [153]. All of these methods have high computations. These criteria are investi-
gated in [154].

Here, we propose a simple method to define the number of sources. Remember that the
simplicity of this method is due to the usage of experiment information in the source separation
step and it is achieved by a special interpretation of the eigenvalues which will be explained
below.

After obtaining the discriminative sources (s;) between the reference and non-reference states
ranked according to their similarity to the reference state. Now, we need to select the sources,
which are similar enough to the reference, for being considered as belonging to the reference
class. To this end, we propose the following procedure.

The probability of the reference class (w;) membership is calculated as follows:

Ai

_ 4.22
maz(Xj=1,.. N) ( )

p(s; € w1) =
where )\;, i = 1,..., N indicate the eigenvalues or the diagonal elements of A in (B.1). For

classification of the sources, the error probability using Bayes rule is defined as:

N

N
Perror = Z (p(sg' € wa |W1 )p(wl)) + Z (P(S;' € wy |w2 )p(w2))
=1 =1

where p(sj € wa [w1) = 1—p(s; € wi) and p(sj € wy |w2) = 1—p(s; € wa) as wy and wy constitute
a partition. p(w;) and p(ws) are the prior probabilities of the reference and non-reference classes,
respectively. We remind that GEVD sorts the separated sources in decreasing order of similarity
with respect to the reference. Therefore, if we assume that only the first ¢ sources belong to the
reference class (and consequently the N — i others belong to the non-reference class), then the

total error probability (false positive plus false negative errors) can be written as follows:

Perror(i) = Zé‘:l p(s;« € wa w1 )p(wr) + Z;V:H-l p(S;« € wy w2 )p(ws2) (4.23)

where p(w;) = ﬁ and p(w2) = N]\7 ¢ Thus, the minimum of Perror (i) provides the number i* of
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Figure 4.1: R-SS method. R} and R?n, m = 1,..., L* denote the correlation matrices of different

m
IED and non-IED time intervals, respectively. The average of these matrices denoted as R' and

R? are the inputs of GEVD. Using GEVD, the discriminative temporal sources, s;, i = 1,..., N,
are estimated. These sources are ranked according to their similarity to the IED class.

the sources in the reference class, i.e., i* = arg min; peyror (7).

4.8 Conclusion

We propose a new reference-based source separation method using generalized eigenvalue de-
composition for identification of brain regions involved in a reference brain state (like interictal
events). Using GEVD, we estimate the spatial filter that maximizes the power of reference
over non-reference state, and provides temporal sources ranked according to their similarity to
reference state.

R-SS method can be considered as a semi-blind source separation as it uses the states in
which the observations are recorded. R-SS is based on GEVD algorithm. Using GEVD has
two advantages: First, its solution can be computed analytically. Therefore, it is fast. Second,
GEVD in a manner that is used in R-SS method gives extra information about the sources. It
sorts the sources in increasing order of their similarity to the reference state. R-SS uses this
extra information in source classification step to find the sources of interest. Figure 4.1 shows
the R-SS block diagram.
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Chapter 5

R-SS Evaluation

5.1 Introduction

Here, we use epileptic EEG to evaluate the R-SS method to find out how much it would succeed
to localize the epileptic sources. The drug-resistant focal epileptic patients are recommended
for resective surgery. The goal of this surgery is to remove the brain regions responsible for
the epileptic seizures [155]. The classic method used by the epileptologists for the presurgery
evaluations is studying seizure onset zones (SOZ), i.e. the regions where the first electrophysio-
logical changes are detected at ictal onset. However, if the seizures do not occur, or occur rarely,
the presurgical evaluation cannot be performed or is prolonged. Moreover, as seizures are rare
events, their study may not lead to statistically robust results [156]. For these reasons, studying
the interictal epileptiform discharges (IED) is very valuable as IEDs are frequent events during
EEG recording. The relationship between SOZs and IED regions is an open question and there
are several studies wondering whether identification of IED regions can be used to guide the
resection surgical decision [157, 158, 159, 160].

The complexity of IED identification lies within reducing the effect of background activity
using a robust method. Toward solving this problem, a method based on functional connectivity
was proposed in [161]. Contrary to previous methods, both IED and non-IED time intervals
were used in [161] to develop a differential connectivity graph (DCG). To extract the statistically
robust connections, DCG uses a permutation method applied to a large number of IED and
non-IED time intervals which is computationally heavy, while reference-based source separation
(R-SS) method efficiently reduces the computational load. R-SS method has been presented in
Chapter 4.

Here, for estimating the IED regions which are not necessarily unique, we applied a multi-
objective optimization algorithm. Evaluation of our method is based on both realistic simulated
data [162] and on actual data. For actual data, the IED regions estimated based on our method
are compared with visually inspected SOZ and leading IED regions estimated by DCG-based
method introduced in [161] using the same iIEEG recordings.

We introduce the parameters of the R-SS method and also the optimization method in Section

5.2. The proposed method is evaluated using two sets of data: simulated and actual data in

43
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Section 5.3 and 5.4, respectively.

5.2 Method

The steps of the method are as follows: 1) Preprocessing: manual labeling, and band-pass filter-
ing; 2) R-SS: source separation, and source classification; 3) Feature Extraction; 4) Optimization.

In the following, each step of the method is explained in details.

5.2.1 Preprocessing

In the following, we explain the preprocessing steps. More details about these steps can be found
in [161].

Manual labeling

The IED and non-IED time intervals are manually identified by the epileptologist for each patient
considering all the iEEG channels. An IED period is a time interval, including a single IED or
burst of IEDs. A non-IED period is a time interval without any IED or abnormal events. IED
periods studied for each patient are homogeneous in terms of their characteristics. However, the
IED periods may include single IED or burst of IEDs.

Band-pass filtering

The estimated power spectrum density of IED intervals is large in the frequency range of 4-64
Hz. Therefore, a band-pass filter with a passband from 4 to 64 Hz is applied to the temporal
signals. According to the manual labeling of previous step, the filtered signal is segmented into
L' IED and L? non-IED segments.

5.2.2 R-SS

In this step, we use the R-SS method to extract the most similar sources to the reference model.

Data The observation data is denoted as X = [x1 - - - xn] € RV*T where x; = [z4[1],--- , z;[T],
7 =1,---,N is a zero-mean T X 1 matrix corresponding to the T samples recorded on electrode
lead j, and N is the number of channels (electrode leads).

Here, our objective is to extract the sources related to a reference activation model or IED
event. We consider two states, denoted C' and C?, which correspond to the reference and non-
reference activations like IED and non-IED, respectively. Denoting .7¢, ¢ = 1,2, the set of time
samples related to each state, we can define each column of the corresponding segment matrix,
Xt e RNXMZ, as:

xi = [z1i], - an[i]], i € T4 M* = card(T*) (5.1)
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where card(.) indicates the cardinality of a set. The correlation matrix of data for each state
can be estimated as:
R = ﬁx‘fx‘f’. (5.2)

The spatial filters, W, for which the temporal sources, S = W’'X have maximum similarity
with IEDs and the number of the IED related sources (i*), are computed by the R-SS method.
The scheme depicted in Fig. 4.1 demonstrates the block diagram of the reference-based source
separation method. The L! reference (or IED) and L? non-IED segment matrices are denoted
as an € RV XMZ, where m = 1,..., L' is the index of each segment. Each column of an
is xi, i € T, M: = card(Z%). 7! indicates the set of time samples of the mth segment
related to each state. £ is equal to 1 and 2 for indicating IED and non-IED, respectively. The
correlation matrix for each of these IED and non-IED segment matrices are calculated using
(B.2) by substituting X* with X’ and M?* with M¢,. These correlation matrices are denoted as
R., € RV*N . The average of L' IED correlation matrices and L? non-IED correlation matrices
denoted as R and R? are the inputs of GEVD.

The output of GEVD is the ranked spatial patterns and temporal sources according to their
similarity to reference or IED state.

* are identified as IED class members. After obtaining ¢*, as we

The sources s;, i = 1,...,1%
are not interested in the non-IED class members, the probability of the IED class membership

(4.22) can be rewritten as:

i=1, 0"

5.3
i=di*+1,---,N. (5:3)

o X

p(Si € wl) = {

5.2.3 Feature extraction

In the previous step, the source members of IED class are identified. Now, for the identification of
IED electrode leads, we need to transfer this information from the source space to the observation
space.

According to the linear relationship between observations and sources and to the constraint
|Iw|| = 1 considered in (4.2), the probability of activation of each source, s;, in each observation,

x; (associated with electrode lead j), corresponds to its relative power contribution to x;:

N
. a;[j]
Xj = ailjlsi = p(xjlsi) = =N 5 (5.4)
; Zi:1 ai[j]?
Using (5.4) and (5.3), we define the membership probability of each observation for the IED

class, p(x; € C1), as follows:

i*

px; € CY) = p(x;lsi)p(si € wi) = > pl (5.5)
=1

i=1
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One can estimate the IED regions by maximizing (5.5) as a single objective function, i.e.

e = argmax p(x; € ch (5.6)
J

where e indicates the electrode lead number involved in the IED event. Estimating the IED
electrode leads through (5.6) has the following two problems. First, (5.6) is a single objective
optimization problem and provides one single IED lead, while most often there exist a network
of structurally and functionally connected brain regions [163], thus we expect a set of IED leads
close to these regions. However, to obtain a set of IED leads, one can select the leads whose IED
class membership probability (p(x; € C')) is greater than a given threshold, which provides
threshold dependent results. Second, in (5.5) the probability of activation of different sources
of IED class (s;, i = 1,...,4") in each electrode lead are averaged, while we are interested in
optimizing the activation of each source in each electrode. These problems of single objective
optimization methods are addressed in [164, 165]. Historically, Pareto introduced multi-objective

optimization methods in which all the objective functions are considered simultaneously.

5.2.4 Optimization

The most important reason for rejecting the single objective optimization solution is that, we
are interested in optimizing the contribution of each source to each electrode lead. Let us denote
the membership probability of each observation or node, j, for the ¢* sources of IED class as
p; = [p},pg, .. ,pé-*}/, pé = p(xj[si)p(si €w1), j=1,...,N. In an ideal situation, the objective

function values, pﬁ- should achieve the maximum value for each individual dimension [164], i.e.

3z e {l,...,N}, p :maxj(pé-), Vi=1,...,¢*

! (5.7)
p.=[pl,...,p. 7.

However, practically the ideal point z does not exist in our search space. Instead, more often
there exists a set of solutions (leads), where each solution receives a greater contribution from
at least one of the IED sources. This set of solutions is called a set of non-dominated solutions
(or layer) in Pareto optimization. This concept of Pareto optimality [164, 165], has been used
in many applications as in economics, management science, mechanical engineering, etc.

The multi-objective optimization problem, in Pareto sense, gets the following form:

LS 1,2 i
maximize D5 D55 D5

subject to  p; € P

(5.8)

consisting of i* objective functions that are aimed to be maximized simultaneously. The de-
cision/variable vector p; € R*" belongs to the search space P C R*". We classify the search
space P according to the Pareto concept of non-domination [164]: a node is a member of non-

dominated layer if either it dominates the others, or there is no other node dominating it. Node
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j dominates node j, if Vi, pé- > pé-o, and Fig, p;‘) > ngl. The first non-dominated layer, D(P)
is obtained from the nodes of the entire search space P. In the following, we explain how to
estimate D(P) using Pareto optimization algorithm [164].

Let us consider N ¢*-dimensional decision vectors, p;, as N nodes in the search space P.

1. Initialize D(P) with the first node (5 = 1) with value of p;. The initialization can be done

with any node of search space.
2. Choose a new node (j =5+ 1):

(a) If any node in D(P) dominates node j go to step 3.
(b) Else add node j to D(P) and remove any nodes of D(P) that node j dominates.

3. If j is not equal to IV go to step 2.

The members of D(P) build the first non-dominated layer. We can then compute a second non-
dominated layer, etc. each one corresponding to a less probable set of solutions. For the kth
non-dominated layer, we remove the nodes of first (k — 1)th non-dominated layers from search
space P, and we use the same algorithm on the remaining nodes, Pj.

In our problem, we consider the estimated results as a hint for the epileptologists for presur-
gical evaluations. In our analysis, by classifying the search space into different non-dominated
layers [164], we can estimate different sets of close electrode leads to at least one of the epileptic
sources according to their probability. From the first to the last layer, the probability of being
close to at least one epileptic source decreases. Of course, the first layer includes the most
probable solutions in comparison with other layers. Therefore, we propose the first layer, and
to enlarge the set of solutions, we suggest the second layer conditioning that it is spatially close
enough to the first one. If the latter condition is satisfied, the union of the first and the second
layer nodes are defined as the “Pareto optimal set” or the set of estimated IED electrode leads.
The distance between first and second layers is computed using Hausdorff distance (dynqz), which
is the supremum of minimum Euclidean distances between the first and second non-dominated
layers’ nodes. By comparing d;,q, with a relative margin (threshold), we test if first and second
layers are close enough. In the following, we explain how the relative margin is calculated.

Practically, ideal point z (5.7) might or might not be in search space P. However, for each
search space P, we can calculate its related ||p,| that is dependent on the maximum objective
function values: max; (p;-), and eventually on the first layer nodes. A relative margin: € of ||p, ||
(e is a small positive number) is considered to measure the closeness of first and second layers.
Therefore, if dpa: < €]||p,||, i.e. the second layer is within the relative margin of first layer
(100e% of ||p,||), the set of estimated IED leads are suggested as the union of the first and
second layer nodes. Otherwise, only the first layer nodes are considered.

The Pareto optimal solution provides a set of electrode leads, while epileptologists would
like to get the brain regions. In our data, we assume that intracerebral electrodes are inserted

into the clinically suspected brain area. This assumption is validated based on the expertise of

!Please note that in the two inequalities, one of them is a strict inequality.
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the epileptologists. In this work, the IED leads are associated with the brain regions (where
the leads are located) by the epileptologists using the implantation scheme and other clinical
information. For more accurate association, a source localization method could be applied to
the intracerebral data of the selected electrode leads to solve the associated inverse problem as

it has been done in [166]. This would be more robust but it is out of the scope of this paper.

5.3 Simulated Data

The efficiency of the proposed method is evaluated using computer simulations. As illustrated
in Fig. 5.1, three multi-lead depth electrodes (A, B, and C) are considered, and positioned
parallel to each other. We consider eight brain sources: two epileptic sources are placed (i)
between electrodes A and B (e1), and (ii) close to electrode C (e2), and six non-epileptic sources
are randomly placed in the volume around the electrodes. The locations of the electrodes and
sources are kept constant in simulations, and for simplicity are restricted to belong to a 2-D
plane. The electrical activity of each brain source is represented by a current dipole [162]. The
orientations of the six non-epileptic source dipoles are randomly chosen in the 2-D plane and
kept constant in simulations, while the orientation of two epileptic source dipoles are assumed
as one of the three possible orientations: a tangential orientation (i.e. along the electrode axis),
a radial orientation (i.e. orthogonal to the electrode axis), and a ‘mixed’ orientation (i.e. with
a 45°-angle with the electrode axis). Three simulations (see Fig. 5.1) are performed where the
orientations of two epileptic dipoles are assumed as (1) both orthogonal (Dy), (2) both tangential
(D1), and (3) both mixed (D2).

The time-varying magnitudes of the source dipole moments are assumed to represent the
global neuronal activity in the source regions. They are obtained from a neural mass model
(Modified version of the model proposed in [167]). Model parameters (related to neuronal ex-
citability) are tuned such that epileptic source dipoles are assigned an epileptic time-course
(spiking activity), while non-epileptic source dipoles are assigned a ‘normal’ time-course (back-
ground activity). For epileptic activity, it is assumed that spikes are originated in source e; and
propagated to source e with a delay of 30-50 ms. The EEG signals, produced by brain sources
at all depth-electrode leads, are simulated by solving the ‘EEG forward problem’ (see [162] for
details). Briefly, we assume an infinite homogeneous medium with conductivity o = 33 x 107°
S/mm. At each electrode lead &, the electric potential V' produced at time ¢ by a current dipole
is Ve(t) = (m(t).u,)/(4nor?), where m(t) = m(t)d is the dipole moment (with magnitude m/(t)
and orientation d), u, is a unit vector oriented from the source to the electrode lead, r is the
distance between them, and the potentials produced by individual sources add up linearly.

The duration of the simulations is 600 s (sampling frequency: fs = 512 Hz). In practice, for
each simulation, 100 IED time intervals (length: 300 samples each), centered on the peaks of
IEDs, are extracted. Each IED time interval includes a single IED (here, a spike). For each of
the three simulations, 100 non-IED time intervals (same length as the IED intervals) are also
extracted.

The method is applied to the three simulated data. The results are shown in Fig. 5.1, using
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thick and thin frames for the first and second Pareto layers, respectively. It can be seen that the
union of first and second Pareto layers includes the closest electrode leads to at least one of the
epileptic sources for the three simulated data. There is no major difference between the results
related to the three data of different oriented epileptic sources. Electrode lead A, is not selected
as there are other non-epileptic sources close to this electrode, thus the contribution of epileptic
source e to Asg is less than its contribution to Ag and A;. More discussion on the results in
terms of Pareto layers can be found in Section 5.

The proposed method has been evaluated using more sophisticated simulations in 3-D and a
number of electrodes (not reported in this paper due to lack of place), which provided congruent
results.

To study the effect of signal to interference ratio? (SIR) on the proposed method, the simu-
lations are repeated for different SIR values. Different SIRs are generated by changing the con-
tribution of the non-epileptic sources (generating background activity) to the simulated iEEG.
For SIR € [—2,+20] dB, we get congruent results in all directions, although the IEDs are not
visible in the iEEG signals with the lowest SIR value. More specifically, the identified electrode
leads are identical for all SIR values with some changes in the assignment to the first or the
second Pareto layer. Indeed, for example, in the simulated data with source orientation DO, for
the highest SIR value, all the identified electrode leads (Fig. 2) are assigned to the first layer.
Decreasing SIR causes A2 to be re-assigned from the first layer to the second layer, and for
the lowest SIR value, B0 is also assigned to the second layer. Table 5.1 shows the detail of the
results for different SNR values.

We have also simulated 3D electrode implantation as in figure 5.2 for the same sources in
the 2D simulation and SIR=5dB. The electrode leads which are detected as epileptic ones are
shown in table 5.2.

Using simulated data presented in this paper, we qualitatively demonstrated that the pro-
posed algorithm works properly. However, a complete study, including the analysis of different

parameters and their related quantitative evaluations will be done in our future work.

5.4 Actual Data

The iEEG recordings were obtained from five patients suffering from focal epilepsy. The types
of focal epilepsy of the patients are brought in Table 5.3. The patients underwent presurgery
evaluations with iEEG recordings. They are seizure free after resective surgery. Eleven to fifteen
semirigid multi-lead intracerebral electrodes with 0.8 mm diameter were bilaterally implanted
in suspected seizure origins based on clinical considerations. The multi-lead electrodes (Dixi,
Besancon, France) include 5, 10, 15, or 18 leads. Each lead has 2 mm length and is evenly
spaced with interspace of 1.5 mm. The iEEG was recorded with an audio-video-EEG monitoring

system (Micromed, Treviso, Italy) with a maximum of 128 channels and sampled at 512 Hz.

*Here, signal relates to epileptic sources, and interference to non-epileptic (background) sources. The SIR is
then calculated for the significant electrodes, A0 and C9, by computing the power ratio (in dB) of the signals
related to the epileptic sources (e1 and e2) over all the signals related to the non-epileptic sources.
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Figure 5.1: Schematic diagram of the simulated data. Five electrodes (A, B, C, D and E), six
non-epileptic and two epileptic (e; and es) sources in three different orientations (Do, D1, Da)
are demonstrated. The squares indicate the electrode leads. Each electrode consists of 10 equally
spaced recording contacts (3.5-mm inter-contact spacing). The thick and thin frames demonstrate
the first and second layer nodes of Pareto, respectively.

The electrode leads were recognized on the patient’s implantation scheme, and localized in the
Montreal Neurological Institute (MNI) atlas. The implantation scheme of patient 1 (P1) is
brought in Figure 5.3. Bipolar derivations were considered between adjacent leads within each
electrode. The 50 Hz is removed by a fifth-order notch Butterworth filter with 3 dB cutoff
frequencies equal to 48 and 52 Hz.
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Table 5.1: IED electrodes for different SIR values in 2D electrodes.

Electrode lead number

Low SIR
1st Layer Ao Bo Cg

Do 2nd Layer Aj
D, 1st Layer Ay
2nd Layer By Cg
1st Layer Ay Gy
Do

2nd Layer A; By B:
Medium SIR
1st Layer Ay Bp Gy

Do 2nd Layer A;

D, 1st Layer Ao Co
2nd Layer By Csg
1st Layer Ay Gy

Do

2nd Layer A:1 By Bi
High SIR
1st Layer Ao Bo Cg

Do 2nd Layer A; Csg
D, 1st Layer Ay
2nd Layer Bg Cg
1st Layer Ay Gy
Do

2nd Layer A; By Bi Cs

Table 5.2: IED electrodes 3D implantation for SIR=5dB.

Electrode lead number

Do 1st Layer Do D1 Ds Ds Dy Es
2nd Layer Eg

1st Layer D1 Do E4 Es Es Er
2nd Layer D3 Egs

1st Layer Ap Co

2nd Layer A; D2 Es

Dy

Do

5.4.1 Comparison with other methods

We compare the IED regions estimated by R-SS method with two methods: visually inspected
SOZ (vSOZ) by the epileptologist and leading IED regions (/IED) [161].

Comparison with vSOZ

In Table 5.5, the IED regions estimated by R-SS method and Pareto optimization method
are reported. Here, we experimentally choose ¢ = 0.3 from our data, i.e. the second Pareto
layer can be considered as the neighborhood of the first Pareto layer if d,q, is smaller than
or equal to 30% of ||p,| (5.7). The values of diaz/ ||P,|| for our five patients are as follows:
0.16,0.09,0.01,0.17,0.6. In our experiments, dmq < €||p,| is satisfied for patients 1 to 4.
Therefore, the Pareto optimal solutions reported in Table 5.5 for these patients are the union of
the first and second non-dominated layer members while, for patient 5, the regions are associated
with the first non-dominated layer members. Patient 5 is a particular patient with very focused

vSOZ, which may explain why the Pareto optimal solution is limited to only the first non-
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Figure 5.2: Schematic diagram of the simulated data. Three electrodes (A, B, and C), six non-
epileptic and two epileptic (e; and es) sources in three different orientations (Do, Dy, Ds) are
demonstrated. The squares indicate the electrode leads. Each electrode consists of 10 equally
spaced recording contacts (3.5-mm inter-contact spacing).

dominated layer and eventually the related IED regions are very focused.

In the following we present the results in terms of regions where the electrode leads are located
since it is more significant. The abbreviations used in Table 5.5 are as follows: amygdala (amyg);
anterior/posterior/internal /superior (ant/post/int/sup); entorhinal cortex (entC); hippocampus
(Hc); parahippocampal gyrus (pHcG); temporal (T); temporal pole (TP); mesial (m); gyrus (G);
middle short gyrus of insula (midInsG); patient i (P;).

The comparison reported in Table 5.5 shows the congruency between vSOZ and the estimated
IED regions by our method except for the patient Ps. For Ps, there are vSOZs which are not
estimated by R-SS. It is important to mention that the suggested vSOZs, which we considered
as ground truth, are based on EEG and extra clinical information such as semiology. Moreover,
since all patients are seizure-free after resective surgery, we deduce that the removed regions

included the necessary regions for creating the seizures, but the removed regions might be more
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Figure 5.3: Implantation scheme of the iEEG electrodes (a) Sagittal view; (b) Coronal view.

Table 5.3: Type of epilepsy of the patients. L/R:left/right; T:temporal; midInsG: middle short
gyrus of the insula.

patients focal epilepsy

P1 LT
P2 LT
P3 LT
P4 RT
P5 RmidInsG

than required. These issues make the interpretation of false negatives or sensitivity challenging.
However, the estimation of IED regions, including the vSOZ (zero false positive, or precision
= 100%, see Table 5.6) is valuable since vSOZs are always included in the removed brain regions.

Precision and sensitivity are defined later in this Section.

Comparison with /IED

In Table 5.5, the IED regions estimated by our method are compared with the /IED regions
estimated in [161] using directed DCG (dDCGQG), where the causal relationships were considered.
The /IED regions are the estimates of leading or source regions involved in IED events where the
IED signals are assumed to be originated. The results of our method and ¢IED are congruent
(Table 5.5) except for a few regions: mesial temporal pole in Pj, parahippocampal gyrus in
P35, and Amygdala in P4. One may interpret that the two former regions that are not included
in /IED regions could be transit or sink regions which are involved in the IED event, and not
necessarily originating IED signals [156, 168]. Amygdala is not selected by our method in Py.
However, mesial temporal pole in Py, parahippocampal gyrus in P3, and amygdala in P4 are
included in vSOZ and were removed during surgery.

Our method provides a greater congruency with vSOZ in comparison with /IED regions.

This result is shown quantitatively in Table 5.6. In this Table, the IED regions estimated by
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Table 5.4: Parameters of the patients’ iEEG. N: number of the bipolar channels; T length of
the original (non segmented) iEEG signal (minute); L': number of IED or non-IED time intervals.

P1 P2 P3 P4 P5 mean

N 104 105 111 109 100 106
T (minutes) 61 56 42 90 66 55.44
L! 208 614 223 160 223 304
L? 143 200 195 183 148 174

our method and /IED regions are compared with vSOZ by assuming that vSOZs are the ground

truth. For this purpose, the following measures are used.

1.

Precision = TPT+7PMD (in %), where TP and F'P indicate true positive and false positive in

terms of brain regions. T'P is the number of common brain regions between vSOZ and our
estimated IED regions, while F'P is the number of uncommon regions which were falsely
detected by our method.

P

. Sensitivity = TP:CFW (in %), where FN indicates the false negative in terms of brain

regions. F'N is the number of regions missed by our method.

. dis: the average of minimum distances (mm) between IED and vSOZ electrode leads. The

smaller this value, on average the closer the set of IED regions to vSOZ.

. ovp: the average percentage of the number of IED electrode leads which are in the neigh-

borhood (< 1.5¢m) of at least one of the vSOZ electrode leads. ovp = 100% shows that
we obtained at least one IED electrode lead in proximity of each of vSOZ electrode leads.
Conversely, ovp = 0% shows that we could not obtain any IED electrode lead in proximity

of any of vSOZ electrode leads.

. ovp2: the average percentage of the number of vSOZ electrode leads that are in the

neighborhood (< 1.5¢m) of at least one of the IED electrode leads. ovp2 is the same as
ovp except that the set of vSOZ electrode leads is replaced with the set of IED electrode

leads.

5.4.2 Evaluation of the proposed method in terms of robustness

The robustness of the method is evaluated according to the influence of the number of IED time

intervals and errors in identification of IED time intervals.
1) Number of IED time intervals: The proposed GEVD-based method is fast due to its

exact analytic solution, but the correct estimation of correlation matrices is important for the

reliability of the results. Large enough number of data samples in each IED or non-IED time

interval is needed for a proper estimation of correlations. The length of each IED time interval

depends on the length of single or bursts of IEDs. Here, the mean of minimum and maximum

length of IED time intervals over patients are equal to 236 and 3.3 x 10% samples, respectively

which provides statistically reliable estimation of correlation matrices.
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Table 5.5: Comparison between the visually inspected SOZ (vSOZ) by the epileptologist, the
leading TED regions ((IED regions) estimated based on dDCG and the IED regions estimated by
R-SS method.

P;  antHC postHC pHcG amyg mTP

vSOZ x X X X X
/IED x X X X

R-SS x X X X X
Py antHC postHC pHcG amyg
vSOZ X X X X
/IED x

R-SS X

Ps antHC postHC  pHcG

vSOZ X X X

/IED X X

R-SS x X X

P4+ antHC postHC amyg mTP entC
vSOZ X X X X X
/IED x X X X
R-SS x X X
Ps  midInsG

vSOZ x

/IED x

R-SS x

Table 5.6: Quantitative comparison between ¢IED regions based on dDCG and IED regions
based on R-SS. The optimum value in each row for each measure is in bold.

Precision [Sensitivity| dis (mm) | % ovp | % ovp2
R-SS /IED|R-SS /IED|R-SS /IED|R-SS /IED|R-SS /IED
P; 100 100{100 &80 [1.6 & |[100 67 |100 70
P, 100 100 25 25| O 0O |100 100| 85 85
P; 100 100|100 67 |3.2 4 |100 100|100 100
P, 100 100 80 80 | 2 11.5({100 67 | 79 79
Ps 100 100|100 100|5.3 5.3 |100 100|100 100
mean 100 100| 81 70 2.4 5.8 |100 &7 | 93 &7

The length of the required recorded data for processing is dependent on the number of IED
and non-IED time intervals that exist in this length of data. It means that if in a given set of
data there does not exist enough number of IED and non-IED time intervals, we need longer set
of data to obtain the sufficient number of IED and non-IED time intervals. In our recordings, the
mean of the length of selected data is about 1 hour. To reduce the number of IED or non-IED
time intervals (not the length of each time interval), and eventually reduce the required time
length of data for recording, we test the reliability of the method in terms of the number of IED
time intervals. For this purpose, we use the jackknife method as follows. First, a percentage (L)
of available IED and non-IED time intervals is selected randomly. Next, the IED electrode leads

related to these time intervals (IED?) are estimated. Finally, the related false positive and false
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negative (F P, and F'N,) values are calculated in terms of electrode leads (for more details, see
the Appendix). By repeating this procedure 100 times, the mean and standard deviation of F'P,
and F'N, are calculated (left column of Fig. 5.4). We assume that the set of IED electrode leads
using L = 100% of available IED and non-IED time intervals is the ground truth. L is set to
30%, and 70%. Therefore, we consider that the results of the method are reliable for L < 100%,
if there is no significant change between the results related to L < 100% and L = 100%.

Results of Fig. 5.4 (left column) can show the reliability of the method for a small number of
IED time intervals (about 50) for most of the patients (P;-P4). For Ps, the standard deviation
is higher in comparison with other patients, which reveals its sensitivity for small number of
IEDs.

2) Errors in identification of IED time intervals: To test the effect of possible errors in
identification of IED time intervals (due to expert variability, or in the future the error in
automatic labeling), we exchange the labels of a randomly selected percentage (E) of available
IED and non-IED time intervals, and estimate the related IED electrode leads (IED#). The
same jackknife-based method explained above is applied. Here, we assume the ground truth is
the set of IED electrode leads estimating by using original IED and non-IED labels, i.e. E = 0%.
E is set equal to 10%, 20%, 30%, 40%, and 50%. Therefore, if there is no decrease of performance
for each of the former error percentages in comparison with E = 0%, we can conclude that the
method can tolerate this percentage of error in IED labelling. Fig. 5.4 (right column) shows
the mean and standard deviation of F'P, and F N, for all the patients. The result shows the
importance of the discriminative information between the two IED and non-IED states and how
it is crucial for obtaining the proper results. According to Fig. 5.4 (right column), one can
conclude that 10% error in labeling again provides correct results for most of patients: only the

results of Py are very sensitive to the error of labeling.

5.5 Discussion

5.5.1 Simulation Evaluation

The is a simplified example of real data, where we assume the presence of two epileptic sources
in the volume around the electrodes, supposed to be inserted in a clinically suspected brain area.
We are not looking for a unique solution in our method, instead we are interested in extracting a
set of solutions, which the number of solutions is practically unknown. Using Pareto optimality
concept and eventual classification of the search space into different non-dominated layers, we
aim to estimate the set of electrode leads that are the closest to at least one of the epileptic
sources. As it can be seen in Fig. 5.1, the first non-dominated layer includes mostly the electrodes
that are the closest to epileptic sources in the three simulations with different orientations of
epileptic sources. These leads are not necessarily close to a single source, instead these are
the leads which receive a greater contribution from at least one of the epileptic sources, and
eventually they have a higher membership probability to IED class. Since dpa: < €||p,|| (see

section 5.2.4), and thus the second layer is close enough to the first layer, we enlarge the set
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Figure 5.4: Mean and standard deviation of F'P, (solid) and FN. (dashed) for different percent
of IED time intervals (left), and different error percentages of IED labeling (right) for five patients.
From top to bottom, Py to Ps.

of results by considering the former one. Therefore, we obtain the extra electrode leads in the
neighborhood, such as A, Cg, and Bg. By considering the second layer results, we can see if
there is any solution in the neighborhood (even with less membership probability in comparison
with first layer) which might be useful for the epileptologists. In the current work, we do not
identify the location and orientation of the dipole sources. However, these extra information
is very helpful for future works for localizing the dipole sources in respect to the location of
neighborhood electrode leads.

For the three simulations of different orientations, most of the estimated IED leads are com-
mon. Some of the differences between the set of results are electrode leads A; and Ay. Aj is
identified for the three orientations except Dj. This is the specific condition in which the angle
between the source dipole e; and position vector of A; are perpendicular. A, is less specific
since there are other non-epileptic sources close to this lead.

The method performs well over a large range of SIR values (SIR € [—2,420] dB), as the same
set of electrode leads are always identified. Although decreasing SIR decreases the number of
electrodes in the first layer, all the significant electrodes (Ag and Cg) are identified for even the
lowest SIR value.

The results of 3D implantation are congruent with the 2D simulation. It shows that although
when the electrical field of the sources are perpendicular to any electrode lead, it would not record
any signal, but the positions of the electrode leads can be considered as a good estimation of
the places of the sources. Using different electrodes with different orientations will arise the

accuracy of the estimation accuracy.
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5.5.2 Advantages of using GEVD

In most usual BSS methods, identification of sources related to the desired state is done in two
steps. The sources are first estimated, and secondly the sources of interest are selected usually
by correlation with the reference. On the contrary, in GEVD the two tasks are done in a unique
step, since the estimated sources are ranked according to their similarity to the reference model.
Therefore, we only need to identify the number of related sources. In addition, GEVD does not
require the assumption of either independence or non-Gaussianity as it is done in independent
component analysis (ICA) methods. However, it would obviously lead to decorrelated sources.
Since in our application, the sources are not necessarily independent, GEVD is more flexible.
Finally, solving GEVD is very fast and only based on second order statistics, contrary to ICA

which requires higher order statistics.

5.5.3 Comparison between dDCG-based and R-SS methods

dDCG-based identification method considers On the contrary, R-SS is simple and fast as its
solution is based on an analytical mathematical problem, i.e. GEVD. This property is valuable
for an online process of iEEG recordings. The processing time of R-SS method for about 40
minutes of recording which provides 195 IED and non-TED time intervals and for 111 channels
is about 4 minutes, while it is about 100 times longer for dDCG (using a shared 3 GHz, 4
core Xeon 64 bit processor). Another advantage of R-SS over dDCG is that R-SS can provide
reliable results for less number of IED and non-IED time intervals (about 50 time intervals). For
construction of dDCG that is based on multiple test using permutations, to obtain statistically
reliable results, about 150 time intervals are needed for false alarm rate equal to 0.05, 100
connections, and 10,000 permutations. R-SS just requires enough number of samples in each
time interval for a statistically reliable estimation of correlation matrices.

One current limitation of both dDCG and R-SS methods is using the manual labeling of IED
and non-IED time intervals. This information is crucial for estimating the IED regions for both

methods correctly. However, R-SS can tolerate 10% of errors in the labeling.

5.6 Conclusion

Using the R-SS method leads to the temporal sources and their corresponding spatial patterns,
each electrode lead is represented as an i*-dimensional feature vector. The number of sources
of IED class, i* is estimated automatically based on Bayes probability error. By applying
Pareto optimization method on the feature vector values of all the electrode leads, we obtain
the electrode leads with significantly large IED activity that build the estimated IED regions.
The method is applied to the iEEG recordings of five patients suffering from epilepsy. All
patients are seizure-free after resective surgery. The IED regions estimated by our method are
congruent with SOZ visually inspected by an epileptologist and other automatic method [161]
for these five patients. The method requires two sets of intervals, i.e. IED (or reference) and

non-IED. The correct labeling of these intervals is crucial for obtaining the congruent results,
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but 10% of errors in labeling does not make a significant change in the results. The proposed
method is also reliable for small number (about 50) of IED and non-IED time intervals. However,
each time interval should include enough number of samples for statistically reliable estimation
of correlations.

The efficiency of the method is also evaluated qualitatively using simple simulated data. A
complete study on more number of simulated data for the analysis of the effect of different
parameters, and their related quantitative evaluations are our first perspective. One limitation
of the method is the manual labeling of IED and non-IED time intervals: automatic detection
is thus a second perspective. As a third perspective, the proposed method must be applied to a
larger number of simulations and patients for a more complete validation. A forth perspective
could be using R-SS method as a preprocessing step for directed DCG construction for decreasing
its computation time. For this purpose, we can apply R-SS to find IED related electrode leads
and then calculate dDCG for these electrode leads to estimate the robust differential network
between them. Therefore, for a limited number of electrode leads, the computations for dADCG
would be much faster. Finally, localization of the epileptic sources by solving the inverse problem
can also be considered as future works to obtain better localization for epileptic sources. Labeling
the epileptic intracranial EEG automatically as IED and Non-IED intervals can be considered

as an extension to this work.
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Chapter 6

EEG-fMRI Integration Method

6.1 Introduction

Electroencephalography (EEG) is a non-invasive technique that records scalp electrical activity
generated by brain structures. The scalp electric potentials are directly proportional to neural
activity currents [15]. Moreover, EEG reflects neural activity with high temporal resolution
around millisecond. The EEG inverse problem looks for the localization and dynamics of cerebral
activity sources which greatly helps to figure out the aspects of cognitive processes.

Two main approaches for solving the inverse problem are non-parametric (imaging) and
parametric (scanning) methods [102]. A brief review of these methods can be found in [103]. In
this paper, we develop an imaging method.

The forward problem of EEG is modeled as:

X=GJ+E, (6.1)

where X is a N x T matrix that contains scalp readings, N is the number of channels and
T is the number of time points, Gy« s is the gain matrix, Jys«7r contains dipole magnitudes
at different time instants, E,, represents the noise, and M is the number of mesh vertices and,
practically, N < M. Under this notation, the inverse problem consists in finding an estimate of
the dipole temporal courses, which are the rows of matrix J, given the electrode positions and
scalp readings X and using the gain matrix G, which can be calculated with boundary element
method (BEM).

Volumetric structures derived from the tessellation procedure are used to create a realistic
geometry of the head, which is crucial in the forward modeling of EEG fields. Spatial information
is especially important for EEG forward modeling due to the fact that it is more strongly affected
by the conductivities of the skull and the scalp than the MEG forward model. There are four
numerical methods available to solve the EEG modeling problem, and the Boundary Elements
Method (BEM) [169] is the most commonly used when isotropy (direction independence) of
the matters is assumed, so that only boundary meshes obtained by the tessellation process are
required. It was shown, however, that anisotropy of the skull [170] and white-matter [171]

can bias EEG and MEG forward models. To solve the forward problem in the case of an
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anisotropic medium, the head volume is presented by a large assembly of small homogeneous
tetrahedrons, and a Finite Elements Method (FEM) [172] is used to approximate the solution.
Another possible way is to use the Finite Difference Method (FDM) on a regular computational
mesh [173]. Forward modeling of EEG signal relies on the knowledge of matter conductivities.
Common values of conductivities for different tissues can be found in the literature [174], or
can be estimated on a per-subject basis using Electrical Impedance Tomography (EIT) [175] or
Diffusion Tensor (DT') [176] MRI. Here, we use BEM with default values in SPMS8 for simplicity.
The other methods can be considered in future works.

The EEG inverse problem is underdetermined (since N < M) and lacks a unique solution,
which is due to the fact that there are fewer observations than the unknown variables. Obtaining
a physiologically feasible solution can be done through reasonable constraints. Here, we use the
spatial sparsity of the brain activity as a constraint. As the brain activities are localized, this
assumption is congruent with reality.

EEG is not potentially sparse. Therefore, for using sparsity, the data should be projected
onto another space or a sparse function of the data should be used in the penalty term. Some
basis has been used to project EEG data onto a more sparse space, like wavelet [177] and
principle components (uncorrelated sources with high power contribution in the power of the
observations which are estimated by principal component analysis (PCA)) [178]. Experiment
or task information is not used in any of these methods, so an additional statistical method
is essential to find the task related regions. In this work, we use the information about the
experiment to extract the sources relevant to the task of interest as the basis. Then, to achieve
more sparsity in the EEG inverse problem, we project the EEG data onto its source space. Source
space is found by applying the reference-based source separation (R-SS) method introduced in
chapter 4. R-SS is a semi-blind source separation method which extracts the discriminative
sources of one state in comparison with another. Therefore, the source space here is the task
related sources. In other words, we reformulate the EEG inverse problem to achieve a sparse
unknown variable which is the spatial map of sources. Therefore, sparse decomposition methods
can be used to estimate the spatial map of sources. For this purpose, we use the {3 o regularization
method which is proposed in Chapter 3. In our work, for the same task, we have both EEG and
fMRI recordings, so we can use the results of fMRI as a weighting matrix in the penalty term.

Another point is that we extract a few sources from the source separation method so we
estimate different spatial maps related to different sources. We should judge these spatial maps
to find the final results. One way is to find the power in each point and threshold it, but here,
we use Pareto optimization [164] which is a multicriteria optimization method able to find the
dominant! points and which does not need any thresholding process.

The main contributions of the current work are: 1) project the forward problem of EEG onto
the task related source space to have a sparse space; 2) replace ¢; norm by ¢y norm in the elastic
net optimization problem; 3) use the fMRI spatial map as weight in the penalty term to solve

the inverse problem of EEG; 4) exploit Pareto optimization to find the final results.

!The concept of dominance will be defined at the end of Section 6.3.
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Figure 6.1: Diagram of the proposed method (WENO). h(SM) = m

The architecture of the proposed method is shown in Figure 1. and the rest of this chapter is
organized as follows. Reference-based source separation method is reviewed in Section 6.2. The

proposed method is explained in Section 6.3.

6.2 Source Space Estimation

Here, we use R-SS method introduced in chapter 4 and [179] to extract the uncorrelated temporal
courses which have high power in the task state. For this purpose, we assume that the EEG

observations are a linear combination of uncorrelated sources as:
X = AS (6.2)

where, A is a N x N mixing matrix, a; is its j-th column, S is a N x T' matrix, containing un-
correlated sources, and s/ is its i-th row. As depicted in section 4.5, the sources are uncorrelated
and we have SS’ = L.

The variables of the R-SS method are as follows: for the simulated data X! is the mean of
task trials and X2 is the mean of control trials; for the clinical data X! is the mean of face trials
and X2 is the mean of scrambled trials.

Denoting i* the number of relevant estimated sources (see Section 6.2), equation (6.2) can be

rewritten as:
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X:[al ai*][sl Si*]/—f-
[ai*+1 aN] [Si*—i-l SN]

We rename the relevant part (i.e. the part related to the i* relevant sources) of A as A® =

[a; ... a;<] and the rest is renamed as A® = [a;+41 ... ay]. So (6.2) can be rewritten as:
X = X* 4 X°
) . . , (6.3)
=A [Sl Si*] + A [Si*+1 SN]

where the dimensions of A® and A® are N x i* and N x (N — i*), respectively.

As X and J have a linear relation according to (6.1), J can also be estimated from S as:
J=BS (6.4)

where B is an M X ¢* unknown mixing matrix which predicts J from S.
We can partition J in two parts estimated by relevant sources and irrelevant sources, as done

for X. .
J=J"+J°

i ;o (6.5)
=B [Sl SZ'*] +B [Si*—H SN]

/
where the dimensions of B® and B® are M x i* and M x (N — i*), respectively.
We put the relevant uncorrelated temporal courses, estimated with R-SS in the rows of the

matrix S = [$1 -+ - §;+)" and call it from now on the source space.

6.3 Spatial Localization

6.3.1 Source Space Projection

In this step, we project the EEG forward problem onto the source space by multiplying the
forward model with the matrix S. Therefore, the projected version of the forward problem onto
the source space would be as:

X$ = GJS +nS' (6.6)

Using (13) and (15) and the fact that sources are uncorrelated and normalized (SS/ ~ I) and

sources are uncorrelated with noise (nS/ ~ 0), we would have:
AT+ A®0 = GBI+ GB*0+0 (6.7)

where I is an ¢* x ¢* identity matrix and 0 is a zero matrix. Therefore, A® and B® are related
by the following equation:
A’ =GB’ (6.8)

The i-th column of B® contains the projection of the current dipole signal of all vertices onto

the i-th source. Therefore, the active vertices related to the i-th source have high value in the
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i-th column of B?. In other words, each column of B® represents the corresponding spatial map
of the sources. Equation (6.8) shows A?® the projection of the observations onto the source
space, is a linear combination of the spatial maps. As the brain activity is localized, most of the

vertices are not active and have a small value (near zero) in B?, so B? is a sparse matrix.

6.3.2 /5, Regularization

The ¢5 regularization algorithm has been developed in Section 3.5. /3¢ regularization is con-

sidered as a multi-objective optimization problem as follows:

minimize f(b) = [||[Wa2bl|o, [|[W1b]|]

(6.9)
subject to a = Gb

We use lexicography method to solve the above multi-objective optimization to optimize the
¢y regularization using the fast algorithm has been proposed in [141] and in each iteration close
to its £y response, we find the minimum #» norm point.

We have used this routine to estimate bj,---,bj which are the columns of B®. In our
problem, a; (an N x 1 vector) is the k-th column of A® which is the projection onto the k-th
source, and the weighted matrices W9 and Wy are M x M diagonal matrices initialized by the
inverse of the spatial map extracted from the fMRI data. For this purpose, the spatial map of
fMRI is normalized by its maximum value and it is registered on the mesh vertices. It is defined
as SPMIMREI which is a M x 1 vector. The diagonal elements of W; and Wy are initialized

as:
1

(1—a) + aSPM/ME!

diag(W1); = diag(Ws); = (6.10)

where o can be estimated experimentally. o = 0 removes the effect of the spatial map of the
fMRI data and o = 1 constrains the results strictly to the spatial map of the fMRI. SPAM/MRI
provides maximum values while the EEG localization is a minimization problem (6.9) so the
inverse of the fMRI spatial map is used in the weighting matrix. In other words, a low value for
a given vertex implies that it is not crucial in the sparseness of the variable and the algorithm
will focus on decreasing the values of the other vertices.

For i* times (number of relevant sources), we solve (6.9) forb=bj; anda=aj ,k=1---i*,
which are the columns of B® and a®, respectively. For finding the activation site or the place of

large coefficients in B®, we use Pareto optimization.

6.3.3 Pareto Optimization

B? is a M x i* matrix whose columns present the contributions of the related sources in each
mesh vertex. At the first glance, we can compute the power of each vertex in the source space
and use thresholding to find active vertices. In this method, the threshold affects the results.

To avoid this limitation, we use multi-objective optimization method, Pareto [164].
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A multi-objective optimization problem, in Pareto sense, has the following form:

maximize  (bf)’

: " (6.11)
subject to  (bf) € P C R

consisting of i* objective functions that are aimed to be maximized simultaneously. (bf)’ is the
i-th row of the matrix B* which shows the contributions of the sources at the ith vertex. From
the geometrical point of view, each (bj)" can be considered as a node in a i*-dimensional space.
We classify the search space P according to the Pareto concept of non-domination [164]: a node
is a member of non-dominated layer if either it dominates the others, or there is no other node
dominating it. Node (b$)" dominates node (b})’, if VI, bi(l) > bi(l), and 3*, bi(I) > bj(I*)2.
The set of all non-dominated nodes is called non-dominated layer and defined as D(P) C P. In
the following, we explain how to estimate D(P) using Pareto optimization algorithm [164]. Let
us consider N i*-dimensional decision vectors, (b?)’, as N nodes in the search space P. The

non-dominated layer is obtained using the following Pareto optimization algorithm [164]:
1. Initialize D(P) with the first node (i = 1) with value of (by)’. This can be any node.
2. Choose a new node (i =i+ 1):

(a) If any node in D(P) dominates node i go to step 3.
(b) Else add node ¢ to D(P) and remove any nodes of D(P) that node ¢ dominates.

3. If 7 is not equal to N go to step 2.

6.4 Conclusion

In this chapter, we proposed a new method to integrate EEG and fMRI for identification of active
regions of the brain with high spatial resolution from scalp EEG recordings. Using the R-SS
method, the temporal sources, which are responsible for the activity of interest were estimated.

Using these temporal sources, the EEG signal was projected onto the source space. The
inverse problem of EEG in the source space achieves conditions of stability and uniqueness of
sparse component analysis. For sparse decomposition, ¢y was used because of its advantages to
£1. Also, to maintain the group effects, we have used the elastic net idea by combining ¢5 term
with £y term which is called /5 ¢ regularization.

fMRI data is used to guide the EEG spatial pattern by using a weighting matrix in the wighted
{5 regularization. The inverse of the fMRI spatial map is used as the weighting matrix.

In this section, we compare the proposed method with other similar methods theoretically
and in the next chapter the proposed method is investigated practically.

A similar idea has been used in [180, 103] and evaluated on simulated data. They estimate
B in equation 6.4 using auxiliary variables by Bayesian statistical inference framework and

Expectation Maximization (EM) method, respectively. The regularization terms of these studies

2Please note that in the two inequalities, one of them is a strict inequality.
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are the fo and the ¢; norms, respectively. [103] seems to have better spatial resolution, while
both methods are sensitive to the SNR value of the observations. Here, we use reliable sources
which are related to the desired task with high probability and we also use the £y norm which is
more accurate than the ¢; and the £5 norms. Using WSLO leads to stability against the noise.

In EEG source localization group MUSIC (Multiple Signal Classification) and FOCUSS (Fo-
cal Underdetermined System Solution) are somehow similar to the proposed method. MUSIC
belongs to the ECD group and FOCUSS belongs to the imaging group. The imaging methods
can estimate the spread sources which is their advantage in comparison with ECD methods.

MUSIC [111] is searching the best dipole localization by projecting the data onto the source
space derived from SVD of the observations. In MUSIC, SVD is used to extract the uncorrelated
temporal sources, which are considered as the activation time courses. As such, the correlated
sources cannot be estimated. In the proposed method the uncorrelated temporal sources are
considered as the basis of the activation space. Therefore, the activation time courses can
be correlated. Also the number of dipoles in the ECD methods is an open problem. While
in the proposed method by using R-SS method the number of temporal sources is estimated
automatically.

FOCUSS [181] is an iterative method which in each iteration the weight is computed using
the solutions estimated in the previous step, leading to a non-linear solution. In this method
a physical constraint is applied such that the currents are bounded to the brain volume and
thus the radial components should go to zero when approaching the surface of the brain. This
assumption leads to overcome the problem of the surface-restricted minimum norm (MN) al-
gorithm. This weighting algorithm is based on purely mathematical operations without any
physiological basis while the proposed method is based on the physiological basis and it used the
experimental information to extract the solution. Another drawback of FOCUSS is its sensitivity
to initialization and noise [122].

In the integration methods MSP (Multiple Sparse Priors) [68] and SBL (Sparse Bayesian
Learning) [134] are the most similar methods to the proposed one, as they use the spatial sparsity
of the activated regions. These methods use the Bayesian framework described in section 3.2.
In these methods the active sources can be correlated and any extra information which gives
information about the covariance matrix of the sources can be used e.g. the fMRI results. In
these methods the information about the experiment is not used, while we have used it in the
proposed method. The behavior of these methods will be compared with ours in the future
chapter.

The advantages of the proposed method in comparison to the previous ones can be summa-

rized as follows.
e Using ¢y norm leads to a more stable and accurate solution.

e The projection basis used in the proposed method directly results in the spatial map of

interest.

e Using Pareto optimization helps us avoid additional statistical methods and thresholding.
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The disadvantage of the proposed method is that the final result is dependent on the first
source separation step and any mistake in the first step will propagate to the rest. However, we
did not have any false discovery in the simulation experiments.

In the future work, the proposed method may be applied to simultaneous EEG and fMRI
data. Defining different weighting matrices for 9 and £y terms may be investigated and also, the
optimized value of «, which controls the contribution of the fMRI spatial map in the weighting

matrix, can be defined using the data.



Chapter 7

Evaluation of the EEG-fMRI

integration method

7.1 Introduction

In this chapter the integration method is evaluated with simulated data (Section 7.2.1) and the
actual data (Section 7.2.2). Results are presented in Section 7.3. Discussion and concluding

remarks are held in Sections 7.4 and 7.5.

7.2 Data

7.2.1 Simulated Data

Monte Carlo modeling (sampling over randomized 50 source locations) is used to compare dif-
ferent methods with the proposed methods. For each activation site a related set of EEG and
fMRI data is created. 50 random vertices (voxels) are selected as the center of their active
regions. The sources are assumed to be spread, so a smoothing Gaussian filter is used to model
the spread sources.

Here, we simulate the EEG and fMRI data after the preprocessing step. It means that
for example in fMRI, slice timing is not simulated and in EEG, the mean of the trials after
preprocessing is simulated.

The experiment has two states: task and control. Onsets of task and control states are set as
the onsets of the clinical data for face and scrambled states, respectively. All the parameters of
imaging methods are chosen as the clinical data, like the electrode positions and sampling rate
in EEG and TR and image dimension in fMRI.

fMRI

We use the package neuRosim in R [182] for fMRI simulation, because the data generation in
neuRosim is fairly fast [183]. A double-gamma function, which is a linear combination of two
gamma functions, is used to model HRF [184, 185]. Fifty fMRI simulations are created with
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noisy measurements SNR= 5dB. In fMRI, SNR is defined as

SNR =20 log(i) (7.1)
ON
where S represents the average magnitude of the signal, and o stands for the standard deviation
of the noise [186]. The noise is a mixture of different random signals: 1) Rician system noise;
2) temporal noise of order 1 ; 3) low-frequency drift; 4) physiological noise; and 5) task-related
noise [186]. The background is set to the mean image of the clinical data.

From each fMRI data two sources are estimated: one is related to the task state and the
other to the control state (see Figure 2). The center of the spatial sources related to the task
state is chosen randomly and the sources are extended with a radius of 10 mm. The control
source is located at (-10,-29,55) mm in the Montreal Neurological Institute (MNI) coordinates
and is extended as a sphere with a radius of 7 mm and a fading ratio of 0.01. The task sources

are located at least 6 mm far from the control source.

EEG

For each fMRI data, the related EEG data is generated using the linear forward model (6.1).
The gain matrix is calculated using the structural MRI of a real subject and the position of
the electrodes in clinical data acquisition. The time courses of the sources are generated as an
additive source problem in which two main sources are distinguished, namely (1) the activation
caused by an experimental design, and (2) the background. The experiment is defined by two

states, task and control trials. The details are as follows.

e Activation site. We assume 50 random sites to put a dipole related to the activation of
interest (task). These random sites are the same for EEG and fMRI. We also assume a
fixed site for a dipole related to the control state (like in fMRI it is located at (-10,-29,55)

mm in the MNI coordinates).

e Activation time courses. For simulating the activation time courses, we extract EEG source
time courses from the clinical data. To extract the task and control time courses, the R-SS
method is used on the clinical data with the following variables. These time sources are

shown in Figure 2.

— Task: Xy =task trial and X9 =control trial.

— Control: X7 =control trial and Xy =task trial.

Background time course also is extracted from clinical data. It can be found by extracting
the common sources between the task and control trials. Common source extraction is done
by canonical correlation analysis (CCA). CCA and its relation with GEVD is explained in
appendix B. We use the first common source to estimate the background EEG signal. By

back reconstruction, we compute the EEG background in the electrode space.
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Figure 7.1: Activation time courses.
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e Time courses of the electrodes. To compute the electrodes time courses, we use the forward
linear model (6.1). To estimate the gain matrix, we use the structural MRI of a real subject
with its fiducials and electrode positions. For this purpose, we use BEM with 8196 nodes
developed in SPM8 (http://www.fil.ion.ucl.ac.uk/spm). We assume that the dipoles
are on the cortical gray matter, where each dipole is perpendicular to the cortical sheet.
We put the task and control time courses in the related rows of the matrix J. We put
the estimated activation sources in the predefined sites and use a Gaussian filter with full
width at half maximum (FWHM) of 8 mm to estimate the activation of the neighboring
mesh vertices. After computing the effects of activations on the electrode space, we add
the background signal to the electrodes with different SNR values in the range of [—20, 5]
dB and the step size of 5 dB.

7.2.2 Clinical Data

Clinical data is taken from ftp://ftp.mrc-cbu.cam.ac.uk/personal/rik.henson/wakemandg_
hensonrn/. A brief summary of the acquisition characteristics, and preprocessing steps are
brought in this section. More details can be found in [187, 188, 189].

Participants

The participants were sixteen healthy young adults (eight female). The study protocol was
approved by the local ethics review board (CPREC reference 2005.08). Each subject performed
two days experiments; once for concurrent MEG 4+ EEG and once for fMRI + MRI.

Stimuli and Tasks

The paradigm was similar to that used previously under EEG, MEG, and fMRI [187, 188]. A
central fixation cross (presented for a random duration of 400—600 ms) was followed by a face or
scrambled face (presented for a random duration of 800—1000 ms), followed by a central circle
for 1700 ms (See Figure 7.2).

EEG Acquisition

The EEG data was recorded simultaneously with MEG with a VectorView system (Elekta Neu-
romag, Helsinki, Finland). EEG data was recorded with 70 Ag-AgCl electrodes with sampling
rate of 1.1 kHz. The low-pass filter with cut off frequency of 350 Hz was applied to the EEG
data.

An elastic cap (EASYCAP GmbH, Herrsching- Breitbrunn, Germany) was used according
to the extended 10-10 and a nose electrode was used as the recording reference. Vertical and
horizontal EOG (and ECG) were also recorded.
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Figure 7.2: Stimuli and Tasks.

fMRI + MRI Acquisition

MRI data were acquired on a 3T Trio (Siemens, Erlangen, Germany) with TR= 2250 ms,
TE= 2.99 ms, flip-angle= 9° and acceleration factor= 2.

The fMRI volumes comprised 33 T2-weighted transverse echoplanar images (EPI) (64 x 64, 3
mm x 3 mm pixels, TE = 30 ms) per volume, with blood oxygenation level dependent (BOLD)
contrast. EPIs comprised 3 mm thick axial slices taken every 3.75 mm, acquired sequentially in
a descending direction.

EEG Preprocessing
The steps of preprocessing are as follows:

e Epoching from 500 to +1000 ms poststimulus onset.

e Down-sample to 250 Hz (using an antialiasing low-pass filter with a cutoff frequency of

approximately 100 Hz).
e Reject the epochs with the EOG exceeded 150 pV.

e Re-reference the EEG data to the average over non-bad channels.

MRI + fMRI Preprocessing

The fMRI preprocessing steps are as follows:

e Realignment. Motion correction: Adjust for movement between slices
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Figure 7.3: fMRI processing steps.

e Coregistration. Overlay structural and functional images: Link functional scans to anatom-

ical scan
e Normalization. Warp images to fit to a standard template brain
e Smoothing. To increase signal-to-noise ratio
e Slice timing correction.

Analysis of all MRI data were performed with SPM8 (http://www.fil.ion.ucl.ac.uk/
spm). Statistical analysis was performed using the usual summary statistic approach to mixed
effects modeling. General linear model (GLM) was used to model BOLD response and maximum
likelihood estimation was used to estimate the parameters. A statistical parametric map (SPM)
of the F-statistic was thresholded for p < 0.05 (family-wise error corrected across the whole-
brain) and regions of at least 10 contiguous voxels were survived as active regions. These steps
are shown in Figure 7.3. This analysis produced clusters in the fusiform and occipital face areas
(FFA and OFA, respectively). The result is shown in Figure 7.4.

7.3 Results

The proposed method is evaluated using simulated and clinical data. The parameter « is equal

to 0.9 unless it is specified.
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Figure 7.4: fMRI spatial map.

7.3.1 Simulated Data

The efficiency of the proposed method is evaluated using computer simulations, and compared
with two other methods. The first method, implemented in SPM8 (http://www.fil.ion.ucl.
ac.uk/spm), is the multiple sparse priors (MSP) [68]. We also use MSP with the fMRI spatial
map as prior information to see how fMRI information will help solving the EEG inverse problem.
MSP belongs to the Bayesian framework and it models the source covariance as a sum of unknown
basis covariances. It uses Restricted Maximum Likelihood (ReML) for optimization step. In
MSP, fMRI information would be used to construct a C; as a member of C in equation 3.7.
Another method is Sparse Bayesian Learning (SBL) [134] which belongs to Bayesian framework.
It is known as the best method in source localization [122]. It estimates more sparse and more
accurate sources. Here, we use fMRI information as « to raise the contribution of the active

fMRI regions in the source covariance computed in equation 3.6.

Spatial Accuracy

To compare the performance of the methods, two performance measures are defined. Localization
bias (LB) is defined as the Euclidean distance between mean site of localized activity (f) and
the real site of simulated activity, u.

2p lplirp

A= T (7.2

where, r, is the MNI coordinate of a vertex.
LB = |u— (7.3)
Source distribution index (SDI) is defined as the localization spread:

22p lpllllrp = A

SDI = :
22 lipl

(7.4)
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Figure 7.5: Sample activation sites in simulated data (the figure is generated with xjView toolbox
(http://www.alivelearn.net /xjview)).

Mean values and standard deviations of performance measures are calculated (see Figures 5 and
6).

Extra Source in EEG

For evaluating the effect of extra EEG sources which cannot be detected in the fMRI data, we
have added another active region in the EEG data with the weak signal power which is not
detected in fMRI data. Repeating the Monte Carlo simulation for 50 random common source
localization and fixed extra source in EEG shows that the results would not change. It means
that our method will miss the regions which are in EEG, but not in fMRI. For SNRgrga = 0
dB and a = 0.9 the distance between the estimated active site and real activation site would be
13 mm, and no extra region has been found in 45 experiments. « can balance the role of fMRI
information in the EEG inverse problem (see (20). To see the effect of «, we have repeated the
experiment for « = 0.8 and o = 0.7. Figure 7.8 shows LB and SDI for three different values
of « for the common source. About the EEG extra source, Table 7.1 shows the percentage of
its detection in the 50 EEG-fMRI sets of data. Detection happens when the proposed method

finds a region less than 30 mm far from the EEG extra source.
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Figure 7.6: Mean of localization bias over 50 random activation sites for five methods (MSP,
MSP-+fMRI, SBL, SBL+fMRI, WENO) is compared.
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Figure 7.7: Mean of source distribution index over 50 random activation sites for five methods
(MSP, MSP+fMRI SBL, SBL+fMRI, WENO) is compared.
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We do the same experiment for SBL, and it seems that SBL is very sensitive to the mismatches
between two modalities. The result of SBL is independent of the a value. It cannot estimate
the common source, but it estimates the extra source with around 27mm average localization
bias.

MSP is also sensitive to the uncommom sources, but it is more stable than SBL. The result
of MSP in the presence of extra EEG source is identical to the result of MSP when we don not
use fMRI prior. In MSP there is no variable to adjust the effect of fMRI prior.

Table 7.1: Detection percentage of the extra EEG source.

a 0.7/0.8/0.9
Detection (%)5420|10

Extra Source in fMRI

For evaluating the effect of extra fMRI sources which cannotbe detected in the EEG data, we
have added another active region in the fMRI data, but not in the EEG data. Repeating the
Monte Carlo simulation shows that the results would not change. It means that our method
will miss the regions which are in fMRI, but not in EEG. For SNRgra = 0 dB the distance
between the estimated active site and the actual activation site would be 18 mm, and no extra
region has been found. Using the same experiment on SBL and MSP show the sensitivity of the

method once more as it could not detect any of the EEG sources common and uncommon).

7.3.2 Clinical Data
Spatial Sources

Spatial sources for group analysis of 16 subjects extracted by MSP and the proposed method is
shown in Figure 7.9 and 9, respectively. For group analysis the EEG data are concatenated in
a large matrix and the proposed method is applied to it like an individual subject. The results

of the group analysis of their fMRI data also is used as prior information.

Stability

To evaluate the stability of the proposed method, we compute the ROC curve using the idea
of [190]. For this purpose, we partition the EEG data into two distinct groups each with 8
subjects. For each group, the spatial map is extracted using the proposed method and also
MSP. One group is assumed as the ground truth and the other as the test one. To evaluate true
positives and false positives, the localization bias of the regions in the test image are compared
with the localization bias of the regions in the ground truth one. If any region in the test data
is at least 20 mm far from all regions in the ground truth, it would be false positive. Otherwise,
it would be true positive. 20 mm is chosen because the best resolution of MSP in the simulation
was around 20 mm and it means that the regions that are less than 20 mm far from each other

are acceptable as close regions. This test is repeated 20 times for 20 different partitions. The
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Figure 7.8: Effect of a value on the proposed method in existence of an EEG extra source.
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Figure 7.9: Activation sites in the clinical data of 16 subjects by MSP (the figure is generated
with xjView toolbox, http://www.alivelearn.net/xjview).

Figure 7.10: Activation sites in the clinical data of 16 subjects by the proposed method (the
figure is generated with xjView toolbox, http://www.alivelearn.net /xjview).

results for the two methods are shown in Figure 7.12. As the values of the false positive ratio
(FPR) are not large and also in many partitioning tests the true positive ratio (TPR) is equal
to one, the ROC curve plot is not informative enough. Therefore, we show the TPR and FPR
in different figures.

Concatenating the data and using one lead field matrix related to the first subject would
ignore the variability of the lead field matrix for different subjects while in fact they are not
the same as the electrode positions in the MNI coordination are not the same for all subjects.
Therefore, we have changed the strategy of our group analysis. We have analyzed each subject’s
data and SPM is used to do group analysis. One-sample t-test is used and the t-statistic is
thresholded for p < 0.05 and regions of at least 10 contiguous voxels survive as active regions
for each group.

For stability check of the new group analysis method, we partition the subjects randomly
into two non-overlapped groups each with 8 subjects. Each group is analyzed using t-statistics
and the results of the two groups are compared as before. This test is repeated 20 times for 20

different partitioning. The results show that TP is one and FP is zero in all 20 partitioning. It
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Figure 7.11: Zoom of the activation sites in the clinical data of 16 subjects by the proposed
method (the figure is generated with xjView toolbox, http://www.alivelearn.net/xjview).

means that the new method estimates approximately the same regions in all participants.

7.4 Discussion

7.4.1 Simulated Data

Figure 5 shows the mean localization bias of different methods in different SNR values. Com-
paring the results of MSP and SBL method when fMRI information is used or not shows that
using fMRI information results in better resolution. For MSP it is observable especially in lower
SNR values. The figure also shows that the proposed method finds regions closer to the activa-
tion site compared with MSP, but SBL method with fMRI information has the best localization
results. [191] proves that SBL can be considered as the reweighted ¢; that approximates the £
norm (Details can be found in [192]). In the reweighted ¢; methods, highly sparse solution is
produced at every iteration and so early stopping is always feasible if desired [192].

In addition, the proposed method is more robust to noise. This is because the reference-
based source separation method removes the common sources between the two states and thus,

it removes the background effect as much as possible.
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Figure 7.12: Histogram of TPR and FPR in 20 partiotioning test.

Although, SBL has better spatial resolution in complete EEG-fMRI concordance, but it is too
sensitive to mismatches. This fact is caused by using the fMRI information as a hard constraint
on EEG source localization. Because we have used the fMRI results as « in equation 3.6 and it
means that the algorithm should find sources with predefined covariance matrix.

The proposed algorithm is also examined for an activation site which is invisible in fMRI.

The activation regions which are missing in fMRI data may be related to the neural activity
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which have the short activation time or involve a few numbers of neurons that cannot produce
a detectable increase of cerebral blood flow [73]. Missed regions can also be due to analytical
method. The result shows that the effect of missed regions in fMRI is related to the balancing
variable « in (20). With o = 0.9 fMRI invisible sources are also missed in the EEG-fMRI result.
Figure 7.8 and Table 7.1 show that by decreasing the a value, the probability of the extra
source detection would increase while the mean of LB would not change much. It means that
the proposed method finds the common active regions in the EEG-fMRI data set with better
resolution and by decreasing a value extra regions in the EEG data can be found.

Some brain cells (stellate cells) and cortical regions (thalamus) produce closed electromagnetic
field. This field cannot be detected on the scalp electrodes, although their activation requires
high blood flow. Therefore, these neuronal populations present high metabolism requirements
that can be detected by the fMRI technique, while at the same time they are invisible in the
EEG modality [74]. We have evaluated the proposed method under the extra source in fMRI
that is invisible in EEG. More accurate EEG localization is the goal of the fMRI-informed EEG
analysis. Obviously, fMRI can just help in common regions. The best method should be such
that the extra sources do not affect the common sources in the fusion method. In this case,
the proposed method increases the mean of the localization bias around 8 mm (from 10 mm to
18 mm), but again, it is better than other methods, which in the best case, MSP using fMRI

information achieves a mean localization bias of 26 mm.

7.4.2 Clinical Data

Spatial sources are shown in Figure 9. This activation area is a subset of the EEG analysis
individually and they are located in FFA and OFA. These clusters are in general agreement with
previous studies reporting a similar contrast of the faces versus the scrambled faces [187, 188].
Study of face perception on prosopagnosia patients [193] and TMS studies on healthy participants
suggest that OFA is a crucial region for face perception and represents faces prior to subsequent
processing in FFA [194]. The FFA, on the other hand, is known to show the greatest specificity for
face perception [195, 196]. It is suggested that, while OFA represents faces more by their physical
features [197], the FFA is involved in more integrated analysis to represent faces more holistically
[198]. Furthermore, studies of structural white-matter connectivity show that functionality
defined face-selective regions of the OFA and FFA are strongly interconnected anatomically
[199]. The right hemisphere is consistently shown to be more dominant than the left for face
processing [195, 194].

The most important factor here is that this activation area should be similar in all subjects.
In other words, the activation site should have little spatial variation in different subjects. To
examine this feature, we have estimated the false positive ratio and true positive ratio using the
algorithm proposed in [190]. Figure 7.12 compares FPR and TPR of the proposed method with
the MSP method. It shows that, for the proposed method, the TPR is higher than MSP and
its FPR is lower than MSP. Therefore, the proposed method leads to more stable localization

for different subject groups. In other words, the comparison shows the low spatial variation of
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the method over different subject groups. This is a very valuable factor as the proposed method

also detect more focal sources in comparison with MSP.

7.5 Conclusion

The integration method is applied to simulated data and on the actual EEG-fMRI data of a face
perception experiment. The results of the simulated data and its comparison with two methods:
1) MSP without fMRI, and 2) MSP with fMRI, shows that the spatial map estimated by the
proposed method is much closer to the real activation sites and the results are more stable in
comparison to others.

The estimated activation sites on the clinical data were located in FFA and OFA regions
which are congruent with the previous studies. Also, the results are stable for different subjects,
examining the ROC curve using different partitioning of the subjects.

In the simulation results, it has been shown that the missed regions in fMRI would also be
missed in the proposed method. For overcoming this problem, we could investigate the following
idea: after applying the proposed method to localize the common activation sites of EEG and
fMRI, we could use the forward model to compute the scalp signal of common EEG and fMRI
regions in the electrodes and delete it from observations. We also can remove the mesh vertices
related to the common EEG and fMRI regions from the forward model and use EEG localization
methods to find extra activation sites in EEG in the residual data after removing common regions
and their signals. The activation sites discovered by this method would lead to the regions which
may be related to the task or background, or it would be a false positive. The idea should be

studied in depth to find reliable activation sites.



Chapter 8

Conclusion and Future Work

8.1 Conclusion

The human brain is a very complex system. Despite many studies about its functioning, many
secrets are remained. Development of the imaging methods provides a strong tool to study
the brain functionality. Imaging methods are based on different measures of the brain activity
and each of them has particular advantages and disadvantages. Integration of different imaging
methods is considered in recent years to come to an optimum method with the advantages of the
both. In this study, we use EEG and fMRI data to estimate the sources with high spatiotemporal
resolution.

Simultaneous acquisition of the EEG and fMRI and their complementary characteristic are
encouraging the integration of these two imaging methods. EEG has a high temporal resolution
around ms while, fMRI has high spatial resolution around mm.

In this study, we propose a semi-blind source separation method which is called reference-
based source separation (R-SS). It estimates uncorrelated sources which discriminate between
two states of the observations. It uses the information about timing of two different states of the
observations. The method can be used in any application which has a reference signal. Here,
we evaluate this method on the epileptic intracranial EEG signal. We use a realistic simulation
signal and also the clinical data of 5 epileptic patients who were seizure free after a resective
surgery.

R-SS method is based on general eigenvalue decomposition (GEVD) so it has an analytic
solution and it is fast. The evaluations show that it is stable against the additive noise and it
works well on the shorter time periods in comparison with its competitor proposed in [161]

Consequently, R-SS does better that source separation, it does source extraction, i.e. it selects
the relevant source to extract, based on a very simple reference. It means that it can classify
the whole set of the sources to two subsets: reference and non-reference.

Regularization of a linear equation is used when we have underdetermined linear equation.
In these equations many solutions exist and the regularization term would constrain the solution
space to be able to find a unique solution which is congruent with the reality. So the regulariza-

tion term should be chosen according to the nature of the problem. General constraints which
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are used in the regularization are the f5 and the ¢; norms. The ¢ norm tends to find correlated
sources, while the ¢; norm tends to find sparse sources. The combination of these two norms
also has been considered to estimate sparse correlated sources.

The ¢y norm is also considered instead to /1 norm, and a fast and stable algorithm has been
proposed to solve it. Here, we use the combination of the £y and the £5 norms which estimates
sparse correlated sources which is fast and stable. We use lexicography optimization method to
minimize both ¢y and ¢ norms. The method is called ¢3¢ regularization.

EEG-fMRI integration method proposed in this study belongs to the fMRI-informed EEG
group. The result of fMRI analysis is used as a guide to analyze the EEG data. The method uses
a simple assumption about the EEG and fMRI relation which is the spatial correlation between
their sources. It also assumes that the spatial maps of the sources are sparse, which is based
on the fact that the brain activity is localized. These assumptions are the trivial physiological
facts. However invisible sources in each modality may be missed in the integration method. In
fact, fMRI-infromed EEG method emphasizes on signals which are located at places proposed
by fMRI and for which the EEG signal has specific properties. So new sources either in fMRI
or in EEG (but not common) cannot change the results as much as common sources.

In the proposed, the R-SS method is used to estimate some uncorrelated temporal sources
which can be considered as the basis of the activity sources. This basis is used to define the
source space. The EEG inverse problem is projected onto the source space to have a sparse
linear equation in which the projection of the scalp EEG signal on the source space is a linear
combination of the spatial map of the basis of the source space. In the source space the sparse
decomposition method based on /5 g regularization. The block diagram of the proposed is shown
in Figure 1.

The proposed integration method is evaluated on simulated and actual data sets. Experi-
mental results prove that the proposed method has superiority to a similar method, multiple
sparse priors (MSP), proposed in [68]. First, it estimates the spatial sources closer to the real
activation sites, Second, it is more stable against noise and subject variations. Third, it is more
stable against invisible sources.

Another advantage of the proposed method is that it uses the Pareto optimization method,
and no threshold level is defined in the method.

8.2 Perspectives

This work has been partly developed in the framework of the project Challenges for Extrac-
tion and Separation of Sources (CHESS, 2012-ERC-AdG-320684), but it only proposed partial
answers to the challenges identified in this project. In fact, although EEG-fMRI integration is
studied much in recent years, some challenges still exist as open problems. Here, we want to
look at the problem from a more general point of view. We will consider EEG-fMRI integration
as a source separation/extraction of multimodal observations. Separation/extraction of sources
are wide concepts in information sciences, since sensors provide signal mixing and an essential

step consists in separating/extracting useful information from useless one, the noise. Here, we
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want to explain three challenges in this field with the application of EEG-fMRI integration.

8.2.1 Multimodal Source Separation

Due to technological progresses in microelectronics and computer science, the actual world is
observed through many sensor arrays, leading to multimodal and multidimensional observations.
Multidimensionality is due to using a set of sensors, e.g. microphone arrays in audio process-
ing, antenna arrays in communication, hundreds of electrodes in electro- (EEG) or magneto-
encephalography (MEG). Multimodality, which implies heterogeneity, is due to the fact that the
same phenomenon is measured using different physical principles and different types of sensors,
e.g., brain activity can be measured with EEG and fMRI, based on electric and BOLD effects,
respectively.

However, designing efficient signal processing methods for multimodal data (at the signal
level and not at the decision or higher levels) still remains an open problem of very high interest
as pointed out in [200, 201]. In fact, multimodal source separation has been addressed according
to ad hoc methods; especially in biomedical signal processing, A few authors considered the
problem of jointly analyzing EEG/fMRI data [202, 46]. Others considered joint analysis of EEG
or fMRI of a group of patients [203] (multimodality is then related to multiple patients). In
general, the common signals correspond to the redundancy property, while specific signals are
related to complementarity. Sometimes, the two modalities have the same sampling frequency,
and sometimes they have not (e.g. in EEG-fMRI integration), it means that samples have to be
registered, or completed if one modality undersamples the signals. One can also wonder how a
conflict, e. g. related to a wrong sensor output [204], can be modeled for being detected and
cancelled. But, there is no general theoretical framework for modeling the typical properties
and characteristics of multimodalities.

The necessity of investigating various strategies for analyzing multimodal data is felt strongly:
one can jointly analyze the whole data, or analyze separately each data set and then study
similarity between estimated sources of the various modalities. Do both strategies achieve the
same performance? Are there conditions for which performance of one method outperforms
performance of the other? In this multimodal framework, are there new results concerning
identifiability! and separability??

Especially in EEG-fMRI integration, the goal of multimodality analysis is not specified
uniquely, because there exist mismatches between two modalities. Figure 8.1 shows the dif-
ferent spaces that we are interfaced in multimodal analysis. Are The common sources the most
important part? Should the common sources be estimated with better resolution, while the
uncommon sources also should be estimated? Or we should define another space called useful

sources. Is estimation of the useful sources the goal of multimodal analysis?

dentifiability means the ability to estimate the unknown mixing mapping or its parameters.
2Separability means the ability to estimated - from the observed mixtures - signals all depending on a unique
source
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Figure 8.1: The concept of multimodality.

8.2.2 Extraction of Sources in High- or Low-dimension Data

Let us consider brain activity like a function f(x,y, z,t), where x, y, z are spatial coordinates
and t is the time. Then an ideal resolution is, spatially a few 10,000 of voxels (which is achieved
with MRI), and temporally a bandwidth of a few 100Hz (which is achieved with EEG). 1) By
merging EEG and MRI, is it possible to achieve high resolution both spatially and temporally
7 2) Practically, EEG is observed on a few hundreds of electrodes, so that estimation of brain
activity (i.e. f(z,y,2,t) with high spatial resolution is a strongly underdetermined inverse
problem. How to do for making the problem to have a solution ? In this PhD, we propose a
specific approach based on the spatial sparsity of fMRI sources for solving the problem. But
more generally, there are many theoretical issues. Here are a few of them: Are we sure that we
can improve the solution? What kind of problems can we solve? Can we predict the performance
gain? What are the properties of each modality which insure performance gain?

EEG has a large number of temporal samples and fMRI has a large number of spatial samples.
In the case of high-dimension mixtures, in addition to the computational load, a first problem
occurs - even most of the time ignored - when processing the whole (very large) data by averaging.
Some sources are relevant locally, but not for the whole data. Especially, rare events will not
be correctly modeled. For a more accurate approximation, even for rare events, one has to
consider local models. However, the main issue is to define the segmentation in local segments
or regions? A first idea is to use the approximation of whole data as a preliminary step for
determining segments or regions where the approximation is poor and must be improved. A
second idea is to use priors on the source of interest for segmenting the data. Priors could be
related to either particular property of the sources of interest, e.g. non-stationarity, temporal
coloration, positivity, sparsity, or to similarity with some reference signals. For a high-dimension
multimodal data, these new ideas can be investigated for avoiding to process the whole data,
and only selecting sources of interest, common to the various modalities and/or specific to each
one.

For low dimension data, one is faced to underdetermined mixtures, i.e. mixtures with more
sources than observations. In such cases, source separation problem is much more complex. In
fact, even if the mixing mapping is known, without extra priors, the source restoration is an ill-

posed problem with an infinite number of solutions [205]. Source sparsity is one prior which leads
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to a general very powerful framework [206] for solving underdetermined mixtures, but assume all
the sources are sparse. One possible basic idea is to use a deflation procedure. The first source is
extracted based on a spatial filter, driven by one prior. Then, after removing its contribution in
the whole data, we extract the second source, based on another prior, etc. We also have to define
what priors can be used and to design related criteria. However, in addition to well-known error
accumulation due to the deflation process, at a given step, the spatial filter defines a particular
signal subspace which can contain useful and useless sources, or two different useful sources.
Moreover, at each iteration of the deflation procedure, after removing the contribution of the
new extracted source, the data rank decreases of 1, which is very annoying with a small number
of sensors. For preserving the data rank, one possible direction of research is to associate to
source separation methods, models of the sources (useful or not) so that each signal selected by
the spatial filter can be post-processed [207] using the model for only removing one source.

In this challenge, the main theoretical issues are the following: how to select the sources
among a huge number when the data is very high-dimension, or low-dimension? What are the
performance bounds with respect to analysis of the whole data? How can we preserve the data
rank when the number of sensors is small? What priors and criteria can be used? Can we jointly

extract sources of interest in multimodal data?

8.2.3 EEG source localization and sparse decomposition

The efficacy of modern Bayesian techniques for quantifying uncertainty and explicitly accounting
for prior assumptions make them attractive candidates for source localization. However, it is
not always transparent how these methods relate, nor how they can be extended to handle more
challenging problems, nor which ones should be expected to perform better in various situations
relevant to MEG/EEG source imaging. Moreover, many other source localization algorithms
are developed in parallel, which can be similar to one of the previous methods or it can be
considered as an especial case of a more general method. [122] proposed a Bayesian framework
for EEG source localization and he shows that many other methods can also be compatible
with the framework. For example optimization with constraints relates to Bayesian framework
and especially to MAP solutions. In chapter 3 some examples (MNE, MCE, MSP, SBL) are
included. To avoid many parallel works, any new source localization methods may be compared
with Bayesian framework to see if it belongs to these techniques.

In this study, we proposed a new regularization method ¢5 and ¢y norm. Investigating the
relation between the new method and the Bayesian framework may help us to use the efficient

algorithms in this context to get more accurate estimations with higher speed.
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Appendix A

False positive and false negative in

terms of electrode leads

FP, and FN, are calculated between members of [ED# and GT. IED¥ is the set of estimated
IED electrode leads of each recalculated trial and members of G'T" is assumed as the ground truth.
We calculate the Euclidean distance, d;;, between the ith member of I ED# and jth member
of GT, where i = 1,...,N', j = 1,...,N. We threshold d;; giving b;; = 1 if d;; < thrrp,
otherwise zero. LFP stands for local field potential. According to [208], the LFP recorded from
each electrode lead can be related to a neural population within 0.5 — 3 mm of the electrode
tip. In [209], an LFP coherence about 0.15 — 0.35 (0 <coherence< 1) for approximately 3 — 4
mm primary visual cortical distance was reported in the frequency range of 2 — 60 Hz. In
our recordings, the inter-distance between two adjacent electrode leads is 3.5 mm, so for the
thresholds less than this distance, there is no neighbor electrode lead at least on a single electrode.

As such thypp equal to 4 mm is chosen. F'P, and F'N, are calculated as:

FP, = (1/N')card({j |max;(bi;) =0})
FNe = (I/N)Caﬂ“d({’i ]man(bij) = 0})
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False positive and false negative in terms of electrode leads




Appendix B

Canonical Correlation Analysis

B.1 Definitions and Properties

Consider two random variables x and y with zero mean and stemming from a multi-normal

il

Now, suppose that the goal is to find the directions of maximum data correlation. Consider the
T

distribution with the total covariance matrix:

Cxac ny
Cyﬂf ny

T

Y

C= =F

linear combinations z = x'w, and y = yTWy of the two variables, respectively. This means

that the function to be maximized is:

AT T
Bl B[¥a) WO,

p= 2 F 2 e W A
\/E [22] B [y?] \/E [vAvTxxTvAvx] E [\?ngyTVAVy} \/chmwxwgcyywy

xT

(B.2)

Also in this case, since p changes sign if w, or w, is rotated 180 , it is sufficient to find the
positive values. This function cannot be written as a Rayleigh quotient. But also in this case,
it can be shown that the critical points of this function coincide with the critical points of a
Rayleigh quotient with proper choices of R! and R?. The partial derivatives of p with respect

to w, and wy are:

dp a wlC,,w
=—— | CpW, — =4 VC,, W
Owe  |[wall ( Y wle,w, T 53)
- TR yeWe — o CyyWy
8Wy ||wa y nywy

where a is a positive scalar.
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Proof. The partial derivative p with respect to w is

T T L T T T -1 T
dp (W CraWaw, Cyywy)2Cyywy Wy Coywy (W CoaWo, W, Cyyw,) 2 Corawaw, Cyyw,

Owy, wgcmwxwgcyywy wgcmwxwgcyywy

TC

T T -1 W Loy Wy
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(B.4)
Setting the derivatives to zero gives the equation system
CyaWwz = pA:Cyywy
where
W, Cypy W
Ao =N =Y (B.6)
W:):szwz

Az is the ratio between the standard deviation of y and the standard deviation of x and vice
versa. The As can be interpreted as scaling factors between the linear combinations. Rewriting

equation system B.1 gives

c.lc,,ClC, . w, = p’w,
{ Y yy Y p (B.7)

-1 -1 - 2.
C,y CyaCry Coywy = p"wy,
Hence, W, and w,, are found as the eigenvectors of the matrices Cg;;L nyCy_yl Cy, and Cy_y1 CWC;%1 Cuy
respectively. The corresponding eigenvalues p? are the squared canonical correlations. The eigen-

vectors corresponding to the largest eigenvalue p? are the vectors W, and Wy1 that maximize

the correlation between the canonical variates x; = x! w1 and Yy = yT\?vyl.

Now, if
Wz |  |HaWo
Wy [y Wy
{ CoyWy = 112 Coy W,

A ~
CyaWwy = 1, Cyywy

0 Cuy
Cp O

equation can be written as

Ciz O
0 Cy

Rlz 2:

)

]andW:

(B.8)
which is recognized as equation for pA, = r,’f; and p\, = rﬁz. Solving for w, and wy in
equation B.8, gives equation B.7 with 72 = p?. This shows that the equations for the canonical
correlations are obtained as the result of maximizing the Rayleigh quotient.
An important property of canonical correlations is that they are invariant with respect to
affine transformations of x and y. An affine transformation is given by a translation of the origin

followed by a linear transformation. The translation of the origin of z ory has no effect on p
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since it leaves the covariance matrix C unaffected. Invariance with respect to scalings of x and
y follows directly from equation B.2.
Another important property is that the canonical correlations are uncorrelated for different

solutions, i.e.
T T T
Elzz] = E[w,, xx" Wy, ] = w, Cpywy, =0

Elyy] = E[WZ;YYTWyj] = ng Cyywy, =0 fori # j, (B.9)
Elay|=E [WZ;XYTWyj] = ngcwywyj =0

according to equation 4.4 and 4.5.

B.2 Relation to SNR

The correlation is strongly related to signal to noise ratio (SNR), which is a more commonly
used measure in signal processing. This relation is used later in this thesis. Consider a signal z
and two noise signals 11 and 7y all having zero mean and all being uncorrelated with each other.
Let S = E[z?] and N; = E[n?] be the energy of the signal and the noise signals respectively.
Then the correlation between a (x + n;) and b(x + 12) is

___ Bla(e £ n)bla + )
VE@(@ + )P ER (@ + 1))

$2

V(E2?] + E[i])(E[z?] + E[n3])
S
V(S +N)(S+ Ny)

= (B.10)

Note that the amplfication factors a and b do not affect the correlation or the SNR.

B.2.1 Equal noise energies

In the special case where the noise energies are equal, i.e. Ny = No = N, Eq. B.10 can be

written as
8
P=STN
This means that the SNR can be written as
S__»p
N 1-p

Here, it should be noted that the noise affects the signal twice, so this relation between SNR
and correlation is perhaps not so intuitive.
B.2.2 Correlation between a signal and the corrupted signal

Another special case is when N3 = 0 and Ny = N. Then, the correlation between a signal and

a noise-corrupted version of that signal is
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S

P S5+ N

In this case, the relation between SNR and correlation is

s __r

N 1-—)p2
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Résumé francais étendu

1 Introduction

L’électroencéphalographie (EEG) est une technique d’imagerie cérébrale non invasive impor-
tante, capable d’enregistrer 'activité neuronale avec une grande résolution temporelle (ms),
mais avec une résolution spatiale faible. Le probléeme inverse en EEG est un probleme diffi-
cile, fortement sous-déterminé : des contraintes ou des a priori sont nécessaires pour aboutir
a une solution unique. Récemment, l'intégration de signaux EEG et d’imagerie par résonance
magnétique fonctionnelle (IRMf) a été largement considérée.

Les données EEG et IRMI relatives & une tache donnée, refletent les activités neuronales
des mémes régions. Nous pouvons donc supposer qu’il existe des cartes spatiales communes
entre données EEG et IRMf. En conséquence, résoudre le probleme inverse en EEG afin de
trouver les cartes spatiales des sources EEG congruentes avec celles obtenues par ’analyse de
signaux IRMf semble étre une démarche réaliste. Le grand défi reste de déterminer la relation
entre l'activité neuronale électrique (EEG) et lactivité hémodynamique (IRMf), qui n’est pas
parfaitement connue a ce jour. La plupart des études actuelles reposent sur un modeéle neu-
rovasculaire simpliste par rapport a la réalité. Dans ce travail, nous utilisons des a priori et des
faits simples et généraux, qui ne dépendent pas des données ou de I'expérience et sont toujours
valides, comme contraintes pour résoudre le probléme inverse en EEG. Ainsi, nous résolvons
le probleme inverse en EEG en estimant les sources spatiales parcimonieuses, qui présentent la
plus forte corrélation avec les cartes spatiales obtenues par IRMf sur la méme tache. Pour trou-
ver la représentation parcimonieuse du signal EEG, relative a une tache donnée, on utilise une
méthode (semi-aveugle) de séparation de sources avec référence (R-SS), qui extrait les sources
dont la puissance est la plus corrélée a la tache (référence). Cette méthode a été validée sur
des simulations réalistes et sur des données réelles ’EEG intracranienne (iEEG) de patients
épileptiques. Cette représentation du signal EEG dans I'espace des sources liées a la tache, qui
sont en petit nombre, est ainsi parcimonieuse. En recherchant les fonctions d’activation d’TRMf
similaires a ces sources, on déduit les cartes spatiales d’TRMf tres précises de la tache. Ces cartes
fournissent une matrice de poids, qui impose que les voxels activés en IRMf doivent étre plus
importants que les autres voxels dans la résolution du probleme inverse en EEG. Nous avons
d’abord validé cette méthode sur des données simulées, puis sur des données réelles relatives
a une expérience de reconnaissance de visages. Les résultats montrent en particulier que cette

méthode est tres robuste par rapport au bruit et a la variabilité inter-sujets.
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La méthode proposée est expliquée dans la section 2. Les données de validation sont présentées
a la section 3. Les résultats sont portés a la section 4. Remarques, Discussion et conclusion

occupent les sections 5 et 6, respectivement.

2 Méthode

En imagerie céreébrale, on suppose que 'activité est localisée sur une grille de plusieurs milliers

de dipoles, de sorte que le modele direct conduit a I’équation :
X=GJ+n (1)

ou X est une matrice N x T qui contient les mesures sur le scalp, N est le nombre de canaux
(capteurs) et T' est le nombre de points dans le temps, Gy s est la matrice de gain, Jyxr
contient les grandeurs dipolaires a différents instants, n représente le bruit, et M est le nombre
de voxels avec N <« M.

Le probleme inverse en EEG est fortement sous-déterminé (car N < M) et ne conduit pas
a une solution unique, car il y a moins d’ observations que les variables inconnues (sources).
Par conséquent, des a priori supplémentaires (contraintes) sont nécessaires pour régulariser le
probleme d’optimisation associé et trouver une solution unique. Ici, nous utilisons la parcimonie
spatiale de l'activité cérébrale comme contrainte de régularisation. On suppose qu’a chaque
instant, seules quelques régions du cerveau sont actives et suffisantes pour expliquer les mesures.
Cette hypothese est en accord avec la réalité.

L’architecture de la méthode proposée est illustrée a la figure 1. Dans la suite, cette méthode
fondée sur la parcimonie spatiale dans ’espace des sources, est appelée S4 pour Spatial Sparsity
in the Source Space.

Les signaux EEG ne sont pas essentiellement parcimonieux, de sorte que pour exploiter la
parcimonie, les données doit étre projetées dans un autre espace ou bien une fonction parci-
monieuse des données doit étre utilisée dans le terme de pénalité. Pour obtenir plus de parci-
monie dans le probleme inverse EEG, nous projetons les données EEG dans ’espace des sources
pertinentes (en petit nombre) qui sont obtenues par application de la méthode de séparation de
sources avec référence (R-SS) proposée dans [1]. R-SS est une méthode de séparation de sources
semi-aveugle qui extrait les sources caractéristiques d’un état par rapport a un autre. R-SS est
utilisée pour extraire les sources temporelles correspondant a la tache d’intérét. Les sources non
corrélées séparées par R-SS peuvent étre considérées comme constituant une base de 'activité
neuronale associée a la tache d’intérét. Par projection dans ’espace source, nous reformulons le
probleme inverse en EEG pour obtenir une représentation parcimonieuse qui est la carte spatiale
des sources.

La carte spatiale extraite de ’analyse IRMf de groupe est utilisée comme matrice de pondéra-
tion de 'algorithme de dé composition parcimonieuse. La méthode de Pareto est une méthode
d’optimisation multi-objectif utilisée pour trouver la carte spatiale optimale, i.e. correspondant

aux différentes sources pertinentes, a partir des différentes cartes spatiales fournies par 'TRMI.



CONTENTS 5

IRMf Dat Spatial Map " h(SM)
SPM 70
SM

Projection

p| Linear Model

s} X5 = AS$
S—| : J® = B°S
R-SS X
R

% Boptimum B*
Q Pareto loo [¢—

Figure 1: Schéma de la méthode S4 proposée. ¢3¢ est la méthode de régularisation, et h(SM) =
(1—a)+aSM

2.1 Estimation de I’espace des sources

Nous utilisons la méthode R-SS introduite dans [1] pour extraire les sources temporelles (signaux)
non corrélées qui ont la plus grande similitude avec un signal de référence. La méthode R-SS
est utilisée lorsque ’on peut segmenter les signaux en intervalles de temps qui ne se chevauchent
pas, chacun exclusivement associés a un état parmi deux états différents. Ici, nous considérons
deux états, noté C! et C?, qui correspondent & un état de référence et un état de non-référence,
respectivement. L’intervalle de référence est lié au signal d’intérét tandis que 'intervalle de non-
référence est associé au fond, au controle ou a ’état de repos. Cette segmentation dépend de
I’expérience ou du probleme auquel nous sommes confrontés. R-SS utilise le concept de ’analyse
en composantes indépendantes quasi-périodiques, voisin de la Common Spatial Pattern (CSP)
qui peut étre résolue par décomposition en valeurs propres généralisée (GEVD) [2,3]. En outre,
cette méthode utilise les valeurs propres pour estimer le nombre ¢* de sources pertinentes, c’est-
a-dire similaires a la source de référence. Les enregistrements EEG peuvent étre modélisés par

une combinaison linéaire de sources non corrélées :

X = AS (2)

ot A est une matrice N x N de mélange, dont a; est la j-¢me colonne, S est une matrice N x T’
contenant les sources non corrélées, dont s, est la i-éme ligne. Sans perte de généralité, les

sources temporelles sont normalisées ce qui signifie que SS’ = I, ou I est la matrice identité
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N x N, et S’ désigne la transposée de S. Nous utilisons la méthode R-SS pour extraire les

sources de i* liés a un état de référence. Par conséquent, ’équation (2) peut étre réécrite :

X = [a1 ai*] [Sl Si*]/+
[ai*+1 e aN] [Si*+1 e SN],
En notant A® = [a; ...a;+] la partie pertinente de A et a® = [a;+41 ...ay] la partie restante,
Péquation (2) s’écrit :
X = X* + X°
S / s / (3)
=A [Sl Si*] + A [Si*+1 SN]

ott les dimensions de A® et A® sont N x i* et N x (Ni*), respectivement.
Comme X et J sont liées par la relation linéaire (1), J peut aussi étre estimée a partir de S

selon :

J=BS (4)

ol B est une matrice inconnue de mélange de taille M x N qui prédit J a partir de S.
Nous pouvons partitionner J en deux parties associées aux sources pertinentes et non perti-
nentes, comme nous ’avons fait pour X.
J=J"+J°

= B°® [Sl ce Si*]l + B? [Si*+1 S SN]I

()

ott les dimensions de B® et B® sont M x i* et M x (N — i*), respectivement.

Les sources temporelles non corrélées pertinentes estimées par la R-SS constituent les lignes
de la matrice S = [$1---8;+] et forment ce que nous appellerons & partir de maintenant espace
source.

2.2 Localisation spatiale

Projection dans 1’espace des sources

Dans cette étape, nous projetons le probleme EEG direct dans 1’espace source en multipliant le

modele direct par la matrice S. Le probleme direct projetée dans ’espace source s’écrit donc :
A1 ~/ ~ 1
XS =GJS +nS (6)

En utilisant (3) et (5) et le fait que les sources normalisées ne sont pas corrélées entre elles

(SS ~ I), ni corrélées avec le bruit (nS ~ 0), nous pouvons écrire :

AT+ A°0 = GB*I+ GB°0+0 (7)
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ou I est une matrice identité de taille i* x i* et O est une matrice nulle. Par conséquent, A® et

B? sont liées par I’équation suivante :
A’ =GB’ (8)

ou la i-eme colonne de B® contient la projection du signal de dipdle de courant de tous les
voxels sur la i-eme source. Par conséquent, les voxels actifs liés a i-eme source ont un grand
coefficient dans la i-éme colonne de B®. En d’autres termes, chaque colonne de B® représente
la carte spatiale correspondante des sources. L’équation (8) montre que A?®, la projection des
observations sur l’espace source, est une combinaison linéaire des cartes spatiales. Comme
l'activité cérébrale est localisée, la plupart des voxels ne sont pas actifs et ont un coefficient

faible (proche de zéro) dans B, donc B® est une matrice creuse.

Optimisation /5

Pour produire un modele parcimonieux avec une bonne précision, tout en favorisant un regroupe-
ment spatial des voxels actifs, en combinant la norme ¢ avec la norme £y , nous avons proposé
une nouvelle méthode, appelée optimisation f3 g.

L’optimisation f5 9 pour le modele linéaire aj = Gby, (bj, est un vecteur colonne de B} de

taille M x 1 et aj est un vecteur colonne de Aj de taille N x 1) revient a calculer :

by, = arg min lag — Gb || + A2[[Wabf || + A1[[Wibi|lo

k

ou ||.|| et ||.|[1 représentent les normes ¢y et ¢1, respectivement. Ce probléme d’optimisation peut

étre écrit comme :
. W b?
mlntl)gnlze l'W1bj o

subject to |laj — Gbj|| + A2||[Wabj|| < 4.

L’optimisation ¢ ¢ peut étre simplifiée en utilisant le changement de variables suivant [4]:
1 G
G* = (1 + )\2)7E
VA2 Wy

«_ [
a;. —
bi = /1+ Azbj

Le probleme d’optimisation peut alors étre écrit comme :

minimize |W1bjlo
b 9)

subject to |laj, — G*bi|| < 0
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Un algorithme rapide a été proposé dans [5] pour résoudre (9). Nous avons utilisé cet algo-
rithme pour estimer bf,--- ,bj. qui sont les colonnes de B®. Dans notre probleme, a; (vecteur
de taille NV x 1) est la k-éme colonne de A’ c’est-a-dire la projection sur la k-eéme source, et
les matrices de poids Wade et W1 de taille N x N sont des matrices diagonales initialisées
par 'inverse de la carte spatiale extraite des données IRMf. A cet effet, les cartes spatiales de
I'IRMf sont normalisées par la valeur maximale. Il est noté SPM;jryf, qui est un vecteur de

taille M x 1. Les éléments diagonaux de W7 et Wy sont initialisés selon la relation :

1

diag(Wh); = diag(W2); = (1—a)+aSPM:
IRMf

(10)

oll a peut étre estimée expérimentalement. La valeur o = 0 supprime 'effet de pondération de
la carte spatiale des données IRMf et @ = 1 contraint les résultats strictement a la carte spatiale
fournie par I’ IRMf. Puisque SPM;jgyy fournit les valeurs mazimales tandis que la localisation
EEG est un probleme de minimisation (9), 'inverse de la carte spatiale IRMf est utilisé comme
matrice de pondération. En d’autres termes, une valeur faible pour un voxel donné implique
qu’il n’est pas essentiel pour la parcimonie de la variable et ’algorithme mettra ’accent sur la
diminution des valeurs des autres voxels.

Nous résolvons (9) i* fois (c’est-a-dire pour chaque source pertinente extraite par R-SS), pour
b=bjeta=aj, k=1---i*, qui sont les colonnes de B® et a®, respectivement. Pour trouver
la région d’activation ou le position des grands coefficients dans B®, nous utilisons la méthode

d’optimisation de Pareto.

Optimisation de Pareto

B? est une matrice de taille M x i* dont les colonnes présentent les contributions des sources
liées a chaque sommet de maillage. Toutes les i* sources sont impliquées dans l’activation
neuronale en relation avec la référence. Par conséquent, elles sont toutes importantes, mais avec
des niveaux différents : la contribution de la premieére source est supérieure a la seconde, et ainsi
de suite. Par conséquent, si nous utilisons la somme ou la somme des carrés, les contributions
des sources faibles seraient cachées par la premiere source. Pour surmonter ce probleme et étre
capable de prendre en compte la contribution de chaque source, nous utilisons alors la méthode
d’optimisation multi-objectif, appelée méthode de Pareto [6]. L’optimisation de Pareto trouve
une solution optimale sans seuil, ce qui évite le choix de ce parametre.
Un probléeme d’optimisation multi-objectif, au sens de Pareto, a la forme suivante :

maximize  (b})’ fori=1,--- M

i 11
subject to (b)) e PC R (1)

Il se compose alors de i* fonctions objectifs qui doivent étre maximisées simultanément. (bf)’,
la i - iéme ligne de la matrice B®, contient les contributions des sources sur le sommet 7. D’un
point de vue géométrique, chaque (bf)" peut étre considéré comme un point dans un espace

de dimension ¢*. Nous classons I’ espace de recherche P selon le concept de non-domination
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de Pareto [6] : un point est un membre de la couche non-dominée si ce point domine tous les
autres, ou s’il n’y a pas d’autre point qui le domine. Un point de (bf)" domine le point (b3)’, si
Vi, bi(1) > bi (1) et 1*, bi(l) > bi(I*) L. L’ensemble de tous les points non dominés est appelée
couche non-dominée, ce que l'on note D(P) C P. Dans la suite, nous expliquons comment
estimer D(P) en utilisant I’algorithme d’optimisation de Pareto [6]. Prenons M vecteurs de
décision de dimension i*, (b})" dans I'espace de recherche P. La couche non-dominée est obtenue

en utilisant ’algorithme d’optimisation de Pareto suivant [6]:

1. Initialiser D(P) avec le premier point (i = 1) avec une valeur de (by)’. Cela peut étre

n’importe quel point.
2. Choisissez un nouveau point (i =i + 1):

(a) Siun point dans D(P) domine le point i passez a l’étape 3.

(b) Sinon ajouter le point ¢ & D(P) et supprimer tous les points de D(P) que le point @

domine.

3. Sii n’est pas égal a M aller a I’étape 2.

3 Données

3.1 Données simulées

Une modélisation de Monte Carlo (échantillonnage sur 50 emplacements aléatoires de sources)
est utilisée pour comparer les différentes méthodes avec la méthode proposée. Pour chaque
site d’activation deux ensembles de données EEG et IRMf sont créées. 50 sommets aléatoires
sont sélectionnés en tant que centres de leurs régions actives. Les sources sont supposées assez
diffuses, ce qui est modélisé par un filtre gaussien de lissage.

Ici, nous simulons les données EEG et IRMf apres I’étape de prétraitement. Cela signifie que,
par exemple en IRMf, le décalage temporel inter-coupe n’est pas simulé et en EEG, la moyenne
des essais apres prétraitement est simulée.

L’expérience a deux états : la tache et le controle. Le début des états de taches et de controle
est défini comme le début des stimulations (données cliniques) avec le visage et les états brouillés,
respectivement. Tous les parametres des méthodes d’imagerie sont choisis comme dans le cas
de données cliniques : positions des électrodes, fréquence d’échantillonnage en EEG et TR,

dimensions de I'image dans I'TRMf, etc.

IRMf

Nous utilisons le logiciel neuRosim écrit en R [7] pour la simulation d’TRMf, notamment en
raison de sa rapidité pour la génération de données [8]. Une fonction double-Gamma, qui est

une combinaison linéaire de deux fonctions Gamma, est utilisée pour modéliser FRH 9, 10].

Noter que dans les deux inégalités, la seconde est une inégalité stricte.
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Cinquante simulations IRMf sont créées avec des mesures bruitées de SNR = 5 dB. Comme le
changement de la valeur du SNR de 'IRMf a une incidence sur I’analyse EEG quand il provoque
une région faux positif ou faux négatif, nous avons fixé la valeur du SNR et évalué la méthode en
présence d’une source IRMf invisible ou d’une source IRMf supplémentaire. Le SNR est défini
comme étant _

SNR = 20log( S

pd (12)
ot1 S représente la valeur moyenne du signal, et o, représente I’écart-type du bruit [11]. Le bruit
est un mélange de différents signaux aléatoires : 1) le bruit du systéme avec une distribution de
Rice ; 2) bruit temporel d’ordre 1 ; 3) dérive basse fréquence ; 4) le bruit physiologique; et 5)
un bruit associé a la tache [11]. L’arriere-plan est égal a la moyenne des données cliniques.
Pour chacune des données d’TRMf, deux sources sont estimées : 'une est liée a la tache et
Pautre au controle (voir figure 2). Le centre des sources spatiales liées a la tache est choisie de
fagon aléatoire et les sources sont diffuses avec un rayon de 10 mm. La source de controle est
située a (-10, -29,55) mm dans les coordonnées de I'Institut neurologique de Montréal (INM) :
c’est une sphere de 7 mm de rayon avec un rapport d’atténuation de 0,01. Les sources de tache

sont situées & au moins 6 mm loin de la source de controle.

EEG

Pour chacune des données d’IRMf, les données EEG correspondantes sont générées en utilisant
le modele direct linéaire (1). La matrice de gain est calculée en utilisant I'TRM structurelle
d’un objet réel et la position des électrodes dans I'acquisition de données cliniques. Les décours
temporels des sources sont générés a partir de deux sources principales : (1) celle associée a
expérience, et (2) celle associée au signal de fond. L’expérience est définie par deux états : tache

et des essais de controle. Les détails sont les suivants.

e Site d’activation. Nous choisissons au hasard 50 sites, pour placer un dipoéle lié a ’activation
de la (tache). Ces sites aléatoires sont les mémes pour 'EEG et 'TRMf. Nous supposons
également un site fixe pour un dipoéle lié a I’état de controle (comme dans IRMT, il est situé
a (-10, -29,55) mm en coordonnées de I'INM).

e Décours temporels d’activation. Pour simuler les décours temporels d’activation, nous
extrayons les décours temporels des sources EEG a partir des données cliniques. Voir les

figures 3 et 4.

e Décours temporels sur les électrodes. Pour calculer les décours temporels sur les électrodes,
nous utilisons le modele linéaire direct (1). Pour estimer la matrice de gain, on utilise I’
IRM structurelle d'un objet réel avec ses reperes et des positions des électrodes. Pour
ce faire, nous utilisons BEM avec 8196 naeuds développé dans SPMS8 (http://www.fil.
ion.ucl.ac.uk/spm). Nous supposons que les dipdles sont sur la matieére grise corticale,
ou chaque dipole est perpendiculaire a la couche corticale. Nous avons mis les décours

temporels de la tache et du controle dans les lignes associées de la matrice J. Nous avons
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Figure 2: Sites d’activation pour les données simulées (la figure est générée avec la boite & outils
xjView (http://www.alivelearn.net/xjview)).
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Figure 3: Simulation de ’état de tache sur les électrodes.
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Figure 4: Simulation de I’état de controle sur les électrodes.
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mis les sources d’activation estimées dans les sites prédéfinis et nous utilisons un filtre
gaussien de largeur & mi-hauteur (LMH) de 8 mm pour estimer l'activation des sommets
du maillage voisins. Apres avoir calculé les effets d’activation sur 'espace des électrodes,
on ajoute le signal de fond sur les électrodes avec différentes valeurs de SNR dans la gamme
de [—20, 5] dB par pas de 5 dB.

3.2 Données réelles

Les données cliniques proviennent de ftp://ftp.mrc-cbu.cam.ac.uk/personal/rik.henson/
wakemandg_hensonrn/. Un bref résumé des caractéristiques de 'acquisition et des étapes de

prétraitement est présenté dans ce section. Plus de détails peuvent étre trouvés dans [12,13].

Participants

Les participants sont seize jeunes adultes en bonne santé (huit femmes et huit hommes). Le
protocole de 1’étude est approuvée par le conseil d’examen éthique local (référence CPREC
2005,08). Chaque sujet a effectué des expériences sur deux jours : une fois en MEG + EEG et
une fois en 'IRMf + IRM.

Stimuli et taches

Le paradigme est similaire a celui utilisé précédemment sous EEG, MEG et IRMf [12,13]. Une
croix de fixation centrale (présentée avec une durée aléatoire de 400 — 600 ms) est suivie d'un
visage normal ou visage brouillé (présenté pour une durée aléatoire de 800 a 1000 ms), suivi par
un cercle central de 1700 ms.

Prétraitement des EEG

Les étapes de pré-traitement des EEG sont les suivantes:

e Sélection d’une fenétre de —500 a +1000 ms par rapport au début de la stimulation.
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e Sous-échantillonnage a 250 Hz (en utilisant un filtre passe-bas anti-repliement avec une

fréquence de coupure d’environ 100 Hz).

e Rejet des portions ot 'EOG a dépassé 150uV .

Traitement IRM

L’IRM est utilisée pour modéliser le probleme direct. Les images IRM de chaque participant
sont segmentées et spatialement normalisées selon un modele du cerveau INM T1 dans I'espace
Talairach. L’inverse de la transformation de normalisation est ensuite utilisée pour déformer
un maillage cortical d’un cerveau de modele de 'espace de 'INM vers ’espace IRM de chaque
participant. Le maillage possede 8196 sommets (4098 par hémisphere) avec un espacement
moyen d’environ 5 mm entre sommets. La matrice en champ proche est ensuite calculée pour les
dipdles (orientés perpendiculairement & la maille) en tous les points du maillage cortical. Tout

est fait avec le logiciel SPM.

Traitement IRMTf

Les étapes de traitement sont effectuées avec SPM8 (http://www.fil.ion.ucl.ac.uk/spm).
Le modele linéaire général (GLM) est utilisé pour modéliser la réponse BOLD et I’estimation
du maximum de vraisemblance est utilisée pour estimer les parametres. Une carte paramétrique
statistique (SPM) de la F-statistique a été seuillée pour p < 0,05 et les régions avec au moins
10 voxels contigus sont conservées comme régions actives.

Cette analyse produit des régions actives dans les régions fusiforme et frontale occipitale (FFA

et OFA, respectivement).

4 Résultats

La méthode S4 est évaluée en utilisant des données simulées et cliniques. Le parametre « (de
Iéquation (10.)) est égal a 0,9, sauf spécification contraire. Cette valeur est proposée dans [14]

et elle est utilisé par d’autres auteurs dans les méthodes de groupe en EEG informée par IRMf.

4.1 Données simulées

L’efficacité de la S4 est évaluée a ’aide de simulations informatiques, et comparée a deux autres
méthodes, mises en seuvre dans SPM8 (http://www.fil.ion.ucl.ac.uk/spm). La premiére
méthode est MSP (Multiple Sparse Prior) (MSP) [15]. Dans la seconde méthode, nous utilisons
la carte spatiale IRMf comme information préalable dans MSP pour voir comment I'information

IRMf aide a résoudre le probleme inverse EEG.

Précision spatiale

Pour comparer les performances des méthodes, deux mesures de performance sont définies.

L’écart de localisation (LB) est défini comme la distance euclidienne entre le site moyen de
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Figure 5: Ecart de localisation pour les trois méthodes (MSP, MSP + IRM{, S4)
Pactivité estimée (f1) et le site réel de I'activité simulée, p.
LB = |u— (13)
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22p [Ppllry

p=2l PP

> byl
ou r;, est la coordonnée INM d’'un sommet et b, est son niveau d’activation associée a la p -
ieme ligne de B* (b, = (by)"). L'indice de diffusion de la source (SDI) est définie par:

(14)

apy_ Sl — ]
>, b1

(15)

Les valeurs moyennes et les écart-types de mesures de performance sont calculées et montrées

aux figures 5 et 6).

Source supplémentaire en EEG

Pour évaluer 'effet d’une source EEG qui ne pourrait pas étre détectée dans les données IRMI,
on ajoute une autre région active dans les données EEG, avec une faible puissance de signal de
sorte qu’elle n’est pas détectée par 'TRMf. Par simulation de Monte Carlo avec 50 localisations
aléatoires de sources communes et une source supplémentaire fixe (en EEG), on voit que les
résultats ne changent pas. Cela signifie que notre méthode manque les régions qui sont actives
en EEG mais pas en IRMf. Pour SNRprpc = 0 dB et a = 0,9, la distance entre le site estimé
actif et le vrai site d’activation est de 13 mm, et aucune région supplémentaire n’a été trouvée
dans 45 expériences. « peut équilibrer le role de l'information IRMf dans le probleme inverse

en EEG (voir les figures 7 et 8). Pour voir 'effet de «, nous avons répété I'expérience pour
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Figure 7: Effet de la valeur de o sur LB dans le cas d’une source supplémentaire EEG.

a=0,8et a=0,7. Les figures 7 et 8 montrent LB et SDI pour trois valeurs différentes de «
pour la source commune. En ce qui concerne la source supplémentaire EEG, le tableau 1 montre
le pourcentage de détection de la source EEG supplémentaire dans les 50 données tests EEG -
IRMTf tests. La détection est valide quand S4 trouve une région distante de moins de 20 mm de

la source EEG supplémentaire.
Table 1: Pourcentage de détection de la source EEG supplémentaire.

o | 0.7]0.8]0.9
Détection (%) | 54 | 20 | 10
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Source supplémentaire en IRMf

Pour évaluer l'effet des sources IRMf supplémentaires qui ne peuvent pas étre détectées dans
les données EEG, on ajoute une autre région active dans les données IRMf, mais pas dans les
données EEG. La simulation de Monte-Carlo montre que les résultats ne sont pas modifiés. Cela
signifie que notre méthode va manquer les régions qui sont en IRMf, mais pas dans 'EEG. Pour
un SNRgpg = 0 dB, la distance entre le site actif estimé et le site réel d’activation de la source

commune est de 18 mm, et aucune région supplémentaire n’a été trouvée.

4.2 Données cliniques
Sources spatiales

Les sources spatiales pour ’analyse de groupe de 16 sujets sont montrées a la figure 9. Pour une
analyse de groupe, les données de 'EEG ont été analysées pour chaque sujet et le logiciel SPM
a été utilisé pour faire I’analyse de groupe. On utilise un t-test sur un échantillon et on seuille
la t-statistiquea p < 0,05 et on conserve les régions pour lesquelles au moins il y a au moins 10

voxels contigés.

Stabilité

Pour évaluer la stabilité de la méthode S4, nous calculons les taux de faux positifs (FP) et vrais
positifs (TP) en utilisant 'idée de [18]. A cet effet, on partitionne les données de 'EEG en deux
groupes sans intersection, pour chacun de 8 sujets. Pour chaque groupe, la carte spatiale est
extraite a ’aide de S4. Un groupe est supposé étre la vérité de terrain, 'autre est le groupe de
test. Pour évaluer les vrais positifs et les faux positifs, les écarts de localisation des régions dans
I'image de test sont comparés a la ’écart de la localisation des régions des images du groupe
vérité de terrain. Si une région dans les données de test est au moins 20 mm plus loin que de
toutes les régions de la vérité de terrain, il est considéré comme un faux positif. Sinon, c’est un

vrai positif. La distance de 20 mm est choisie car la meilleure résolution MSP dans la simulation
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Figure 9: Sites d’activation pour les données cliniques de 16 sujets (la figure est généré avec la
boite & outils xjView, http://www.alivelearn.net/xjview). Les voxels sombres indiquent un niveau

d’activation plus élevé.
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est d’environ 20 mm, et cela signifie que les zones distantes de moins de 20 mm 1'une de 'autre
sont acceptables comme régions proches. Ce test est répété 20 fois pour 20 partitionnements
différents. Les résultats montrent que TP est égal a 1, et que FP est égal a 0 pour toutes
les 20 partitionnements. Cela signifie que S4 estime a peu pres les mémes régions de tous les

participants.

5 Discussion

5.1 Données simulées

La figure 5 montre I’écart moyen de localisation des différentes méthodes pour différentes valeurs
de SNR. La comparaison des résultats de la méthode MSP, lorsque I'information IRMf est utilisée
ou non, montre que l'utilisation des résultats de 'information IRMf assure une meilleure préci-
sion, en particulier pour des petites valeurs de SNR. La figure montre également que S4 trouve
les régions plus proches du site réel d’activation. Ceci est da a 'utilisation des informations
d’IRMf directement pour résoudre le probleme inverse EEG et en utilisant la pseudo-norme £.
En outre, S4 est plus robuste au bruit, car la méthode de séparation de sources avec référence ne
conserve pas les sources communes entre les deux états et donc, supprime autant que possible
le signal de fond.

L’algorithme proposé est également évalué en présence d’un site d’activation invisible a
PIRMf. Les régions d’activation ignorées dans les données d’IRMf peuvent étre liées a des
régions avec une activité neuronale dont le temps d’activation est court ou qui impliquent un
petit nombre de neurones, insuffisant pour produire une augmentation détectable de la circula-
tion sanguine cérébrale [16]. Les régions manquées peuvent également étre dues a la méthode
d’analyse. Les résultats montrent que l'effet des régions manquées dans 'IRMf dépend de la
valeur de la variable o dans (10). Avec a = 0.9 les sources IRMf invisibles sont également
manquées dans U'intégration EEG - IRMf. La figure 7 et le tableau 1 montrent qu’en diminuant
la valeur de «, la probabilité de détection de la source supplémentaire augmente tandis que la
moyenne de LB (écart de localisation) ne change pas beaucoup. Le parameétre « peut étre con-
sidéré comme un parametre défini par l'utilisateur de la méthode. L’utilisateur peut diminuer
la valeur de « pour voir s’il existe une région supplémentaire en EEG.

Certaines cellules du cerveau (cellules en étoiles) et les régions corticales (thalamus) pro-
duisent un champ électromagnétique fermée. Ce champ ne peut pas étre détecté avec des élec-
trodes placées sur le cuir chevelu, mais leur activation nécessite une circulation sanguine impor-
tante. Par conséquent, ces populations neuronales présentent des caracteres métaboliques tels
qu’elles peuvent étre détectés par IRMI, alors qu’elles sont invisibles dans la modalité EEG [17].
Nous avons évalué S4 avec une source supplémentaire visible en IRMf mais invisible en EEG.
L’objectif de 'analyse EEG informée par IRMf est d’atteindre une localisation plus précise en
EEG. De toute évidence, 'IRMf peut juste aider dans les régions communes. La meilleure méth-
ode devrait étre telle que les sources supplémentaires n’affectent pas les sources communes dans

le procédé de fusion. Dans ce cas, S4 augmente la moyenne de 1’écart de localisation d’environ
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8 mm (de 10 mm & 18 mm) mais les résultats restent meilleurs que ceux produits par les autres
méthodes : dans le meilleur des cas, MSP, en utilisant les informations IRMf, réalise un écart

de localisation moyen de 26 mm.

5.2 Données réelles

Les résultats de sources spatiales sont présentés a la figure 9. Les régions d’activation sont un
sous-ensemble de celles obtenues par 'analyse EEG seule (sans IRMf). Ces sources sont situées
dans FFA et OFA, ce qui est en accord avec les études précédentes concernant visages normaux
contre visages brouillés [12,13]. La caractéristique la plus importante ici est que ces régions
d’activation devraient présenter peu de variation spatiale entre les différents participants. Pour
tester cette propriété, nous avons estimé les taux de faux positifs et de vrais positifs en utilisant
Palgorithme proposé dans [18]. Les résultats montrent une grande stabilité ou un faible variation

spatiale de la méthode sur les différents groupes de participants.

6 Conclusion

Nous avons proposé une nouvelle méthode d’intégration de données EEG et IRMf pour 'identifi-
cation des régions actives du cerveau, avec haute résolution spatiale, a partir d’enregistrements
EEG de scalp. En utilisant la GEVD, nous estimons le filtre spatial qui fournit des sources tem-
porelles classées en fonction de leur similitude avec un signal de référence. En utilisant les sources
temporelles ainsi extraites, le signal EEG a été projeté dans ’espace des sources pertinentes. La
résolution du probléme inverse de EEG dans cet espace des sources fournit des solutions stables
et uniques sous la contrainte de parcimonie. Pour la décomposition parcimonieuse, nous avons
utilisées £y en raison de ses avantages par rapport a £1. En outre, afin de maintenir les effets de
groupe, nous avons utilisé I'idée du filet élastique (Elastic net) en combinant les normes 5 et .

Les données IRMf sont utilisées pour guider le probléeme inverse en EEG : I'inverse de la carte
spatiale IRMf est utilisé comme matrice de pondération dans I'optimisation £ .

La méthode a été appliquée sur des données simulées et sur des données réelles EEG et IRMf
d’une expérience de perception de visages. Les résultats sur données simulées sont comparés
avec deux autres méthodes : 1) MSP sans IRMf, et 2) MSP avec 'IRMf. Ils montrent que la
carte spatiale estimée par S4 est beaucoup plus proche des sites d’activation réels et les résultats
sont plus stables par rapport a autres.

Les sites d’activation estimés sur les données cliniques sont situées dans les régions de la FFA
et OFA qui sont en accord avec des études précédentes. En outre, les résultats sont stables pour
les différents participants, comme le montre I’étude des FP et TP réalisée utilisant différents
partitionnements des données.

Les avantages de la méthode S4 par rapport aux autres sont les suivantes.
e Utilisation de la norme £y conduit a une solution plus stable.

e La base de projection utilisée dans S4 conduit directement a la carte spatiale d’intérét.
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e L’optimisation de Pareto nous aide a éviter les méthodes statistiques supplémentaires et

le choix d’un seuil.

L’inconvénient de S4 est que le résultat final dépend de la premiere étape de séparation de
sources. Cependant, nous n’avons pas eu de fausse découverte dans les expériences de simulation.

Dans les travaux futurs, S4 peut étre appliquée aux données simultanées EEG et IRMf.
Définir différentes matrices de pondération pour les normes fo et £y peut étre étudiée. La
valeur optimisée de «, qui controle la contribution de la carte spatiale IRMf dans la matrice de
pondération, pourrait étre définie en utilisant les données.

Dans les résultats de la simulation, il a été montré que les régions manquées dans IRMf sont
également omises dans S4. Pour surmonter ce probleme, nous pourrions étudier I'idée suivante

apres application de S4 pour localiser les sites d’activation communes de 'EEG et IRMI,
nous pourrions utiliser le modele EEG direct pour calculer le signal EEG de scalp des régions
communes EEG et IRMf et le supprimer des observations. Nous pourrions également supprimer
les sommets du maillage liées aux régions communes EEG et IRMf du modele direct et utiliser
des méthodes de localisation EEG pour trouver des sites d’activation supplémentaires dans EEG
dans les données résiduelles apres suppression des régions communes et de leurs signaux. Les
sites d’activation découverts par cette méthode conduiraient a des régions qui pourraient étre
liées a la tache ou au fond, ou un faux positif. L’idée doit étre étudiée plus en détails afin de

rechercher des sites d’activation fiables.
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