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ABSTRACT

Neuroimaging of Brain Activity
using Spatio-temporal Signal Modelling

Functional neuroimaging enables us to obtain information about how the brain

responds to cognitive and/or emotional tasks. Neuroimaging of brain activity requires

spatio-temporal modelling of measured electrical and/or hemodynamic data and inte-

gration of the measurements obtained at di�erent spatial and or temporal scales. In this

thesis, new techniques are employed for the investigation of spatio-temporal dynamics

of di�erent functional data as the EEG-ERP, the invasive/non-nonivasive recordings of

epileptic EEG, and simultaneously recorded steady state EEG-fMRI. Spatio-temporal

wavelet decompositions using realistic head models are applied in order to produce

simple stationary input subtopographies for the source localization. Besides, a spa-

tial decomposition method based on radial basis functions is used. The usage of the

subtopographies facilitate the inverse solution and it is shown that even the tempo-

rally correlated EEG sources can be localized by this approach. Integration of the data

obtained from di�erent spatial scales is an important problem in epileptic EEG. To as-

sess their reliability, the spatial performance of the scalp EEG based inverse solutions

are compared with deep or cortical measurements and their simultaneously measured

datasets. The multimodal functional information integration is proposed to compare

the dynamics deduced by the simultaneously recorded SSVEP and fMRI. The temporal

correlation between the time series of EEG and fMRI is calculated via the GLM. It

is observed that the SSVEP source maps are the spatial subsets of the fMRI activity.

The study demonstrates the applicability and potential of new spatio-temporal meth-

ods in EEG research which can be used to study cognition, attention, memory, and

perception. Proposed methods can also be used as tools in more practical areas like

brain computer interfacing, neurosurgical planning and neuro-psychological assessment

of certain disorders.

Keywords: Spatio-temporal, Asymmetric, Subtopography, Wavelet.
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ÖZET

Uzay-zamansal �³aret Modelleme ile Beyin Etkinli§inde
Nörogörüntüleme

Fonksiyonel nörogörüntüleme bili³sel ve/veya duygusal ödevler s�ras�nda beyin

aktivitesi hakk�nda bilgi edinmemize olanak verir. Beyin aktivitesinin nörogörün-

tülenmesi, ölçülen elektriksel ve/veya hemodinamik verinin uzay-zaman modellemesini

ve farkl� uzaysal ve/veya zamansal ölçeklerdeki verinin tümle³tirilmesini gerektirir.

Bu tez çerçevesinde, EEG-O�P, kafaderisi ve derin elektrotlardan ölçülen epileptik

EEG, ve ayn� anda kay�t edilmi³ dura§an hal EEG-fMRg gibi fonksiyonel ölçüm-

lerin uzay-zaman dinamiklerini ara³t�rmak amac�yla yeni teknikler incelendi. Kaynak

yerelle³tirme i³lemine girdi olarak basit dura§an alttopogra�ler üretmek için gerçekçi

kafa modeli kullanan uzay-zaman dalgac�k dönü³ümleri uyguland�. Ayr�ca, radyal baz

fonksiyonlar� temel alan uzaysal ayr�³t�rma metodu kullan�ld�. Alttopogra�lerin kul-

lan�m� geri yön çözümünü kolayla³t�rd�§� ve bu yakla³�mla ilintili EEG kaynaklar�n�n

bile yerelle³tirilebildi§i gösterildi. Farkl� uzaysal ölçeklerdeki verinin bütünle³tirilmesi

epileptik EEG'nin önemli sorunlar�ndan biridir. Kafaderisi EEG verisini kullanarak

yap�lan geri yön çözümü, derin, kortikal ölçümler ve bu ölçümlerin ayn� anda kay�t

edilmi³ verikümeleri ile kar³�la³t�r�larak, geri yön çözümünün güvenilirli§i incelendi.

Çoklumodalite fonsiyonel bilgi tümle³tirilmesi, ayn� anda kay�t edilen dura§an hal

görsel uyar�m potansiyelleri ve fMRg ölçümlerinden ortaya ç�kar�lan dinamikleri in-

celemek için önerildi. EEG ve fMRg zaman serileri aras�ndaki ilinti, genel do§rusal

model kullan�larak hesapland�. Dura§an hal uyar�lma potansiyeli kaynaklar�n�n fMRg

aktivitesinin uzaysal altkümesi oldu§u gözlendi. Bu çal�³ma, bili³sel, dikkat, haf�za ve

alg� çal�³malar�n�n yap�labilece§i EEG ara³�rmalar�nda, yeni uzay-zaman metodlar�n�n

uygulanabilirli§i ve potansiyelini göstermektedir. Önerilen metodlar, beyin-bilgisayar

arayüzü, nörocerrahi planlama ve baz� bozukluklar�n nöro-psikolojik de§erlendirmesi

gibi pratik alanlarda kullanabilecek birer araç olarak kullan�labilir.

Anahtar Sözcükler: Uzay-zaman, Asimetrik, Alttopogra�, Dalgac�k.
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1. INTRODUCTION

1.1 General Objectives and Motivation

Functional neuroimaging is a branch of medical imaging that is used for the

diagnosis of the diseases and to assess the brain health. In addition to diagnostic pur-

poses, functional neuroimaging studies enable researchers to obtain information about

how the brain works and how it responds to cognitive or emotional tasks. Neuroimag-

ing helps us to identify distinct neural events that are detectable at di�erent spatial

and temporal scales.

In recent years, functional neuroimaging utilizes a number of technologies to

directly or indirectly measure the chemical and electrical changes occured in the brain

tissue. The responses that correspond to the changes in metabolic cellular activity are

measured with single-photon emission tomography (SPECT) [1] and positron emission

tomography (PET) [2] using radioactive substances. Despite the usage of radiation,

these indirect measurements produce images having poor temporal and spatial resolu-

tion.

As a non-invasive method, functional magnetic resonance imaging (fMRI) is

used to measure the changes of the blood �ow or oxygenation in the brain with a

better spatial resolution [3]. Therefore, fMRI is widely used to determine the spatial

locations of the regions that are involved in a given task. These techniques undoubtely

provide functional maps with high spatial resolution where the temporal resolution of

the measured signals is on the order of seconds. Among these techniques, the best

temporal resolution can be achieved by fMRI but it is limited to several seconds due to

the latency of the hemodynamic response. Moreover, the fMRI signal is very sensitive

to movement artifacts and its analysis is complex and time consuming.

Conversely, noninvasive electromagnetic imaging modalities, electroencephalog-
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raphy (EEG) and magnetoencephalography (MEG) provide high temporal resolution

with low spatial resolution [4]. Based on Berger's discovery [5] that the brain electrical

activity could be measured using the scalp electrodes, EEG is considered as the oldest

functional brain imaging technique (1929). It records transient electrical dipoles gener-

ated by the net �ow of electrical current across the cellular membrane during neuronal

depolarisation associated with postsynaptic potentials. As a convenient and relatively

inexpensive technique, EEG is used to explore the abnormalities in the electrical ac-

tivity of the brain that are formed by the brain disorders or diseases such as epilepsy.

In addition to this, event related potential (ERP) measurements are obtained in order

to observe the response of a subject to a given task. The neuronal activity within the

brain is modelled using current sources whose locations and amplitudes are determined

by solving the EEG inverse problem [6, 7]. This way, a spatio-temporal functional map

can be obtained based on EEG. The accuracy of the EEG inverse solution is directly

related with the complexity of the EEG topographic maps. Therefore, prior to inverse

solution, temporal and spatial pre-processing techniques should be applied in order to

produce simple stationary input patterns for the source localization process. However,

precise localization of the activity in the brain using neuroimaging measurements is

one of the main challenges in the area of functional imaging.

Time-frequency analyses are performed to isolate stationary frequency compo-

nents in temporal windows and their corresponding source images are obtained by

solving the EEG inverse problem [8, 9]. The pre-processing methodologies based on

time-frequency analyses are improved by introducing spatial smoothness contrainsts

[10], arti�cial assumptions as indepence in ICA or uncorrelatedness in PCA approaches

[11] in the optimization step. Moreover, multichannel EEG data is decomposed to

unique components of channel/frequency/time [12] as an alternative to previous pre-

processing methods. In addition to these studies, the spatial frequency characteristics

of the EEG/ERP topographies are explored and the scalp topographies are expressed

as the summation of simpler maps [13]. Thus, by using the spatio-temporal decom-

position methods on realistic head models, the spatial resolution of the EEG inverse

solution can be improved. A spatio-temporal preprocessing of the EEG simpli�es the

complexity of the scalp map by separating it into several submaps each of which is
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produced by an individual EEG source combination. This is a very convenient prepro-

cessing prior to source localization for the isolation of di�erent maps corresponding to

di�erent dipole sources. This way, even the temporally correlated EEG sources can be

localized after spatio-temporal decomposition of EEG.

In clinical applications, EEG recordings are commonly used in the multiaxial

diagnosis of epilepsy. The spatio-temporal activation maps are explored for the anal-

ysis of the seizures. As a diagnosis and therapy planing tool, EEG is used to identify

the locations of the brain sources that generates focal seizures. It is criticaly impor-

tant to identify the source locations of seizure activity for the epileptic surgery. This

undoubtedly provides a very important information to the clinical team for the surgi-

cal planning. Once the focal point is found, its surgical resection prevents the future

epileptic attacks. The parametric spatio-temporal source localization procedures were

implemented using spherical head models with EEG [14], MEG [15] and the results

were shown to be in agreement with the corresponding structural MR �ndings. Dis-

tributed source localization methods are also used in the imaging of the epileptogenic

regions [16]. It requires to locate the epileptic focus using the EEG data recorded from

the surface as well as from the deep sites located in the brain in order to improve the

widely accepted current surgical planning approach. Recently, electrical measurements

are obtained directly from the brain tissue in order to minimize the conductance e�ect

of the skull. The �ndings of the invasive measurements are considered to give more

reliably information about the origin of the seizures. However, the placement of the

electrodes into the brain tissue or onto the cortex is a risky operation for both, the

surgeon and the patient. For that reason, the noninvasive EEG measurement may

provide su�cient information instead of using the invasive electrodes.

The spatial resolution limitation of the EEG can also be improved with the use

of multimodal functional neuroimaging measurements such as EEG-fMRI. Combining

the high temporal resolution of EEG source maps and the millimeter-scale fMRI mea-

surements provides us with a more accurate picture of the functional processing in

the human brain both, temporally and spatially. First attempts of the simultaneously

recorded EEG-fMRI integration was the localization of the epileptic regions by com-



xxii

bining the high resolution fMRI spatial maps with the temporal localization of the

seizure obtained through the EEG [17, 18, 19]. This type of spatio-temporal integra-

tion where the temporal information of EEG is used as a predictor for the fMRI, is

an example of asymmetric fusion. Asymmetric approaches rely on constraining the

extent of activation, either in space or in time, in one modality by the information

provided from the other, as a prior. Generally, the EEG data collected from a few

electrodes are chosen to be used for the EEG-fMRI integration scheme [20]. Conven-

tional statistical fMRI analysis technique called General Linear Modeling, (GLM) is

used for the investigation of the relation between the scalp EEG and the voxel time

series obtained from the fMRI [21]. Separate GLM analyses of the EEG and the fMRI

data were also performed and the spatial coincidence of the resulting maps were also

analyzed [22]. On the other hand, spatio-temporal analysis of EEG source maps can

be obtained by using spatial constraints obtained from other functional neuroimaging

modalities. As another example of an asymmetric integration, the location of EEG

sources is estimated using the spatial information provided from fMRI activations as

prior information [23, 24, 25, 26, 27, 28]. For the analysis of EEG&fMRI data, a com-

mon spatio-temporal solution domain is needed that has the capability to include both

spatial and temporal properties of the datasets without any loss of information. This

common spatio-temporal domain undoubtedly enables us to investigate the relationship

between the sources of electrical and hemodynamic activities.

In this thesis, the spatio-temporal properties of the brain dynamics are investi-

gated by analyzing various functional measurements including the EEG-ERP, the in-

vasive and the non-nonivasive recordings of epilepsy patients, and the simultaneously

recorded steady state EEG-fMRI data. New discrete techniques are proposed for the

investigation of spatio-temporal dynamics of the simulated and real EEG-fMRI record-

ings. Moreover, a multimodal functional information integration procedure is proposed

to analyze the relation between the neuronal dynamics deduced by the simultaneously

recorded EEG and fMRI.
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1.2 Outline of the thesis

The historical overview and the mathematical principles of the EEG source lo-

calization procedures are summarized in the second Chapter. In the thirth Chapter

of the thesis, spatial preprocessing techniques to decompose the EEG topographies

into simpler subtopographies are proposed. In the �rst stage, Radial Basis Functions

are used as kernel functions in order to explain the EEG topographies with simpler

subtopographies. Afterwards, a spatial preprocessing technique is proposed that is

based on the spatial frequency characteristics of the topographies. 1D discrete wavelet

transform is implemented on a 3D cartesian space as spatial �lters that decompose

the topographies into subtopographies. The technique is also integrated into a new

algorithm based on a contorted and �attened realistic scalp model. The proposed

spatio-temporal decomposition techniques are applied to simulated and to averaged

ERPs datasets and results are presented. In the fourth Chapter, source reconstruction

algorithms are applied to the clinical epilepsy datasets. Both, the parametric and lin-

ear inverse solution methodologies are applied to the invasive and non-invasive EEG

recordings. RAP-MUSIC method is used for the parametric solution while LORETA

and Bayesian source reconstruction methods are applied for the linear case. The inverse

solution accuracy of scalp recordings is determined using the reference information ob-

tained through the invasive recordings. Moreover, simultaneously measured invasive

and non-invasive recordings of an epilepsy patient, are used to investigate the spatial

and temporal dynamics of the underlying sources. In Chapter 5, a novel voxel wise

EEG&fMRI information integration (fusion) method is proposed that allows the inves-

tigation of the brain activity using the simultaneously measured EEG&fMRI data. In

the Chapter 6, a general discussion and conclusions of the results and further recom-

mendations are given.
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2. Theoretical basis of EEG Source Reconstruction

2.1 Origin of the EEG

The human brain is composed of three primary divisions; brainstem, cerebellum

and cerebrum. The cerebral cortex is the outer portion of the cerebrum and consists of

strongly interconnected cortical neurons. The neuron's task is to process and transmit

signals. The information in the neuron is in the form of electrical potentials across the

membrane. Information is transmitted via the synapse by the arrival of neurotrans-

mitter on receptors and this triggers the postsynaptic potentials (PSPs).

Active neurons secrete a neurotransmitter, which is a chemical substance, at

the synaptical side. The synapses are mainly localized at the dendrites and the cell

body of the postsynaptic cell. A postsynaptic neuron has a large number of receptors

on its membrane that are sensitive for this neurotransmitter. The neurotransmitter in

contact with the receptors changes the permeability of the membrane for charged ions

which causes a depolarization or a hyperpolarization [29].

The synaptic inputs to a neuron are of two types: those that produce exci-

tatory postsynaptic potentials (EPSPs) accross the membrane of the target neuron,

thereby making it easier for the target neuron to �re an action potential (AP) and the

inhibitory postsyanptic potentials (IPSPs), which act in the opposite manner on the

output neuron [30].

An IPSP pushes the resting membrane potential (RMP is about −70 mV [31])

down to more negative values and away from its �ring potential. If two EPSPs with

su�ciently large ampltides occur in a small time frame, the cell would �re an AP. The

AP is the signal that can be sent down the axon to create a PSP in another neuron

[32].
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Figure 2.1 Illustration of amplitudes and time periods of IPSP, EPSP and AP with respect to RMP.
The amplitude of the APs is 70−110 mV and the time course is 0.3 ms while the time course of EPSP
is 10− 20 ms.

The postsynaptic potentials are the generators of the extracellular potential �eld

and the summation of activities of a large group of neurons that are synchronously

electrically active can be detected from the scalp electrodes.

The principle EEG generators are the dipole layers of pyramidal neurons in the

cortical gray matter. The relationship between the scalp measurements at some dis-

tance from the generator and the �ow of current through the extracellular space can be

described using the volume conduction theory. The solid angle theorem of the volume

conduction states that the potential generated by a dipole layer in a volume conductor

measured at any point in the conductor is proportional to both the generator's potential

and the solid angle subtended by the dipole layer at the point of measurement.

The electrical �eld generated from convoluted layers of pyramidal neurons is

re�ered to as an open �eld. The �eld potential around an open �eld decays inversely

to the distance from the generator and can be viewed from almost any distance in a

volume conductor. There are structures in the central nervous system in which groups

of cells and their processes are not aligned as dipoles and are referred to as close �elds.

Structures in the thalamus and brain-stem generate closed �eld potentials and are not

large enough to be detected by scalp electrodes. [33]
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Figure 2.2 The presynaptic neuron (1) has its axonal termination at the basal dendrites of postsy-
naptic neuron (2) which undergoes an EPSP. The EPSP event induces speci�c channels to open and
in�ow of Na+ takes place. Thus, the neuron behaves as a current dipole shown as the arrow.

2.2 Forward Problem of EEG

The process of calculating the scalp potentials using the current sources inside

the brain is referred to as the forward problem in EEG. The electromagnetic properties

of the head and the location of the electric current generators in the brain are assumed

to be known for the solution of the forward problem.

The scalp electric potential V ∈ <ne×nt at all electrodes can be formulated as

Eq. 2.1

V = Lj + ε (2.1)

where ne is the number of electrodes, ns is the number of sources, nt is the number of

samples, L ∈ <ne×ns is the lead�eld matrix, j ∈ <ns×nt is the dipole activity strentgh

vector and ε ∈ <ne×nt is the additive noise at the sensors.

The lead �eld matrix is a deterministic transfer function that transforms the
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electrical activity of the brain tissue to the electrical potential vector of the sensors

placed on the head model. The lead �eld matrix is in�uenced by the structure and

electrical conductivity values of the head model which is used for solving the electro-

magnetic Maxwell's equations [34].

The assumptions on the electrical conductivity values of the skull, scalp, CSF

and the model chosen determine the approach for the solution of the forward prob-

lem. The conductivity values of these tissues were computed using electromagnetic

impedance tomography [35, 36], intracranial and scalp electrodes [37] and the conduc-

tivity of scalp/skull (σscalp/σskull) was found to be between 15− 80.

The skull tissue shows low conductivity in the radial and high conductivity

in the tangential directions [38]. The conductivity values of gray matter, scalp and

CSF are isotropic in all directions, hence σ can be represented with a scalar value for a

speci�c location (isotropic conductivity) whereas the components of the skull and white

matter have anisotropic conductivity which means that the conductivity values of the

tissues are not identical in every direction [39]. Recently, DT-MRI measurements enable

researchers to relate the conductivity values of a voxel with its directional information

on the di�usion of the water and it is assumed that the conductivity is highest in the

direction in which the water di�uses most easily [40, 41].

The presence of anisotropic conducting tissues a�ects the computation of the

forward and, as a consequence, the inverse problem [42]. It has been shown that

anisotropic conducting compartments should be incorporated in volume conductor

models of the head whenever possible [43] [44] [45].

The simplest head model used in EEG forward problem is the single spherical

shell model. The entire conducting volume is modelled as a sphere of constant conduc-

tivity. The single spherical shell is too unrealistic as a model for the head due to the

large di�erence between the conductivities of brain and skull.

The basic head model is as a set of concentric homogeneous volume conductors;
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Figure 2.3 Relation of measured signals Vi(t) and the dipole moments ji(t) of the primary currents:
a)A time dependent dipole moment j1(t) (red trace) is seen by the sensor 1 with a lead�eld coe�cient
L11 and scaled versions are projected to the sensors 2, 3, 4. b)In the presence of a second source j2(t),
linear mixture of the source signals weighted with the lead�eld L are seen by the sensors.

the scalp, the skull, the CSF and the brain. For this model geometry, analytical

solutions are derived for the forward problem for both the isotropic [46] and anisotropic

cases [47].

A realistic volume conductor model derived from individual MR Images (or CT)

increases the accuracy of the reconstruction algorithms. It was shown that the e�ciency

of the forward calculations can be improved by replacing the spherical geometry with

a more realistic head shape extracted from anatomical images [48, 49]. How the actual

geometry of the head [50, 51, 52] together with the varying thickness and curvatures

of the skull a�ects the forward solutions are discussed [53, 54]. Recently, realistic head

models are used in conjunction with either boundary-element (BEM), �nite-element

(FEM), or �nite-di�erence (FDM) methods. The computational requirements for a

realistic head model are higher than that for a multi-layer sphere.

The realistic head model is formed by extracting the brain, the cerebro-spinal-

�uid, the skull and the scalp compartments from the anatomical data. To enable the

extraction of the various surfaces of di�erent tissues, the anatomical data has to be

segmented. MR images can be segmented into di�erent tissue classes using several

statistical clusterin methods [55, 56]. The segmented anatomical data obtained from
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MRI is used to form the head model. Depending on the type of the forward solution

method, either the boundaries or the solid volumes of these segmented tissue models

are used.

2.2.1 Boundary Element Method

As a numerical approach, BEM is capable of calculating the potential values at

the interfaces and boundary of the volume induced by a given current source which is

based on the hypothesis that the head model volume is divided into a set of homoge-

neous contiguous regions having isotropic conductivity values [57, 58, 59, 60, 61]. The

surfaces (boundaries) separating these regions are further tessellated with the triangles

[62] and the potential V is computed over triangles. The potential V can be considered

to be constant for each location over a triangle. Thus one value is obtained for each

triangle and this value is computed at the centre of gravity of each triangle (COG

approach) [63, 64]. The potential value of a point on a triangle can be calculated using

the potential values of the vertices at that triangle. If the potential over a triangle is

assumed to be constant, the mean value of the potential at its vertices is used (Con-

stant Potential at vertices CPV) [65]. Besides this, the potential can be assumed to

vary over the triangles. In this case, the potential value at a point over a triangle is

linearly weighted with the potential values of the vertices forming the triangle (Linear

Potential at Verices LPV).

V (~s) = V∞(~s)− 1

2π

3∑
l=1

σ−l − σ+
l

σ−k + σ+
k

N
(l)
tr∑

m=1

∫
∆

(l)
m

V (~s)∇′
(

1

|~s− ~s′ |
)~n(~s′)dS

′
(2.2)

Centre of gravity approach of BEM is implemented as the solution of the forward

problem. Once the nodal points of the tesellated surfaces are determined, BEM COG

approach is used to �nd the potentials on the nodes given the dipole parameters.

The electrical potential V (~s) at any surface point ~s can be represented by Eq. 2.2
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where, σ+
i and σ−i are the conductivities belonging to the outside and inside of the

surface Sj, respectively, ~n(~s′) is the unit normal vector of ~s′ to the surface. Surfaces

are approximated by a set of plane triangles. The surface Sl can be represented with

N l
tr triangles by ∆l

m. V∞ is the potential in an in�nite extent conductor with unit

conductivity due to Nj sources at ~ri i = 1...Nj with strength ~j(~ri) and computed by

Eq. 2.3.

V∞(~s) =
1

2π(σ−k + σ+
k )

Nj∑
i=1

(~s− ~ri)
|~s− ~ri|3

~j(~ri) (2.3)

The integral in Eq. 2.2 can be rewritten for COG approximation as in Eq. 2.4

∫
∆

(l)
m

V (~s)∇′
(

1

|~s− ~s′|
)~n(~s

′
)dS

′
= −V (~scog)Ω

(l,m)(~s) (2.4)

where Ω(l,m)(~s) is the solid angle subtended by the triangle ∆(l)
m . So, Eq. 2.2 takes the

form of Eq. 2.5

V (~scogp) = V∞(~scogp)− 1

2π

3∑
l=1

σ−l − σ+
l

σ−k + σ+
k

N
(l)
tr∑

m=1

V (~scogm)Ω(l,m)(~scogp) (2.5)

where ~scogm is the centre of gravity point of the mth triangle ∆l
m on the lth surface Sl.

Eq. 2.6 is achieved when Eq. 2.5 is written in the matrix form

V = BV +GJ (2.6)

where V shows the electrical potential of each nodal point and has a length of Ntr, B

shows the in�uence of the points on other points and has a dimension of Ntr ×Ntr, J

is the moment matrix with a dimension of 3 × Ntr. The free space potential matrix

having a dimension of Ntr × 3 is denoted with G [66, 29]

Bp,q
k,l =

σ−l − σ+
l

2π(σ−k − σ+
k )

Ntr(l)∑
m

Ωp,m

3
(2.7)

Gp,q
k =

(~sp − ~rq)t

2π(σ−k + σ+
k )|~sp − ~rq|3

(2.8)

where ~sp is the p.th nodal point of the surface Sk and ~rq is the location of the q.th
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source.

V = LJ (2.9)

The lead �eld matrix in Eq. 2.9 is computed once for a realistic head model and used

many times in the source localization procedures.

In addition to BEM, FEM [67, 68] and FDM [69, 70] solutions can also be used to

solve the forward problem using the realistic head models. Unlike BEM, FEM and FDM

solutions do not require the isotropic conductivity of the head model comparments.

The volume is represented with small volume elements in which Maxwell's equations

are solved locally. As each volume element is characterized by its own conductivity

(isotropic or not), any con�guration of conductive volume can be modelled. With the

FEM, the volume elements are of arbitrary shape, while the volume elements are cubic

with the FDM. The technical details of the FDM is given in Chapter 4.2.1. If cubic

elements are used, the FEM becomes similar to the �nite di�erence method [71]. The

disadvantage of using cubic elements is that all cubes must have the same dimensions.

Against this, using cubic elements lead to faster convergence of the forward solution.

On the other hand, FEM enable researchers to use realistic head models that are

formed by tetrahedral elements which can vary in size. The accuracy of the realistic

head model can be ensured by locally re�ning the tetrahedral meshes [72].

2.3 EEG Source Reconstruction

The location and the strength of the current sources inside the brain that best

�ts the measurements of the voltage potential at various locations on the scalp, are

estimated by solving the inverse problem of EEG. Generally, two types of source models

are assumed for the EEG inverse solution;

i) The brain electrical activity can be represented with a few number of dipole

sources (Equivalent Current Dipole, ECD [6]) at a given moment in time. These type
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of models are named as parametric methods where the number of sources are less than

the number of measurements. It was shown that parametric model performs very well

in some epileptic spike events [14, 15], and in the description of the early components of

the brain-stem auditory evoked potential [73]. The aim is to perform a search in order

to �nd the best dipole positions and orientations. A non-linear minimization of the

cost function ||V − L(rdipj)J(rdipj)|| over all of the parameters (the dipole indice rdipj ,

the electrical source activity vector J) is performed to �nd the best location and dipole

moment. Standard Simplex search techniques are used to localize the electrical sources

in the brain from EEG measured on the scalp [74, 75, 76]. The location, orientation

and magnitude of the dipole source are changed iteratively to �nd the best �t between

the measured EEG and those calculated by the source. A time window in which the

dipoles are assumed to have �xed position and �xed or varying orientation is considered

in the Brain Electrical Source Analysis (BESA) dipole-�t model [77, 78]. Another

parametric approach is the beamformers that are used to �lter the measured signals

in such a way that only those coming from sources of interest are maintained [4]. As

a spatio-temporal approach, the multiple-signal Classi�cation algorithm (MUSIC) and

its recursively applied and projected version (RAP-MUSIC) is based on subdividing

the brain tissue into a 3D grid and computing the spatial power spectrum with an

eigenbased approach for each voxel element [7, 79, 80, 81, 82]. In several studies, in

clinical epilepsy, MUSIC [83, 84] and RAP-MUSIC [85, 86] algorithms are used for

localizing the sources of the measured scalp data. MUSIC Algorithm is implemented

using the below steps;

• Compute the correlation matrix of V

Ce = (1/N)V V T , where T is the matrix transpose operator.

• Perform eigenvalue decomposition of Ce

Ce = [φSφN ]Λ[φSφN ]T

where φS is signal and φN is noise eigenvector matrice,

and Λ : λ1 > λ2 > ... > λM are eigenvalues of Ce.

• Calculate the forward matrix L as de�ned in Eq.2.7 and its singular value de-

composition on each grid point {xj, yj, zj} forming the 3-D space.
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H = UHSHV
T
H (UH and VH are left and right eigenvector matrices, SH contains

the singular values of H.)

• Z(xi, yi, zi) = 1
λmin(UT

HφNφ
t
NUH)

The spikes of Z give the position of dipole sources. Once the location of dipole

sources are found, strength of these sources can be found using Eq.2.9.

ii) Several �xed dipole sources covering the whole brain volume are used as a

solution space (imaging approach, distributed solution) where the number of sources are

more than the number of measurements. This type of non-parametric inverse solutions

are investigated as underdetermined linear problems, since the dipole source locations

are not estimated. The aim of the non-parametric inverse solutions is to estimate the

amplitude and the current orientation of each dipole source in the whole solution space.

Anatomical constraints can be used to reduce the ambiguity of the inverse so-

lution [26]. The forward solution can be computed only for the dipole locations and

orientations that are deduced from the anatomical data. The solution of the inverse

problem can be selected as the cortical sheet if the origin of the EEG is assumed as

the currents �owing in the apical dendrites of cortical pyramidal cells. In this case, the

dipole moment would be oriented perpendicularly to the cortical surface because of the

columnar organization of the cortex. Thus, the inverse problem reduces to estimating

the scalar distribution of dipole activity over the oriented cortical patches (vertices). A

linear solution that can consider anatomical constraints derived from MR images and

minimizes the expected di�erence between the estimated and the correct distribution

of the brain electrical activity is given in Eq. 2.10 [87]

eM =< ||MV − J ||2 > (2.10)

where "< >" is the expectation operator. If the noise vector ε and the dipole strength

vector J in Eq. 2.1 are normally distributed with zero mean and covariance matrices

Ce and Cp, then the optimal linear estimator takes the form as in Eq. 2.11.

M = CpL
T (LCpL

T + Ce)
−1 (2.11)
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If the activities (dipole strength) of two neighboring patches of the cortex are correlated

and the correlation between any two cortical patches is known, then the inverse solu-

tion can be constrained using the prior source covariance matrix (Cp). If the dipoles

are assumed a priori to be completely independent and have the same variance then

the method reduces exactly to the minimum-norm approach [66]. Source estimation

accuracy of the minimum norm approach is limited because of its tendency of favour-

ing the weak and surface sources [88] whereas a weighting matrix which is formed by

normalizing the lead�eld matrix L, can be used to compansate for this weakness.

The recursively applied weighted norm minimization procedure called FOCUSS

(FOCal Underdetermined System Solution) was developed that concentrate the solu-

tion in the minimal active regions that are essential for accurately reproducing the

measurements [89]. The localization accuracy obtained using FOCUSS was improved

in comparison to MNE. However, locations of deeper sources cannot be properly es-

timated [90]. The brain electrical activity maps that are obtained by the solution of

inverse problems, must take into account that neighboring neurons are most likely to

be active synchronously and simultaneously. Thus, the inverse solution should con-

sider that neighboring voxels are more likely to be synchronized than voxels that are

far from each other. Based on this idea, Pascual-Marqui et al. developed the low res-

olution electromagnetic tomography (LORETA) method that selects the smoothest of

all posible 3D current distributions [91].

Also based on a similar idea, Grave de Peralta Menendez et al. proposed to

incorporate the fact that the strength of the source decreases with distance. A local

autoregressive average with homogeneous regression coe�cients depending on the dis-

tance between solution points is integrated as a constraint to the distributed inverse

solution called LAURA (Local Autoregressive Average) [92]. It is known that, some

spurious activity was observed when LORETA or LAURA was used for focal source

estimation. On the other hand, LORETA was used to obtain the spatial extent of

the ictal and interictal generators of the partial epilepsy patients whose lesions were

visually identi�ed in MRI [16].
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Under the hypothesis that all neurons are equally likely to be active, Pascual-

Marqui et al. proposed a linear imaging method which is called as standardized LORETA

(sLORETA) approach [93]. The localization results were based on the estimates of the

standadization of the minimum norm inverse solution. In the simulation studies, it was

shown that under ideal conditions, minimum localization errors were obtained by the

use of the standardized current density values of the voxels [94].

Unlike the above distributed inverse solutions, Valdes-Sosa et al. proposed a

new type of weighted minimum norm solution that uses spatially varying regularization

parameters. A weighted version of laplacian operator is incorporated into the minimum

norm solution by using the regularization parameters that vary spatially at each point

of the solution grid.

Accurate estimation of the brain activity from the scalp measurements requires

the usage of prior information such as anatomical, functional or mathematical con-

straints. The data driven relevance of di�erent priors is investigated through Bayesian

model inversion [95] and di�erent sets of constraints/priors can be examined using

Bayesian model comparison. Friston et. al, developed an approach in which the in-

verse solution is adjusted to be a parametric or distributed type depending to the

measured data using multiple sparse priors [96].



13

3. Subtopographic EEG decomposition in Neuroimaging

3.1 Spatio-temporal modeling of EEG

Precise localization of electrical events in the brain, based on the EEG data

recorded from the scalp, has been one of the main challenges of functional brain imag-

ing. Several current density estimation techniques for identifying the electrical sources

generating the brain potentials are developed for the so-called neuroelectromagnetic

inverse problem in the last three decades.

The sources underlying the EEG (or ERP), which are rather distributed in the

brain and nonstationary in time, also motivate the researchers to invent additional sim-

pli�cations and analyses on the multichannel data before they apply source localizaton.

Several studies aimed for isolating stationary frequency components in temporal win-

dows, using time frequency analysis, and then applying source localization techniques

to the scalp maps generated by these time frequency components. Source localization

of epileptic discharges is performed after wavelet pre�ltering to isolate the spiky wave-

forms from the background EEG [8]. The source localization of ERP is performed by

�rst applying the time-frequency analysis and then using MUSIC source localiztion

algorithm on these time-frequency components [9].

Gonzalez Andino et al. proposed an eigen-based method to identify the location

of each underlying source in the time−frequency plane that generates a certain topo-

graphic distribution [97]. Unlike the previous time-frequency studies that use single

channel data, Koenig et al. [10] perform time-frequency optimization on mutichan-

nel data with the wavelet coe�cients having minimum energy and maximum spatial

smoothness distributions. A more general and unique space/frequency/time decom-

position in terms of so-called atoms are proposed by Miwakaichi et al. [12], which

overcomes the limitation of introducing arti�cial assumptions as indepence in ICA or

uncorrelatedness in PCA approaches [11]. In all these studies, the problem of identi-
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fying the individul EEG (ERP) components are treated by proposing a decomposition

method that involves the time, frequency, channel, or their various combinations. An-

other common feature observed is that the concept of frequency is always associated

with, and de�ned in, temporal domain. In Wang et al., the spatial ERP maps are en-

hanced by using �rst, a projection method that transforms the scalp potentials de�ned

on a 3D surface to a 2D plane, and then applying a 2D multiresolution decomposi-

tion [13]. This is the �rst approach that attempts to simplify the scalp topography by

decomposing it into simpler maps using a spatial multiresolution.

A scalp topographic map for an EEG/ERP may be a superposition of several

simpler subtopographic maps, each resulting from an individual electrical source lo-

cated at a certain depth as a focal or extended activity. Furthermore, this source may

have a temporal characteristics as an oscillation or a rhythm that extends in a certain

time window, which has been a basis of assumption for the time-frequency analysis

methods.

3.2 Spatial decomposition using Radial Basis Functions

2D spatial basis functions are used as kernel functions in order to identify the

subtopographic maps from the complex topographies. For this purpose, Radial Basis

Functions (RBFs) are used to form the subtopographic structures. Non-linear opti-

mization is used to estimate the parameters of several RBFs under the constraint that

the summation of the subtopographic maps converge to the input topography.

3.2.1 Estimation of Radial Basis Function Parameters

An RBF is a real-valued function whose value depends only on the distance

from the origin, so that θ(x) = θ(||x||); or alternatively on the distance from some

other point c, called a center, so that θ(x, c) = θ(||x−c||). Any function θ that satis�es

the property θ(x) = θ(||x||) is a radial function.



15

Two di�erent RBF, a gaussian as in Eq. 3.1 and a morlet function as in Eq.

3.2 kernels are selected to approximate the input image. RBF is �tted to the EEG 2D

topography by solving Eq. 3.4 using nonlinear least squares optimization [98, 99]. The

mesh images of 2D gaussian and morlet RBFs are seen in Fig. 3.1.

Figure 3.1 Mesh images of 2D RBF Morlet kernel and Gaussian kernel, respectively.

Vt(x, y) =
Nf∑
i=1

aie
−f (3.1)

Vt(x, y) =
Nf∑
i=1

aie
−f cos(ki(x− xci)) cos(li(y − yci)) (3.2)

f =
(x− xci)2

σ2
xci

+
(y − yci)2

σ2
yci

(3.3)

where Vt is the approximated 2D scalp topography for an instance of time, xci and yci

are coordinates of the center points, Nf is the number of RBFs and ai is the weighting

coe�cient of RBF.

The nonlinear least square optimization tries to adjust the parameters α = {

ai, yci , xci , ki, li, σxci , σyci } of the kernel function Vt by minimizing the cost function
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Figure 3.2 2D topography of simulation data for the a) super�cial source and b) deeper source,
c) superimposition of these two subtopographies, d) location of the super�cial and deeper source,
respectively.

in Eq. 3.4

min||Vo(x, y)− Vt(x, y)|| (3.4)

where Vo is the raw 2D scalp topography [100].

F (α) =



Vo1(x, y)− Vt1(x, y)

Vo2(x, y)− Vt2(x, y)
...

Vonc(x, y)− Vtnc(x, y)


(3.5)

The Levenberg-Marquardt method uses a search direction that is a solution of the

linear set of equations in Eq.3.6

(J(αt)
TJ(αt) + λt diag(J(αt)

TJ(αt)))dt = −J(αt)
TF (αt) (3.6)

where the scalar λ controls both the magnitude and direction of dt and J is the jacobian

matrix of multichannel cost function F . α is updated with the direction and the

optimization procedure continues until the desired error level is achieved. After the

cost function minimization procedure, the estimated parameters (α) are used to form

subtopographies.
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Figure 3.3 a) Original raw subtoporaphies. b) Approximation and detail subtopographies decom-
posed using Morlet RBF and c) Gaussian RBF kernels.

3.2.2 Application to simulated data

In order to validate the RBF decomposition method, a simulated multichannel

EEG data is generated using BEM. Two stationary radial point sources are assumed;

one being super�cial while the other being deeper in the brain. Forward problem is

solved for these point sources using BEM over the prede�ned head model given in Fig.

3.8 and the topograhies are shown in Fig. 3.2.

The inverse problem is solved using MUSIC for the total topographic activity.

The inverse solution could not localize the deeper source. After the RBF decomposition,

two suptopographic maps are obtained and their superimposition yielded the original

EEG topography. Results of the RBF decomposition method for two kernel functions

are shown in Fig. 3.3. When these decomposed topographies are individually localized,

it can be observed that the prede�ned sources can be easily discriminated as shown

in Fig. 3.4. Super�cial source is localized from the approximation output while the

deeper source is estimated from the detail output.
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Figure 3.4 2D topographies of decomposed subtopographies based on Morlet and Gaussian RBF.
Source localization of the corresponding topographies using MUSIC algorithm.
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Figure 3.5 3D topography is converted to a 3D regular volumetric grid. By using 1D DWTs, at
each stage volumetric grid with raw data is decomposed into two sets called approximation and detail.
Finally, the original topograhies are regenerated from these volumetric maps.

3.3 Spatial Wavelet decomposition of the topographies

The subtopographic maps arising from sources located at certain depths with

di�erent extention of activities generally fall into di�erent spatial frequency bands on

the scalp. Therefore, a spatial frequency decomposition of a scalp potential distribu-

tion yields these subtopographic maps, whose source localizations will lead us to their

electrical sources in the brain. It is essential to perform this spatial frequency decom-

position on a realistic scalp surface without any distortion. To achieve this purpose, we

propose a method that involves a realistic scalp model on which a 3D wavelet trans-

form is performed, and the subtopographic maps obtained are source localized using

inverse modeling.
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3.3.1 Continuous Wavelet decomposition

The wavelet transform of a continuous signal f(t) can be de�ned as Eq. 3.7

CWTf (a, b) =

〈
f(t), |a|(−1/2)h∗(

t− b
a

)

〉
= |a|(−1/2)

∫
f(t)h∗(

t− b
a

)dt (3.7)

where "*" represents the complex conjugation and where "〈〉" represents the inner

product. In the wavelet transform the sampling in frequency is logarithmic which

enables one to analyze higher frequencies in shorter windows and lower frequencies in

longer windows in time.

The wavelet functions ha,b(t) are generated from a single function h(t) by the

operation of dilations and translations as in Eq. 3.8

ha,b(t) = |a|(−1/2)h(
t− b
a

) a, b ∈ R, a 6= 0. (3.8)

3.3.2 Discrete Wavelet decomposition of spatial topographies

Given a signal s of lengthN , the �rst step of Discrete Wavelet Transform (DWT)

produces two sets of coe�cients: approximation, and detail coe�cients. These vectors

are obtained by convolving the signal with the low-pass �lter for approximation (h), and

with the high-pass �lter for detail (g), followed by dyadic decimation (downsampling)

[101]. This decomposition splits data at level j into two components: the approximation

at level j + 1, and the detail at level j + 1 [102, 103, 104].

The approximation Aj+1
u at level j + 1 and the detail Dj+1

u at level j + 1 are

calculated by Eq. 3.9 and Eq. 3.10, respectively.

Aj+1
u =

∑
x

h(x− 2u)Ajx (3.9)

Dj+1
u =

∑
x

g(x− 2u)Ajx (3.10)
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For images, the algorithm is similar to the 1D case where the two dimensional (2D)

wavelets and scaling functions are obtained by the tensor product of respective 1D

functions. 2D DWT leads to a decomposition at level j into four components: the

approximation at level j+1, and the details in three orientations (horizontal, vertical,

and diagonal).

The approximation Aj+1
u,v at level j + 1 is calculated by Eq. 3.11,

Aj+1
u,v =

∑
x

∑
y

h(x− 2u)h(y − 2v)Ajx,y (3.11)

horizontal detail component is denoted with Dj+1
u,v (1) and computed in Eq. 3.12,

Dj+1
u,v (1) =

∑
x

∑
y

h(x− 2u)g(y − 2v)Ajx,y (3.12)

vertical detail component is denoted with Dj+1
u,v (2) and computed in Eq. 3.13,

Dj+1
u,v (2) =

∑
x

∑
y

g(x− 2u)h(y − 2v)Ajx,y (3.13)

and diagonal detail component is denoted with Dj+1
u,v (3) and computed in Eq. 3.14,

Dj+1
u,v (3) =

∑
x

∑
y

g(x− 2u)g(y − 2v)Ajx,y (3.14)

Dk
u,v =

3∑
i=1

Dk
u,v(i) 1 ≤ k ≤ j (3.15)

�nally, the vertical, horizontal and diagonal details are summed to produce one detail

component for each level as in Eq. 3.15.

Similarly, to perform 3D wavelet decomposition, 1D DWT is applied on three

directions on the 3D volume data, as illustrated in Fig. 3.5. That leads to eight

components from level j to j+1, one being the low pass �ltered data, and seven others

as the various combinations of low and high pass �ltered data, in all three directions

[105, 106].
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Figure 3.6 Axial slices of the segmented raw MRI data and the gray matter, white matter and CSF
images

3.3.3 Application to simulated data

EEG forward solution is computed to simulate EEG data. The human head is

modeled as three homogeneous isotropic conductor layers; the outermost surface being

the boundary for the scalp, the intermediate for the skull and the innermost being for

the brain. Statistical Parameter Mapping software 2005 release (SPM05) [107] which

is developed by Wellcome Institute is used for 3D segmentation of the brain, skull

and scalp (output of the segmentation is shown in Fig. 3.6). After segmentation, the

surfaces are triangulated in order to generate the realistic head model. Surfaces of the

brain, skull and scalp are tesselated with 1000, 1000 and 2000 triangles respectively as

shown in Fig. 3.7. Scalp electrodes (30) are registered to the head model, by spline in-

terpolation using the T1 weighted MR data and the inion and nasion coordinates based

on 10− 20 electrode placement system. The registered locations of the electrodes are
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Figure 3.7 Realistic scalp model developed from T1 weighted human brain MRI data containing
16188 triangles and 7800 vertices.

Figure 3.8 Scalp, skull and CSF surfaces are tessellated with 1000,1000,2000 surfaces respectively.

shown with blue triangles in Fig. 3.7. A simulated multichannel ERP data is gener-

ated by using COG approximation of the BEM. Two stationary radial point sources

are assumed, one being super�cial, while the other being deeper in the brain. Forward

problem is solved for these point sources using BEM over the prede�ned head model

given in Fig. 3.8. The amplitude changes of the two point sources were sinusoidal with

128 data points, and they were temporally correlated.

3.3.4 Source Reconstruction of Simulated Data

The inverse problem is solved using the total topographic activity. Although,

temporally uncorrelated sources can be easily discriminated by the MUSIC algorithm,

the source positions, in this case, are not clearly separated because of the temporal

correlation of individual sources. MUSIC estimated the location of the super�cial

source from the total topography, which is a missing solution. Deeper source could

not be localized by these inverse solutions. By the spatial wavelet decomposition prior
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to source localization, subtopographic maps, which originate from individual sources,

can be identi�ed, whose superimposition yields the original ERP topography. In our

case, seven octave spatial wavelet decomposition is applied to the topography serie of

total activity and the original topography serie is divided into two sets, as seen in Fig.

3.9. One of the topographic map series denotes the approximation outputs, which is

the low-pass �ltered in all directions, and the other series shows the detail output,

which is the remaining part of the original topography series. When these topographic

map series are individually localized, it can be observed that the prede�ned sources

can be easily discriminated, as shown in Fig. 3.9. Super�cial source is localized from

the approximation output while the deeper source is estimated from the detail output.

Although it could be decomposed into any number of subtopographies, the original

simulated map is divided into two, each of which corresponds to one individual distinct

source. Due to the large number of grid points, the spatial wavelet decomposition

requires a high computational complexity and memory usage. An e�cient algorithm

is designed to perform a spatial wavelet decomposition on 3D realistic head surface

without any loss of information.

3.4 Spatio-Temporal Wavelet Decomposition on Realistic Head

Model

Spatio-temporal wavelet transform can be performed in two steps: i) a tem-

poral wavelet decomposition of the multichannel data to identify the individual time-

frequency components in terms of wavelet coe�cients, ii) a spatial wavelet decompo-

sition of a topographic scalp map of each individual wavelet coe�cient into subtopo-

graphic maps corresponding to di�erent spatial frequency bands. Therefore, a spatio-

temporal decomposition of multichannel ERP data involves a multidimensional wavelet

transform.

As an alternative way, we treat the scalp map of an individual temporal wavelet

coe�cient as a 3D topographic surface on a realistic head model whose intensity is color
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Figure 3.9 Topography of super�cial source, deeper source and total activity at the time instant of
32. Fourth topography is the approximation and the �fth topography is the detail output. Inverse
solutions of the total, approximated and detail topographies with MUSIC, respectively.
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coded with the amplitude of EEG. In order to perform a spatial wavelet transform on

this hypersurface, a 3D interpolation and �attening with contortion are performed

which physically corresponds to cutting this scalp surface and spreading it onto a 2D

plane. This transformation does not presume any spherical model for the scalp surface

whose projection on a 2D may incur possible distortions of the EEG data [108].

3.4.1 Flattening with contortion

The path between the PCz electrode as a reference point and any other electrode

location on the scalp is interpolated with a 3D spline algorithm before the curve is

contorted on a plane as shown in Fig. 3.10 a,b. Then the entire region is resampled as

a uniform rectangular grid as shown in Fig. 3.10 c. The steps of the algorithm can be

summariazed below;

• (i) The PCz electrode location is selected as the reference point of the 3D realistic

model and denoted as p(x0, y0, z0). New coordinate of this electrode is going to

be the centre point (0, 0) of the new 2D model.

• (ii) ∀ p(xi, yi, zi), i ∈ {1, 2, ...Nc} The shortest curve Pi between p(x0, y0, z0) and

p(xi, yi, zi) that lays on the scalp surface is computed and Eq.3.16 is used to

compute the new location on 2D model.

• (iii) q(xi, yi) is the transformed coordinate of the p(xi, yi, zi) in the new 2D do-

main.

q(xi, yi) =
p(xi, yi)− p(x0, y0)

||p(xi, yi)− p(x0, y0)||
× length(Pi) (3.16)

• (iv) A uniform higher resolution 2D regridding and a corresponding nearest neigh-

bourhood interpolation are performed using the q(xi, yi), Vi duple to �ll in the

potential values on the new grid.
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Figure 3.10 a) 3 electrode locations are symbolized with blue circle (CPz), yellow circle (F8) and
green circle (P8). CPz point is selected as the reference and the paths between origin and the other 2
electrodes are denoted with blue color. b) The new locations of these 3 points are plotted on the 2D
domain. c) Regridding is applied to the 2D space.

Finally, a 2D wavelet transform is applied on the plane and the subimages

obtained are remapped to the original scalp surface. This way, a spatial wavelet de-

composition is accomplished on a realistic scalp model without introducing any possible

distortion due to a geometric projection.

3.4.2 Implementation of the algorithm to simulated data

In order to demonstrate the e�ect of preprocessing the multichannel ERP with

the spatio-temporal wavelet transform, 30 channel ERP data is simulated using the

sources as shown in Fig. 3.13. Six point sources with the same spatial extension of

2 × 2 × 2 mm are used and scalp potentials are generated using BEM. Two of the

sources, one deep, one super�cial (Brodmann area 44 Precentral Gyrus Frontal Lobe,

Brodmann area 8 Middle Frontal Gyrus Frontal Lobe) oscillate with 2 Hz temporal

frequency in 129-192 ms time window. The other four sources overlap in the same

time window (321-384 ms). Two of these are super�cial with di�erent frequencies

i.e. 2 (delta) and 11 Hz (alpha) (Brodmann area 4 Precentral Gyrus Frontal Lobe,

Brodmann area 39 Inferior Parietal Lobule Parietal Lobe), while the remaining two

are deep (Brodmann area 29 Superior Temporal Gyrus Temporal Lobe, Brodmann

area 39 Superior Temporal Gyrus Temporal Lobe) and di�er in frequency in the same

way as summarized in Fig.3.13. The sampling rate is 512 Hz. Finally, white noise with

10 db SNR is added to the simulated ERP data. Spatio-temporal analysis start with
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Figure 3.11 Discrete Meyer wavelet, a)The decomposition low-pass �lter, b)decomposition high-pass
�lter, c)reconstruction low-pass �lter, d)reconstruction high-pass �lter respectively.

decomposing ERP data into time-frequency components using 1D wavelet transform.

6 octave 1D wavelet decomposition ("bior 3.9") is applied to the simulated ERP data.

30 × 512 distinct coe�cients each of which represents unique frequency-time-channel

information are generated by the 1D decomposition of the multichannel simulated ERP

data.

After temporal decomposition, amplitudes of the three wavelet coe�cients sig-

ni�cantly di�er from the others as stated in Fig. 3.14. These components fall into

Delta 3, Delta 6 and Alpha 11 bands, respectively. Discrete Meyer wavelet as shown

in Fig. 3.11 is used for spatial decomposition. Three detail components are summed

to form one detail component for each octave, so k octave decomposition yields one

approximation and k detail components.

The 3-D topographies are decomposed with spatial wavelet transform with

("Meyer") wavelet into 5 spatial octaves. Each decomposition yields 6 subtopographies
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Figure 3.12 Biorthogonal wavelet. a) The decomposition low-pass �lter (h), b) decomposition
high-pass �lter (g), c) reconstruction low-pass �lter, d) reconstruction high-pass �lter respectively.

di�ering from each other by their spatial frequency extent. The �rst subtopographic

map is the approximation while the other 5 are summed to form one map and called

as the detail. For a comparative demonstration of the di�erence, source localization

algorithm is applied both to temporally decomposed maps and to their spatially de-

composed approximations and details. After the temporal wavelet decomposition is

performed on the simulated multichannel EEG data, speci�c coe�cients exhibit higher

values than the others. When the coe�cients are analyzed through their amplitudes

across all channels, the temporal decomposition reveals three time/frequency compo-

nents, namely D3 (129-192 ms), D6 (321-352 ms) and A11 (321-352 ms). Once the

topographic maps corresponding to these components are source localized, the true

locations cannot be determined accurately. In the analysis of the topographic map

corresponding to D3, MUSIC algorithm estimates the location of activity close to

Brodmann Area (BA8) (Middle Frontal Gyrus in Frontal Lobe) which is shown in Fig.

3.15(a) with a signi�cant maximum indicated with red color. This solution yields a

spatially approximated single location for two separate sources. However, it fails to
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Figure 3.13 Source con�guration of the simulated ERP data a) 30 channel ERP data having a
sampling rate of 512 Hz with 512 ms second duration. b) Two dipole sources with the same moment
values, di�erent spatial locations oscillating at the Delta frequency band in the 321-384 ms time
window, and scalp topography of the instantaneous ERP produced by these sources. c) Two dipole
sources with the same moment values, di�erent spatial locations oscillating at the Delta frequency band
in the 129-192 ms time window, and scalp topography of the instantaneous ERP produced by these
sources. d)Two dipole sources with the same moment values, di�erent spatial locations oscillating at
the Alpha frequency band in the 321-352 ms time window, and scalp topography of the instantaneous
ERP produced by these sources.
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Figure 3.14 Topographies of temporal wavelet coe�cients. a) Simulated data for 3 channels, C3,
F4 and P4. b)After temporal decomposition process, the maximum wavelet coe�cient was found as
Delta 6 which was in the 321-384 ms time window of the C3 channel. 2D and 3D topographies of
Delta 6 coe�cient were plotted respectively. c) The second biggest coe�cient was Delta 3, which
occured in the 129-192 ms time window of the F4 channel. Corresponding 2D and 3D topographies of
Delta 3 coe�cient were plotted respectively. d) Alpha 11 coe�cient of P4 channel in 321-352 ms time
window was the third highest value. 2D and 3D topographies of Alpha 11 coe�cient were plotted
respectively.
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Figure 3.15 Subtopographies of spatio-temporal wavelet coe�cients and their source localization.
a)2D and 3D topographies of the Delta 3 coe�cient (129-192 ms) and localization results obtained
by MUSIC algorithm. The original locations are shown in the 4th and 5th row. b) 2D and 3D

subtopographies of approximation output produced by spatial decomposition and localization results
of the associated topographies. Correct location of the dipole source is shown in the 4th row. c)2D and
3D subtopographies of the detail output produced by spatial decomposition and localization results
for the detail topographies. Correct location of the dipole source is shown in the 4th row.
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Figure 3.16 Subtopographies of spatio-temporal wavelet coe�cients and their source localization.
a)2-D and 3-D topographies of the Delta 6 coe�cient (321-384 ms) and localization results obtained
by MUSIC algorithm. The original locations are shown in the 4th and 5th row. b) 2-D and 3-D
subtopographies of approximation output produced by spatial decomposition and localization results
of the associated topographies. Correct location of the dipole source is shown in the 4th row. c)2-D
and 3-D subtopographies of the detail output produced by spatial decomposition and localization
results for the detail topographies. Correct location of the dipole source is shown in the 4th row.
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localize the source that is located in BA44 (Precentral Gyrus in Frontal Lobe). If the

topographic map of D3 is further spatially decomposed into subtopographic maps, and

then the approximation map is localized, an activation appears in BA(44) (Precen-

tral Gyrus in Frontal Lobe) which corresponds to the missing source. Additionally,

the source localization of the detail map of D3, estimates the activation in BA(8) as

shown in Fig. 3.15(b, c). This additonal decomposition allows for the localization of

two spatially separate sources which overlap in temporal and frequency domains. For

the D6, the localization yields a single source close to (BA)4 (Precentral Gyrus in

Frontal Lobe) as shown in Fig. 3.16(a). Similarly, the source which is located in BA

(29) (Superior Temporal Gyrus in Temporal Lobe) cannot be localized. However, if we

perform spatial decomposition to the topographic map of D6, and then source localize

the approximation and detail maps, we can spot the activities in BA(29) (Superior

Temporal Gyrus in Temporal Lobe) and BA(4) (Precentral Gyrus in Frontal Lobe),

respectively, as shown in Fig. 3.16(b, c). Finally, the localization of A11 map yields

and activation at the BA(39) (Angular Gyrus in Parietal Lobe) while the original lo-

cations of the simulated sources were both in the BA(39) region (one at the Inferior

Parietal Lobule in Parietal Lobe and the other at the Superior Temporal in Gyrus

Temporal). Again, the precise locations of activity are obtained when the spatially de-

composed topographic maps of A11 are individually localized as seen in Fig. 3.17(b),

(c). Localization of spatio-temporally decomposed topographic maps determine the

exact locations of simulated sources without any localization error. Also, it has been

observed that the detail maps are associated with the super�cial sources while the ap-

proximation maps are responsible for the deeper sources as shown in Fig. 3.15(b, c),

Fig. 3.16(b, c), Fig. 3.17(b, c).

3.4.3 Application to real data

Real EEG data is obtained from Istanbul University, Istanbul Medical School.

Twenty−four healthy right−handed volunteers (13 males and 11 females) were re-

cruited as subjects with a mean age of 25.8∓ 5.6 and a mean education of 17.8∓ 3.3

years. The cued continuous performance task (CPT) is designed to measure complex
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Figure 3.17 Subtopographies of spatio-temporal wavelet coe�cients and their source localization.
a)2-D and 3-D topographies of the Alpha 11 coe�cient (321-352 ms) and localization results obtained
by MUSIC algorithm. The original locations are shown in the 4th and 5th row. b) 2-D and 3-D
subtopographies of approximation output produced by spatial decomposition and localization results
of the associated topographies. Correct location of the dipole source is shown in the 4th row. c)2-D
and 3-D subtopographies of the detail output produced by spatial decomposition and localization
results for the detail topographies. Correct location of the dipole source is shown in the 4th row.
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Figure 3.18 30 channel averaged ERP activity for Go and NoGo CPT respectively. Sampling Rate
is 200 Hz and the duration is 1.5 second.

attentional functions [109]. CPT is used to measure sustained attention but is also

sensitive to response inhibition and has been used for the assestment of numerous clin-

ical entities such as attention, de�cit disorder, schizophrenia and depression. The CPT

paradigm consisted of 400 stimuli, 10 distractors (B, C, D, E, F, G, H, J, K, L), 1

primer "`A"', 1 target "`Z"' appearing with the following probabilities: 20% primers,

10% Go stimuli (any "`Z"' after an "`A"'), 10% NoGo stimuli (any distractor letter

after an "�A"�) and 60% distractors. EEG was ampli�ed with a band pass of 0.1− 70

Hz from 30 scalp electrodes, Oz, O1, O2, Pz, P3, P4, P7, P8, Cz, C3, C4, T7, T8, Fz,

F3, F4, FCz, FC3, FC4, CPz, CP3, CP4, FT7, FT8, F7, F8, TP7, TP8, FP1, FP2, and

sampled at 200 Hz. After building the ERP epochs of 1500 ms duration between −500

and 1000 ms, trials with EEG or EOG amplitudes exceeding ∓ 90 µV were rejected

automatically as artifact. ERPs were averaged for the Go and NoGo CPT paradigms

as shown in Fig.3.18.

After the temporal wavelet decomposition is performed on the ERP data, it was

observed that the Delta coe�cient 3 (350-525ms) and the Theta Coe�cient 4 (525-700

ms) coe�cient exhibit higher values than the others. Inverse solution is computed

using the RAP-MUSIC algorithm on these D3 and T4 maps and the source images are

shown in Fig. 3.18. Then, 5 octave spatial decomposition is applied and the resulting

subtopographies are source localized for both Go and NoGo datasets.
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Figure 3.19 i)Temporal Decompositon (Delta Coe�cient 3 (350-525ms)) ii)5 octave Spatial Decom-
position and Localization for D3
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3.4.4 Results & Discussion

The T4 coe�cient that represents the theta response between 525 and 700 ms

shows a left lateralized activation in temporally decomposed data. After spatial de-

composition a clear activation is obtained on the left motor cortex that probably cor-

responds to the motor activity related with the button press with the right hand in

addition to a cerebellar activation. The same time-frequency region in the NoGo con-

dition shows two separate activations after spatial decomposition: One in the posterior

parietal area and another activation in prefrontal cortex, which does not appear at

all in the source localization of the temporally decomposed data. The orbito-frontal

activation might correspond to the response inhibition in the NoGo condition of the

CPT paradigm (Fig. 3.20). The D3 coe�cient corresponding to the delta response

between 350 and 525 ms mostly resembling the topography of the Go-P3 wave is rep-

resented with a single source in the temporaly decomposed data of the Go condition,

whereas after spatial decomposition multiple generators appear in the mesial surface

of the posterior parietal cortex and in left frontal area as expected for the Go-P3. The

same delta coe�cient in the NoGo condition seems to be generated by a parietal and

two bilateral temporal generators when the raw data is used for source localization.

After spatial decomposition two generators in the left frontal region appear in addition

to a sharper dissociation of the parietal and bilateral temporal sources (Fig. 3.19).

3.5 Discussion & Conclusion

There is a vast amount of literature which demonstrate that the EEG data is a

highly nonstationary activity because of its oscillations occuring in distinct frequency

bands at di�erent time windows. When the EEG data are associated with their elec-

trical generators in the 3D brain tissue, the existence of sources which are located at

di�erent spatial positions become important. When these multiple sources coincide

on the same time window, at the same band, and/or at the same location, overlap

in time/frequency/spatial region will occur. The spatial decomposition enables us to

identify the topographic maps with di�erent spatial frequency content which are related



39

Figure 3.20 i)Temporal Decompositon (Theta Coe�cient4 (525-700 ms)) ii)5 octave Spatial Decom-
position and Localization T4
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to the depth of the electrical sources. Temporal wavelet decomposition is a solution

for identifying either the temporal or frequency domain overlap of EEG components.

However, an additonal spatial decomposition of overlapping components yield several

subtopographic maps which are associated with sources from di�erent spatial depths.

The source localization applied to the individual maps after decomposition may reveal

the distinctly located sources. The subtopographic maps are simpler than the raw to-

pographic potential distributions in their spatial frequency content. It has been shown

that temporal wavelet analysis of EEG at a given spatial location yields temporally

stationary components at di�erent temporal frequencies like delta, theta, alpha. On

the other hand, spatial wavelet analysis of EEG at a given temporal location yields spa-

tially stationary scalp maps at di�erent spatial frequencies determined by the depth

of individual EEG sources. Therefore, a spatio-temporal preprocessing of the EEG

simpli�es the complexity of the scalp map into several maps produced by individual

EEG sources, prior to their source estimation. The spatio-temporal processing of the

multichannel data without any distortion requires implementing the wavelet transform

algorithms on a topographic space based on a realistic scalp model. The method intro-

duced for this decomposition involves a �atting of the topographic paths on the scalp

through contortion and the dyadic wavelet transform algorithms are applied. Which of

those subtopographic maps of a speci�c wavelet coe�cient to choose is an important

issue for localization. This is determined by measuring the spatial correlation among

the detail maps and those with high correlations are merged. If the maps contain sim-

ilar topographic information this compels for reducing the high number of detail maps

to a single one by merging them all. For real EEG data these maps are very likely to

contain more varying topographic information. In that case, multiple individual maps

may be important for identifying spatially separate sources. On the other hand, the

MUSIC can distinguish between the components according to their temporal frequen-

cies and can perform localization for each of these components. However, it fails to

localize two sources which are correlated in time (having the same frequency content)

by yielding a single approximate location for two separate sources. ICA can be used as

a preprocessing tool prior to source localization, but the assumption that EEG sources

are independent is not so easy to justify especially for the brain which has synchronous

activity in distinct locations during information processing. As they are supportive
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preprocessing tools for the source localization algorithms, time-frequency [97] analysis

and spatial decomposition [13] procedures are important steps to correctly determine

the locations of EEG generators. In this thesis, it is aimed to combine these approaches

on a spatio-temporal domain with an emphasis on performing the analysis on the to-

pographic surface based on a realistic head model. The source localization algorithms

rely on the topographic data obtained from multichannel recordings. Therefore, it is

intuitive that the simpler the map becomes, the more reliable the inverse localization

will be. The spatio-temporal wavelet decomposition does not presume any mathe-

matical condition on the decomposed maps like uncorrelatedness or independence. It

proves to be a preprocessing method to disambiguate the information arising from

possible combinations of temporal, frequency and/or spatial overlappings of the EEG

generators.
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4. Epilepsy in Neuroimaging

4.1 Clinical approach to epilepsy

Epilepsy is characterized by the uncontrolled excessive activity of either a brain

region or all o� the central nervous system. Epilepsy, can be categorized into three

main types: grand mal epilepsy, petit mal epilepsy and focal epilepsy.

Extreme neuronal discharges generated in the cortex or generated in the deeper

parts of the cerebrum may form grand mal epilepsy. Also, these discharges are trans-

mitted to the spinal cord and cause generalized tonic/tonic-clonic convulsions of the

entire body. It is thought that a grand mal attack is probably caused by the abnormal

activations generated in the lower portions of the brain. The brain lesions formed after

trauma can cause excess excitability and these lesions can transmit signals into the

reticular activating system to elicit grand mal seizures. On the other hand, people who

have hereditary tendency to epilepsy, may have grand mal attacks under some factors

such as; strong emotional stimuli, alkalosis caused by overbreathing, drugs, loud noises

or �ashing lights. Similar to the grand mal epilepsy, petit mal epilepsy involves the

reticular activating system. The petit mal epilepsy is characterized by an unconscious-

ness period of 3 to 30 seconds. During this period, the muscles in the head region have

several contractions (generally, blinking the eyes).

Focal epilepsy can originate from almost any part of the brain, either localized

regions of the cortex or deeper structures of the cerebrum and brain stem. Lesions such

as a destroyed area of brain tissue, a tumor that compresses an area of the brain or a

region with a functional abnormality can be the generator of the focal epileptic seizures

[110]. The epiloptogenic region is de�ned as the brain area whose removal eliminates

the seizures.

For the patients whose drug therapy turns out to be ine�ective, it is a common
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method to identify the locations of sources that trigger the seizure in the brain tissue

and resect them through surgical means for treatment. Identi�cation of the brain

region that generates focal seizures is an extremely important step for epilepsy surgery

operations.

Presurgical evalution steps include clinical history, physical and neurological

inspections, interictal EEG, ictal EEG, radiological imaging data (MRI, CT, PET),

neuropsychological tests and psychiatric inspections. The locations of the brain regions

that are responsible from the focal epileptic attacks, can be localized using the abnormal

spiking waves observed in EEG. If epileptogenic region is indicated through the analysis

of the data obtained by these steps, no further investigations are required. When the

seizures do not arise from visible lesions in MRI, the source of the seizure may not be

accurately identi�ed, or a part of the brain may be misidenti�ed as the epileptogenic

region [111]. If the �ndings of the MRI and those obtained by the scalp EEG do

not overlap, then further analysis with PET, ictal SPECT, MEG and invasive EEG

may be needed [112]. The results of these tests may not necessarily show the exact

location of the epileptic foci. However, these information may guide the placement of

the electrodes that are placed directly to the brain tissue.

EEG and MEG measurements with high temporal resolution properties, are

extremely important for the estimation of the underlying electrical sources. Several

studies were performed that aimed to identify the locations of the epileptic foci using

inverse reconstruction with spherical and realistic head modeling. Despite the usage of

spherical models in forward solution, the locations of the interictal generators estimated

by FINE and MUSIC are found to be in concordance with the position of the lesions

yielded through the MRI [14]. The source localization of the interictal epileptic activity

was performed using the MEG data of the lesional frontal lobe epilepsy patients and

a good level of spatial concordance was demonstrated by matching Magnetic source

imaging localizations obtained by the equivalent current dipole approach with pre and

postoperative anatomic MRI data [15]. As a distributed inverse solution, LORETA was

used to obtain the spatial extent of the ictal and interictal generators of the partial

epilepsy patients whose lesions were identi�ed by MRI [16]. It was also reported that the
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use of realistic head model increased the dipole localization accuracy for epileptiform

spikes with respect to the results obtained by the use of the spherical head models

[113].

It is well known that, in simulation studies localization error obtained by using

the MUSIC algorithm is minimum for the focal sources in the absence of noise. More-

over, in several studies, in clinical epilepsy, MUSIC [83, 84, 114] and RAP-MUSIC

[85, 86] algorithms are used for localizing the sources of the measured scalp data. On

the other hand, electric source imaging was applied to the scalp EEG of 152 patients

before the resection surgery. Almost all patients had pathological epileptogenic lesions

that were observed from the structural MR images. Thus, using the locations of the

lesions deduced from MRI, it became possible to compute the EEG localization sensi-

tivity and speci�city over a group of patients. The sensitivity and speci�city of imaging

method was de�ned by comparing the localization of the source maximum with the

resected zone and surgical outcome. It was shown that the speci�city and sensitivity

increased with the number of scalp electrodes [115].

Intraoperative electrocorticography (ECoG) has been traditionally used in the

surgical management of medically refractory partial epilepsies to identify the location

of the epileptogenic area, to guide the extent of resection [116]. It was shown that

reliable source reconstruction can be obtained by the usage of MUSIC algorithm on

ECoG data [117] while spatially distributed activations located on the cortex can be

recovered using imaging approaches [118].

In this section of the thesis, the epileptic source localization is performed us-

ing both the non-invasive and invasive measurements. The source locations that are

obtained through the scalp EEG are compared with the ones which are estimated us-

ing the deep or ECoG measurments. Moreover, simultaneously measured invasive and

non-invasive recordings are analyzed in order to investigate the localization accuracy

of the inverse solutions.
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4.2 Non-invasive and invasive imaging of epileptic sources

The biophysical properties of the measured scalp potentials prevents the re-

searchers or the clinicians to estimate the location of the underlying sources accurately.

On the other hand, in the absence of the low-conductivity property of the skull tissue, it

is obvious that the deep electrode measurements yield more reliable information about

the brain activity. The direct electrical measurements of the brain can be obtained

using the deep or subdural electrodes. Both types of electrode placement procedures

can distress the patient. Moreover, skull extraction is needed for the placement of the

subdural electrodes while opening holes on the skull tissue may be su�cient enough in

order to place the depth electrodes.

The ideal solution of presurgical epilepsy diagnosis for medically intractable

patients is the accurate localization of the epileptogenic area using the non-invasive

measurements.

Depth electrodes enable clinicians to measure the electrical potentials in the deep

brain tissues and the electrical sources that are responsible from these measurements

can be obtained by solving the inverse problem. In the case of of depth electrodes, a

precise electrode registration and forward modeling are needed for the inverse solution

based on the intracranial measurements. Finite Di�erence method is a suitable forward

solver for the depth electrodes. The solution domain can be represented with cubes

having dimensions to be equal with the size of each sensor point on the depth electrode

strips. A more realistic modeling can be obtained by using the DT imaging data to

form an anistropic realistic forward model for the epilepsy patients [119].
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Figure 4.1 0 unit voxel element, ∆x, ∆y, ∆z distances to the neighbouring voxels

4.2.1 Finite Di�erence Method

In a conductive medium, the electrical potentials caused by current dipoles can

be calculated by the solution Poisson's di�erential equation (Eq.4.1),

∇(σ∇V ) = Jδ(r − r1)− Jδ(r − r2) (4.1)

where V ∈ <Ne×1, σ ∈ <3×3 r ∈ <3×1 is the location of the dipole, J denotes the

current and r1, r2 direction of the current (dipole start and end points). Electrical

conductivity and neighbouring properties of each volume element is taken into account

for the solution of the FDM (Eq. 4.1) and Eq. 4.2 is used with Eq. 4.3.

σ =


σ11 σ12 σ13

σ21 σ22 σ23

σ31 σ32 σ33

 (4.2)
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σ11
∂2V
∂x2

+ σ22
∂2V
∂y2

+ σ33
∂2V
∂z2

+ 2(σ12
∂2V
∂x∂y

+ σ13
∂2V
∂x∂z

+ σ23
∂2V
∂y∂z

) + (∂σ11
∂x

+ ∂σ12
∂y

+ ∂σ13
∂z

)∂V
∂x

(∂σ12
∂x

+ ∂σ22
∂y

+ ∂σ23
∂z

)∂V
∂y

+ (∂σ13
∂x

+ ∂σ22
∂y

+ ∂σ33
∂z

)∂V
∂z

= Jδ(r − r1)− Jδ(r − r2)

(4.3)

18∑
i=1

UiVi − (
18∑
i=1

Ui)V0 = Iδ(r − r1)− Iδ(r − r2) (4.4)

The partial derivative operators in Eq. 4.3 can be written as the coe�cients of U in

Eq. 4.4 and the explicit expressions are given in Eq. 4.5 [120].

U1 = 1
4∆x2

[σ11(3) + σ11(4) + σ11(7) + σ11(8)]

U2 = 1
4∆y2

[σ22(1) + σ22(4) + σ22(5) + σ22(8)]

U3 = 1
4∆x2

[σ11(1) + σ11(2) + σ11(5) + σ11(6)]

U4 = 1
4∆y2

[σ22(2) + σ22(3) + σ22(6) + σ22(7)]

U5 = 1
4∆x∆y

[σ12(4) + σ12(8)]

U6 = − 1
4∆x∆y

[σ12(1) + σ12(5)]

U7 = 1
4∆x∆y

[σ12(2) + σ12(6)]

U8 = − 1
4∆x∆y

[σ12(3) + σ12(7)]

U9 = 1
4∆z2

[σ33(5) + σ33(6) + σ33(7) + σ33(8)]

U10 = 1
4∆z2

[σ33(1) + σ33(2) + σ33(3) + σ33(4)]

U11 = 1
4∆y∆z

[σ23(5) + σ23(8)]

U12 = − 1
4∆y∆z

[σ23(1) + σ23(4)]

U13 = 1
4∆y∆z

[σ23(2) + σ23(3)]

U14 = − 1
4∆y∆z

[σ23(6) + σ23(7)]

U15 = 1
4∆x∆z

[σ13(7) + σ13(8)]

U16 = − 1
4∆x∆z

[σ13(5) + σ13(6)]

U17 = 1
4∆x∆z

[σ13(1) + σ13(2)]

U18 = − 1
4∆x∆z

[σ13(3) + σ13(4)]

(4.5)

According to reciprocity theorem, the electrical potential di�erence Vei,ej of two elec-

trodes (ei, ej) that is produced by the dipole at location r(rx, ry, rz) with the moment
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vector d(dx, dy, dz) can be computed by solving the Eq. 4.6 [29]

Vei,ej(r) = dT∇V (r)(
1

Iei
− 1

Iei
) (4.6)

where ∇V (r) is given in Eq. 4.7.

∇V (r) = ( δV (r)
δx

, δV (r)
δy

, δV (r)
δz

)T ∈ <3×1 (4.7)

Assuming that each volume element can be a dipole source, the solution of

linear system in Eq. 4.6 is provided for each source point using an iterative Conjugate

gradient squared method. Thus, lead �eld matrix that transforms the source activity

to the electrode activity is obtained.

4.2.2 Electrical source imaging with LORETA

Both parametric and imaging inverse solutions can be used on depth elec-

trode measurements for localizing the sources. As a distributed solution, LORETA

was used in several studies as mentioned above. LORETA inverse solution assumes

that neighboring neuronal populations are simultaneously and synchronously activated.

LORETA can be de�ned as selection of the smoothest of all posible 3D current density

distributions in the solution space. The solution space is a set of points on which the

inverse solution will be searched. LORETA solution is implemented by minimizing the

cost function given in Eq. 4.8

E(j) = ||V − Lj||2Ce
+ λ2||Kj||2 (4.8)

where λ stands for the regularization parameter. LORETA imposes the spatial smooth-

ness constraint onto the current distribution vector j. The spatial smoothness con-

straint is represented using the 3D laplacian matrix K as illustrated in Fig.4.2. The

laplacian operator on the solution space has the form of Eq. 4.9 [121]

K = (INv −
N

6
)⊗ I3 (4.9)
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where INv is the unit matrice with the dimension of number of voxels (Nv) in the

solution space and N is the number of neighbor voxels of each voxel in the solution

space. For some voxels, it is not possible to �nd all the six prede�ned neighbors; i) the

voxel might be at the boundary of the solution space, ii) calculated voxel coordinates

might be out of the solution space. Thus, the number of orthogonal neighbours N for

each voxel in the solution space has to be computed [122].

The computation of the regularization parameter λ is performed using the

Akaike Bayesian Information Criterion (ABIC) [123].

Figure 4.2 A center voxel is denoted with yellow color and its 6 orthogonal neighbours are represented
with gray marks.

4.2.3 Electrical source imaging using, hierarchical observation model and

Bayesian approach

The forward model of EEG given by a two-level hierarchical model can be for-

mulated as in Eq. 4.10

Y = Lj + ε1 ε1 ≈ N(0, Ce) (4.10)

j = 0 + ε2 ε2 ≈ N(0, Cp) (4.11)
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where ε1 denotes the observation error and ε2 represents the unknown source activity.

The two-level model in Eq. 4.10 and Eq. 4.11 can be written as in Eq. 4.12 and the

covariance (Cv) of the measured scalp data (Y ) can be written as in Eq. 4.13.

Y = Lε2 + ε1 (4.12)

Cv = LCpL
T + Ce (4.13)

The empirical Bayesian approach is adapted to solve the EEG inverse problem based

on the hierarchical observation model Eq. 4.10. This source reconstruction method

allows for a design of spatio-temporally optimized �lter function that projects the EEG

data at the sensor space to the current distribution in the source space.

Cov(vec(ε1)) = Ve ⊗ Ce (4.14)

Cov(vec(ε2)) = Vp ⊗ Cp (4.15)

The temporal correlation matrix (Ve) of the observation noise is assumed to be an

identity matrix in this study. (The symbol ⊗ stands for the Kronecker product.)

The temporal correlation structure of the sources (Vp), is constrained by the �rst 200

principal eigenvectors of a Gaussian auto-correlation matrix with standard deviation

(s = 2), windowed with a rectangular function (nt) denoted as S [13]. S transforms the

temporal covariance structure of the sources to a subspace that embeds the temporal

covariance structure of the sensors. The spatial covariance structure of the sensor space

is assumed as an identity matrix and given as

Ce = λ1Q1 (4.16)

and the spatial covariance structure of the source space is

Cp = λ2Q2 + λ3Q3 (4.17)

where HQ2H
T is the spatial smoothing (spatial coherence) constraint projected to the

sensor space formed by applying a Gaussian kernel with a FWHM of 6mm to the
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geodesic distances between the vertices of the triangles forming the source manifold.

HQ3H
T is similarly projected as the probability constraint for voxels for their belonging

to the gray matter tissue. The hyperparameters of the covariance constraints λ1, λ2

and λ3 are estimated using iterative restricted maximum likelihood (ReML) algorithm

de�ned by Phillips et al. [124]. Once the hyperparameters of the covariance constraints

are determined, the mean source activity is estimated using ĵ = MY SST based on

maximum a posteriori (MAP) operator M as shown in Eq. 4.18.

M = CpH
T (HCpH

T + Ce)
−1 (4.18)

The conditional expectation of the energy over sources is computed as

Ê = M(Y GY T )MT + (HTC−1
e H + C−1

p )−1tr(GV ) (4.19)

where W is the time-frequency constraint matrix and G is the energy projection oper-

ator given as

G = SSTWW TSST (4.20)

and V is the temporal correlation of signal and V = Ve = Vp. The diagonal terms of

the energy matrix correspond the source energy.

4.2.4 Case 1: Epileptic source reconstruction using deep and scalp EEG

Figure 4.3 Sagittal, coronal, axial and 3D views of postoperative T1 weighted MR images. Deep
electrode locations are marked on the slices (Data is obtained from Czech Republic, Brno Epilepsy
Center).
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The MR images, surface EEG data and the deep electrode measurements were

obtained from the Department of Neurology, Brno Epilepsy Center, Czech Republic.

Interictal seizure data is collected from 19 channel electrode locations (Fp1, Fp2, F7, F3,

Fz, F4, F8, T7, C3, Cz, C4, T8, P7, P3, Pz, P4, P8, O1, O2) and both of the sampling

rates of the scalp and deep electrode EEGs are 128 Hz. A realistic head model is derived

from the T1 weighted MR images of the subject as shown in Fig. 4.3. Boundaries of

scalp, skull and brain regions are determined from the anatomical MR images and

isotropic conductivity is assumed. The sufaces are tesselated with 4000, 4200 and

4200 triangles. The realistic head model, locations of the scalp and deep electrodes

can be seen in Fig. 4.4. Scalp electrodes are registered to the head model, by spline

interpolation using the T1 weighted MR data and the inion and nasion coordinates. For

the distributed source reconstruction process, the source space is discritized using cubic

volume elements whose dimension is set to 4mm× 4mm× 4mm. 105 contact points of

deep electrodes are registered to realistic head model. The information including the

physical properties of the strip electrodes and the locations where the strip electrodes

enter the brain tissue, is used to compute the exact positions of the sensors in the

brain.

Figure 4.4 a)The realistic head model formed by triangulated surfaces of the scalp, skull and brain
tissues. b) 19 electrodes are registered to scalp surfaces. Blue colored triangles denote the electorde
locations. c) Red points denote the contact points of the deep electrodes. Deep electrodes are placed
to the left hemisphere of the brain.

The scalp EEG and the deep electrode data is analyzed using two separate pro-

cesses. For the scalp data, forward problem is solved using BEM COG approach. For

each of the scalp EEG data frames which are marked to be related with the seizure,

inverse solution is obtained through the LORETA approach. For the deep electrode

data, FDM solution is computed only for the brain tissue that is bounded with the
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limits determined by the locations of the deep electrodes. As epileptic discharge wave-

forms for the scalp EEG, 1150 spikes are selected by visual inspection. In a similar

way, 1600 spikes are detected from deep electrode recordings. Inverse problem is solved

using BEM based LORETA for the 1150 scalp EEG data individually and their aver-

age current source density is computed. The maximum value of this average map is

determined as the source location. FDM based LORETA is applied to 1600 deep EEG

spikes and their average current source distribution is computed. Several maxima of

the average map are detected.

As a result, BEM based source distribution of scalp EEG is given in Fig. 4.5b.

Epileptic focus appears to be in the vicinity of the C3 electrode as a super�cial activity.

This result complies with the surface EEG topography as shown in Fig. 4.5c. Multiple

sources are observed in the FDM based source distribution of the deep EEG as shown

in Fig. 4.5a. Only one of these sources, which is also the weakest one, is close to the

source obtained by the scalp EEG localization. The other sources are deeper and have

higher strengths [125].

Figure 4.5 a)The source locations obtained from the deep electrodes using the FDM based, b)
from the scalp EEG using the BEM based LORETA approach, respectively (activity is normalized
individually). c) Average Scalp EEG topography of the selected 1150 peaks.

4.2.5 Case 2: Epileptic source reconstruction using subdural and scalp

EEG

The MR images, surface EEG data and the subdural electrode measurements

were obtained from the Department of Neurology, Cerrahpasa Medical School. The

subject is reported to have at least one epileptic seizure in a day. Structural MR images

of the subject was analyzed by the radiologists and a lesion could not be identi�ed for
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the seizure. The ictal and interictal scalp video EEG is collected from 20 electrodes

(Fp1, Fp2, F7, F3, Fz, F4, F8, T7, C3, Cz, C4, T8, P7, P3, Pz, P4, P8, O1, O2, Oz).

Forward head model is obtained using T1 weighted MR images and the scalp,

skull and brain surfaces are triangulated with 2466, 2340, 1575 vertices, and 4837,

4574, 3146 triangles, respectively as shown in Fig. 4.6.

Figure 4.6 a) Scalp model is obtained using the MR images. b) Concentric surfaces of scalp, skull
and the brain tissue having homogeneous conductivity values are triangulated with 2466, 2340, 1575
vertices and 4837, 4574, 3146 triangles, respectively. c) Cortical source space used for the inverse
problem.

RAP-MUSIC algorithm is used for source reconstruction of preictal EEG mea-

surements. Activation points are marked with red spheres as shown in Fig. 4.9. The

placement of subdural electrodes are decided using the information obtained from the

physical examination, video recorings and the dipole location that is gathered through

the scalp EEG (gray spheres in Fig. 4.9). Subdural electrodes are placed on the cortex

with an invasive operation. The subdural electrodes were incompatible with the MR,

therefore postoperative structural images were acquired by CT. These images were

then used to check whether the location of the subdural electrodes are appropriate or

not. 80 subdural electrodes with 1cm inner distance which are placed over the cortex

is shown in Fig. 4.8.

The contrast of the electrodes are higher than the image value of the other

tissues. Thus, the digital coordinates of the subdural electrodes are calculated by

using a basic thresholding. Once the locations of the subdural electrodes on CT images

are found, these locations are needed to be converted to the MR space on which the

realistic head was computed. The CT images and MR images are coregistered in order

to �nd the corresponding locations of the subdural electrodes on the MR image. This



55

Figure 4.7 a) MR image, b) White dots in the CT images denote the locations of the subdural
electrode contacts

procedure enabled us to analyze the multimodal information on a common spatial space

(Fig. 4.7). After the placement of the subdural electrodes, video EEG recordings are

Figure 4.8 Placement of the subdural electrodes to the right hemisphere of the subject during an
invasive operation (Image is obtained from Neurosurgery Department, Cerrahpasa Medical School).

performed for 24 hours without the scalp electrodes. In this time period, the patient

had 2 seizures, and preictal period source locations are identi�ed as shown in Fig. 4.9.

When the two result sets are compared, 1 cm distance was observed between the source

locations obtained through the scalp EEG and the subdural electrodes.
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Figure 4.9 Subdural electrode source localization is shown in yellow, scalp EEG source localization
is shown in red and the locations of the other subdural contact points are drawn with gray color.

Figure 4.10 Scalp model is represented with 5000 triangles and 2500 vertices. 22 electrode locations
are registered to the scalp model using international 10− 20 electrode placement system.

Figure 4.11 Preictal period topographic distribution of the electrical potentials and the correponding
source images on the cortical surface estimated through the linear inverse solution.
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Figure 4.12 (Left) The anotomical location that is thought to be responsible from the seizures is
marked with a yellow ellipse. (Right) The source locations that are estimated by the inverse solution
for 4 di�erent seizures are marked with colored spheres.

4.2.6 Case 3: Epileptic source reconstruction using simultaneously mea-

sured deep and scalp EEG

Anatomical MR and CT imaging was applied to the patient in order to test if

there exists a lesion. Radiological inspectation results could not identify anatomical

lesions. The dose of the antiepileptic drugs are decreased and the video EEG recordings

are performed for one day. Neurological analyses of the video EEG recordings yield

some abnormal waveform activity at right parieto-occipital electrodes. These activity

patterns are thought to be responsible from the seizures. Because of the observation

noise, the projection of these patterns to right temporal and frontal areas, complicates

the exact source localization of the seizure. It was reported that the origin of the

seizures are at the right hemisphere at the back or at the mid part, probably right mid

temporal areas.

Realistic head model of the patient is formed using the anatomical MR images

as shown in Fig. 4.10. Source reconstruction is performed using both RAP-MUSIC

and Bayesian distributed inverse solution for the preictal period scalp EEG (Fig. 4.11).

Neurologists used the information collected from the video EEG �ndings, semiological

data and the source activation maps obtained by the inverse solution, in order to decide

the locations of the subdural electrodes. After the placement of subdural electrodes,

postoperative anatomic MR imaging is performed (Fig. 4.13). These anatomical images



58

Figure 4.13 Postoperative T2 wieghted MR images. The locations of the deep electrodes are shown
with colored markers (64 contacts).

are used to register the subdural electrodes to the realistic head model. Geometrical

properties of the electrodes are used to model the deep sensors. The locations of the

start and end points of these electrodes in the head model is calculated (Fig. 4.13).

By this way, the contact points of the deep electrodes are registered to the inverse

solution space as shown in Fig. 4.14. After the deep electrode placement, video

EEG recordings of the patient are performed. With the reduction of the dosage of the

antiepileptic drugs, patient had 3 seizures during the recordings. Simultaneous scalp

EEG measurement is also performed during this period. The video EEG recordings

are analyzed by the neuorologists and the case report is summarized as;

• Irregular delta waves originated from the bilateral centro-parietal area, propa-

gates to frontal area and at postictal period irregular delta waves were observed

in frontal-central area.

• Signi�cant EEG activity is observed at the right temporal area

• Irregular waveforms observed at T6-T4, theta and delta, (4-6 Hz), and propagates

in 2 seconds to all right hemisphere, and �nalizing with a rhytmic activity.
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Figure 4.14 Locations of the deep electrode contacts are shown; i) on the T2 weighted MR images
and ii) on the cortical source space.

Figure 4.15 a) Deep electrode activity of preictal period b) Preictal deep electrode activity amplitude
greater than its 80% of the maximum value c) Source activity deduced from the linear inverse solution
d) The temporal dynamics of the deep electrode measurements which are projected to the cortical
surface (sampling rate: 1024 Hz) e) The temporal waveform obtained through the linear inverse
solution.
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In order to investigate the localization accuracy of the inverse solutions, the

epileptogenic brain locations are estimated using the linear and RAP-MUSIC algo-

rithms separately on the preictal seizure scalp EEG. The simultaneosuly measured

preictal deep electrode measurements are assumed to show the exact locations of the

epileptic focus. This information is used as a reference to compare the output obtained

using the scalp EEG. Linear inverse solution exposed that the preictal sources are lo-

calized within a 6−7 mm distance from the sources deduced by the deep measurements

as seen in Fig. 4.15. Both spatial extend and the temporal waveform of the sources

exposed by the linear inverse solution are in agreement with the respective deep elec-

trode measurements. On the other hand, the epileptic focus locations obtained by the

RAP-MUSIC inverse solution di�ered from the deep electrode measurements.

4.3 Discussion and Conclusion

Invasive measurements provide a detailed information about the activity of the

epileptic sources without a signi�cant noise corruption and signal distortion. In the

analysis of the deep and scalp EEG data of the �rst subject, forward problem of

scalp source reconstruction was solved using BEM COG while the FDM solution was

computed for the deep electrodes. FDM has the opportunity to compute the elec-

trical potential values inside the brain tissue within the millimeter resolution. Also

FDM based deep EEG localization was much more sensitive to the sources inside the

brain. Source imaging for both datasets were performed using the LORETA approach.

LORETA was used to obtain the spatial extent of the ictal and interictal generators

of the partial epilepsy patients [16]. From the scalp EEG, seizure source was localized

as a super�cial one while the FDM based analysis of the deep electrode measurements

exhibited the same area with some additional deep sources. It is well known that when

the scalp EEG is used, LORETA has a poor sensitivity to the deep sources than to

the super�cial ones. The results indicate that using the deep electrode measurements

even the deep sources can be captured by LORETA.

As a parametric inverse solution, RAP-MUSIC algorithm was used for localizing
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the sources of the measured scalp data [85, 86]. It was also shown that reliable source

reconstruction could be obtained when implemented on the ECoG measurements [117].

For the second subject, RAP-MUSIC inverse solution was obtained for both the ECoG

and scalp EEG data based on a BEM realistic forward model. When the two result sets

were compared, it was seen that the estimated activity from the scalp measurements

di�er at most 1 cm distance from the source locations obtained through the subdural

electrodes.

For the third subject, simultaneously measured deep electrodes and scalp elec-

trode data were analyzed separately. The exact locations of the epileptogenic area were

deduced from the preictal deep electrode measurements. This information was used to

compare the scalp EEG source localization results. Both types of source reconstruction

approaches (parametric and imaging) were performed on the scalp EEG data. For the

parametric approach, RAP-MUSIC algorithm, and for the imaging approach, Bayesian

approach was adopted as a linear solution. In this case, linear solution was succeeded

in localizing the sources with minimum localization error while the epileptic focus lo-

cations obtained by the RAP-MUSIC inverse solution di�ered from the deep electrode

measurements. Moreover, the temporal waveform of the sources exposed by the linear

inverse solution were similar to the respective deep electrode measurements.

The invasive electrode placement procedure is a di�cult and a risky operation

both for the surgeon and the patient. Thus, the locations of the electrodes and the

number of the electrodes that are going to be used, must be selected properly. For this

reason, the non-invasive measurements should be carefully analyzed and the epileptic

source locations should be estimated as a prior information for further invasive studies.
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5. Multimodal functional neuroimaging: EEG & fMRI fusion

5.1 EEG & fMRI fusion theory

Functional magnetic resonance imaging (fMRI), encoded by the blood oxygen

level dependent (BOLD) signal, is widely used for making inferences about region-

ally speci�c activations in the brain. However, the relationship between BOLD and

neuronal activity still needs to be elaborated as to how the hemodynamic response is

in�uenced by the temporal dynamics of the underlying neuronal activity. Since the

electrophysiological signals are more directly related with the neuronal dynamics, it is

well suited to study the relationship between the hemodynamic signal and the neu-

ronal activity patterns non-invasively by combining the fMRI BOLD signal having a

�ne spatial resolution of milimeters with the electroencephalogram (EEG) registering

the neuroelectrical activity at a high temporal resolution in milliseconds.

The plausibility of such multimodal imaging approach is mainly based on the

solid �ndings of neurovascular coupling studies carried out in animal brain with inva-

sive intracranial electrophysiological measurements within voxels of the BOLD signal

(Logothetis et al. [126]). These studies revealed that the hemodynamic signal shows a

strong correlation with the local �eld potentials, that re�ect the sum of post-synaptic

activity within a brain volume, rather than the multiunit activity corresponding to the

summation of the action potentials generated in the neighboring neurons. These results

suggest that a similar correlation is also plausible between the scalp recorded EEG and

BOLD signals, because the EEG is also based on cortical post-synaptic activity similar

to the local �eld potentials. However, the critical distinction between local �eld poten-

tials and the EEG is that due to the volume-conduction in the brain and the spatial

smoothing e�ect of the skull and the scalp tissues, the EEG re�ects only the part of

the synaptic activity that is synchronous among a large group of voxels distributed in

a wide area of the cortex (Nunez 2000, [127]). Hence, EEG re�ects a subset of the

activities present in the cortical volume. Transient waveforms such as epileptic spikes
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as well as the spontaneous, evoked or induced rhythms in various frequency bands of

the EEG re�ect such synchronization patterns (Basar 92-2001 [128, 129]).

The basic philosophy of the integration resides on exploiting the virtue of one

modality to compensate for the weakness of the other in terms of temporal or spatial

resolution. The relationship between EEG and fMRI is denoted with positive, negative

or no correlations between the signals [130, 131, 132, 133]. These types of EEG/fMRI

integration studies mainly focussing on asymmetric approaches are twofold;

i) Temporal information obtained from the EEG can be used as a constraint or

regressor in the analysis of fMRI [17, 18]. As a temporal information, a vector that

included the time indices of the epileptic spikes or the amplitude of the alpha rhythm

was convolved with a canonical hemodynamic response function (HRF) to obtain a

reference function which is used to correlate with the BOLD response (Goldman et al.,

2002;Moosmann et al., 2003). In another study, the power of the scalp measurements

in the alpha band in 2.5 s epochs that corresponds to a TR period is computed using

FFT. The alpha power was averaged over the four bipolar channels (T6-O2, O2-P4,

T5-O1, O1-P3) and then the averaged time series was convolved with an a priori

hemodynamic response function. Finally, a voxel-wise correlation computation was

performed between the resulting and the fMRI time series. It was shown that the alpha

power correlated negatively with the MRI signal in the occipital parts while positive

correlations of alpha power with the MRI signal were observed in the thalamus [134].

A similar correlation investigation study was performed by Laufs et,al. The

spectral power of the averaged O1/O2, C3/C4, F3/F4 channels were computed for

one second epochs. The computed power was then mean-scaled and averaged across

the alpha band (8− 12Hz) and downsampled to achieve the temporal resolution of the

fMRI. For the computation of correlation between EEG and fMRI, a design matrix was

formed that included alpha band power convolved with HRF as a regressor. Motion

correction confounds and high-pass �ltering were also included in the design matrix.

A signi�cant cortical activity (bilateral frontal and parietal) was found when the alpha

band power decreased. For all three regressors, similar activations were observed while
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the best signi�cance was achieved with O1/O2 electrodes [20].

Recently, a method that automatically extracts the interictal eplieptiform dis-

charges (IED) from the scalp EEG measurements based on ICA and wavelet analysis

was used for the combination of EEG-fMRI data. The wavelet power of the EEG

signal due to IED was used as a regressor in GLM to identify the brain regions that

were responsible from the IEDs [18]. All these studies used the temporal information

obtained from the EEG to explain the BOLD signal changes.

ii) EEG inverse problem can be constrained spatially by the high resolution

fMRI active regions as the precursors to the source reconstructed images (asymmetric

fMRI-EEG approaches) [23, 24, 25, 26, 27].

The source covariance matrix that contains the information about the BOLD

response to the stimuli was used to constrain the the EEG linear inverse solution [27].

This procedure was also used within a parametric empirical Bayesian framework [28]

where the voxels that are known to be signi�cantly active via the fMRI analysis were

used to form spatial priors on the EEG sources.

Another type of data driven approach was used to de�ne a voxel based EEG-

BOLD transfer function by predicting the changes in BOLD signal using the current

and past values of the scalp EEG data as an exploratory variable [135]. The funda-

mental limitation of the these data driven asymmetrical integration approaches come

from the attempt to predict one phenonemon using the information coming from the

other, instead of fully exploiting the simultaneously recorded data from the two modal-

ities. This way, either the temporal limitations of the fMRI or the spatial limitations of

the EEG are alleviated. A more sophisticated attempt to overcome this non-ubiquity

of EEG-fMRI is to propose symmetrical approaches by i) either proposing biophysi-

cal models that can incorporate the electrophysiological and hemodynamic activities

within a framework of a set of coupled equations that can explain the behavior of

both activites [136, 137] ii) or empolying several data driven approaches based on de-

compositions and/or inversions [138, 139, 140]. Both the symmetrical and asymetrical
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approaches are critically reviewed in ([141, 142]).

5.2 Steady State Visual Evoked Potentials

As the temporal resolutions of both modalities are in di�erent scales, a reli-

able exploration of the relationship between the synchronized neuroelectrical activity

patterns and the hemodynamic response requires the alignment of the temporal res-

olution of both signals on a common scale. The steady-state evoked potentials are

well-controlled measures among the synchronization schemes, which re�ect oscillatory

EEG patterns that can be stationary for the time period of the BOLD signal. On the

other hand, steady-state evoked potentials still include the high temporal resolution

of the EEG in terms of well-resolved temporal frequencies of the stationary oscillatory

responses. They occur in existence of stimulus trains with an inter-stimulus inter-

val (ISI) which is shorter than a complete processing of a single stimulus [143]. The

EEG response to a single stimulus is observed as a decay in hundreds of milliseconds,

while driving the brain with stimulus trains having shorter ISIs result in regular os-

cillatory responses. For example, in the visual modality the EEG segments averaged

phase-locked to the stimuli enable us to observe the EEG oscillations at the stimula-

tion frequency and its �rst and second harmonics with �ickering light up to 100 Hz

frequency [144]. The amplitudes at the stimulation frequency and its harmonics can

be easily determined from the frequency spectrum of the SSVEP. This also helps to

exclude the e�ects of the EEG artifacts occurring at other frequency ranges, leading to

a relatively stable electrophysiological measurement. These characteristics of SSVEP

makes it a preferred method for the investigation of basics of EEG/fMRI fusion studies

without the assumption that the two signals at two di�erent time scales are originated

from the same neuronal sources.

Functional neuroimaging of the steady state behaviour of the human brain using

PET/EEG [145], fMRI/EEG [146] dates back to the beginning of 2000's. The steady

state behaviour of the brain is also simultaneously measured with EEG-fMRI in [147].

In these studies, the major approach is based on correlating the parameters such as
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the spectral power obtained from EEG electrodes and the fMRI BOLD signal within

the framework of GLM. Various combinations of spectral information based on SSVEP

sensor data are constructed to form regressor vectors in asymmetric EEG to fMRI

integration process. On the other hand, a direct comparison between the steady state

EEG and BOLD activities on a source space was performed by computing the neuronal

e�cacies and the EEG mean source power values of the voxels that were achieved by

solving the fMRI-constrained distributed EEG inverse problem [148]. The SSVEP data

that was used in [148] was formed by averaging the (simultaneously recorded) EEG data

over the stimulation periods. However, our approach in this study is motivated by a

simple yet adequate technique to incorporate the EEG and the fMRI data on a common

temporal extent without averaging the EEG data in time. By constructing the EEG

sources unimodally with no spatial constraints imposed by the fMRI activity maps, we

studied the coupling between the two activities on a common spatial solution space over

a common temporal domain. The space we use can be de�ned as the cortical manifold

obtained from the white-gray matter boundary and the temporal domain is sampled

with the TR interval of the BOLD signal. Unlike Wan et al., the distributed EEG

source maps are reconstructed for both the stimulation and the resting conditions that

correspond to each fMRI scan. SSVEP data is projected to source space and energy

time series are computed by employing a Bayesian source reconstruction algorithm

proposed by Friston et al. [124]. This reconstruction method allows for a design of

spatio-temporally optimized �lter function which maps the EEG data at the sensor

space to the current distribution in the source space. It may optimize the mapping

with several spatial and temporal constraints as well as allowing for a computation of

EEG source energy de�ned by a time-frequency constraint. This procedure enabled us

to estimate a time series of EEG source energy maps (SEM) having the same spatial

and temporal resolution with the fMRI data.
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5.3 Asymmetric Temporal Fusion of EEG & fMRI

5.3.1 Localization of Brain activity with BOLD Signal Changes

As a noninvasive tool, fMRI can generate source images of the activity in the

brain resulting from sensory stimulation or cognitive function. When neural activ-

ity increases in a region of the brain, the local MR signal formed in that part of the

brain increases by a small amount (typically only 1-to-several percent of the average

image signal intensity) caused by the changes in blood oxygenation. The di�erence

in magnetic properties of oxyhaemoglobin and deoxygenated haemoglobin in blood is

the basis of the fMRI studies and the fMRI signal is called as the Blood Oxygeneation

Level Dependent signal (BOLD). Functional brain mapping experiments include al-

ternating periods of a stimulus task and a control task. During the implementation

of the task/control periods, dynamic echo planar images are collected covering the all

or interested part of the brain. After a repetition time (TR), all the images are ac-

quired again. The data structure of the resulting data set is a time series of the 3D

images. The data is further analyzed to extract the areas of activation. The signal

time course of each voxel is investigated whether the signal shows a signi�cant change

between the stimulus and control periods. Statistical analysis is performed to exhibit

the signi�cance of the detected activation [149].

Cardiac, respiratory motions and head movements create signal �uctuations

that are observed in the fMRI measurements [150]. Generally, movement e�ects are

corrected with a postprocessing operation after the data collection. The correction is

applied using a translation and a rotation operator that align the image with a reference

image. The �rst image of the serie or the average image of the serie can be selected to

be the reference image. Physiological and physical processes involved in the generation

of an fMRI BOLD signal produce a time-series with correlated noise. To remove these

systematic non-BOLD variations is possible by the reduction of the correlation in the

noise.
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5.3.2 General Linear Modelling

The GLM-based statistical analysis are performed to determine the voxels which

are signi�cantly related with the task condition for both the EEG and fMRI data sepa-

rately. Also, GLM is used in the EEG informed fMRI analysis to reveal voxels (virtual

electrodes) whose EEG and fMRI temporal patterns are signi�cantly correlated. The

general formalism of the GLM [21] used in this thesis is outlined below.

y = Xβ + ε (5.1)

where ε ∈ N(0, σ2I), X stands for the design matrix which contains the regressors

and the confounds. In the framework of this study, y is used for the i)fMRI data and

ii)EEG power time series data for each voxel.

For the fMRI case, the BOLD signal includes substantial amounts of low-

frequency noise related with the physiological events like breathing and respiratory

e�ects. This low frequency noise is solved by the use of high-pass �ltering. High-pass

�ltering can be applied by adding appropriate columns to the design matrix or the

input BOLD can be �ltered prior to the estimation step of the β. Generally, a 128

seconds high pass �lter is formed with Discrete cosine transform (DCT) set. After

forming the design matrix X, β̂ is computed using ordinary least squares as in Eq.5.2

(estimation OLS).

β̂ = (XTX)−1XTy (5.2)

The data are serially correlated (temporally autocorrelated) and this violates the as-

sumptions of the noise model in the GLM to be Cov(e) = σ2I.

ê = y −Xβ̂ (5.3)

A �rst order AR process (Eq. 5.4 and Eq. 5.5) is adapted to form a matrix for pre-

whitening (A) the noise. Multilplying both sides of Eq. 5.1 with A provides (Eq. 5.6)
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the error covariance to be spherical.

ê(t) = aê(t− 1) + εt N(0, σ2) (5.4)

A =



1 0 0 ... 0 0 0

−a 1 0 ... 0 0 0

0 −a 0 ... 0 0 0

. . . ... 0 0 0

. . . ... 1 0 0

0 0 0 ... −a 1 0

0 0 0 ... 0 −a 1



(5.5)

Ay = AXβ + Ae (5.6)

After the whitening process, parameters are estimated by using the Eq. 5.7

β̂ = ((AX)T (AX))−1Ay (5.7)

and t statistics based on ML estimates are performed using Eq 5.8.

t =
cT β̂

std(cT β̂)
(5.8)

where c stands for the contrast vector, std(cT β̂) is given in Eq. 5.9 and in Eq. 5.10

and residual matrix R is given in Eq. 5.11.

std(cT β̂) =
√
cT (AX)†(AX)†T c (5.9)

σ2 =

∑
(Ay − AXβ)2

trace(R)
(5.10)

R = I − AX(AX)† (5.11)

In the case of fMRI processing, the design matrix contains the stimulus pat-
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Figure 5.1 A typical design matrix of a voxel for multiple subjects.

tern convolved with the canonical HRF, and its time and dispersion derivatives, and

movement confounds. For the unimodal EEG GLM analysis, the distinction is that

the stimulus pattern is not convolved with the canonical HRF. On the other hand,

for the EEG informed fMRI analysis, an individual design matrix (Fig. 5.1) is formed

including the EEG power time series for each voxel.

5.3.3 Simultaneously recorded EEG&fMRI

12 healthy volunteers (6 female, 6 male; mean age 25.8± 3.7 years) simultane-

ously recorded EEG/fMRI steady-state visual responses were studied in this research.

The study procedure was approved by the local ethics committee of Istanbul University,

Istanbul Faculty of Medicine. Each volunteer is properly informed about the proce-

dure and signed informed consent before the experiment. The volunteers preserved

their habitual bedtime in order not to sleep during the experiment.

5.3.3.1 Experimental Setup and Stimulation. The photic stimulus was gen-

erated via an electro-magnetically isolated light source with a set of four light-emitting



71

Figure 5.2 Stimulus Paradigm

diodes (LED) and a digital switching circuit. During the application the MR scanner

room was kept dim. With the help of the duty cycle set to 50% the energy was kept

constant. The light source was placed in one meter distance at the back of the MR.

It was set in line with the subject, and controlled by a digital I/O card (National

Instruments DAQCard-6062E). In order to determine the "on" and "o�" periods of

the visual stimuli precisely, external device synchronization output of the MRI scan-

ner was used to trigger the digital I/O card. As a result, the periods of the stimuli

are de�ned in terms of repetition time (TR) parameter of EPI sequence. In order to

simultaneously register event markers on the EEG pattern, the signal output of dig-

ital I/O card and synchronization output of MRI scanner are connected to the EEG

ampli�er. The re�ection screen, a mirror coated with a semi-transparent paper, was

placed over the head coil (�eld of view 54.8o), and the subjects were instructed to

focus on the �xation cross on this mirror. The frequencies of the stimuli applied vary

from 6 to 14 Hz with 2Hz steps. The visual stimulation sequence is created to start

with an "o�"-period (baseline) with a duration of 10 TR, which is followed by three 15

TR visual stimulation periods, each ending with a 15 TR "o�"-period. Each sequence

lasted 100 TR (298.1 s), where it took totally 70 minutes. The varying stimulation

frequencies were applied in randomly selected order in every experiment. This way,

bias of the frequency sequence on the SSVEP and fMRI responses are avoided. During

the experiment the volunteers were allowed to rest among sequences with keeping their

scan position unchanged.
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5.3.3.2 MRI data acquisition. The MR scanning used in this study was a 1.5T

MR scanner (Achieva, Philips Healthcare, Best, The Netherlands) with SENSE-Head-8

coil at NPISTANBUL Neuropsychiatry Hospital, Istanbul. In addition to the clinical

routine cranial scan, T1-weighted MPRAGE sequence (voxel size 1.25/1.25/1.2 mm;

130 slices; and �eld of view 240 mm) were performed for high resolution anatomical

images for each subject. Following the structural scans, each subject was scanned

with MR compatible EEG caps about 20 minutes. The parameters of the BOLD scan

comprised a dynamic T2∗-weighted gradient echo (GE) echo planar imaging (EPI)

sequence with 100 dynamics, and two additional dynamics were used for steady state

purposes of tissue magnetization. AC-PC aligned 32 axial slices with slice thickness of

4 mm without gap and a �eld of view of 230×230 mm (matrix = 64×64 voxel) covering

the whole cerebrum were acquired as functional EPI volumes. The EPI sequence has

a repetition time (TR) of 2981 ms and echo time (TE) of 50 ms. The TR time is

speci�cally chosen not to �t a multiple of the period of any stimulation frequency.

This aims the avoidance of the phase-locking of the residual MR gradient artifacts in

the EEG with the visual stimuli.

5.3.3.3 EEG data acquisition. Simultaneous recording was taken via an MR

compatible EEG ampli�er (BrainAmp MR+, Brain Products, Germany) with 30 chan-

nels EEG (extended 10/20 system) and 1 channel ECG. The EEG signal �ltered be-

tween 0.01 and 250 Hz was digitized with a sampling rate of 5 kHz. A hardware (Synch-

Box, Brain Products, Germany) was used for synchronization of the MR scanner clocks

and the EEG digitizer. This maintains the MR gradient artifacts to appear as constant

waveforms in the EEG pattern. Those gradient artifacts were substracted based on the

Average Artifact Subtraction (AAS) method [151] using the Brain Analyzer software

(Brain Products, Germany). Following this removal, also the ballistocardiographic

(BCG) artifacts were substracted with a method which relies on an average template

of the BCG artifact using the timing of the R wave in the ECG trace. Finally, the

eye and muscle artifacts were removed manually, and the EEG was down-sampled to

1kHz.
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5.3.4 General Analysis Scheme

Simultaneously recorded SSVEP and fMRI data were registered to a common

spatio-temporal space in order to perform a voxel by voxel �xed e�ect GLM analysis.

The common domain for temporal scale was selected as the number of the fMRI scans

and cortical surface was selected for the spatial scale. SSVEP data were projected to the

source space and the EEG SEMs were computed at each time window for a duration of

TR seconds. The fMRI data were sampled on the cortical surface to match the spatial

domain of the SSVEP SEMs. In this way, two sets of neuronal data (nvertice × nscans),

containing the BOLD and the SSVEP SEM values were obtained. Finally, the dataset

of each subject (12 subjects) was concatenated to perform the �xed e�ect analyses.

Spatial activation patterns were determined by applying �xed e�ect GLM anal-

ysis to each dataset for every stimulation frequency. The �xed e�ect design matrix for

fMRI analysis consists of a basic boxcar model convolved with a canonical HRF and

its temporal derivatives. For the SSVEP SEM data, the design matrix for the GLM

analysis was formed by the same basic boxcar signal. SPMs of activation regions were

obtained by testing for positive BOLD and SEM changes using corrected p < 0.05

threshold. Finally, EEG informed fMRI analysis (asymmetric fusion) is computed in

order to express the relation between the BOLD & EEG source time series in a woxel-

wise manner. This temporal asymmetric fusion process required a separate (individual)

design matrix for each voxel. The details of this procedure are explained under the

following sub-headings.

5.3.5 EEG data analysis & source energy maps

For a given prede�ned set of dipole source positions, orientations and strengths,

scalp potentials are computed using the Boundary Element Method (BEM) with the

Center of Gravity (COG) approach at a �nite set of electrode locations on a realistic

head model [66, 29]. The realistic human head is modeled based on the MNI anatomy

and composed of three homogeneous isotropic conductor boundaries representing the
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Figure 5.3 The locations of the sensors are marked with associated labels. The scalp surface,
canonical cortical surface (left) and the scalp, inner skull surfaces (right) of the realistic head model
are plotted.

scalp, outer skull and the inner skull, respectively. The vertices forming the cortical

mesh of the brain is used as source space. The triangulated boundaries forming the

head model that we used in this study is obtained using the SPM8 library [152] as

shown in Fig. 5.3.

30 electrode locations are registered to the scalp surface by spline interpolation

using the 10-20 electrode placement, inion-nasion and pre-auricular coordinates. For-

ward problem is solved to compute the lead �eld matrix H, using the 5124 (ns) vertex

points of the segmented cortical mesh on which the current dipoles are oriented nor-

mal to the cortical surface. Thus, each vertex of the cortical mesh acted as a virtual

(intra-cortical) electrode [22].

The squared norm of the response projected onto the subspace (W) is computed

and assigned as the energy (power) of the corresponding time (volume) indice for each

vertice. Time frequency matrix (W) is formed by using a set of sine−cosine pair of

sinusoids associated with the interested frequency band (w) and its two harmonics as

shown in Fig. 5.4 (Eq.5.13).
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W = [sin(wt); cos(wt); sin(2wt); cos(2wt); sin(3wt); cos(3wt)]T (5.12)

t = [0 : 2π/(nt− 1) : 2π]

The EEG source reconstruction methodology based on empirical Bayesian ap-

proach, [153] enabled us to compute the source energy within a given frequency band.

The EEG/fMRI integration approach that we use in this study is based on determin-

ing the spatial regions whose source energy is temporally correlated with the steady

state BOLD response. Several combinations of spectral power are computed based on

SSVEP data which can explain the signal changes in BOLD time series [147, 148]. This

leads us to obtain an exploratory variable that can be used to explain the BOLD signal

by summing the power of the SSVEP signal at the stimulation frequency and its �rst

2 harmonics. The SEMs are computed for each 1s time block of the SSVEP data using

Eq.5.13

SEMi,st(t) =
3∑

f=1

Ê(i, t, st× f) i = 1 : 1 : 5124 (5.13)

where SEMi,st(t) denoted the source energy map value at the i.th source location

of stimulation frequency st. t is the time index and Ê stands for the source energy

operator. SSVEP SEMs are in temporal alignment with the the measured BOLD time

series at all stimulation frequencies (6Hz, 8Hz, 10 Hz, 12Hz, 14Hz) without loss of

information in EEG.

5.3.6 EEG & fMRI processing

fMRI data is pre-processed prior to performing GLM analysis. Motion correc-

tion, slice timing correction, spatial smoothing using a Gaussian kernel of FWHM 8.0

mm, grand-mean intensity normalization of the entire 4D dataset and highpass �ltering

are applied. All images are spatially normalized into a standard space (MNI152, 2mm)

[152]. Then, fMRI data is projected from voxel-space to the cortical source space by
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Figure 5.4 Left: Stimulus pattern is shown in green color. A power time course of a voxel choosen
from the occipital lobe is plotted with blue color. Rigt: The structure of the W matrix for 6Hz
stimulation frequency. The design matrix includes the 3 sets of sine-cosine columns for 6 Hz, 12Hz
and 18 Hz.

sampling/averaging along the normal of each vertex from the inner (white matter/gray

matter) to the outer (grey matter/CSF) boundary, and the average BOLD value is

assigned to corresponding vertex. This process enabled us to perform fMRI and EEG

data modelling and analysis in the same cortical source space. Spatial regions re-

garding to the stimulus paradigm are identi�ed by applying �xed e�ect (12 subjects)

GLM analysis [154] separately to fMRI and SSVEP SEM maps for each stimulation

frequency. GLM time series analysis with local autocorrelation correction is used to

�nd BOLD related signal changes devoting the visual stimulation periods from the rest

periods [155]. The design matrix is formed to include the basic boxcar model convolved

with a canonical HRF and its temporal derivative. Apart from this, SEM time series

with local autocorrelation correction is used to �nd EEG source power related signal

changes discriminating the visual stimulation periods from the rest periods. For this

process, only basic boxcar model is used in the design matrix. Statistical parameter

maps (SPMs) of activation regions are obtained by testing for positive BOLD and SEM

changes using corrected p<0.05 threshold.
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5.3.7 EEG informed fMRI processing

The common spatial region of the thresholded SEM-SPMs and fMRI-SPMs are

guaranteed to be signi�cantly correlated with the stimulus temporal pattern (�xed ef-

fect GLM analysis, p<0.05) although they correspond to di�erent physiological events.

To investigate the relationship between the temporal patterns of the SEM and BOLD

signals, a �xed e�ect SEM informed fMRI analyses is performed for each source forming

the spatial intersection regions

fMRIj = Xjβ + ε, j ∈ (SPMoffMRI
⋂
SPMofSEM) (5.14)



fMRIj(1)

fMRIj(2)
...

fMRIj(100)


=



SEMj,st(1) 1

SEMj,st(2) 1
...

...

SEMi,st(100) 1


 β1

β2

 +



ε1

ε2
...

ε100


(5.15)

where Xj is the design matrix of j.th source that contains the mean corrected SEMj

convolved with canonical HRF and a vector of ones as shown in Eq. 5.15. β values

of the sources are estimated by linear least squares after the high pass �ltering and

prewhitening (AR(1) model) operations. For each voxel, a di�erent design matrix was

produced. The SEM informed fMRI activated regions were determined by estimating

the correlation of the SEM signal with the BOLD using an appropriate contrast in a

source-wise Student's t-test. This process was repeated for each stimulation frequency

separately. SEM informed fMRI analysis ensured that the active regions were correlated

with the stimulus paradigm both electrophysiologically and hemodynamically. This can

alleviate the bias which may possibly arise from the asymmetrical way of predicting

one signal in terms of the other. More speci�cally, those regions which did not exhibit

signi�cant activation both electrophysiologically and hemodynamically but indicating

a signi�cant correlation between each other, were automatically eliminated.
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Figure 5.5 The BOLD and SSVEP time series of the voxels for a single subject that are deduced
from the �xed e�ect unimodal GLM analysis of 12 subjects for the 8Hz stimulation frequency. The
plots are drawn for three cases; i) The area in which only BOLD activation exist, ii) The intersection
area of BOLD and EEG activation, iii) The fusion area where the source energy time series of the
voxels are signi�cantly corellated with the BOLD

5.4 Results

Unimodal �xed e�ect analysis of BOLD time series for each stimulus frequency

yielded signi�cant activations in the occipital lobe especially in the primary (BA17),

secondary visual areas (BA18, BA19) and lingual gyrus. The extent of the fMRI

activation maps were approximately similar for all stimulation frequencies (Fig. 5.8,

Fig. 5.9). The illustration in Fig. 5.6 depicts the activated regions for 8Hz stimulus

frequency (p < 0.05, corrected).
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Figure 5.6 fMRI BOLD (left column) and SEMf (right column) mean voxel signal intensity time
series presented for three cases regarding to 8Hz stimulation frequency; (�rst row) i) The map obtained
from the �xed e�ect SEM8Hz analysis using the contrast that compares the visual stimulation periods
with the rest periods (t-test, p < 0.05) is excluded from the fMRI map exhibited by the similar analysis
(p < 0.05). The resulting map consists of the voxels whose BOLD responses are correlated with the
stimulus paradigm unlike the SEM8Hz time series. ii) The maps of the �xed e�ect SEM and BOLD
analysis (p < 0.05) are spatially intersected to �gure out the voxels whose BOLD and SEM8Hz

time series are correlated with the stimulus temporal pattern. iii) Fusion region is obtained via the
SEM8Hz informed fMRI BOLD series analysis which is computed for each voxel of the intersection
map. Signi�cant temporal correlation values between BOLD and SEM8Hz (HRF convolved) time
series of these voxels are observed for this fusion region.

The power of the alpha, beta and gamma bands excluding the power at the

stimulation frequency and at its �rst 2 harmonics were also computed to test the

possible indirect e�ects of the stimulation on SEMs of the background. No signi�cant

activity change in response was obtained by the unimodal �xed e�ect SPM analysis of

these SEM signals in the alpha, beta, gamma range. On the other hand, SPM analysis

of SEMf for each stimulus frequency exhibited signi�cant increase of activation in

stimulation blocks mainly localized in the primary and secondary visual cortices near

the surface. All of these SEMf activations were observed as spatial subsets of the

activation maps obtained from the corresponding fMRI time series. The computed

source patterns of SSVEPs (Fig. 5.7, Fig. 5.8, Fig. 5.9, p < 0.05) are in agreement

with the previous �ndings [156, 157, 158].
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The spatial intersection of these fMRI − SEMf activation maps revealed the

common areas which were correlated with the stimulus boxcar pattern independent of

the measurement modality. The spatial intersection of these fMRI−SEMf maps were

further used as a mask for the SEMf informed fMRI analysis. An individual design

matrix was formed for each voxel on the intersection area by using the SSVEP SEMf

time series as an exploratory variable to explain the BOLD signal and the relation

between the two activities were investigated with a �xed e�ect GLM analysis. SEMf

informed fMRI analysis yielded focal activation maps localized in the BA17, 18, 19 for

each stimulation frequency. In sum, the analyses constituted three spatial activation

patterns; i) the spatial region in which only BOLD time series were correlated with

the stimulus paradigm, ii) the spatial region in which SEMfs were correlated with the

stimulus paradigm. Because all SEMfs were spatial subsets of the BOLD activation

maps, these correspond to the intersection of BOLD activation maps and SEMs, iii)

the fusion maps which directly exhibited the temporal correlation between the BOLD

and SEMf time series within the intersection maps. The fusion maps constituted by

the voxels whose SEMf time series were positively correlated with the corresponding

BOLD time series within the intersection maps were obtained by the �xed e�ect analy-

sis (corrected, p < 0.05) for each stimulation frequency. Fig. 5.7 displays the locations

of the voxels that correspond to the above activation cases for the 8Hz stimulation

frequency. Corresponding time series that are obtained by averaging over the subjects

across the voxels are shown in Fig. 5.6.

The mean percent BOLD and SEMf signal intensity changes of the voxels that

constituted these fusion maps were computed for the three consecutive stimulation

blocks and averaged over 12 subjects. On these fusion activation maps it was observed

that the maximum of the mean percent BOLD signal intensity change was at 12 Hz

stimulation frequency while the maximum for the mean SEMf change was at 8Hz.

For a comparison of the results obtained at the source space with the con-

ventional SSVEP measurements on the scalp, the sum of the spectral peaks at the

stimulation frequency and its �rst and second harmonics of the mean scalp SSVEP sig-

nal at the O1, Oz, O2 channels at 5 visual stimulation frequencies were calculated by
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Figure 5.7 The activation patterns for 8Hz stimulus frequency are plotted; (�rst row) The activated
locations are represented on a glass brain in three orthogonal planes. The lighter gray, gray and black
color codes denote the; fMRI activation region, spatial intersection of fMRI and SEMf activation
maps and fusion activation, respectively (p < 0.05). (second row) The activation patterns are overlaid
on anatomical T1 weighted MNI template image with the color blue for fMRI activation region, yellow
for spatial intersection of fMRI and SEMf activation maps and red for the fusion activation. (third
row) The activation patterns are overlaid on transversal anatomical T1 slices. The fMRI activation
results are masked with the locations of the cortical mesh vertices prior to the representation and
computation of the percent pBOLD intensity features.
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Figure 5.8 The activation patterns for 6Hz (top) and 10Hz (bottom) stimulus frequencies are plotted.
The activated locations are represented on a glass brain in three orthogonal planes. The lighter gray,
gray and black color codes denote the; fMRI activation region, spatial intersection of fMRI and SEMf

activation maps and fusion activation, respectively (p < 0.05).

computing the magnitudes of the Fast Fourier Transforms (FFT) of the SSVEP signals

averaged over 1 s time-windows. Mean amplitudes of the time-averaged scalp SSVEPs

had the maximum value at 8Hz stimulation frequency in line with the maximum of the

SEMf signal intensity change.

5.5 Discussion and Conclusion

In this study, the EEG informed fMRI analysis was performed using the maps

that were obtained by intersecting the unimodal EEG activation maps with the uni-

modal fMRI maps. Instead of using the conventional time-averaged SSVEP data, we
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Figure 5.9 The activation patterns for 12Hz (top) and 14Hz (bottom) stimulus frequencies are
plotted. The activated locations are represented on a glass brain in three orthogonal planes. The
lighter gray, gray and black color codes denote the; fMRI activation region, spatial intersection of
fMRI and SEMf activation maps and fusion activation, respectively (p < 0.05).
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computed the SSVEP source energy maps by determining the voxels showing a signif-

icant change in the EEG source power at the stimulation frequency and its �rst two

harmonics during the stimulation period with respect to the rest. Thus, the voxels of

the intersection maps were guaranteed to produce signi�cant electrophysiological and

hemodynamic responses. However, it is not always the case that the EEG and hemody-

namic responses coexist at a meaningful level within a certain brain spot. We observed

this fact through the standard unimodal analysis of both the EEG and the fMRI data

as the SSVEP source energy maps existed in a region which was always a subset of

the BOLD activity maps. This indicates that a hemodynamic activity change does not

necessarily need to generate an SSVEP activity. One of the well-known explanations

of such an incongruity between the far-�eld electrical potentials measured in EEG and

the local neuronal activity is the presence of a spherically symmetric dendritic current

distribution (close �eld) and relatively remote sources located in the deep structures

that do not signi�cantly contribute to the scalp EEG. However, as our solution space

is limited to the cortex, where the apical dendrites of the pyramidal neurons build an

open �eld, the above two factors cannot explain the missing contribution of the cortical

regions with a signi�cant BOLD activity to the EEG. Apart from the close �eld pos-

sibility, another plausible explanation of such incongruity between the local neuronal

activity and the far-�eld EEG signals is the synchronization within and among voxels.

Local electrical activity that contributes to the scalp recorded EEG requires a certain

level of synchronization of post-synaptic activity among the neurons within a voxel in

addition to a synchronization among a large set of voxels. However, we can claim that,

as long as there exists a neural activity within a voxel, we observe a signi�cant BOLD

signal change irrespective from such a synchronization [131]. Contrarily, a moderate

level of neuronal response which enterprises a high synchronization among a popula-

tion may produce signi�cant EEG without a noticable BOLD change due to its minor

hemodynamic demand. In earlier studies, the presence of a synchronous high voltage

spontaneous alpha rhythm has been reported to be associated with the decrease of the

BOLD signal of the occipital cortex below the level it occurred during low amplitude

occipital EEG [20, 19]. A possible cause of this observation might be that the neuronal

activity responsible for the alpha synchronization is not only existing in the cortex

but partly located in a subcortical structure such as thalamus. On the other hand,
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non-synchronized occipital EEG relies on a relatively higher level of cortical activation

which requires a relatively higher BOLD activity. Our �ndings did not show such incon-

gruity between the SSVEP and BOLD activity maps for the stimulation frequencies we

studied. The SSVEP source energy maps were always observed as the spatial subsets

of the corresponding fMRI BOLD maps. This indicates that the evoked EEG rhythms

in contrast to the spontaneous ones always necessitate a cortical metabolic demand.

This further indicates that there exist voxels with a high BOLD signal change which

do not contribute to the SSVEP response (Fig. 5.6). These voxels are the ones which

have an electrical activity pattern that does not correlate with the stimulation but

yield a moderate level of BOLD response correlated with the stimulation. Our voxel-

wise EEG informed fMRI fusion analysis yields a relatively small group of voxels that

exhibit a strong resemblance between the EEG and the fMRI responses. Interestingly,

these voxels show the highest EEG and fMRI amplitude changes due to stimulation

although their spatial extent is rather minimal. There exist some other voxels whose

EEG and fMRI responses are correlated with the stimulation but the former can not

predict the latter. These voxels, which are outside the fusion area but which coexist

in unimodal fMRI and EEG analyses, show a relatively lower amplitude of EEG and

fMRI responses compared with those of the fusion area voxels.

In the analyses of the time averaged SSVEPs, absolute amplitudes of evoked

potentials are taken into account while the amplitude increase from the rest periods

are ignored. However, there is no such shortcoming in our source space GLM analysis

since it eliminates the absolute intensity of the baseline activity and captures its change.

As pointed out in [159], the symmetric fusion tools originated from the need to

overcome the limitations of asymmetric approaches, but one should not be overcon�-

dent about their optimality against the asymmetrical approaches for EEG-fMRI inte-

gration. The asymmetrical approaches can still answer a great many questions about

the common behaviour of the EEG and fMRI. The simplicity of their assumptions

makes them attractive to capture the neurovascular dynamics behind the EEG-fMRI

data. As the SSVEP source energy maps obtained by using the power of the EEG at

the stimulation frequency and its �rst two harmonics were used in the present analyses
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instead of the time-averaged SSVEP data, this result reveals that both the evoked

and induced oscillations in the visual cortex elicited by the stimulations necessitate a

metabolic demand.
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6. General Summary and Conclusion

New signal modeling techniques are important to study the spatio-temporal

properties of the brain activity measurements as the EEG, ERP and fMRI. Integration

of data on di�erent temporal and/or spatial scales may open up new vistas for the

functional neuroimaging of the brain. This problem is addressed in three di�erent

ways here. The �rst one is a decomposition whereas the other two are integration of

functional Neuroimaging data coming from di�erent scales, domains or modalities. The

�rst approach which aims wavelet analysis followed by source imaging of scalp EEG is

a decomposition of the brain activity into di�erent spatial and temporal scales. The

second approach aims for the integration of EEG data on di�erent scales for epileptic

source imaging. Finally, the third approach is an integration of data coming from

two di�erent modalities to perform neuroimaging of brain activity under steady state

stimulation.

In Chapter 3, the spatio-temporal decomposition of EEG topographies is im-

plemented using two di�erent approaches; i) radial basis functions and ii) wavelet de-

composition. The proposed and implemented decomposition methods decompose the

topographies into simpler maps by assuming that the EEG topographies are formed

by the superimposition of simpler topographies. This procedure enables us to apply

the source localization procedures to the simpler topographies. Radial basis functions

are used as kernel functions in order to explain the EEG topographies with simpler

subtopographies. The simulation results are given in Fig. 3.3 and the corresponding

source maps are shown in Fig. 3.4. The localization results are in agreement with the

simulation source parameters.

As pre-processing tools, time-frequency [97] analysis and spatial decomposition

[13] procedures are used prior to the source localization. The main objective of Chapter

3 is to show that the complex EEG topographies can be expressed as the summation of

the subtopographies having di�erent spatio-temporal frequency characteristics by the
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use of combined time-frequency and spatial decomposition methods on the realistic

scalp models. 1D discrete wavelet transform is implemented on 3D cartesian space

as spatial �lters that decompose the topographies into subtopographies. By the use

of this technique, the complex scalp EEG topographies are split into simpler topogra-

phies (subtopography) whose summation yields the original complex topography. The

technique is implemented on a realistic head model derived from the anatomical MR

images. Because of the complexity of the 3D spatial wavelet decomposition, a more

e�cient version of the method on the realistic head models is developed which uses

the contorted and �attened realistic scalp model. The proposed spatial decomposition

techniques are applied to the simulated datasets. These datasets include the topogra-

phies that are generated by two or more distinct sources which cannot be accurately

localized by the use of parametric inverse solutions. The original source locations of

the simulated dataset are estimated without any source localization error after the

implementation of the developed spatio-temporal decomposition.

In Chapter 3, this technique is applied on the ERPs that are collected from 24

subjects using the Go and NoGo CPT paradigms. The ERPs are averaged over the sub-

jects and spatio-temporal wavelet decomposition process is applied for each paradigm.

The resulting subtopographies are further source localized and it is seen that additional

information is gathered through the source localization of the subtopographies instead

of using the raw ERPs.

As a result, it is observed that temporal wavelet analysis of EEG at a given

spatial location yields temporally stationary components at temporal frequency bands

like delta, theta, alpha. Spatial wavelet analysis of EEG at a given temporal location

yields spatially stationary scalp maps at spatial frequency bands. The characteristics

of these maps are determined by the depth and extension of individual EEG sources.

A spatio-temporal preprocessing of the EEG simpli�es the complexity of the scalp

map by separating it into several submaps each of which is produced by an individual

EEG source. This is a very convenient preprocessing prior to source localization for

the isolation of di�erent maps corresponding to di�erent dipole sources. This way,

even the temporally correlated EEG sources can be localized after spatio-temporal



89

decomposition of EEG.

In Chapter 4, various source reconstruction algorithms are performed on the clin-

ical epilepsy datasets. Both, the parametric and linear inverse solution methodologies

are implemented using the invasive and non-invasive EEG recordings. RAP-MUSIC

method is used for the parametric solution while LORETA and Bayesian source re-

construction methods are applied for the linear case. The scalp measurement inverse

solution accuracy is analyzed using the reference information obtained through the inva-

sive recordings. In a previous study, the correlation between the cortical reconstructed

EEG and subdural measurements of a subject was found as 0.79 [160]. Similarly, in our

case, correlation coe�cient values varying from 0.72 to 0.84 were computed between

the preictal seizure time series of the deep electrodes and the source reconstructed time

series at the same sites.

In the pre-operative period, the results obtained by the scalp EEG seizure lo-

calization may lead us to decide about the number and the positions of the invasive

electrodes. Thus, the non-invasive measurements should be carefully analyzed to use

as a prior information for further invasive studies.

The spatial resolution of the EEG inverse solution is limited while it has a

high temporal resolution. This spatial limitation can be improved with the use of

multimodal functional neuroimaging measurements such as EEG&fMRI. In Chapter

5, an EEG&fMRI information integration (fusion) method is proposed that allows

the investigation of the brain activity using the simultaneously measured EEG&fMRI

data. The steady state paradigms which are used to re�ect oscillatory EEG patterns

that can be stationary for the time period of the BOLD signal, are adopted for the

simultaneous measurements. EEG&fMRI data is collected from 12 subjects under

�ve di�erent stimuli. For the EEG&fMRI fusion process, a common spatio-temporal

domain is formed and the multimodal data is tranformed to this domain. The spatial

part of this domain is selected as the cortical manifold on which the source localization

procedure is implemented. Therefore, the measured scalp potentials are projected to

the cortex. The voxel-wide fMRI measurements are sampled on the same cortical



90

surface which enabled us the spatial registration of the both activity.

The temporal resolution of the fMRI is based on the HRF that varies between

10-20 seconds while it is much faster for the EEG. The temporal registration of sponta-

neous EEG measurements with the BOLD signal should be solved without any loss of

information. To overcome this problem, the SSVEP source energy power values of the

cortical manifold are computed for each sequential temporal window with TR duration.

Thus, a volumetric source energy time series is achieved having the same dimensions

with the fMRI measurements.

As a conventional statistical fMRI analysis technique, General Linear Modeling

(GLM) is adopted for the voxel time series obtained from the EEG inverse solution.

Separate GLM analyses are performed for spatio-temporally registered EEG and BOLD

for �ve visual stimuli having di�erent stimulus frequencies. Statistical parameter maps

(SPMs) are obtained using appropriate contrast vectors for each stimulus. Moreover,

a similar technique is implemented for the voxel-wise EEG informed fMRI analysis.

The novelty of the implemented fusion method (asymmetric temporal fusion) is that

a unique design matrix is individually formed for each source volume in the solu-

tion space. After the parameter estimation of the design matrix, SPMs are estimated

containing the temporal EEG&fMRI correlation information for each stimulation fre-

quency.

It is observed that the summation of EEG source energy of the stimulation

frequency and its two harmonics is su�cient to express the stimulus paradigm for some

of the voxels mainly localized in the occipital regions. On the other hand, it is shown

that, when the stimulation frequency and its two harmonics are excluded, the source

energy time series corresponding to the other frequency bands namely beta, theta,

alpha and gamma, are not adequate to follow the temporal pattern of the stimulus

paradigm. Moreover, the results of the statistical �xed e�ect GLM analysis indicate

that the EEG sources of the SSVEPs are the spatial subsets of the corresponding fMRI

maps for each stimulation frequency (RFT corrected, p < 0.05). It is also observed

that none of the voxels are negatively correlated with the BOLD.
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We developed here new signal modeling and analysis methods that would exploit

the spatio-temporal nature of the EEG data obtained in various clinical and physio-

logical settings. This is expected to improve the technical capabilities of Neuroimaging

in multimodal image fusion, dipole source imaging and functional decomposition of

brain electrical activity. There is no doubt that these technical improvements have a

strong potential to be used in theoretical areas studying cognition, attention, memory,

perception and connectivity. There is also a room for application in practical areas

as brain computer interfacing, neurosurgical planning, neuro-psychological diagnosis

of certain disorders, monitoring their progress and assessing their therapy. Certainly,

the methods proposed in the thesis are merely demonstrations of the applicability and

potential of these spatio-temporal methods. There is yet to be done to apply these

tools to various cognitive and neurological data to show their broader applicability in

Neuroimaging.
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Hasan Herken

Biyomut 2008

4. EEG Dipol Kaynaklarinin MZMC Yöntemleri ile Yerellestirilmesi

Gokcen Yildiz, A.Deniz Duru, Ahmet Ademoglu

Biyomut 2007, Mayis 2007

5. Olaya Iliskin Potansiyellere (OIP) Ait Beyin Alt Harita Bilesenlerinin Kaynaklar-

inin Yerellestirilmesi

A.D. Duru, A. Bayram, T. Demiralp ve A. Ademoglu

Istanbul, Biyomut 2006

6. Islevsel Yakin Kizil Otesi Spektroskopu verilerinin Gercek Kafa Modelinin Uzer-

ine Cakistirilmasi

Emir U., Duru A.D.,Ademoglu A., Akin A.

Biyomut 2005, Istanbul 2005

7. Olaya Iliskin Sureclerin iMRG ve EEG Kaynak Yerellestirimi ile Goruntulenmesi

Hüseyin Hamdi Eryilmaz, Adil Deniz Duruve Ahmet Ademoglu

Istanbul, Biyomut 2006
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A.5 Conference Abstracts

1. Comparison of Epileptic Source Localizations Based on EEG and SDE Measure-

ments

Adil Deniz Duru, Gülsüm Akdeniz, Çi§dem Özkara, Mustafa Uzan, Ahmet

Ademoglu, Tamer Demiralp

Annual Meeting of the Organization for Human Brain Mapping 2010

2. Görsel kortekste do§rusall�k d�³� hemodinamik yan�tlardaki sinirsel mekanizman�n

incelenmesi

Sinem Burcu Erdo§an, Adil Deniz Duru,It�r Ka³�kç�, Elif Kurt, Ahmet Ade-

mo§lu, Tamer Demiralp

Ulusal Sinirbilimleri Konferans� (USK), 2011, Istanbul, Turkiye

3. Radial Basis Function Decomposition of Topographic EEG Maps.

D. A. Duru, A. Ademoglu and T. Demiralp

10th International Conference on Cognitive Neuroscience (ICON X), September

1st-5th, 2008, Bodrum, Turkey. Absract Book, p. 446.

4. Combined ICA-Bayesian MCMC Reconstruction of EEG Sources.

G. Yildiz, A.D. Duru, A. Ademoglu and T. Demiralp

10th International Conference on Cognitive Neuroscience (ICON X), September

1st-5th, 2008, Bodrum, Turkey. Abstract Book, p. 132.

5. Spatiotemporal analysis of event related brain potentials

Ademoglu A and Duru A.D.

Euro-mediterranean Conference on Biomathematics

Cairo, 26-28 June 2007

6. Subtopographic EEG Source localization after Spatio-temporal wavelet decom-

position

Adil Deniz Duru, Tamer Demiralp, Ahmet Ademoglu
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International Workshop on Image Analysis in the Life Sciences Theory and Ap-

plications (IEEE)

Johannes Kepler University, Linz Austria, Feb 28 - March 2,2007

7. Subtopographic EEG Source localization after Spatio-temporal wavelet decom-

position

Duru A. D*., Eryilmaz H., Bayram A., Demiralp T., Ademoglu A.

13th World Congress of Pshychophysiology, Istanbul 2006

8. Source Localization of Topographic EEG Maps Pre�ltered by Spatio-Temporal

Wavelets

A. Ademoglu� A. D. Duru, T. Demiralp

IX. International Conference on Cognitive Neuroscience, Havana Cuba, SEPTEM-

BER 2005

9. Source Localization of Topographic EEG Maps Pre�ltered by Spatio-Temporal

Wavelets

A. Ademoglu , A. D. Duru, A. Bayram, T. Demiralp

Brain Dynamics and Cognition Conference, Izmir, 2005

10. EEG ve olaya iliskin potansiyellerde gercekci kafa modeli ile kaynak yerellestirimi

Ademoglu, A., Duru, D., Ergen, M. , Istefanopulos, Y., and Baykan, B. , Demi-

ralp, T.

T. III. Ulusal Sinir Bilimleri Kongresi Pamukkale/Denizli 2004

11. Source localization of electrical dipoles using wavelet pre�ltering and MUSIC

scanning

Ademoglu, A.,Duru, D., Demiralp T., Istefanopulos, Y., and Baykan, B.

Evoked Potentials International Conference XIV , 3th National Neuroscience
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