
 

 

Abstract— Electroencephalography correlated functional 

Magnetic Resonance Imaging (EEG-fMRI) is a multi-modal 

imaging technique with growing application in the clinical 

evaluation of epilepsy. In this work, a new approach to 

simultaneous EEG-fMRI data processing in epilepsy is 

introduced. Independent component analysis (ICA) 

decomposition was performed on EEG data and multiple model 

based metrics were applied to the resulting time courses and were 

then used to predict the Blood Oxygen Level Dependent (BOLD) 

fMRI data. When compared with the conventional fMRI data 

analysis based on square waveform descriptions of seizure 

activity, more significant activations were found with the method 

proposed here, for the four patients studied. In particular, 

frequency-weighted EEG metrics were found to best describe the 

BOLD signal, in support of previous theoretical and 

experimental work. In general, the results were consistent with 

the neurophysiologist’s expectation, but further validation using 

more direct measurements of seizure activity is necessary. A 

detailed study on the hemodynamic response function (HRF) to 

the EEG metrics was performed for one patient. The HRFs 

estimated were broader than the canonical HRF and the 

distributions of its delay and dispersion were mapped throughout 

the subject’s brain. In summary, this work contributed to a 

better understanding and improved integration of EEG-fMRI 

data collected during epileptic seizures. 
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I. INTRODUCTION 

The electro-encephalography (EEG) has been, over the 

years, the tool of excellence for the diagnosis and 

characterization of epilepsy. With the advent of functional 

Magnetic Resonance Imaging (fMRI), and specifically of the 

simultaneous acquisition of EEG-fMRI (Ives, et al. 1993), 

studies of epileptic correlated Blood Oxygen Level Dependent 

(BOLD) activity proliferated (Salek-Haddadi, et al. 2006, 

LeVan and Gotman 2009, Lemieux, et al. 2001). Because of 

its clinical potential in the localization of the sources of 

epileptiform activity, simultaneous EEG-fMRI is becoming a 

more common tool in the study of epilepsy. 

However, the integration of both modalities is still a matter 

of debate and the present knowledge about the neurovascular 

coupling giving rise to the BOLD signal, described in terms of 

a hemodynamic response function (HRF), has been obtained 

mostly from animal research. Studies measuring local field 

potentials (LFP) and single/multi-unit activity (S/MUA) have 

shown correlations of the BOLD signal mostly with the former 

(Logothetis, et al. 2001). This is the basis of the growing 

consensus that BOLD effects are primarily the result of the 

metabolic cost of neurotransmitter release due to pre-synaptic 

activity, which results in increased LFP frequency (Friston, 

Neurophysiology: The Brain at Work 2008), rather than the 

metabolic cost related with spiking activity (S/MUA). 

In humans, such invasive techniques are not practicable, 

and direct measures of neuronal activity rely on larger 

volumes of synchronous activity observed, mostly at scalp 

level, by EEG or magneto-encephalography (MEG). Results 

found in the literature on the transfer function between these 

techniques and the BOLD signal are not as straightforwardly 

interpretable as the data regarding more local measures. Rosa 

et al. (2010) have addressed this issue in a visual stimulation 

experiment by comparing different models of the transfer 

function between EEG and fMRI data. The models explored 

included the EEG total power, previously used, for example, 

by Wan et al. (Wan, et al. 2006); linear combinations of the 

power from different frequency bands, as in Goense and 

Logothetis (Goense and Logothetis 2008); and several 

variations of a Heuristic model proposed by Kilner (Kilner, et 

al. 2005) in which BOLD is assumed to be proportional to the 

root mean square frequency (RMSF) of the EEG spectrum. 

The results obtained shown a clear superiority of the RMSF 

metrics on predicting the BOLD signal when compared to 

power weighted metrics of the EEG.  

In epilepsy, the majority of the studies in the literature 

involving EEG-fMRI are based on interictal activity, due to 

the rare occurrence of ictal events inside the fMRI scanner. 

Hemodynamic changes correlated with the interictal events are 

identified across the brain and are expected to be related with 

the areas of epileptogenesis of interictal activity (Marques, et 

al. 2009, Hoffman, et al. 2000). Whether or not these are also 

related with the areas of ictal excitability is still a matter of 

debate, therefore the importance of ictal fMRI studies arises. 

In ictal EEG-fMRI studies, the seizure events are usually 

described as boxcar signals, based on the timing information 

retrieved from the EEG data by a neurophysiologist. This time 

course is then convolved with a canonical HRF and is used to 

predict the BOLD response in fMRI data (Tyvaert, et al. 

2008). Although more flexible HRFs allow a higher degree of 

complexity for the seizure dynamics, they do not address the 

issue of how to model these dynamics based on the 

information available in the EEG data. 

Thornton, Rodionov and colleagues (Thornton, et al. 2010) 

approached this matter by dividing the ictal events in up to 

three phases: early ictal EEG, clinical onset, and late ictal 

EEG. Moreover, they also used independent component 

analysis (ICA) to identify ictal BOLD patterns without 

resorting to the EEG data. When the EEG data accurately 

reflected the seizure onset, the GLM approach yielded 

activations concordant with the ictal onset zone, otherwise 

ICA still gave valuable insight on the ictal haemodynamics. 

Regarding the variability of the HRF associated with 

epileptic activity, some interictal studies investigated the 

relevance of using different HRF models on the event related 

fMRI design. (Kang, et al. 2003, Bagshaw, et al. 2004). When 

exploring a parameterised HRF space accounting for 

dispersion and delay, Grouiller and colleagues found optimal 

HRF parameters for epileptic activity that were significantly 

different from the canonical HRF found in visual, motor, 

facial and scene encoding stimuli. These results indicated a 
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poor sensitivity associated with the canonical HRF for 

interictal epilepsy studies (Grouiller, et al. 2010). 

The initial goal of this thesis was to investigate the HRF of 

ictal epileptic events. As ictal events are rare and with variable 

time durations, the usual event related averaging in interictal 

studies is inadequate. Thus, direct analysis of the EEG data 

was attempted in order to extract information on the seizure 

dynamics and use that information in the HRF estimation.  

An important issue resultant from direct measures of EEG 

time courses obtained during fMRI is their contamination with 

artefacts. These artefacts will have components in the 

frequency band of interest of the EEG, and their mitigation is 

crucial if one wants to rely on measures upon spectral 

characteristics of the EEG time courses. Therefore, a special 

attention was also given to the correction for MR environment 

EEG artefacts. The following section will be dedicated to the 

description of the subjects and methods used in this study. 

Then the results obtained for the patients analysed will be 

presented, followed by a discussion in light of the results 

obtained in the literature. 

II. METHODS 

A. Data acquisition 

The data used in this thesis were acquired as part of the pre-

surgical evaluation of epilepsy patients, under the Program for 

Epilepsy Surgery of the Hospital Centre of West Lisbon (Leal 

and Secca 2010). 

1) Subjects 

Four patients were selected from a pool of 30 patients 

undergoing EEG-fMRI studies supporting evaluation for 

surgery. The choice of these patients relied on the occurrence 

of ictal events on at least one of the EEG-fMRI sequences 

acquired. Furthermore, patients with excess movement, 

ruining the quality of the data, were also discarded. A 

neurophysiologic characterization of the selected patients is 

presented in Table I. 
 

TABLE I:  NEUROPHYSIOLOGIC CHARACTERISTICS OF THE PATIENTS 

Subject 
Epilepsy 

Type 

EEG pattern of usual 

seizures 
Interictal EEG 

GM 
Occipital 

lobe 

epilepsy 

Background 

desynchronization, 

progressive build up of 
rhythmic spikes over P7-O1. 

Normal background. 

Abundant rhythmic 

spikes and slow 
waves over P7-O1. 

JB 

Tempora

l lobe 

epilepsy 

Background 

desynchronization with 
progressive sharp waves over 

bilateral frontal lobes. 

Normal background. 

Sharp waves over 

frontal lobes. 

JQ 

Parietal 

lobe 

epilepsy 

Progressive build up of 

rhythmic spikes at vertex 
(Cz) with later involvement 

of left central derivations. 

Normal background. 

Spikes at right 

frontal area, F4. 

RR 
Gelastic 

epilepsy 

Background 
desynchronization, rhythmic 

spikes in left occipital lobe 

and later build up of 
rhythmic spikes in left frontal 

lobe. 

Normal background, 
with focal slow 

activity associated 

with abundant 
spikes over left 

occipital lobe. 
 

During the scanning sessions, patients JB, JQ and RR were 

administered light anaesthesia with Sevoflurane at 1% (Abbott 

Laboratories, Abbot Park, IL, USA), through mask, as 

established by the MRI protocol for small children and 

uncooperative patients. Patient GM had no anaesthesia 

administered. 

2) EEG acquisition 

The EEG was recorded with a 37-channel system plus two 

EKG channels, all using sintered AgCl electrodes connected 

by carbon fiber wire to an amplifier located outside the 

scanner room (Maglink, Neuroscan, Charlotte, USA). The DC 

amplifier used (NuAmps, Neuroscan, Charlotte, USA) had a 

low-pass filter set at 70 Hz and a sampling rate of 1000 Hz. To 

obtain skin-electrode impedances bellow 10 KΩ, patients‟ skin 

was prepared with an abrasive paste and a conductive gel was 

applied. 

The neurophysiologist analysed all EEG sequences for 

identification of inter-ictal and ictal activity and provided 

indication of the time periods where these occurred. 

3) fMRI acquisition 

All imaging was performed on a 1.5 T MRI scanner (GE 

Cvi/NVi). Four to ten fMRI echoplanar imaging (EPI) 

sequences were obtained for each patient. The details of the 

parameters used for each patient, including the number of 

volumes (Nvolumes) and the repetition time (TR), are presented 

in Table II. An anatomical image was also acquired for each 

subject performing a T1-weighted spoiled gradient recovery 

(SPGR) three dimensional (3D) sequence, with an in-plane 

resolution of 0.940.94 mm
2
 and slice thickness of 0.6 mm. 

 

TABLE II: FMRI SEQUENCE PARAMETERS FOR EACH PATIENT 
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ABC 170 2 2.100 
646424 pixel 

4.3754.3755.000 mm3 

280280120 

mm3 

GM 100 2 3.120 
646416 pixel 

3.7503.7507.000 mm3 

240240112 
mm3 

JB 150 0 2.330 
646424 pixel 

3.7503.7505.000 mm3 

240240120 

mm3 

JQ 170 2 2.100 
646424 pixel 

4.3754.3755.000 mm3 

280280120 

mm3 

RR 154 4 2.275 
646424 pixel 

3.7503.7505.000 mm3 

240240120 

mm3 
 

B. EEG analysis 

1) Pre-processing 

The EEG pre-processing was executed through a procedure, 

based on tools implemented on the EEGLAB toolbox 

(Delorme and Makeig 2004) for Matlab. EEG data was pre-

evaluated for the presence and consequent rejection of 

channels exhibiting too large amplitude artefacts or channels 

not acquired during the imaging process. As result, after this 

stage, the number of channels remaining for each patient was 

variable. A 2 Hz high-pass filter was applied so as to remove 

the baseline drifts of the signal.  



 

A series of simple algorithms was developed in order to 

achieve a fully automated method for the EEG pre-processing 

using the EEGLAB tools in Matlab. 

Firstly, it was necessary to identify the period of the EEG 

time course corresponding to the fMRI acquisition sequence. 

Because the EEG and fMRI acquisition clocks were not 

synchronized, the identification of the fMRI acquisition 

periods was accomplished through the identification of the 

corresponding gradient artefacts on the EEG time course. One 

of the characteristics of the slice gradient artefacts is the 

increased power at high frequencies in the EEG recorded 

during the application of the imaging gradients, when 

compared to the EEG recorded in between gradients (Niazy, et 

al. 2005). This characteristic was therefore emphasized in 

order to help identify the exact times of occurrence of the 

gradients. A second finite difference was computed over the 

EEG signal in order to amplify the higher frequencies. Then, a 

simple threshold, with value of the mean plus a standard 

deviation of the signal, and an undersized gap elimination 

procedure were applied to identify the temporal location of the 

MR gradient activity. The EEG was then trimmed to retain 

only the MR gradient contiguous activity compatible with the 

functional scanning time (TR  Nvolumes). 

Gradient artefact correction 

The fMRI gradient artefact correction algorithm, FMRIB‟s 

FASTR (Niazy, et al. 2005), as implemented in EEGLAB, 

requires the indication of a timing event identifying the 

sampling of each fMRI slice. This indication should be 

accurate enough so as to generate an optimal set of basis 

functions describing the temporal variations of the artefact. 

This is then used as a template, which is fitted and removed 

from the data. The slice timings provided are further refined to 

a sub-sampling resolution by the FASTR algorithm, so the 

initial estimates of these timings need not have a sub-sampling 

rate precision. Using the initial point of the acquisition 

sequence, T0, identified by the method described in the 

previous paragraph, as a reference point, an initial estimate of 

the slice timings can then be obtained by: 

         
  

       
  (2.1) 

where Ti is the timing of the i
th 

slice and Nslices is the number of 

slices per volume. Yet, as it will be shown in Figure 1, these 

timings were not an accurate estimation for the sequences 

presented in this work and a correction was therefore needed. 

A recursive algorithm was implemented for this purpose: 

starting on T0, a local maximum on the first finite difference of 

the EEG signal was located within a window of radius TR/2 of 

each slice time. The occurrence of this well defined local 

maximum on the first finite difference of the EEG is persistent 

for each slice (Niazy, et al. 2005). The lag between this 

maximum and the slice time is recorded and the next 

maximum is located recursively: 

          
        

  

 
      

   

 
 
               (2.2) 

where DEEG is the first finite difference of the EEG 

channel time course under study and     is the time between 

the timing of the first slice and the corresponding maximum 

on DEEG. These times were computed for every EEG channel 

and the one exhibiting the lowest standard deviation for the 

interval           durations was considered to provide the best 

estimate of the slice timings. 

After this correction, it was possible to apply the FASTR 

algorithm over the data. The EEG data was upsampled to 10 

times its original sampling rate and a 30 slice averaging 

window was used to compute the artefact template. The 

number of residual components to be removed was left to be 

determined automatically. 

Balistocardiographic artefact correction 

For the balistocardiographic artefact removal, FMRIB‟s 

QRS complex identification algorithm was applied to both 

ECG channels. To correct for missing heart beats, the events 

detected on both channels were merged and sorted by time of 

occurrence and the events lying within a third of the median 

time interval between events were considered to belong to the 

same heart beat. Still, some QRS events remained undetected 

and triggers identified on different channels were not aligned 

in time. The correction algorithm implemented within FMRIB 

tools for EEGLAB was applied on this processed data, 

yielding the final event list. Finally, the data were low-pass 

filtered at 45 Hz, downsampled to 100 Hz to improve its 

manageability, and an optimal basis set of 3 principal 

components was then employed for pulse artefact removal. 

2) Data decomposition 

After pre-processing, the EEG data were decomposed by 

Independent component analysis (ICA), using the infomax 

algorithm as implemented on the EEGLAB toolbox (Delorme 

and Makeig 2004). The number of independent components 

(ICs) was the same as the number of EEG channels. Although 

the referencing method for the EEG channels does not affect 

the final independent component time courses, as it is linearly 

separable from the data, it will affect the component scalp 

maps. As some of the patients had too few good electrodes or 

an unbalanced electrode distribution, an average electrode 

referencing would not be adequate if one would want to keep a 

standard processing procedure for every patient. Given this, 

the reference channel was arbitrarily kept as the one chosen by 

the electrophysiologist during the acquisition, still allowing 

intra subject quantitative comparisons between scalp maps. 

All resulting independent components were time-frequency 

analyzed by convolving the signal with Morlet wavelets, G, 

which, as a function of time, t, and frequency, f, are given by: 

               
  

   
              (2.3) 

where     t   
-1 2

,  t       f ,  f     and      is the 

„wavelet factor‟. The power of the signal over time and around 

frequency is then: 

                       (2.4) 

where y(t) is the time course of the independent component 

under analysis. 

The resulting power spectra were visually inspected for 

correlations with the time series of ictal events indicated by 

the neurophysiologist. Components with visually detectable 

spectral changes around the time intervals indicated as ictal 

events were used for further analysis. On the sequences where 

no ictal events were detected, all components were further 

analysed.  



 

This analysis consisted on the extraction of five different 

metrics based on the power spectra of the independent 

component. The metrics used were inspired by those proposed 

in (Rosa, et al. 2010) and they are: 

Total power 

                 
    

    
 (2.5) 

Un-normalized root mean square frequency 

                       
    

    
 (2.6) 

Un-normalized mean frequency 

                    
    

    
 (2.7) 

Root mean square frequency 

                           (2.8) 

Mean frequency 

                       (2.9) 

C. fMRI analysis 

 nalysis of fMRI data was performed with FMRIB‟s 

software library, FSL (www.fmrib.ox.ac.uk/fsl), specifically 

using the methods implemented within FEAT. Following 

standard pre-processing procedures, the data were analysed for 

the identification of BOLD signal changes associated with the 

different metrics of interest extracted from the EEG, using a 

General Linear Model (GLM) approach. These metrics were 

then compared in terms of the resulting activation maps. The 

general processing procedure and the EEG metrics comparison 

will now be described in detail. 

1) General processing 

Pre-processing of the fMRI data consisted on the following 

steps. Motion correction was carried out using MCFLIRT 

(Jenkinson, et al. 2002). Slice timing correction was 

performed by using (Hanning-windowed) sinc interpolation to 

shift each time-series by an appropriate fraction of a TR 

relative to the middle of the TR period. This step will be 

important for the estimation accuracy of the HRF‟s delays. 

The brain region extraction was performed using BET (Smith 

2002). All fMRI sequences were temporally high-pass filtered, 

rejecting periods above 100 s. A spatial Gaussian filter with 

FWHM of 8 mm was also applied. 

For statistical analysis, a GLM was generated using the 

regressors of interest extracted from the EEG, as detailed in 

the next sub-section. Six motion parameters were also 

included in the GLM matrix as confounds of no interest, in 

order to account for residual motion jitter not removed by the 

motion correction procedure. The GLM was then fitted to the 

data using the FILM algorithm, which incorporates a robust 

and accurate nonparametric estimation of time series 

autocorrelation to prewhiten each voxel's time series 

(Woolrich, et al. 2001). After the model fit, a t test was then 

applied for the contrasts between the regressors of interest and 

baseline, resulting in a Z (Gaussianised T/F) statistic map for 

each contrast. The Z maps for each subject were thresholded 

using a clustering procedure, whereby each cluster is 

determined by a voxel Z > 2.3 and a (corrected) cluster 

significance threshold P = 0.05 (Worsley 2001). 

2) Testing different EEG metrics 

For each IC of interest and each metric, the corresponding 

time course was convolved with a canonical HRF. The final 

regressors were obtained by re-sampling the data to match the 

middle of the TR for each volume of the fMRI sequences. The 

time derivative of the regressor was also included in the GLM 

matrix in order to allow for uncertainties in the delay of the 

hemodynamic response across the brain. 

For quantitative comparisons between the different EEG 

metrics, the number of voxels of the activation cluster was 

used. 

D. HRF study 

An investigation of the HRF was performed for patient RR, 

whose data exhibited sufficient signal to noise ratio (SNR). 

The goal of the HRF studies performed in this Thesis is the 

identification of the transfer function taking the EEG metric 

under analysis as input and the subject‟s BOLD response as 

output. Two main approaches were taken in these HRF 

studies: pixel-by-pixel methods and region of interest (ROI) 

based methods. Each of these methods will now be presented. 

1) ROI based analysis 

A number of ROI‟s are first defined based on the activation 

clusters combined with functional anatomical criteria. 

ROI definition 

Maps of relevant anatomical regions were identified based 

on MNI‟s anatomical probability maps (Lancaster, et al. 

2007): left frontal lobe, left occipital lobe, left parietal lobe 

and left hippocampus. These maps were transformed into the 

functional space of each fMRI sequence of interest and then 

thresholded at 0.5 probability value. The hamartoma region 

was delineated manually based on the identification of the 

lesion on the patient‟s high-resolution T1-weighted image, and 

was subsequently transformed into the functional space. The 

ROIs were obtained by intersecting each of these maps with 

the thresholded activation maps obtained in each sequence.   

All transformations were achieved using FLIRT (Jenkinson, 

et al. 2002) toolbox. To obtain the transformation matrices 

between the MNI‟s standard space, the anatomical space and 

the functional space, firstly the functional reference image of 

every sequence was registered into the anatomical space using 

a 12 parameter affine model. Afterwards, the anatomical 

image was registered into the standard space using the same 

model. The functional to standard space registration 

corresponds to the sequential application of the 

transformations described. 

Analysis 

In the ROI-based analysis, a BOLD time course, 

representative of a certain region, is obtained by averaging the 

voxels‟ time courses across the ROI and then projecting this 
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average onto the null space of the confounds (the six 

movement parameters). 

The EEG metric time courses were low-pass (anti-aliasing) 

filtered and re-sampled to the fMRI mean volume acquisition 

times. 

The models estimated were a Finite Impulse Response 

(FIR) linear filter, an Infinite Impulse Response (IIR) linear 

filter (deconvolution model) and the biophysical model. The 

estimation procedures will subsequently be described. 

Biophysical model 

The biophysical model used is the one implemented in 

SPM8 (www.fil.ion.ucl.ac.uk/spm/), which results from the 

Balloon Model and describes the changes in blood 

oxygenation, cerebral blood flow and cerebral blood volume, 

as a consequence of the regional increase in brain metabolism 

associated with neuronal activity. The estimation of the model 

parameters was achieved using the expectation-maximization 

algorithm implemented on SPM8 (Friston, Harrison and 

Penny 2003). Tests involving the contraction or relaxation of 

the priors on the biophysical parameters were done by 

multiplying the original prior parameter covariance matrix by 

a constant. 

IIR model 

The IIR model implemented was defined in terms of a 

difference equation, according to which an estimate of the 

BOLD response,      , is given by: 

                 
  
               

  
    (2.10) 

where bi and ak are the IIR filter parameters to be estimated for 

some given nb and na; and r(n) is the regressor time course. 

The estimation of the IIR model was done by the 

minimization, in a least squared error sense, of the energy 

function defined as the error between the predicted BOLD 

response,      , and the observed one,     : 

   
 

 
                 

    (2.11) 

A gradient descent algorithm was applied for the 

minimization of E, as a function of the IIR parameters bi and 

ak. Differentiating Eq. (2.16) in order to ak yields: 
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A similar result is obtained when differentiating E in order 

to bi. Finally, differentiating Eq. (2.15) in order to the IIR 

filter parameters yields: 

 
      

   
               

        

   
 

  
    (2.13) 

and 

 
      

   
             

        

   
 

  
    (2.14) 

The total gradient is computed sequentially, imposing all 

terms and derivatives for       equal to zero for any n < 0. An 

adaptive steps acceleration method (Almeida, et al. 1998) was 

included in the implementation for a faster convergence. The 

initial estimate for the parameters was obtained by considering 

the observed signal,  , equal to the predicted one,   , so that: 

  
  
  
                   (2.15) 

where    and    are the vectors of the IIR parameters,    and    

are matrices of the corresponding lags of the observed BOLD 

and regressor time courses, respectively, and    is the column 

vector of the observed BOLD time course. 

In the present study, the values na=3 and nb=3 were used, 

following the physiologically inspired modelling made in 

(Afonso, Sanches and Lauterbach 2007). 

FIR model 

The FIR model is the most unconstrained approach 

explored for the HRF estimation. The only assumptions made 

are that the stimulus has a limited temporal effect on the 

hemodynamic response observed and that this response is 

linear and time invariant. Also, on the present work, only 

causal HRFs were allowed. 

The estimation of the FIR model was performed by fixing a 

response length, nb, and, once again, minimizing the squared 

residue of the predicted BOLD response and the observed one. 

The estimation procedure is identical to that of the IIR model 

for na equal to zero. For its estimation, only Eq. (2.20) needs 

to be computed as no recursive dependencies from previous 

times of BOLD estimates are present (   and    are empty 

matrixes). This procedure corresponds to a deconvolution 

process. 

2) Pixel by pixel analysis 

Two major HRF modelling approaches were adopted in this 

section: the use of basis functions and the exhaustive search 

on a parameterized space of HRFs. In both cases, the goal was 

to gain insight into the distribution of the time delay and the 

time dispersion of the HRFs across each subject‟s brain.  

Basis functions 

The investigation of haemodynamic features through the 

use of basis functions is based on the linearity of the 

convolution operation. This means that, when using a set of 

haemodynamic explanatory regressors obtained by 

convolution of a set of basis functions with the same EEG 

metric, one single HRF may be derived for each voxel: 

             
 

   
         

 
      (2.16) 

where Hi is the i
th

 element of the set of n basis functions, βi is 

the corresponding GLM estimated coefficient and R is the 

regressor under analysis. For inter-voxel comparisons of 

HRFs, it is convenient to normalize the β coefficients so that 

they are directly comparable with each other: 

   
                 

  
      (2.17) 

This way the normalized HRF for a given voxel is: 

         
              

 
     (2.18) 

In order for a limited, linearly combined, set of basis 

functions to better represent, in a Taylor series expansion 

sense, a non-linearly parameterized HRF, it is convenient to 

„centre‟ it around the mean HRF observed in the dataset under 

study. Specifically, when using a canonical HRF, its time 

derivative and its dispersion derivative, it will be convenient 

for the coefficients of the derivative terms, resulting from the 

GLM fit to the data, to be as close to zero as possible across 

the ROI under analysis. With this rationale, a ROI based 

analysis over all activation maps was performed before 

engaging on studies using basis functions. This way it was 
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possible to build a more data informed basis set. Once the 

HRF was estimated using any of the ROI based methods1), its 

time and dispersion derivatives were computed. All three time 

courses were then convolved with the EEG metric under study 

and resampled to the middle of the TR, resulting in the final 

basis set to be included in the GLM analysis. 

III. RESULTS 

A. EEG analysis 

1) Artefact correction 

The performance of the artefact correction procedures 

employed in this work is illustrated here using event-related 

potential (ERP) images, obtained by triggering the EEG signal 

on the fMRI slice timing events. The corresponding average 

time courses are also shown, for an example channel. The 

presence of signal structure correlated with the slice gradients 

is reflected in high vertical coherence in the ERP images and 

results in high average signal amplitude at specific times. 

The performance of the slice timing identification algorithm 

developed here is illustrated with an example in Figure 1. 

Observing the ERP image on the left, it is clear that the fMRI 

sequence does not maintain a constant time between slices, 

using as reference the EEG ADC clock. After the application 

of the routine developed in this work, one may see a clear 

improvement in the alignment of the MRI slice artefacts, 

resulting in a mean time course of more than four times the 

amplitude of the one not corrected, which reflects the higher 

vertical image coherence achieved. Using the same time 

triggering, after application of the slice gradient artefact 

correction algorithm, the ERP image of Figure 2 is obtained. 

The vertical structure of the image is successfully eliminated.  

Similarly, the balistocardiographic artefact correction 

successfully eliminated the vertical coherence on the ERP 

images triggered on the QRS events (results not shown). 

1) Data decomposition 

The spectrograms obtained with Morlet wavelet 

decomposition of EEG channel F3 and IC ‟s 5
th

 component, 

for sequence 3 of patient RR, are shown in Figure 3. The 5
th

 

IC was selected based on its clear association with the ictal 

time course and channel F3 was the one that contributed most 

to the 5
th

 IC. Spectral changes associated with the ictal events 

are visible in both spectrograms, although with a time shift, 

but these correlations are clearer in the spectrogram obtained 

for the 5
th

 IC. The better co-localization of the IC‟s power 

changes relative to the neurophysiologist‟s markers, not 

achieved by any other single channel, possible reflects the 

effects of ICA decomposition in terms of the separation of the 

ictal activity into a limited number of components. 

B. EEG-fMRI analysis 

In this section, the EEG-fMRI analysis results will be 

shown separately for each patient. The fMRI activation maps 

follow the radiologic convention: the image left side 

corresponds to the patient‟s right, while the EEG IC scalp 

maps follow the neurological convention: the image left side 

corresponds to the patient‟s left. 

 

FIGURE 1:ERP images (top) and corresponding average time 

courses (bottom) of an example channel (F7) triggered on the fMRI 

slice events: using fixed time slice triggers (left) and using the slice 
timing identification algorithm developed here (right).  

 
 

 

 

 

FIGURE 2: ERP images 

(top) and corresponding 
average time courses 

(bottom) of an example 

channel (F7) after fMRI 
gradient corrections and 

triggered on the aligned 

slice events, using the 
EEGLAB-based procedure 

developed here. 

 

 

 

FIGURE 3: Spectrograms of EEG channel F3 (top) and 5 th IC 

(bottom), obtained for sequence 3 of patient RR. The red boxes 
represent the ictal periods marked by the neurophysiologist.  

1) Patient RR 

For patient RR, sequences 3 and 6 will be presented as 

examples, with the former (but not the latter) having been 

marked with ictal events by the neurophysiologist. 

Firstly, in Figure 4, the results obtained for sequence 3 with 

the neurophysiologist‟s regressor are compared with the ones 

obtained with the 10
th

 IC MF regressor. The latter was the 

regressor which yielded the largest activation map for this 

sequence. The broader and more significant activations 

explained by the EEG metric regressor are promptly 

observable, with a maximum Z value of 6.7 and an activation 
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cluster volume of 3472 voxels, which significantly surpass the 

activation explained by the neurophysiologist‟s regressor, with 

a maximum Z value of 4.9 and an activation cluster volume of 

1751 voxels. The average GLM fit across the activation maps 

illustrates the superior prediction of the BOLD signal achieved 

by the EEG metric derived regressor. 

Sequence 3, patient RR 

 10TH IC MF REGRESSOR:  2.3  6.7   

NEUROPHYSIOLOGIST’S REGRESSOR :  2.3  4.9 

 

 

 

Figure 4: Patient RR: Activation Z statistic maps (top) and 

corresponding average time courses  of the BOLD data, together 
with the partial and full model fits (arbitrary units), plotted as a 

function of the volume number (bottom), obtained for sequence 3.  

Secondly, in Figure 5 is presented the activation map 

obtained for sequence 6, which was not identified with ictal 

events by the neurophysiologist. In this case, the regressor 

used was derived from the MF metric applied to the IC 

exhibiting the highest spatial correlation with the 10
th

 IC of 

sequence 3, that is, the 19
th

 IC. The activation map observed is 

generally concordant with the ones obtained for sequence 3. 

Their scalp maps are also presented in Figure 5. 

Summarizing the results for patient RR, in ictal sequence 2, 

10 out of 10 of the pre-selected ICs yielded, for some EEG 

metric, larger activation maps than the neurophysiologist‟s 

regressor (results not presented). For ictal sequence 3, this was 

achieved for 6 out of 9 of the ICs. All of the activation maps 

were generally concordant with each other and with clinical 

expectation. For the sequences of patient RR on which no ictal 

events were identified, the methodology presented was able to 

identify the same brain network that was found on the ictal 

sequences. This was achieved by using regressors with the 

same IC scalp topography as the most relevant ICs for the ictal 

sequences. These findings support the idea of an underlying 

network of functionally connected brain regions, which 

occasionally manifests itself with an ictal character. 

Sequence 6, patient RR 

19TH IC MF REGRESSOR :  2.3  7.5 

        
Figure 5: Patient RR: Activation Z statistic map for sequence 6, 
using the 19 th IC MF regressor  top . IC‟s scalp maps for 10 th IC, 

sequence 3, and 19 th IC, sequence 6 (bottom left and right, 

respectively) (reference channel: FCZ)  

Ictal sequence, patient JQ  

 
 NEUROPHYSIOLOGIST’S REGRESSOR :  2.3   3.8 

12TH IC MF REGRESSOR :  2.3   4.1     

  

FIGURE 10: Patient JQ: Activation Z statistic maps for the 

neurophysiologist‟s regressor and 12 th IC regressor (top). EEG 

scalp map for the 12 th IC (reference channel: FCZ) (bottom).  

1) Patient JQ 

The results for patient JQ are shown in Figure 10. The 

analysis with the neurophysiologist‟s regressor yielded a small 

activation cluster concordant with the anatomical region of its 

presumed epileptogenic focus, in the left parietal lobe left. 

From the analysis with the EEG metric derived regressors, the 

12
th

 IC was selected because it yielded the most concordant 

result. A single activation cluster was obtained, located mostly 

in the parietal lobe, but also extending to the frontal lobe. 

1 2 5 6 10

11 14 18 24

-

+

Subject RR, Sequence 3

IC 19 from Subject RR, Sequence 1

-

+

IC 12 from Subject JQ, Sequence 1

-

+

Neurophysiologist‟s regressor 

10th IC MF regressor 
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When observing the IC scalp map, a frontal oriented dipolar 

structure appears slightly lateralized to the left hemisphere. 

Since the reference channel was FCZ, this cannot be readily 

interpreted as the origin of the electrical activity. Nevertheless, 

the dipolar character of the IC scalp map points towards a non-

artefactual nature of the component.  

2) Patient JB 

The results for patient JB are shown in Figure 11. The 

analysis with the neurophysiologist‟s regressor yielded an 

activation map which was not concordant with the presumed 

epileptogenic focus, in the left temporal pole. From the 

analysis with the EEG metric derived regressors, however, one 

IC presented a map with a significant activation in this region. 

Furthermore, its EEG scalp map displayed a dipolar 

configuration pointing towards the left temporal electrodes 

(reference channel: PZ), which contributes to the plausibility 

of this IC in terms of not being a random positive result. 

Ictal sequence, patient JB  

 
NEUROPHYSIOLOGIST’S REGRESSOR: 2.3   3.9 

 7TH IC RMSF REGRESSOR:  2.3   4.1 

 
FIGURE 11: Patient JB: Activation Z statistic maps for the 

neurophysiologist‟s regressor and  7 th IC MF regressor (top). EEG 
scalp map for the 7 th IC (reference channel: PZ) (bottom).  

Ictal sequence, patient GM   

 
NEUROPHYSIOLOGIST’S REGRESSOR :  2.3   4.0   

4TH IC RMSF REGRESSOR:  2.3   4.5 

 

FIGURE 12: Patient GM: Activation Z statistic maps for the 

neurophysiologist‟s regressor and  4 th IC RMSF regressor (top). 

EEG scalp map for the 4 th IC (reference channel: CZ) (bottom).  

1) Patient GM 

The results of patient GM are shown in Figure 12. The 

analysis with the neurophysiologist‟s regressor yielded an 

activation map concordant with the epileptogenic focus, in the 

inferior left occipital lobe. For the analysis with the EEG 

metric derived regressors, the 4
th

 IC yielded a remarkably 

concordant activation map. In terms of its scalp map, a clear 

dipolar configuration appears towards the left occipital 

electrodes (reference channel: CZ), which is in agreement with 

the activation found in the fMRI data. The higher Z values and 

larger activation maps achieved by the 4
th

 IC RMS compared 

to the neurophysiologist‟s regressor should also be noted. 

 

 
Figure 6: Estimated HRF (top) and corresponding observed and 

estimated BOLD time courses (bottom), obtained using: 

Biophysical Model (blue), IIR filter (green) and FIR filter (cyan). 

The dashed grey line is the ROI‟s observed BOLD time course. 
Results displayed for sequence 3, patient RR, 10 th IC MF regressor.  

 

FIGURE 7: HRF estimates for different anatomic ROIs, as well as 

the whole activation map, obtained using: IIR filter (top left), FIR 

filter (top right) and Biophysical Model (bottom left), for sequence 
3, patient RR, 10th IC MF regressor.  

A. RR HRF studies 

The results of the HRF study for sequence 3 of patient RR 

will be presented here. 

The HRF estimates and resulting BOLD time course 

obtained using the IIR, FIR and biophysical models, for the 

whole activation map, are shown in Figure 6. Wider HRFs and 

better BOLD time course predictions are obtained with the 
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more unconstrained methods (FIR and IIR) than with the 

biophysical model. The HRF estimates obtained with the same 

methods for the anatomical ROIs (left frontal lobe, left 

hippocampus, left occipital lobe, left parietal lobe and 

hypothalamic hamartoma) are shown in Figure 7. 

 

Figure 8: HRF basis set, derived from IIR filter model estimation 

of sequence 3, patient RR, 10th IC MF regressor. “Centre” HRF 
(blue), time derivative (green) and dispersion derivative (red).  

Sequence 3, patient RR - ROI derived Basis Function 

    

Figure 9: Distribution of the normalized β2 and β3 across the brain 
(top), using the colormap in the top left corner . Example HRFs, 

translating the colormap into HRF shapes (bottom left). Scatter plot 

representing all voxels (black: frontal lobe; red: occipital lobe; 
cyan: parietal lobe; green: hippocampus and blue: hamartoma) 

(bottom right).  

For the basis functions approach, the set of functions, 

presented in Figure 8 and obtained based on the IIR estimates 

for the whole activation map, was used. 

Figure 9 summarises the results obtained by this approach. 

The normalized fit parameters β2 and β3 are mapped across the 

brain: higher values for β2 represent earlier HRFs and are 

coded with purple/blue colours and higher values for β3 

represent sharper HRFs and are coded with green/blue colours. 

Regional variations of the (β2, β3) values are visible: the 

superior frontal lobe presents earlier and sharper HRFs than 

the „centre‟ basis function  displaying bluish shades ; the left 

hippocampus presents a cluster of green voxels representing 

sharper and later HRFs; the occipital lobe exhibits a more 

homogeneous cluster displaying whiter shades, corresponding 

to HRFs close to the centre basis function. The scatter map of 

(β2, β3) values in each voxel, as a function of anatomical 

region, shows the dispersion of the HRF parameters, not only 

between but also within the anatomical regions. This 

variability is naturally reflected in the ROI based analysis. 
 

IV. DISCUSSION 

In this work we have addressed the issues of the transfer 

function between EEG and fMRI data in epileptic seizures, 

with the goal of describing the underlying brain networks and 

respective dynamics. This information was subsequently used 

to investigate the associated haemodynamic response function 

for one of the patients.  

In the approach proposed here, the EEG data underwent 

pre-processing including fMRI artefact correction, followed 

by ICA decomposition and Morlet wavelets spectral analysis. 

Five different metrics were extracted from each IC spectrum, 

convolved with a canonical HRF and entered into a GLM for 

analysis of the simultaneously recorded fMRI data. The 

resulting activation maps were compared with the ones 

obtained using the conventional boxcar seizure definition by 

the neurophysiologist, in terms of their consistency (overlap) 

and their statistical significance (quantified using the number 

of activated voxels and the maximum Z score).  

In general, for all four patients studied, it was possible to 

identify at least one IC and one metric, in each patient, that 

produced regressors yielding activation maps in agreement 

with the clinical expectation for the seizure propagation 

network and which predicted the observed BOLD signal better 

than the neurophysiologist‟s regressor (hence producing larger 

and more significant activation maps). The scalp maps of the 

corresponding ICs showed a good spatial correlation with the 

activation maps obtained from the fMRI analysis, which 

suggests a non-artefactual nature. 

Our results consistently show superior performance of 

frequency-weighted EEG metrics, in support of the heuristic 

model proposed by Kilner (Kilner, et al. 2005). However, we 

could not find a superior BOLD prediction power of the 

normalized metrics when compared with the un-normalized 

ones, as was reported by Rosa and colleagues (Rosa, et al. 

2010) in a visual stimulation experiment. When interpreting 

the results in light of the heuristic model, the power 

normalization factor comes un-accounted, as increases in 

neuronal activity are modeled as accelerations in neural 

dynamics, resulting in an increase of the root mean square 

frequency of the EEG spectrum, maintaining the total power 

constant. No account is made in terms of alterations of 

synchrony or number of active units, which would be reflected 

in the EEG total power. This way, the results presented do not 

contradict the model proposed; however unveil one of its 

limitations. 

In terms of the limitations of the proposed approach, the use 

of ICA decomposition of the EEG during seizures may be 

questionable, because the assumption of the spatial stationarity 

of the sources may not be verified due to the propagation of 

ictal activity. However, no evidence could be found for such 
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non-stationarity, which was previously reported as very 

unlikely (Debener, et al. 2010). Nevertheless, our results 

indicate that ICA may be a useful tool for the separation of 

epileptic activity from background neuronal activity as well as 

residual artefacts not fully corrected by the EEG pre-

processing. 

An additional remark on the EEG ICA incorporation in 

fMRI analysis is its data-driven character on the EEG analysis 

plane and its model-based inclusion in the fMRI analysis. This 

way, the hemodynamic changes observed in fMRI are 

representative of EEG time courses whose topographies are 

known and may be interpreted along with the time signal by 

the neurophysiologist. A limitation of this approach is related 

with the bias of the EEG towards superficial cortical activity, 

which possibly precludes the identification of hemodynamic 

changes not correlated with some superficial cortical activity. 

Regarding the HRF estimates obtained for patient RR, the 

most striking feature was the large dispersion of the temporal 

responses yielded by the IIR, FIR and pixel-by-pixel based 

approaches, which was significantly deviated from the 

standard values of the biophysical model parameters.  

The basis functions approach led to some insight into the 

distribution of the HRF delay and dispersion features across 

the patient‟s brain.   first result was the heterogeneity of the 

HRF shape, not only between but also within brain areas, 

which could not be appreciated in the ROI based analysis due 

to the averaging of BOLD time courses in the anatomical 

driven regions. In fact, these exhibited some degree of HRF 

variability within themselves. The emergence of zones of 

higher HRF homogeneity appeared with some significance, as 

subgroups of the previously described anatomical ROIs.  

The major limitation of the work presented in the Thesis is 

the small size and heterogeneity of the patient population 

studied, as well as the generally poor SNR of the data. 

However, these are precisely the major difficulties in the 

analysis of seizures using EEG-fMRI and our results provide 

clear directions for improving the integration of the two types 

of data in a potentially clinically useful way. Of course the 

proposed methodologies need to be validated. In a first 

approach, the validity of the ICs selected for fMRI analysis 

could be evaluated by comparing their scalp maps with the 

ones obtainable from the ictal EEG performed outside the 

MRI scanner (and hence without the contamination by 

artefacts). This approach is intended to be pursued in future 

work. Also an interesting validation approach would be source 

analysis upon the EEG data, confirming the apparent spatial 

correlation between both modalities. However, this falls out of 

the scope of this work. Naturally, the only conclusive 

validation of the networks identified by our approach would 

have to be obtained from more direct measures of seizure 

activity, such as the ones obtained by intra-cranial recordings 

(Vulliemoz, et al. 2011).  

V. CONCLUSION 

This work presented a new approach to EEG-fMRI data 

integration in the field of epilepsy. The methodology allowed 

better descriptions of the hemodynamic changes associated 

with ictal events, yielding plausible broader and more 

significant activation maps than the regular binary event 

description approach. Also, a hemodynamic response study 

was performed for one patient providing insight into the 

haemodynamic variability across the brain. 
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