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Abstract

There is growing evidence for the benefits of simultaneous EEG-fMRI as a non-invasive localising tool in the
presurgical evaluation of epilepsy. However, many EEG-fMRI studies fail due to the absence of interictal epileptic
discharges (IEDs) on EEG. Here we present an algorithm whichmakes use of fMRI as sole modality to localise the
epileptogenic zone (EZ). Recent studies using various model-based or data-driven fMRI analysis techniques showed
that it is feasible to find activation maps which are helpful in the detection of the EZ. However, there is lack of evidence
that these techniques can be used prospectively, due to (a) their low specificity, (b) selecting multiple activation maps,
or (c) a widespread epileptic network indicated by the selected maps. In the current study we present a method
based on independent component analysis and a cascade of classifiers that exclusively detects a single map related to
interictal epileptic brain activity. In order to establishthe sensitivity and specificity of the proposed method, it was
evaluated on a group of 18 EEG-negative patients with a single well-defined EZ and 13 healthy controls. The results
show that our method provides maps which correctly indicatethe EZ in several (N = 4) EEG-negative cases but at
the same time maintaining a high specificity (92%). We conclude that our fMRI-based approach can be used in a
prospective manner, and can extend the applicability of fMRI to EEG-negative cases.

Keywords: presurgical evaluation, fMRI, ICA, LS-SVM

1. Introduction

Epilepsy, the second most common neurological dis-
order after stroke, occurs in over 0.5% of the world
population (De Boer et al. (2008)). It is a chronic neu-
rological disorder characterised by recurrent epileptic
seizures (Blume et al. (2001)). A seizure is defined as
the transient occurrence of signs and/or symptoms due
to abnormal excessive or synchronous neuronal activity
in the brain (Fisher et al. (2005)).

Approximately 30% of epilepsy patients are non-
responsive to anti-epileptic drugs (Engel (1996)), a con-
dition called refractory epilepsy, and continue to suffer

∗Corresponding authore-mail: bhunyadi@esat.kuleuven.be,tel.:
+32 16 32 17 99fax: +32 16 32 19 70

from seizures. As their quality of life is seriously com-
promised, surgical resection can be considered.

The final goal of the presurgical evaluation is to de-
lineate the epileptogenic zone. The definition states that
the total resection or disconnection of the epileptogenic
zone is necessary and sufficient for seizure freedom
(Rosenow and L̈uders (2001)). However, the epilepto-
genic zone is a hypothetical region, i.e. there is no di-
agnostic modality which can directly delineate it. One
has to infer to its location indirectly by defining several
other relevant zones, which are involved in generating
the epileptic disorder or its electrographical and clinical
symptoms. The area in the cortex generating interictal
epileptiform discharges is called the irritative zone. The
portion of the irritative zone which produce repetitive
spikes strong enough to cause clinical symptoms is the
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seizure onset zone. It often provides an accurate defini-
tion of the EZ, however, the latter may be less or more
extensive in some cases. In this study we use the irrita-
tive zone as a surrogate for the EZ, hence, we will use
these terms interchangeably.

Since the 1950s ictal EEG recordings are routinely
used and still remain the gold standard for defin-
ing the seizure onset zone (Panayiotopoulos (2005);
Rosenow and L̈uders (2001)) and it has a localizing
power in about 70% of cases (Foldvary et al. (2001)).
However, as seizures occur infrequently compared with
interictal epileptic discharges, presurgical evaluationre-
lying on ictal recordings is a time consuming procedure.
Seeking an alternative, many researchers have been in-
vestigating the utility of EEG-correlated fMRI analysis
(Gotman et al. (2006); Salek-Haddadi et al. (2006)). Si-
multaneously recorded EEG-fMRI during interictal pe-
riods potentially provides high spatial and temporal res-
olution information on the irritative zone. Its clinical
utility within presurgical evaluation has been demon-
strated in several studies. It can improve source local-
isation in complex cases, such as an unclear focus on
EEG or presumed multifocality (Zijlmans et al. (2007)).
Moreover, some studies suggest that certain EEG-fMRI
activation patterns in focal epilepsy may be an indicator
of surgical outcome (An et al. (2013); Thornton et al.
(2011)). Both a high sensitivity and high specificity
is crucial for the clinical implementation of this tech-
nique. In a recent study we have formulated a guide-
line for different analysis and interpretation settings for
spike-related EEG-fMRI (Tousseyn et al. (2014a)). It
was shown that the unique cluster containing the max-
imal significant BOLD activation is a sensitive (57%)
and specific (100%) marker of the EZ.

Despite the promising advances in the field, 40-70%
of EEG-fMRI studies fail today, due to the absence
of interictal discharges in the EEG, or the lack of sig-
nificant BOLD signal changes correlated to their tim-
ing (Grouiller et al. (2011)). A promising approach to
resolve this issue is the automatic marking of EEG
events presumably related to the activity of the epilep-
tic source based on patient-specific topographic maps
(Grouiller et al. (2011)). Although hemodynamic corre-
lates of such scalp maps were reported in the majority of
previously inconclusive cases, the proposed technique is
not specific for epilepsy related activity (Tousseyn et al.
(2014b)). The specificity, and, therefore, the clinical
applicability can be improved by taking into account
the morphological characteristics of the patient-specific
spike template as well (Tousseyn et al. (2014b)). Never-
theless, epileptic activity of deep structures remain un-
detected in EEG, moreover, severe artefacts related to

the magnetic field of the scanner hinder the interpre-
tation of the recordings. Although several techniques
exist to reduce these artefacts, still, the manual mark-
ing of epileptic events requires a high level of vigilance
(Nonclercq et al. (2012)), it is a time-consuming and
subjective procedure (Zijlmans et al. (2007)). There-
fore, techniques which can infer to the localization of
the epileptic sources solely based on fMRI without the
need of EEG information are highly desirable.

The first such algorithm, temporal clustering anal-
ysis (TCA) (Morgan et al. (2004)) aimed to detect ir-
regular, transient fMRI activation signals. Unfortu-
nately, this method was not only sensitive to interic-
tal epileptic discharges, but to motion artefacts and
physiological noise (Hamandi et al. (2005)). There-
fore, an improved technique, called 2dTCA was devel-
oped (Morgan et al. (2008)), which is capable of de-
tecting multiple timing patterns of transient BOLD ac-
tivations. However, only limited evidence was pre-
sented from real epileptic fMRI signals to validate the
method. More extensive validation and better perfor-
mance was reported by (Lopes et al. (2012)) using an
algorithm based on the activelet representation of the
fMRI time course. Activelets are a recently devel-
oped wavelet basis (Khalidov et al. (2011)), constructed
based on the linear approximation of the balloon model
(Buxton et al. (1998)) of the hemodynamic response
function. As such, the BOLD signal in response to a
transient neural activation is sparsely represented in this
basis. After estimating the timing of transient neural ac-
tivation, voxels showing similar activity were gathered
using spatiotemporal clustering. The cluster with the
sparsest temporal pattern successfully identified epilep-
tic BOLD activations (Lopes et al. (2012)).

The above model-based techniques rely on the as-
sumption that spikes have sparse, transient behaviour.
However, some patients show up to 2000 spikes per
hour (Tousseyn et al. (2014a)), i.e. these model assump-
tions do not always hold. Data-driven approaches such
as independent component analysis (ICA) are more flex-
ible and potentially perform well under various circum-
stances. Moreover, ICA-based techniques have the ad-
vantage of adaptively handling artefacts, capturing them
in individual components.

Independent component analysis has been applied
to ictal (Hunyadi et al. (2013); Leite et al. (2013);
LeVan et al. (2010); Thornton et al. (2010)) and in-
terictal (Leite et al. (2013); Moeller et al. (2011);
Rodionov et al. (2007)) fMRI time series. Although
independent components (ICs) can be automatically
sorted (Rodionov et al. (2007); Thornton et al. (2010))
into BOLD-related or various artefact-related groups
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using supervised classification (De Martino et al.
(2007)), the epileptic IC still has to be identified in a
retrospective manner, or based on the simultaneously
recorded EEG.

In a previous study (Hunyadi et al. (2014)) we pre-
sented a novel approach to fully automate this pro-
cedure to select the epileptic IC from EEG-positive
cases, i.e in cases where interictal spikes were vis-
ible on the simultaneously recorded EEG. However,
the proposed method is especially beneficial in patients
where no interictal discharges are visible in the EEG.
In Hunyadi et al. (2013) we have shown that epileptic
ICs can be found in such EEG-negative cases as well.
Therefore, the goal of the current study was to vali-
date the proposed method in a group of EEG-negative
patients. Aiming for a prospective technique which is
applicable in clinical practice, we put an emphasis on
developing a highly specific method. Therefore, our
technique is designed to be exclusive, rather than in-
clusive in contrast with a recent approach based on ICA
(Zhang et al. (2014)).

The paper is organised as follows. In section 2.1 the
patient dataset and the data collection is described. In
2.2 we give an overview about the proposed method-
ology. Detailed explanation, i.e. the features extracted
to characterise the fMRI ICs and the supervised classi-
fication approach used to select the epileptic ICs, fol-
lows in sections 2.3 and 2.4. Subsequently, section 2.5
discusses the interpretation of the resulting maps and
the criteria to evaluate our results. Section 3 presents
the outcome of the automatic selection method in EEG-
negative patients and in a group of healthy controls. Fi-
nally, section 4 and 5 are devoted to discussion and con-
clusions.

2. Materials and Methods

2.1. Data collection
For the purpose of this study patient data were in-

cluded based on the following criteria: (1.1) consec-
utive adults who underwent a full presurgical evalua-
tion for refractory focal epilepsy between August 2010
and November 2013, (1.2) concordant data pointing to
one epileptic focus using all presurgical investigations
except EEG-fMRI, and (1.3) good surgical outcome
(ILAE 1-3) 1 with at least 6 month follow-up. For in-
cluding patients in the training set for the ICA selection

11, completely seizure-free; 2, only auras; 3, one to three seizure
days per year auras; 4, four seizure days per year to 50% reduction of
baseline seizure days auras; 5,< 50% reduction of baseline seizure
days to 100% increase of baseline seizure days auras; 6, more than
100% increase of baseline seizure days auras)

algorithm, additional criteria were applied, namely (2.1)
interictal epileptic discharges were present on the EEG,
(2.2) the outcome EEG-informed fMRI was in agree-
ment with the result of the presurgical work-up based
on all other imaging and diagnostic data, and (2.3) no
brain-deforming lesions were present. The algorithm
was tested on a dataset including patients based on the
following criteria additional to 1.1-1.3: (3.1) no interic-
tal epileptic discharges were present on the simultane-
ously recorded EEG.

The final training set and test set consisted of the in-
terictal fMRI time series of 12 and 18 patients, respec-
tively.

In addition, fMRI data from 13 healthy individuals
were recorded and included in the study as well, in order
to assess the behaviour of the proposed method in the
absence of epileptic activity.

For practical reasons, the number and length of the
fMRI runs (recording sessions) varied among patients.
In case there were multiple or long runs, only the first
270 consecutive images of the first run of the train-
ing patients and healthy control subjects were included
in the dataset. This is particularly important for the
training phase, in order to avoid that the algorithm gets
biased towards characteristics of patients where larger
amount of data was available. For test subjects all avail-
able runs comprising 270 images were included.

Functional images were acquired using a whole-brain
single-shot T2* Gradient-Echo Echo Planar Imaging se-
quence in one of two 3 Tesla MR-scanners (Achieva TX
with a 32-channel head coil and Intera Achieva with an
8-channel head coil, Philips Medical Systems, Best, The
Netherlands); echo time = 33 ms, repetition time 2.2-2.5
s, voxel size: 2.6 x 3 x 2.6 mm3.

All fMRI images were realigned, slice-time cor-
rected, normalised to MNI space using the coregistered
high-resolution structural scan (resampled voxel
size 2 x 2 x 2 mm3) and spatially smoothed with
an isotropic Gaussian kernel of 6 mm full width at
half maximum using statistical parametric mapping
(SPM8, Wellcome Department of Imaging Neuro-
science, University College London, UK; available
at http://www.fil.ion.ucl.ac.uk/spm/).
Subsequently, EEG-correlated fMRI analysis was
performed in the EEG-positive cases within the general
linear model (GLM) framework. The timing of the
preponderant IEDs convolved with the canonical
hemodynamic response function (provided in SPM8)
was used as a regressor of interest. The six rigid-body
motion correction parameters, the fMRI signal averaged
over the lateral ventricles, and the signal averaged over
a region within the white matter were included as
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confounding covariates. The activation maps were
thresholded at a significance level ofp < 0.05 with
family wise error correction.

2.2. Blind selection method: overview

The methodology used in this study and preliminary
results on EEG-positive cases have been presented in
(Hunyadi et al. (2014)). Below we explain in more de-
tail the various steps and most important considerations
of the methodology. A flowchart depicting the various
steps involved in the proposed algorithm is shown in
figure 1.

As a first step, ICA was performed on the fMRI time
series. Consecutively, a cascade of two classifiers was
applied. The first discrimination stage discarded the ICs
related to artefacts. This stage is denoted byFeature ex-
traction 1 and Classification 1steps in the flowchart.
Afterwards, using the second classifier, involvingFea-
ture extraction 2andClassification 2steps, the epileptic
IC was selected from the remaining reduced set of ICs
consisting of BOLD signal related ICs. Finally, local-
isation information was retrieved from the spatial map
corresponding to the selected epileptic IC.

The Fix plug-in of the FSL toolbox
(http://fsl.fmrib.ox.ac.uk/fsl/fslwiki/FIX)
was used to perform the ICA, theFeature extraction 1
and theClassification 1steps, which aim to discrim-
inate between BOLD and artefact related ICs. The
number of independent components was automatically
estimated within the toolbox using Bayesian dimen-
sionality estimation. Detailed explanation about the
extracted features and the applied machine learning
technique is given in (Salimi-Khorshidi et al. (2014)).
Our contribution is the development of the features
and the classifier for the second discrimination step
(Feature extraction 2and Classification 2steps) in
the cascade. These steps are elaborated upon in the
following sections.

2.3. Feature extraction

In this section we describe and motivate the measures
computed within theFeature extraction 2step.

The goal of this study was to automatically select
epileptic independent components which can be of use
in presurgical evaluation in a prospective manner. In
(Hunyadi et al. (2013)) we argued that there might ex-
ist multiple epileptic sources, which correspond to par-
tially overlapping parts of the epileptic network and re-
flect different aspects of epileptic activity. However,
the clinically most relevant finding would be the auto-
matic recognition of a single epileptic IC. Furthermore,

Figure 1: The proposed algorithm for automatic localisationof the
EZ involves several steps. First, ICA is performed on the fMRItime
series. Consecutively, a cascade of classifiers is applied.First, in the
Feature extraction 1and Classification 1steps, artefact related ICs
are discarded as described in (Salimi-Khorshidi et al. (2014)). Af-
terwards, in theFeature extraction 2andClassification 2steps, the
epileptic IC is selected from the remaining reduced set of BOLD re-
lated ICs (Hunyadi et al. (2014)). Finally, localisation information is
retrieved from the spatial map corresponding to the epileptic IC.
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for the prospective use of the proposed technique it is
important that the selected IC unambiguously points to
a single brain region, which, consequently, can be at-
tributed to the EZ. Therefore, we concentrate on charac-
teristics which are particular to such ideal components.
Moreover, we reason that the fMRI ICs remaining af-
ter the first classification step are expected to corre-
spond to either epilepsy related or to resting state net-
work (RSN) related sources. Accordingly, the extracted
features should reflect characteristics which are system-
atically different among ICs belonging to these groups.
Based on these considerations, the following features
were extracted from the fMRI ICs. For the exact defini-
tion of these features, see Appendix.

Number of clusters.Suprathreshold voxels in the spa-
tial map corresponding to an IC are spatially organised
in one or more clusters. The number of clusters in an
epileptic IC is ideally 1, corresponding to the EZ. In
contrast, various RSNs consist of multiple active re-
gions.

Asymmetry.The EZ of a unifocal epilepsy patient is
usually restricted to a region in strictly one hemisphere,
thus, will show asymmetry. In contrast, RSN compo-
nents in general involve bilateral regions and, as such,
are more symmetric.

Sparsity in activelet basis.Activelets are a dictionary
of wavelet basis functions which were developed specif-
ically in order to fit the characteristics of the BOLD
signal in response to a sparse, transient neural event
(Khalidov et al. (2011). As such, signals compris-
ing sparse transient events, such as interictal epileptic
spikes, will have sparse representation in the activelet
basis.

Sparsity in sine dictionary.The time course of resting
state networks is characterised by low-frequency (0.01-
0.1 Hz) fluctuations (Cordes et al. (2001)). Therefore,
they are expected to have a sparse representation in a
sine dictionary restricted to this frequency band.

We have investigated the discriminative power of
these features in (Hunyadi et al. (2014)). We showed
that these features show significant (p< 0.05, asymme-
try, sparsity in activelet and sine basis) or marginally
insignificant (p < 0.1, number of clusters) differences
across the epileptic and non-epileptic BOLD ICs.

2.4. Classification

In this section we describe and motivate the machine
learning approach used in theClassification 2step.

Based on the above extracted features, a least-
squares support vector machine (LS-SVM) classifier
was trained to differentiate between epileptic and non-
epileptic ICs. The class of epileptic ICs consisted of
the ICs of EEG-positive patients showing the largest
overlap with the cluster containing the maximally ac-
tivated voxel in the GLM-based fMRI activation map in
each patient. It has been shown that the cluster contain-
ing the maximal significant activation identifies best the
EZ in a widespread interictal network obtained using
GLM (Tousseyn et al. (2014a)). In addition, ICs which
showed at least 10% overlap with the same cluster and
significantly correlated in time with the occurrence of
the IEDs, were also included in the epileptic class. All
other ICs of EEG-positive patients were included in the
class of non-epileptic ICs.

Note that our final goal is to select an IC which indi-
cates the EZ, nevertheless, we chose to define the train-
ing examples based on the GLM-based activation maps
and not based on the surgical resection zone for the fol-
lowing reason. In this study interictal processes were
recorded in the fMRI. We do expect that the fMRI-based
maps will contain the EZ, but perfect overlap is unlikely.
The GLM-based fMRI maps provide a more reliable im-
age of how the epileptic ICs should look like.

Recall that LS-SVM takes decisions according to:

y(x) = sign(wTϕ(x)+b), (1)

with y(x)∈ {−1,1} are the class labels (non-epileptic
and epileptic, respectively),x contains the extracted fea-
tures for each IC,w is a weighting vector,b is a bias
term andϕ is a feature mapping. Note that this formula
might assign multiple ICs to the epileptic class, how-
ever, we were interested in selecting exactly one epilep-
tic IC in each patient. Therefore, we modified the deci-
sion function as follows:

y(xi)=

{

1 if argmaxx(wTϕ(x)) = i andwTϕ(x)+b> 0

0 otherwise.
(2)

The epileptic ICs were classified for each patient indi-
vidually, therefore, at most one IC was selected in each
patient. The valueswTϕ(x) determine a ranking of the
ICs, the highest value corresponding to the IC which
resembles most the epileptic ICs in the training data.
In case this value exceeded the threshold−b, the first
ranked IC was selected as epileptic. Otherwise, if no
IC showed enough resemblance to the training epileptic
ICs, no selection was made.

There are a few parameters to choose prior to clas-
sifier training. First, an optimal threshold value has to
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be determined for the first classification step (artefact
vs. BOLD using the FIX toolbox). As the outcome
of this classification is a probability that each IC be-
longs to one class or another, this threshold represents
a trade-off between rejecting bad components and keep-
ing good ones. A higher threshold will reject more com-
ponents, therefore, the second classification step will
have to differentiate between fewer components. Fur-
thermore, a feature mapping or kernel function has to be
chosen for LS-SVM. We have considered both a linear
and an RBF-kernel. These parameters were determined
in a leave-one-patient-out crossvalidation setting using
the training data, optimised for accuracy. The optimal
choice turned out to be a conservative threshold of 40
(Salimi-Khorshidi et al. (2014)) for the FIX classifica-
tion step, and a linear kernel for the second classifier.

Using these parameter choices, the classifier was re-
trained using all EEG-positive cases and then applied on
all EEG-negative cases.

2.5. Evaluation criteria

Interpretation of the resulting maps.The selected IC
maps were interpreted as follows. First, the voxel val-
ues in each spatial map were converted to z-scores, by
subtracting the mean of all voxel values and dividing
these by their standard deviation. Then, the z-scored
maps were thresholded at 5, a value as established in
(Hunyadi et al. (2013)) using a partially independent
patient group (5 and 7 overlapping training and test pa-
tients, respectively). Finally, only clusters containing
at least 100 voxels were retained. This threshold was
set in order to match the value used in the definition of
our feature ”‘number of clusters”’ (see Appendix). The
spatial maps obtained in this way were categorised as
follows:

1. Informative: In order to call an IC map informa-
tive, the following criteria had to be met. The
IC had to contain a single cluster inside the brain.
Moreover, if ICs were selected from multiple runs
of the same patient, these had to point to the same
anatomical region. In other words, all selected ICs
of all sessions had to be concordant in order to
come to a conclusion. Agreement of the selected
ICs across sessions was determined visually, based
on whether the suprathreshold clusters point to the
same anatomical region (e.g. left mesial temporal
lobe / insula / right occipital lobe, etc.) In case
there was a selection in one session and no se-
lection in another session, this was considered in-
formative: no selection only means that there was
no detectable epileptic activity during that specific

session either due to the lack of activity, or due
to low sensitivity. Nevertheless, such maps un-
ambiguously suggest a certain epileptogenic zone,
which could be used in the presurgical evaluation.
Within the informative category, the maps were as-
signed to either of the groups below:

(a) Correct: The epileptogenic zone suggested
based on the selected ICs was concordant
with the actual resection zone.

(b) Misleading: The epileptogenic zone sug-
gested based on the selected ICs was not con-
cordant with the actual resection zone.

2. Non-informative: In case a map did not meet the
criteria to be informative, it was assigned to the
non-informative category. More specifically, non-
informative ICs were the ones which contained
multiple clusters or a cluster outside the brain. Fur-
thermore, if ICs were selected from multiple runs
of the same patient and these pointed to differ-
ent anatomical regions, the results are also non-
informative. Such maps are ambiguous, therefore,
can not be interpreted within the presurgical evalu-
ation independently from other modalities.

Note that the categoriesinformative and non-
informativewere determined prospectively. However,
correctandmisleadingcategories were determined ret-
rospectively, and serve the purpose of evaluating our re-
sults.

Evaluation measures.Based on the above interpreta-
tion of the maps, the following measures for binary clas-
sification were established:

• true positive (TP): number of patients where a cor-
rect IC was selected

• false negative (FN): number of patients where a
misleading, a non-informative or no selection was
made

• true negative (TN): number of healthy controls
where no selection was made

• false positive (FP): number of healthy controls
where a selection was made

Subsequently, the evaluation measures for binary
classification were computed:

• accuracy:ACC= TP+TN
TP+TN+FP+FN

• sensitivity:SENS= TP
TP+FN

• specificity:SPEC= TN
TN+FP
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3. Results

ICA extracted an average of 57.7± 7.3 components
over all runs of all test patients. The first classification
step rejected 63% of components, therefore, on average
21.2±6.1 BOLD signal related components remained.

During the second classification step a selection was
made in 11 out of 18 test patients. The selected IC was
informative, i.e. consisted of 1 suprathreshold cluster
inside the brain, in 4 cases. These maps are shown in
Figure 2 in yellow. In case of patient 1, where a selec-
tion was made in 2 runs, the second selected IC is shown
in green. Notably, these 2 maps show very high similar-
ity. In all 4 cases the selected IC was correct, i.e. it
was concordant with the resection zone. The resection
zone of patient 11, delineated based on the postoper-
ative MRI, is shown in red. The overlap between the
selected map and the resection zone is shown in orange.
No post-operative MRI was available for patients 1, and
12. In these cases surgical resection in the left and right
temporal lobe was reported, respectively.

No misleading maps were selected.
In 7 cases the selected ICs were not informative.

In patient 4 the selected IC consisted of a single
suprathreshold cluster outside the brain, as shown
on Figure 3c. In 6 further cases2, in patients 6, 7,
8, 10, 14 and 17, the selected IC maps consisted of
several clusters. Interestingly, these maps were very
similar to each other and showed activity in areas
known to be part of the executive control network
(ECN) (Shirer et al. (2012)). Interestingly, the indi-
vidual maps were highly lateralised ipsilateral to the
resection zone, except for patient 17. Group average
maps, obtained by taking the mean of the voxel
values over all the left and right lateralised maps, are
shown in Figure 3a and 3b, respectively. For com-
parison, atlases of the left and right ECN, available at
http://findlab.stanford.edu/research,
are also visualised.

A summary of the patient-by-patient outcomes for the
test patients are shown in Table 1.

A selection was made in 1 out of 13 control subjects.
The selected map is shown in Figure 3d. The map was
selected probably due to the fact that it is highly later-
alised.

Quantitatively speaking, the proposed method
reaches an accuracy of 51,6%, a sensitivity of 22% and
a specificity of 92% on the test group of EEG-negative
patients.

2A selection was made in 2 runs in patients 6, 8 and 10.

4. Discussion

We proposed a novel approach for determining the
epileptogenic zone in the presurgical evaluation of
epilepsy, based on fMRI as a single modality.

The proposed method delivered 4 informative maps
in 18 patients (22% sensitivity). All 4 maps correctly
pointed to the epileptogenic zone, i.e. a successful sur-
gical resection had been performed in the same region
based on a complementary presurgical evaluation, ren-
dering the patients seizure free. Although an indication
was formulated in only a relatively small percentage of
cases, our method has significant advantages. It is com-
pletely automatic as only a single IC map is selected,
and only unambiguous maps indicating a single region
of epileptic activity are taken into consideration.

We compared our results with the reported per-
formance of two recently developed algorithms,
the activelet-based spatiotemporal clustering method
(Lopes et al. (2012)) and another ICA-based approach
(Zhang et al. (2014)). Although the results are not di-
rectly comparable as they were obtained on different
datasets, some essential aspects are worth to consider.
The ICA-based method (Lopes et al. (2012)) performs
very well in EEG-positive cases. However, only limited
validation was available for EEG-negative runs. In 5
runs without events on the EEG recorded in 2 patients, 3
maps provided concordant results with the patients’ di-
agnostic, while 2 maps did not. The question arises how
to handle contradictory activation maps from different
runs of the same patient. The method (Zhang et al.
(2014)) was validated on 10 patients where only fMRI
data was recorded. A selection was made in 9 patients, 7
of which were concordant with the patients’ diagnostics.
However, besides the concordant epileptic map some
discordant maps were also selected in 3, rendering these
cases non-informative. Therefore, (Zhang et al. (2014))
reaches an accuracy of 40% compared to 52% in our
method. Furthermore, the proposed method selected po-
tentially epilepsy related maps in 3 out of 7 healthy con-
trols in resting state. This corresponds to a specificity of
57% compared to 92% in our approach. Moreover, in
both (Lopes et al. (2012)) and ((9(Zhang et al. (2014))
the selected epileptic maps contained multiple activa-
tion clusters. This means that the epileptogenic zone
could not be objectively defined based on the selected
maps. Although the sensitivity of our method was rel-
atively low, our approach was more specific and fully
objective, therefore, it can potentially be used prospec-
tively as opposed to the methods proposed in the above
papers. Moreover, we would like to emphasise that the
goal of the proposed approach is not to replace tradi-
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(a) Patient 1 (b) Patient 11

(c) Patient 12 (d) Patient 13

Figure 2:Informative IC maps selected in patients.In 4 cases the selected IC was informative and concordant withthe resection zone. The selected
IC maps are shown in yellow. In case of patient 1, where a selection was made in 2 runs, the second selected IC is shown in green.The resection
zone of patient 11, delineated based on the postoperative MRI, is shown in red. The overlap between the IC map and the resection zone is shown
in orange. No postoperative MRI was available for patients 1and 12. In these cases surgical resection in the left temporallobe and right temporal
lobe was reported, respectively.
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Table 1: Detailed information about the diagnostics, imagingresults, fMRI recordings and the outcome of the proposed method for the EEG-negative patients. The following abbreviations are
used in the table. n.a.: not available; HS: hypocampal sclerosis; FCD: foal cortical dysplasia; DNET: dysembryoplastic neuroepithilial tumor

Patient Resection Zone Structural lesion SISCOM FDG-PET Pathology # fMRI runs average#
ICs/run

average#
BOLD ICs/run

Selected IC Lateralisation
of selected IC

1 Left temporal
lobe

Left temporal
DNET

n.a. left temporal lobe DNET 4 59.75 24.00 Correct Left

2 Right insula right insula temporooccipital,
right frontal

parietal (R>L),
temporal(R>L),
occipital

cortical displasia 4 67.00 28.50 No selection

3 Left temporal
lobe

left HS Bitemporal
(R>L)

n.a. left temporal HS 2 57.00 25.50 No selection

4 Right temporal
lobe

right temporal
cavernoma

right temporal bilateral temporal angioma 6 65.67 34.17 Not informativea Right

5 Left temporal
lobe

Normal left temporal left temporal FCD 2 43.00 22.00 No selection

6 Right temporal
lobe

right HS right temporal right temporal HS 4 70.25 21.75 Not informativeb Right

7 Right temporal
lobe

right HS n/a right temporal HS 6 55.83 23.30 Not informativec Right

8 Left temporal
lobe

left HS left temporal n.a. left temporal HS 6 49.50 11.30 Not informativec Left

9 Left temporal
neocortex

left temporal neo-
cortical

n.a. left temporal hy-
permetabolism,
hypometabolism
around

n.a. 6 57.83 24.67 No selection

10 Right temporal
lobe

right HS bitemporal
(L>R)

left temporal HS 6 64.00 18.00 Not informativeb Right

11 Right temporal
lobe

Right HS right temporal Right temporal HS 4 57.75 21.75 Correct Right

12 Right temporal
lobe

Normal right temporal
and insula

n.a. End-folium scle-
rosis

4 52.40 16.00 Correct Right

13 Left frontal lobe Normal left insula, left
frontal and mid-
line frontal

n.a. n.a. 3 56.33 24.00 Correct Left

14 Left amygdala &
hyppocampus

left temporal sur-
gical lesion and
gliosis, HS

n.a left temoporal HS, gliosis 6 57.67 22.00 Not informativec Left

15 Right temporal
lobe

anterior temporal
FCD

n.a. n.a. FCD 2 65.00 09.00 No selection

16 Left frontal lobe Normal inconclusive n.a. n.a. 2 56.00 17.5 No selection
17 Right frontal lobe right frontal FCD inconclusive right frontal

and bilateral
ventrotemporal

gianeuronal
tumour

6 55.83 12.67 Not informativec Left

18 Left temporal
lobe

cystic structure
left hippocampus

n.a. left temporal ganglioglioma 6 52.50 16.00 No selection

a outside the brain
b 2 selected ICs contradict
c multiple clusters in IC

9



(a) (b)

(c) (d)

Figure 3:Non-informative IC maps selected in patients and a selectedIC in a control subject.(a), (b) In 6 patients the selected IC maps showed
suprathreshold clusters in areas related to the executive control network (ECN). A group average map using left and rightlateralised maps and the
left and right ECN are shown in yellow and red, respectively.The overlap between these maps is indicated in orange. (c). Inone patient the selected
IC showed a cluster outside the brain. The map is not informative. (d) Selected IC in a control subject. A selection was made in1 out of 13 cases.
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tional EEG-fMRI analysis. Instead, we aim to offer an
alternative in those cases where the latter fails due to
the lack of visually detectable spikes. In this sense our
approach has a high added value as it extends the ap-
plicability of fMRI to the EEG-negative patient group.
This is a crucial difference between our study and the
one described in (Zhang et al. (2014)), where this as-
pect cannot be judged due to the lack of simultane-
ously recorded EEG. For the same reason, (Zhang et al.
(2014)) needs to deliver localization information in all
fMRI studies, including the ones which might be EEG-
positive in case EEG was recorded. Therefore, the sen-
sitivity of (Zhang et al. (2014)) and our method should
not be compared directly.

Even though recording EEG inside the magnetic field
of the MR scanner poses technical challenges, there is
a considerable amount of EEG-positive cases, where
EEG-correlated fMRI analysis remains a viable option.
Still, even if good quality EEG is available, marking of
interictal events is a time consuming, subjective, rater-
dependent process (Zijlmans et al. (2007)). As the er-
roneous marking of interictal events affects the out-
come of EEG-fMRI analysis (Flanagan et al. (2009)),
an objective (semi-)automation of the spike identifica-
tion could have high benefits. A novel spike template-
based semi-automatic method was shown to outperform
existing techniques (Grouiller et al. (2011)) in EEG-
positive cases. It would be worthwhile to investigate
how its performance compares to our approach in EEG-
negative cases, and perhaps a combination of both tech-
niques could yield higher sensitivity in this crucial pa-
tient group.

The approach presented in this study has certain limi-
tations. From the clinical point of view, the proposed
approach is not helpful in case of a diffuse epilepto-
genic zone or multifocal epilepsies. Instead, it is only
applicable in cases with a single, lateralised focus. The
presence of a single focus can be established using other
modalities. Semiology of seizures, MRI, ictal EEG and
FDG-PET may suggest a single focus, but spikes on in-
terictal EEG may not be present. We believe that our
method may be useful in this clinical setting, and may
provide added value.

Further, in order to be able to objectively detect the
localization of the EZ, we only consider maps contain-
ing a single activation cluster as informative. On one
hand, epilepsy being a network disorder, it is plausi-
ble to find multiple areas of BOLD activation related
to epileptic activity. Thus, the above choice may seem
unfounded. On the other hand, based on our expe-
rience, even in cases where EEG-fMRI shows multi-
ple areas of BOLD activation, these activation clus-

ters are represented in different independent compo-
nents, representing different aspects of epileptic activity
[21]. Similar findings were reported in a recent study
(van Houdt et al. (2014)). The authors argued that in pa-
tients where the EEG-fMRI patterns included more than
one activation cluster, one of them reflected the onset
area, while others were related to propagation. Further-
more, they confirmed that ICA separated these different
areas in different components. Finally, the authors re-
ported an example where such additional components
seemed to overlap with standard resting state networks.
These findings suggest that ICA and GLM-based EEG-
fMRI capture different hemodynamic phenomena. In-
deed, spatial independent component analysis models
the data as a linear mixture of processes which are sta-
tistically independent in space. However, GLM-based
analysis looks for voxels which covary with the tim-
ing of interictal epileptic discharges. The mismatch be-
tween investigating spatial versus temporal phenomena
can contribute to the difference in the analysis outcome,
which renders these approaches partly complementary.

There are limitations from the methodological point
of view as well. Our approach is based on a super-
vised learning technique, i.e. the goodness of our model
largely depends on the quality of the training dataset.
We see two factors limiting the current performance,
which could be improved in future work. First, the clas-
sifier is trained on data from EEG-positive cases, and
applied on EEG-negative ones. As such, we are look-
ing for BOLD signal characteristics related to epilep-
tic neural activity, which are consistent regardless of
whether this neural activity leads to electrographical
changes. However, it is likely that different types of
interictal activity are present in EEG-positive and EEG-
negative cases, and these will cause different BOLD sig-
nal changes. Higher performance can be expected in
case the training and testing dataset better resemble each
other. Therefore, future work will aim at training a clas-
sifier on EEG-negative cases and testing it on a new, in-
dependent validation set. Moreover, a larger training set
is expected to yield improved results as well. Compared
to our previous study (Hunyadi et al. (2014)), where
only 9 patients were included in the training set instead
of 12, the specificity of our method has increased from
77% to 92%. Note, however, that this improvement
could partially be attributed to the fact that we were
more rigorous about the inclusion criteria. As opposed
to (Hunyadi et al. (2014)), all the runs included in the
current study had the same length, rendering the within-
class variability of some sensitive features lower.

For the interpretation of the selected IC maps, we pro-
pose to use a z-threshold of 5 and the minimal cluster
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size of 100 voxels. These values were chosen somewhat
arbitrarily. Therefore, we have investigated the effect of
slightly varying these parameters. At a z-threshold of
4 the selected IC of patient 12 contained 2 additional
clusters at the brainstem and in the contralateral tem-
poral lobe. On the other hand, at a z-threshold of 6
the activation cluster of the selected IC in patient 1 and
11 was split into 2 clusters. However, as these clus-
ters still point to the same anatomical region, this does
not influence the interpretation. Further, the selected
non-informative map in patient 14 shows only 1 acti-
vation cluster at a threshold of 6, rendering it an infor-
mative but incorrect map. The minimal cluster size can
be varied between 90 and 140 without any influence on
the results. A minimal cluster size chosen below and
above these values has similar effects as varying the z-
threshold. In summary, the final outcome is sufficiently
robust against perturbations in the chosen parameters.

In 6 cases IC maps resembling the executive con-
trol network (ECN) were selected. It is probably se-
lected by our algorithm due to the fact that this network
tends to lateralise. The presented method could be im-
proved by ruling out such maps based on their similar-
ity to predefined reference atlases. However, in case
the epileptogenic zone is located at a region which is
part of such a reference atlas, the epileptic ICs might
also be removed this way. Previous studies have re-
ported the impairment of the ECN in mesial temporal
lobe epilepsy (Zhang et al. (2009)), as well as an abnor-
mal causal connectivity, i.e. an increased driving effect
of the ECN to the epileptogenic zone, compared to con-
trols (Ji et al. (2013)). Notably, in our dataset a majority
of these maps were highly lateralised ipsilateral to the
EZ. Therefore, although these maps are not directly in-
formative to the localisation, they could potentially in-
dicate the laterality of the EZ. However, before applying
such considerations in clinical practice for formulating
surgical indications, these findings should be confirmed
using a larger patient group.

We have demonstrated that our approach can find
epileptic IC maps prospectively in EEG-negative cases.
This suggests the presence of interictal activity during
the time of the recording despite the fact that this ac-
tivity is invisible in the EEG. Indeed, the hippocam-
pus often shows spiking which is unnoticeable on scalp
EEG. Mesial temporal lobe epilepsies, nevertheless, are
easy to diagnose with conventional techniques such as
ictal EEG, MRI and FDG-PET. However, we argue that
our method can detect epileptic maps in different pa-
tient groups as well. One could hypothesise that pa-
tients with less straightforward mesial TLE (e.g. a pa-
tient with multiple lesions or with normal MRI) will

also demonstrate hidden epileptic activity in the patho-
logic hippocampus. This was actually the case with Pa-
tient 12 who had a normal MRI and end-folium scle-
rosis was indicated during the pathological examina-
tion. Moreover, the other two cases where the pro-
posed method made a correct selection (Patient 1 with
neocortical TLE and Patient 13 with neocortical ETLE)
demonstrate that this hidden epileptic activity can also
be found in structures outside the hippocampus. We
would like to stress that Patient 12 and 13 had a nor-
mal MRI. Therefore, the EZ in these two cases could
not be determined using conventional clinical tools and
the decision was facilitated by SISCOM. Patient 13 with
MR-negative frontal lobe epilepsy represented a partic-
ularly interesting case. In general, the success rate of
frontal lobe epilepsy surgery is much lower than fol-
lowing temporal lobectomy (Jeha et al. (2007)). Within
this already challenging group, MR-negative cases are
at higher risk of recurrence after surgery (83%) com-
pared to lesional cases (45%) (Jeha et al. (2007)). In pa-
tient 13, guided by SISCOM findings, intracranial grids
were implanted which helped to delineate the EZ, and
lead to a successful surgery (ILAE class 1 outcome with
3 years follow-up). Notably, the epileptic IC map se-
lected by our method indicated a single activation clus-
ter, which coincides with the actual resection zone in
the left frontal lobe. Hence, our method could cor-
rectly identify the EZ non-invasively, solely based on
fMRI and was better than the other non-invasive meth-
ods of investigation, such as interictal and ictal EEG and
SISCOM. In summary, these cases demonstrate that the
proposed method can be informative and have an added
value in clinical decision making.

5. Conclusion

We presented a novel approach to infer to the locali-
sation of interictal epileptic sources based on the fMRI
recordings alone. As such, it can extend the applica-
bility of fMRI recordings to patients where traditional
EEG-fMRI analysis cannot be carried out. Moreover,
we have reported cases where our fMRI analysis has
added value in the clinical decision making compared to
conventional techniques. The significance of the tech-
nique lies within the fact that it is very specific and
fully automated, therefore, it can be used prospectively
in clinical practice.
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Appendix

The following features were extracted from the fMRI
ICs for the purpose of the second discrimination step,
aiming at selecting epileptic ICs from all BOLD sig-
nal related ICs. The motivation behind these features is
explained in section 2.3. Below the mathematical defi-
nition of the features are given.

5.1. Number of clusters

The z-scored spatial IC maps were thresholded at a
value of 5. Then, neighboring suprathreshold voxels
were grouped together to form clusters. The value of
this feature is set to the number of clusters comprising
at least 100 voxels.

5.2. Asymmetry

The asymmetry of an IC spatial map is assessed by
the following formula:

AA= |
H

∑
i=1

(v(l)i −v(r)i )|, (3)

wherev(l)i denotes the z-scored value of theith voxel

in the left hemisphere,v(r)i denotes the z-scored value of
the corresponding contralateral voxel andH is the total
number of voxels in one hemisphere.

5.3. Sparsity in activelet basis

The neural activity of interest consists ofk interictal
epileptic spikes with amplitudesAk and onsetstk. The
fMRI measures the BOLD signal changes as a result
of this neural activity. The hemodynamic system link-
ing the neural activity to the BOLD signal is denoted
by h, and is commonly assumed to be linear and shift-
invariant. The BOLD signal recorded by the fMRI can
be written as follows:

y(t) = ∑
k

Akh(t − tk)+ ε(t), (4)

whereε(t) is an unknown noise term comprising noise,
baseline, drifts, physiological artefacts and possibly
other unrelated neural activity. The goal is to recover the
activity of interest from the noisy signal. Given that the
neural events are sparse in time, the linearity assumption
holds and the transient BOLD signals can be sparsely
represented in the so-called activelet basis.

Activelets are a dictionary of wavelet basis func-
tions constructed based on the linear approximation
of the balloon model of the hemodynamic response
function. More specifically, the (approximated) hemo-
dynamic system linking the neural stimulus and the
BOLD signal can be expressed with a differential op-
erator. The mathematical construction of wavelets
corresponding to such linear time-invariant differential
equations is described in (Khalidov et al. (2011)) and
(Khalidov and Unser (2006)).3.

Let φ be the overcomplete dictionary matrix con-
taining the basis functions of the undecimated activelet
transform. Then the estimated neural activityy will be
given byy= φβ0, whereβ0 is the solution of the convex
l1 optimization problem:

min
β

(
1
2
‖y−φβ‖2

2+λ‖β‖1) (5)

The regularization parameterλ controls the trade-off
between the sparsity of the solution and the reconstruc-
tion error, a higher value favouring a sparser solution.
The value ofλ was set to 2.5 based on preliminary ex-
periments on the training data.φ is the overcomplete
dictionary matrix containing the basis functions of the
undecimated activelet transform. It is a matrix of size
T × P, where T is the length of the time series and
P= 3·T as the number of wavelet decomposition scales
was set to 3 (Lopes et al. (2012)). The minimization

3The Matlab code implementing the activelet dictionary was
kindly provided by Dimitri Van de Ville, MIPLab, EPFL and Uni-
versity of Geneva
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problem in (5) was solved by the Homotopy algorithm
(Donoho and Tsaig (2008)).

The time course of an epilepsy related IC is expected
to have a sparser representation in the activelet basis
compared to non-related ICs. The sparsity of the repre-
sentation in the activelet basis was quantified with the
Gini index (Hurley and Rickard (2008)), which mea-
sures the statistical dispersion of the magnitude of the
coefficients.

5.4. Sparsity in sine basis

A sine dictionaryΦk(t) is constructed as:

Φk(t) = sin(2πkt) k= 1,2, . . . ,
N
2

0≤ t ≤ 1 (6)

This dictionary was restricted to{Φk(t),k= 6. . .68} in
order to match the expected 0.01−0.1Hz frequency of
BOLD signals, sampled at N=270 points every 2.5 sec-
onds. The basic matching pursuit algorithm, available in
Matlab, was used to retrieve the coefficients correspond-
ing to the best nonlinear approximation of the fMRI IC.
Again, the sparsity of the representation was quantified
with the Gini index.
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H., 2001. The localizing value of ictal EEG in focal epilepsy. Neu-
rology 57, 2022–2028.

Gotman, J., Kobayashi, E., Bagshaw, A.P., Bénar, C.G., Dubeau, F.,
2006. Combining EEG and fMRI: A multimodal tool for epilepsy
research. Journal of Magnetic Resonance Imaging 23, 906–920.

Grouiller, F., Thornton, R.C., Groening, K., Spinelli, L.,Duncan, J.S.,
Schaller, K., Siniatchkin, M., Lemieux, L., Seeck, M., Michel,
C.M., Vulliemoz, S., 2011. With or without spikes: localization
of focal epileptic activity by simultaneous electroencephalography
and functional magnetic resonance imaging. Brain 134, 2867–
2886.

Hamandi, K., Salek Haddadi, A., Liston, A., Laufs, H., Fish, D.,
Lemieux, L., 2005. fMRI temporal clustering analysis in patients
with frequent interictal epileptiform discharges: comparison with
EEG-driven analysis. Neuroimage 26, 309–316.

Hunyadi, B., Tousseyn, S., Dupont, P., Van Huffel, S., Van Paesschen,
W., De Vos, M., 2014. Automatic selection of epileptic indepen-
dent fMRI components, in: Engineering in Medicine and Biology
Society (EMBC), 2014 36th Annual International Conferenceof
the IEEE, pp. 1–4.

Hunyadi, B., Tousseyn, S., Mijović, B., Dupont, P., Van Huffel, S.,
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