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Abstract

Objective: To aid the neurologist with the epilepsy diagnosis and classification, with a
user interface for an algorithm that clusters and localises the sources of Interictal Epileptiform
Discharges (IEDs), based on the output of a deep learning model.
Methods: This work presents two algorithms that localise and cluster IEDs, from epochs
likely containing IEDs. An adaptation of the VGG Neural Network, from the work of Lourenço
et al. (2020), labelled the input epochs [1]. For development and testing purposes, MST
Enschede provided 31 anonymized EEG signals, consisting of Rolandic (N=14), other focal
(N=8) and multi-focal (N=9) epilepsy patients. A clinical neurophysiologist evaluated the
clusters, classifying them as correct, incorrect or inconclusive. Dipole modelling determined
the dipoles for the first spike peak of all clusters and their corresponding Goodness of Fit
(GoF) values.
Semi-functional prototypes of two concepts were created, based on knowledge about the
current EEG analysis system and the end users. Usability testing with end users led to
insights into the preferred aesthetic and interaction. The final design incorporates the results.
Results: The method that localises IEDs by their slope yielded the best clusters. This
algorithm found at least one correct cluster for each patient. The algorithm found more
correct clusters for multi-focal patients (3.6 ± 1.8 (mean ± sd)) than for focal patients (2.0
± 1.6, for Rolandic and 2.5 ± 1.2 for other focal patients). Source localisation found dipoles
located in the centrotemporal area for Rolandic patients, which corresponds to the location of
the Rolandic area. Correct clusters showed higher GoF values (84.0% ± 17.4) than incorrect
clusters (64.7% ± 17.2).
The final design presents information that neurologists will often utilise in the epilepsy
diagnosis. Usability testing confirmed that the images are familiar to the end users and the
interaction is intuitive. The design links the analyses to the raw EEG signal. A semi-functional
prototype shows possible interaction with the interface.
Conclusion: The algorithm succeeds in localisation and clustering of IEDs and subsequent
source analysis. The dipoles from clusters revealed that a high GoF value is associated
with correct clusters. The interface design adheres to the preferences of the end users, as
determined with usability testing. This interface design improves ease of use and clinical
acceptance.
Significance: The algorithm presented in this work may decrease EEG analysis time in
the clinic. Furthermore, the automated detection and clustering may reveal IEDs that were
missed during manual analysis. Moreover, the sources of electrical activity in the brain can
verify or extend the epilepsy diagnosis. Finally, the interface design and the response to
usability testing show the potential of the algorithm in the clinic.
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1 INTRODUCTION

1 Introduction

Epilepsy is a prevalent neurological disorder, with 1% of the population affected worldwide [2].
Diagnosis of epilepsy can be based on interictal electroencephalogram (EEG) signals, as the
presence of Interictal Epileptiform Discharges (IEDs) may indicate an underlying epileptic
disorder [3–5]. Therefore, IED detection is an important responsibility of neurologists. If the
detected IEDs vary over time, clustering can identify all IED locations and shapes. Localising
the sources in the brain of those IEDs can yield additional information, to aid the neurologist in
setting a diagnosis and classification.

1.1 State of the Art

Currently, manual IED detection by neurologists, based on visual analysis, is the gold standard
[6,7]. This is a time-consuming process and errors are easily made. Therefore, misdiagnosis rates
are still too high, up to 30% [8–10]. Additionally, clustering of IEDs is not practised in the clinic.
Various authors explored automated IED detection [9,11–13]. The performance of those algorithms
has not exceeded that of visual analysis [6, 9, 14, 15]. A popular method for automated IED
detection is usage of Neural Networks [1, 9, 16–18]. This automates detection of the approximate
location of the IED, but not the exact location. Furthermore, the results often contain false
positives [1, 9, 16,17,19].
The high number of false positives is a recurring problem in both spike detection and clustering
[14,15]. Various detection and clustering methods, such as mimetic methods, template matching,
wavelet analysis, k-means and hierarchical clustering, have their own advantages, but share the
same problem [9, 20–23]. Some commercial spike detection, clustering and source localisation
algorithms exist, such as Persyst P13 (Persyst, San Diego, CA, USA) and Epilog (Epilog, Ghent,
Belgium). These systems prove that commercial clustering shows potential. However, van Mierlo
et al. (2017) recommend usage in addition to visual analysis and they limit the results to a
maximum of two clusters [24]. Furthermore, Halford et al. (2018) reported that the Persyst
P13 yields a higher false positive rate than visual analysis (between 0.2 and 4 false positives per
minute, depending on the sensitivity threshold) [10, 25]. In conclusion, while some detection and
clustering techniques are available, reliable results and translation to the clinic are lacking.
After IED detection and clustering, source localisation models can reveal their sources. Source
modelling localises sources in the brain, based on the electric potentials of an EEG signal and
the geometry and conductivity of tissues in the head [2]. By localising the neuronal groups
generating the electrical activity, source localisation yields insight into brain activity, cognitive
processes and possible pathological functioning [26–28]. The advantages of source localisation
based on surface EEG are its non-invasive nature, the usage of readily available tools and
the addition of spatial resolution to the temporal EEG signal. Various authors discussed
source localisation of EEG signals [29–35]. However, these studies are mainly experimental
and conducted on small-scale datasets. Currently, source localisation in a clinical setting (for
example for pre-operative evaluation) requires an extensive and specific set-up with a certain
goal determined beforehand. Likewise, larger studies on source localisation have been performed.
These studies often investigate patients with the same epilepsy type and require many electrodes
(or intracerebral depth electrodes) and a patient-specific head model [24,27,36–38]. Overall, there
is a lack of generic implementations of source localisation models that are suitable for routine
epilepsy care in the clinic [35,39,40].
Another issue with automated clustering and subsequent source localisation is clinical acceptance.
In practice, clinicians rarely use automated detection, which is in part due to a lack of faith in the
performance of those algorithms [15,41,42]. Therefore, the presentation of the method and the
results are important components for translation to the clinic. An interface design will improve
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ease of use for clinicians. Furthermore, a legible and transparent design may also increase clinical
acceptance.

1.2 Target group

The target group for this project is clinical neurophysiologists and neurologists, who are tasked
with extensive EEG analyses. Automated detection and clustering would decrease the analysis
time. Furthermore, it yields new information, such as averaged IEDs, clusters and sources in the
brain. This aids the neurologists in providing the best care to their patients.
The project is mainly targeted at the information collection and signal analysis in routine epilepsy
care. In Appendix B the current information cycle in the hospital is shown.

1.3 Research Goals

The primary goal is to create an algorithm to automatically localise and cluster IEDs from EEG
signals. A second goal is to implement a generic source localisation algorithm, which provide
complementary information about the IEDs. This combination will reduce EEG analysis time
in the clinic. Furthermore, it provides more information for the neurologists, leading to a more
informed epilepsy diagnosis.
To maximise the clinical value of the algorithm, a proposal for an interface will be delivered.
Semi-functional prototypes of concepts will be used to evaluate the usage of the interface by
neurologists. This feedback will result in a final design.
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2.1 Electroencephalogram

Electroencephalography (EEG) is a measurement technique that records electrical brain activity
from the cortex. The signal is a summation of excitatory and inhibitory postsynaptic potentials
of cortical pyramidal neurons [43, 44]. The clinic often uses scalp EEG recordings because of
the clinical information they provide. Furthermore, the clinic prefers EEG over alternatives
(such as MEG and fMRI) due to their non-invasive nature, affordability and high temporal
resolution [7, 45,46].

2.2 Epilepsy

Epilepsy is an umbrella term for certain neurological disorders defined by, among other symptoms,
recurrent seizures [47]. Excessive, abnormal and hypersynchronous neuronal activity underlays
these epileptic seizures [48]. The seizures can either be focal, when only (a part of) one hemisphere
is involved, or generalised, when both hemispheres are involved. Additionally, other features
and manifestations of the symptoms (such as patient demographics, brain areas involved, usual
course etc.) determine the specific epilepsy syndrome [5,49,50].
The epilepsy type (generalised or focal) and the specific epilepsy syndrome are pivotal in setting
a diagnosis and classification. Furthermore, they can influence prognosis and treatment options,
such as prescription of Anti-Epileptic Drugs (AEDs) or surgery.

2.3 IEDs

While the epilepsy diagnosis would ideally be based on ictal EEG (measured during a seizure),
this is impractical in reality due to the low availability. However, epileptic patients often display
Interictal Epileptic Discharges (IEDs) during interictal EEG (measured when the patient is not
seizing). Non-epileptic EEG signals rarely display these IEDs, which makes them a substitute
diagnostic tool for epilepsy [3, 4, 51]. To improve accuracy and decrease analysis time, Neural
Networks can detect IEDs [1]. The output of the network is the probability for each EEG
epoch (of 2 seconds in this work) to contain an IED. Presently, this informs the clinician of the
presence and frequency of IEDs, thus aiding him in the diagnosis of epilepsy. However, further
analysis can extract additional information from the IEDs, based on the spike morphology and
topography [52,53].

2.4 Detection & clustering

Several methods can detect and cluster IEDs. Some of the methods used in this thesis are
discussed below. The first method can be used for IED detection, the second for both IED
detection and clustering and the third is a clustering method.

2.4.1 Topographic prominence

Literature proposes several criteria to define IEDs. All these criteria describe an abrupt change
in polarity, presenting as a sharp peak or valley [3, 54, 55]. Finding these peaks helps localise the
IED, as the first peak is close to the IED onset.
Topographic prominence is the vertical distance between the peak and its lowest contour line,
This indicates the distinctiveness of the peak relative to the baseline, as shown in Figure 1 [56,57].
This measure is useful for EEG signals as it is not affected by inter-variability of amplitudes
between patients.
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Figure 1: The raw data (A). The maxima of this raw data (B). The lowest contour lines are indicated
with dashed lines (C). The topographic prominences are shown as the relative height of each maximum
above the baseline (D). From Choi et al. (2017) [58].

2.4.2 Cross-correlation

Cross-correlation is a measure of similarity between two time series. The result is a correlation-coefficient,
ranging between -1 (exact opposites) and 1 (maximally similar) for each displacement between
the two signals [59].
Cross-correlation between IEDs should be high, because of the similarity between IED shapes [60].
Contrarily, cross-correlation between background activity will almost always be low.
The input are two 1-dimensional signals. The correlation coefficient depends on the chosen
channel and time samples. For too many time samples, the effect of background activity will
be larger and the correlation-coefficient thus lower. On the other hand, too little time samples
could exclude part of the IED shape [61].

2.4.3 Agglomerative hierarchical clustering

Hierarchical clustering is a method that groups similar objects in a dataset into clusters.
Agglomerative hierarchical clustering is a subgroup, defined by the ’bottom-up’ approach of
cluster forming. It starts with all individual data points as its own cluster (N clusters) and merges
the points together with the lowest distance between them (N-1 clusters, N-2 clusters, etc.), until
the preferred amount of clusters is left [62–64]. A distance matrix contains the distances between
all data-points. This measure of dissimilarity between data-points determines which points will
be clustered together. A commonly chosen distance measure is the Eucledian distance between
data points. In the case of a multi-channel EEG signal, that could be the Euclidean distances
between the Frobenius norm of data points [65,66]. Another option is to use the inverse of the
correlation-coefficients between epochs.
Wards method is a variation of Hierarchical clustering, which minimises the sum of squared
differences within the clusters [65–67].
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2.5 Source localisation

The epileptogenic region (or seizure-onset zone) is an important factor in determining epilepsy
type and syndrome. IEDs can reveal this region, as the irritative zone often relates to the location
of the epileptogenic region [3, 51–53, 68]. Source localisation methods localise the brain areas
where IEDs originate and propagate. These methods consist of a forward and an inverse solution.
The EEG forward problem explains how cortical pyramidal neurons create ionic current sources
which are measured at the scalp by electrodes, resulting in an EEG signal. Mathematically, this
is represented as

m = GD + n (1)

with m the measured data (the EEG signal), G the lead field matrix, D the matrix of dipole
moments and n the noise or perturbation matrix [2, 28,69,70].
The forward problem is used to calculate the lead-field matrix G. This matrix describes the
current flow for each electrode, for all dipole moments. The result is a matrix where each element
contains the current flow for the ith electrode, due to the jth dipole or voxel.

The inverse problem starts with a simulated source inside the brain which leads to a simulated
EEG signal. Source localisation methods determine the optimal location, orientation and strength
of simulated sources, leading to a simulated EEG as close to the original EEG signal as possible.
Thus the inverse problem estimates the dipole moments matrix D̂. The inverse problem is
expressed as

D̂ = G−gm (2)

min
∥∥∥m−GD̂∥∥∥ (3)

with G−g the generalised inverse of lead-field matrix G [2, 28,69].

Since the inverse problem is non-unique, there are several solutions. There are multiple methods
that solve the inverse problem and can localise the sources. The difference between these methods
is mainly in the a priori assumptions and constraints, either mathematical, neurophysiological or
biophysiological [2, 29,69,70].
A selection of them, consisting of methods often used in IED source localisation, are elaborated
below. The first method, dipole modelling, is an equivalent dipole model. This refers to its
approach, which is to simulate one or a few dipoles with certain locations, orientations and
strength. The three remaining models are distributed source models. In distributed source
methods, the number of dipoles and their positions are not estimated beforehand. Instead, they
use a pre-defined grid of sources, imposed on the 3D brain volume. Therefore, only the strength
and orientation of these sources is estimated.

2.5.1 Dipole modelling

The original approach to source localisation was dipole modelling. This model assumes that only
one or a few dipoles are needed to solve the inverse problem. This implies that it is possible to
explain the scalp potential field with a few active areas. The model simulates the signal based
on the dipole parameters; position, orientation and strength. With the constraint of limited
sources imposed, the difference between actual and model data is minimised with least-squares
optimisation. The pitfall of dipole modelling is that the model can over- or underestimate the
number of dipoles, leading to inaccurate results. Dipole modelling is best suited to localise the
irritative zone in focal epilepsy [29,70].
The result of this model is a dipole with a certain location, orientation and strength with regards
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to the brain model. This indicates the position, orientation and strength of the group of neurons
responsible for the measured electrical activity. Furthermore, dipole modelling returns a Goodness
of Fit (GoF) value, which is a measure for the accuracy of the dipole. This value ranges between
0 and 100%, where 0% means that the electrical activity estimated by the dipole is not alike the
input EEG and 100% indicates that the dipole can perfectly predict the input EEG.

2.5.2 MNE

Hämäläinen and Imoniemi (1994) first proposed the Minimum Norm Estimate (MNE) as a
solution to the inverse problem with a distributed source method. The imposed constraint is that
the current distribution over all source points in the grid has minimum energy [2, 28, 69]. Then
the model minimises the least-squares error. The resulting dipole moments can be expressed as

L(D) = ||D||2 (4)

D̂MNE = (GTG+ αI)−1GTm (5)

with α the regularisation parameter and I the identity matrix [28,69].

Usage of MNE may require additional assumptions, such as restriction of the area for the
search of sources. Furthermore, MNE has a bias towards superficial sources, as those are located
closer to the electrodes. The model can overcome this biased with weighting parameters, leading
to weighted Minimum Norm Estimates (wMNE). One of these wMNE models is LORETA.

2.5.3 (s)LORETA

Low Resolution Electromagnetic Tomography (LORETA) compensates for deeper sources. For
that purpose, the model minimises the norm of the second-order spatial derivative of the current
source distribution [29,69], expressed as

L(D) = ||δB.D||2 (6)

D̂LOR = (GTG+ αBδT δB)−1GTm (7)

with B = Ω ∧ I3, to perform column normalisation of G [69].

LORETA assumes simultaneous and synchronous activity between neighbouring voxels. The
current density at each voxel is maximally similar to the average current density of the voxels
near it. This assumption can be defended on a biophysiological level. The result is smoothly
distributed sources, with better reconstruction of deeper sources. [2, 29,69]
LORETA is less suited for focal source estimation, because the smoothing also leads to a higher
sensitivity and thus a lower spatial resolution [2, 69].
Standardised LORETA (sLORETA) uses a standardised current density. The standardisation
is based on the variance consisting of source variance and noise variance. This entails that
sLORETA considers the biological variance in the EEG signal, combined with the variance of
noise in the measurements. The model normalises the MNE current density map with both
variances at each voxel [2, 69].
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2.5.4 dSPM

Dynamical Statistical Parameter Mapping (dSPM) also standardises the current density map.
The model uses statistics to determine regions that display much activation. It analyses each
voxel with a statistical test. Under the null hypothesis, the voxel values are distributed according
to a known probability density function. The current density map is estimated with MNE.
dSPM normalises this estimate based on noise sensitivity at each voxel, which yields statistical
parametric maps (SPMs). dSPM is thus similar to sLORETA, as both return a normalised
current density, corrected for background activity. However, dSPM only uses the noise covariance
for standardisation, while sLORETA uses both noise covariance and source covariance [71].
The standardisation based on noise variance makes the dSPM solution more stable under noisy
conditions than the original MNE solution [37].

2.6 Interface design

Presentation of and interaction with the algorithm are as important as the algorithm itself.
Computer-human interaction can pose a challenge. Furthermore, design for healthcare is an
essential field, where an inadequate design or an inoperable interface can have large implications
[72–74]. Incorporation of design principles in the early development phase of a project may
prevent later, higher costs and other problems [75].
In this project, User Interface Design is defined as the assembly of three principles: information
architecture, interaction design and visual design. These principle are discussed below and will
be used to guide the design phase.

2.6.1 Information architecture

With a product focused on providing information, it is vital to present information in an efficient
and understandable way. Perhaps the most dangerous pitfall is information overload. Minimising
the available information, based on its importance to the user, can prevent this. It can also
be avoided by structuring, organising and labeling the information. The more information you
intend to provide the user with, the more you should provide guidance on how to access and use
said information.
Information gathering consists of three main players: users, content and context. The users of
the interface have their own goals, strengths and weaknesses. It is important to get a grip on
what they want to accomplish with the product and how they can best be aided. The content is
the information that users try to find within the system. The context refers to the environment
in which the interface will be used. In this case, the hospital provides context. Their goals,
strategy, procedures, infrastructure and culture have an impact on the usage of the design.
The goal of the interface design is to get all aspects (user, context and content) together and
guide the user through the interface based on their needs and preferences [76,77].

2.6.2 Interaction design

A good design still needs to be functional. In general, this means that the design must be easy to
learn, effective to use and lead to a positive user experience. Therefore, it is important to be aware
of the interaction between the users and the design. One way to incorporate interaction design is
to maximise effectiveness, efficiency, safety, utility, learnability and memorability. Effectiveness
indicates whether the product allows users to accomplish their goals. Efficiency indicates whether
the product, when used correctly, can lead to high productivity. Safety identifies possibly errors
and helps users avoid and recover from them. Utility indicates whether the interface provides
the functionality for the users to reach their goal. Learnability indicates the ease of learning to
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use the system. Memorability indicates how easy it is to remember how the interface functions,
once learned [78,79].
Besides accounting for users in the design process, it is also important to involve them directly [80].

2.6.3 Visual design

Theory is important in design, but eventually theory will have to translate into a visual result.
Multiple visual design principles, such as color usage, shapes, hierarchy, balance and space can
be followed to reach a wholesome design [81,82].

2.6.4 Interface design heuristics

The ten usability heuristics by Jakob Nielsen are general principles for user interface design,
which are relevant for all interface designs [83]. These principles give general recommendations
on what interface design should contain. As an example, the first principle refers to visibility of
system status, which dictates that the users should at all times be aware of the current situation,
by means of feedback from the system.
All ten principles can be found in Appendix C. Most of the principles also return in the theory
above, but it is still useful to test any interface design to these principles.

2.6.5 Usability testing

A design that focuses on user-interaction benefits from usability testing. In usability testing,
users evaluate a product by interacting with it. This provides useful information about eventual
usage of the design in the clinic. Usability testing identifies problems within the design, to reveal
opportunities within the design and to learn about the behavior and preferences of the end
users [84–87]. This reveals weaknesses and strengths of the design, laying the foundation for
improvements [87].
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3 Methods

3.1 Data

3.1.1 EEG Data

Medisch Spectrum Twente (MST) in the Netherlands provided the EEG signals, measured from
patients with epilepsy. They were recorded with the standard 10/20 electrode system, yielding
18 (DB montage) or 19 (G19 montage) channels. Patients were selected from the database of
MST, based on the search terms ’Rolandic’, ’focal’ and ’multifocal’. Patients with suspected
generalised epilepsy were excluded. Patients where the VGG returned a low number of epochs
or mainly artefacts were also excluded. In total, 31 patients were used. These patients were
suspected of having Rolandic epilepsy (N=14), other focal epilepsy types (N=8) or multi-focal
epilepsy (N=9). The distribution of the dataset is shown in Figure 2. A complete overview of
the used dataset can be found in Appendix D.

N=14 N=8 N=9

Figure 2: Distribution of included epilepsy types, with 45% Rolandic (N=14), 26% other focal (N=8)
and 29% multi-focal (N=9) patients.

3.1.2 Pre-processing

Each signal was divided into epochs of 2 seconds. To reduce artefacts and noise, the entire signal
was filtered with a band-pass filter between 0.5 and 30 Hz. The data was down-sampled to 125
Hz, to reduce processing time [29]. Four signals (patients 5, 18, 19 & 20) were referenced with
the Double Banana (longitudinal) montage, due to technical issues during measurement. The
rest of the signals were referenced with the G19 average reference montage, required for source
localisation. Pre-processing was implemented in Matlab R2020a (The MathWorks Inc., Natick,
MA).
The pre-processed signals were run through an adaptation of the VGG Convolutional Neural
Network, from the work of Catarina Lourenço [1]. This yields a probability for each epoch,
indicating its likelihood to contain an IED. The result is a 3-dimensional matrix of shape RE×T×C ,
with E the number of epochs, T the number of time samples in an epoch and C the number of
the channels. If many epochs were found by the VGG (>5.000 epochs, excluding epochs with
artefacts), a smaller part of the signal was used (the first 10.000 or 5.000 epochs, depending on the
number of epochs found by the VGG and the number of artefacts). The used and total number
of epochs, the number of epochs from the VGG and the number of these epochs containing
artefacts are included in Appendix D.

3.2 Algorithms

Epochs with a probability of at least 99% to contain an IED were included as input. All 2 second
epochs without a detected IED were excluded from further analysis. Artefacts were removed
from the included epochs by rejecting epochs with a peak-to-peak value above 15 µV (or 12 µV,
16 µV or none, depending on the artefact ratio).
Several data analysis steps are required to produce accurate average IEDs. These basic steps are
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first localisation of IEDs, shifting of IEDs, false positive removal and clustering. Two algorithms
were created, which differ in their approach of steps and the order and number of steps. The two
methods are described in detail below. The threshold values for the methods were empirically
determined. A simplified representation of the algorithms can be found in Figure 3. More
in-depth architectures of the algorithms (still a simplification for method 1 and a more thorough
architecture for method 2), including threshold values, can be found in Appendix E. The
algorithms were implemented in Python 3.8. Alternatives for the removal of false positives and
clustering, which were discarded for various reasons, can be found in Appendix F.

3.2.1 Method 1

Initial IED localisation
First, the IEDs must be located within the epochs from the VGG. Method 1 localises the IEDs
by finding the extreme for each epoch. New epochs are created of 0.2 seconds before and 0.8
seconds after these peaks.
To frame the entire IED shape, a shift based on peaks before 0.2 seconds is performed twice.
For each epoch, high peak prominences (>8.4 µV and >15 µV respectively) are sought between
0 and 0.184 seconds (0-23 samples), within the channel with maximum amplitude before 0.2
seconds. Found peaks are shifted to 0.2 seconds.

False positive removal
The VGG epochs still contain false positives [1]. Furthermore, IED localisation may have failed.
Therefore, there could be false positives among the IEDs. To remove these false positives,
cross-correlation is calculated for signals of 75 samples (0.12-0.64 s) between all epochs for all
channels with many extremes (in >10% of all epochs). The epochs with low cross-correlation
(<0.75) with many other epochs (>98% and >79% after first removal) are excluded. The epoch
with the least lag with other epochs is used as template, to align all epochs.

Clustering
Epochs are first clustered based on IED channels. For each epoch, the three channels with the
highest peaks are taken. Cross-correlation is calculated for those channels (35 samples around
the found peak) with all other epochs. The channels that show high cross-correlations (>0.88)
with the most other epochs are used for first clustering, where epochs with the same channel are
clustered together. When a cluster contains at least four epochs and not all epochs show similar
correlation coefficients, the cluster is split in two. The cross-correlation coefficients between
epochs are used as a similarity matrix. The inverse of the cross-correlation matrix is the distance
matrix, which is the input to Wards method of hierarchical clustering.
Within one cluster, false positives are again removed with cross-correlation. Here, cross-correlation
is calculated for signals of 55 samples (0.12-0.48 s) between all epochs for the IED channel.
If no clustering is performed, the channel with the most peaks is used. If this channels has
little high cross-correlations to other epochs (<16% for >26% of epochs), the channel with the
second number of largest peaks is chosen. The epochs with low cross-correlation (<0.85, <0.72
and <0.87 respectively) with many other epochs (>85%, >45% and >92% respectively) are
excluded. The lags from the cross-correlation are again used to align epochs within one cluster.
A prominence shift is performed for the entire cluster if the first peak of the cluster average is
not located at 0.2 seconds.

False positive retrieval
In earlier steps, false positives may have been wrongly excluded. To increase the number of
epochs within a cluster, 55 samples (0.08-0.52 s) of the average of that cluster is cross-correlated
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with the same time instances of the false positives. If a false positive has high cross-correlation
(>0.83) with the cluster average, this epoch is added to the cluster. The epoch is realigned based
on the corresponding lag if needed.
A last false positive removal is performed within each cluster. Epochs with low cross-correlation
(<0.85) with the average epoch of its cluster or a low amplitude (<0.5x the average cluster
amplitude) are removed.

3.2.2 Method 2

Initial IED localisation
The seconds methods uses a different IED localisation approach. Aside from high amplitudes,
IEDs often display steep slopes. Therefore, this method searches for the steepest slope within the
epochs. Then, new epochs are created of 0.2 seconds before and 0.8 seconds after the extremity
nearest the steepest slope. The channel with the steepest slope is used for the remainder of steps.
A prominence shift is performed twice, searching for peaks before 0.2 seconds (0.06-0.18 s) in the
IED channel. This shift frames the IED correctly within its epoch. If the prominence of a found
peak is high (>25 µV), this peak is shifted to 0.2 seconds.

Clustering & false positive removal
Epochs with the same IED channel are clustered together. Within one cluster, cross-correlation
is used to find the first false positives. Epochs with low cross-correlation (<0.75 and <0.87 after
first removal) with many other epochs (>29-56% of epochs and >55-75% of epochs respectively,
depending on the cluster size) are excluded. Within the cluster, the lags from the cross-correlation
are used to align its epochs. Clusters with less than 10 epochs are removed if many of its epochs
(>70%) have low prominence (<30 µV or <85 µV, depending on the artefact removal threshold)
around 0.2 seconds (between 0.12-0.336 s).
If many epochs in a cluster (>80%) have high cross-correlations (>0.85) with the average of
another cluster, the two clusters are merged. This is often necessary since the effect of epileptiform
activity may be seen in multiple channels simultaneously. The lags are used to align the epochs
from the two clusters. A prominence shift may be necessary to align the first peak of a cluster at
0.2 seconds.

False positive retrieval
For each cluster, 30 samples (0.12-0.36 s) of its averaged epoch are cross-correlated with the
same time instances of the false positives. If a false positive has high cross-correlation (>0.91
or >0.95, depending on cluster size) with the cluster average and a peak around 0.2 seconds
(prominence >35 µV or >45 µV, depending on cluster size), this epoch is added to the cluster.
The epoch is realigned based on the corresponding lag if needed. A last cross-correlation between
the average of a cluster and the individual epochs (>0.86 or >0.88 or >0.91, depending on the
cluster size) is used to exclude remaining false positives.

3.2.3 Performance validation

An expert (Michel van Putten) evaluated the cluster averages. This expert determined whether
a cluster contained epileptiform activity, for the results of both methods.
The cluster averages were used to decrease evaluation time. Furthermore, it improves the
signal-to-noise ratio and thus IED quality.
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Figure 3: Simplified IED acquisition flow for method 1 (left) and method 2 (right). The sequential steps
are shown from top to bottom. Both methods start with IED localisation, by the highest peak for method
1 (top left) and by steepest slope for method 2 (top right). They implement different approaches for
clustering and false positive removal.

3.2.4 Influence of VGG sensitivity

The analyses were performed for a VGG sensitivity of 99%. This indicates that epochs with a
probability of 99% and higher to contain an IED were used as input. However, this may not be
the optimal value. Therefore, the results were also evaluated for sensitivities of 96, 94, 92, 90
and 85%. The resulting clusters were compared to the earlier classification by the expert. This
analysis was run on Rolandic and other focal patients, to ease the comparison, since a limited
number of clusters is expected.

3.3 Source localisation

For the source localisation, the MNE Python package (verion 0.21.0) was used. The implementation
of this package is described and the different applications are mentioned below.

3.3.1 Implementation of the MNE model

Creating the forward model requires the electrode positions, a standard head model and the
source space. The electrode positions were set according to the standard 10/20 international
electrode system. Their coordinates were loaded from the MNE database. For the geometry
of tissues in the head, a standard model from the MNE database (fsaverage) was used. The
conductivities were set to the default 0.3 S/m for the brain and scalp and 0.006 S/m for the
skull.
For the equivalent current dipole model, only time-varying dipole fitting of a single dipole at a
single time instance is supported [88]. The time instances must be given. The equivalent current
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dipole model is used here, since the data is of (multi-)focal patients.
The BEM model, the source space and the sensor locations must be defined in the same coordinate
system. This is accomplished with co-registration, which relates the MRI coordinate system to
the head coordinate system [88]. This step was also loaded from the database, and again based
on a standard MRI.
Creating the inverse model requires the forward model, the evoked response of a cluster and the
noise covariance matrix of the data. The source orientations were left unconstrained. Knowledge
about noise in the data is needed for standardisation in some models and beneficial to distinguish
significant brain activation in all models. An accurate noise covariance matrix can improve source
localisation results [89]. The noise covariance was estimated from epochs where no IEDs were
detected (VGG sensitivity <=50%).
The result of the equivalent current dipole model, is a dipole with a certain position, orientation,
strength and GoF value.

3.3.2 Verification

One method to verify both the IED detection and the source localisation results, is to check
the results for epilepsy types with known spike morphologies and stable dipole positions and
orientations. Therefore, dipoles were calculated for the first peak of the average IEDs of Rolandic
patients (whose dipoles are known to be stable). Using averages will yield better signal-to-noise
ratios which improves the accuracy of the source localisation [66, 90, 91]. The location and
orientation of the resulting dipoles were compared to those reported in literature.

3.3.3 Dipoles characteristics

To find possible differences between clusters with epileptiform and non-epileptiform activity, the
characteristics of the dipoles between correct and incorrect clusters (as classified by the expert)
were compared. The dipole strengths and the GoF values were used.

3.3.4 IED stability

To investigate whether the number of detected IEDs and their dipoles vary over time, the clusters
and dipoles were calculated for each 2 hours of the home-recording EEGs of focal patients
(patients 5, 7, 10, 18, 13, 21& 22). The results were analysed for patients where the algorithm
detected at least 10 IEDs for at least 70% of the total 2 hours segments. Furthermore, the
segments with detected IEDs must be sequential. In the end, this analysis was performed on
three patients (patients 7, 10 & 13).
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3.4 Interface design approach

The three principles for usability design by Gould and Lewis (1985) were used to guide the design
process [92]. The first principle represents the first design phase and focuses on identification
of the users and goals. This includes analyses and the theory of the three user interface design
principles (information architecture, interaction design and visual design). The second phase
focuses on usability testing with prototypes of the concepts. The third principle is iterative design,
which implements results from the previous phases to improve the design. The components of
the first two principles are described below.

3.4.1 Analyses

Several analyses were performed. First, a stakeholder analysis was made to identify the different
stakeholders in the project and recognise their problems, goals and tools. The stakeholder
analysis can be found in Appendix G. Moreover, a brand analysis investigated the nature of
the brand currently used in the MST hospital, to ensure that the final design will fit this brand.
This brand analysis can be found in Appendix H.
These analyses yielded that most important stakeholders are the neurologist, the patient, the
hospital and Neurocenter. The neurologists have a goal to set an epilepsy diagnosis and determine
treatment options. Their main tool is EEG measurements, which can be analysed with services
from Neurocenter. Neurocenter is a brand with simplistic and professional designs. Their designs
stand out because of the limited number of functionalities (and thus legible designs) and a
consistent color palette (blues with orange accents).

3.4.2 Information architecture

Neurologists are adept at gathering information from EEG signals. Which means that less
explicit explanations are needed and that the design should be transparent and adaptable, to
combine the skills of the neurologists with the strengths of the algorithm.
The most obvious content is the average IED shape for each cluster and its sources. This must
be visible on first access.
Because of the expertise of neurologists, they should be able to judge the clusters and the excluded
artefacts and false positives. Different aspects of the exclusion parameters and clustering can
be adjusted. Not only will this improve the result, but it likely has a positive effect on clinical
acceptance.
A central point is the average IED signal on which the rest of the analyses are based. The user
should be aware of the IED shape that is the basis for the following analyses. Therefore, a clue
to inform the user of the selected IED cluster will always be visible, preferably in a subtle way.
The interface will be used in the hospital. Therefore, it will be used in a professional setting,
where data gathering and analysis are common practise. The bright lights inside the hospital
will have to be accounted for. Hospital designs often use white and blue colors and legible fonts.
Neurocenter analyses can be displayed on a small screen or on full screen. For the smaller screen
area, not all the information may fit. Some information can be excluded, or the results can be
displayed per cluster.

3.4.3 Interaction design

All elements needed to determine and interpret the average IED and its corresponding sources
must be present and easily accessible.
The analyses are meant for IEDs. Therefore, a clue could imply that this functionality is meant
for epileptic patients. Furthermore, the interface should prevent incorrect interpretations of the
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results. Visual clues must inform users that the results are not infallible and strongly depend
on factors such as the number of electrodes, the accuracy of the used head and cortex models
and so on. Especially the depth of the dipoles is not infallible, so a visual clue could stress this.
Furthermore, if the clusters size is too small, the interface could communicate this to the user.
The users will likely operate the interface with a mouse. Therefore, the design must account
for usage with a mouse and account for subsequent control sensitivity. A main overview may
use sliders, since this information is more general. Within the clusters and for the settings the
adjustments are more specific, thus sensitivity is more important.
The interface must give clear clues to guide user behavior. It should use unambiguous symbols,
so the user can guess their functionality before usage. Furthermore, the symbols should be tuned
to the knowledge of neurologists.
Clear hierarchy within each functionality will prevent errors in navigation. Furthermore, color
codes could signify related functions. Additionally, a help function could prevent mistakes and
an undo button can help users recover from mistakes.

3.4.4 Visual design

Some principles of visual design can be used to help create a legible and functional design. The
color palette will be important for coherence and familiarity with Neurocenter. Sharp shapes and
open space are important for legibility. Vertical hierarchy in elements and space between clusters
will create a clear distinction between clusters. Less open space and unity will create coherence
and integration within one cluster. These principles are elaborated upon visually in Appendix I.

3.5 Interface design

The strategies above, combined with feedback provided by neurologists from the SEIN institute
(see Appendix J) led to the conclusion that four main components must be present in each design:
a main overview of the results, the cluster epochs in sensor space, the cluster sources in source
space and an explanation of methods and settings. These components and their functionalities
and requirements can be found in Figure 4 and are elaborated below.

Main overview
A main overview will present the most important information in a legible way. This must be
the first page that users see and a central point to which they can return. It must contain the
cluster signal averages and the dipoles of this cluster average. Furthermore, the page must show
all detected clusters.

Cluster data
This page will provide more in-depth information about the clusters. It contains the individual
epochs. Additionally, it could feature some thresholds for the data analysis. This page presents
more data, thus legibility and navigation become more challenging and more important.

Sources
This page presents the sources of the individual epochs. Here, the user can alter the source
localisation method, as well as display options such as sensitivity. The sources will be represented
in a more intuitive way. Therefore, the visualisation method is an important consideration.

Settings
Since transparency is important for the end users, some way of altering the methods and
thresholds must be provided. The most logical solution is a separate page, to ensure enough
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space and legibility. This page provides insight into the different steps of the algorithm and their
order. Furthermore, the user can make alterations to the algorithm and immediately see the
results.

Two concepts were created based on these required components. These concepts were evaluated
with the Nielsen User Interface design guidelines. Furthermore, semi-functional prototypes were
created in Axure RP 9 (Axure Software Solutions, San Diego, CA, USA) to gather valuable
input from neurologists. The process of usability testing is elaborated below and had a strong
influence on concept selection.
The concept generation and evaluation led to a final design proposal. This is a continuation of
one of the concepts, adapted based on the outcomes of the concept evaluations.

3.5.1 Usability testing

The semi-functional prototypes of the two concepts were presented to three participants; a
clinical neurophysiologist and two training neurologists. An observer was present to guide the
process and gather information. For each page, the observer posed several questions and asked
the participant to complete a series of tasks (see Appendix K). Additionally, the participant was
free to explore the interface on their own. All thoughts and feedback of the participant were
noted. Furthermore, the interaction and usability patterns of the participant were observed.
Evaluation was based on the ability of the participant to navigate the interfaces. Furthermore, the
participant was asked if the presented information and options were complete and concise. Other
factors were intuitive understanding of the navigation, quick access to the desired information
and ability to adjust settings. Finally, the preferences of the participant for a certain concept
and certain functionalities were noted.
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Figure 4: The different components that must be present in the designs, their functionalities and
requirements and the ways in which they could interact. The first component is a main overview. From
here direct navigation to other pages should be supported, which are the cluster data (individual epochs),
the sources (individual sources) and the settings (algorithm parameters).
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4 Results

4.1 Algorithms

4.1.1 Method 1

With clustering implemented, method 1 is unable to produce feasible results. Visual inspection
of the results shows that too many clusters are generated per patient and feasible average IED
shapes are scarce.
However, the algorithm can still perform IED localisation and source localisation for the Rolandic
and other focal patients. This led to 16 correct, 5 incorrect and 1 inconclusive cluster averages.
The results without clustering, for Rolandic and focal patients are shown in Figure 5. It shows the
distributions of correct and incorrect clusters and the distribution of channels for correct clusters.
Appendix L gives the full results. Method 1 finds ten correct clusters for the Rolandic (71%)
and seven correct clusters for the other focal patients (88%). These correct clusters generally
consist of a decent number of epochs (39.2 ± 38.4 (mean ± sd)), although this varies per patient.
The correct clusters display IEDs in the temporal lobe (70%) and the central sulcus (30%) for
Rolandic patients. The other focal patients show correct clusters in the temporal (71%) and
frontal lobe (29%). The incorrect clusters often consist of artefacts.

= Correct
= Incorrect

= Temporal

= Central

= Frontal

T T

C

Figure 5: The results for method 1. For Rolandic and focal patients, the distribution of correct and
incorrect clusters and the distribution of channels among correct clusters in shown. Channels are indicated
with colors and a letter; C for central sulcus, T for temporal lobe and F for frontal and pre-frontal
lobe. Approximately 71% of detected clusters were correct for Rolandic patients, and 88% for other focal
patients. The correct clusters had IEDs in the central sulcus and temporal lobe for Rolandic patients and
in the central sulcus and frontal lobe for the other focal patients.

4.1.2 Method 2

Method 2 implements clustering. The average results for each epilepsy type are shown in
Figure 6. It shows the average number of detected clusters, the average number of correct
clusters, the average number of incorrect clusters and the distribution of channels for correct
clusters. Appendix M contains a full overview of the results.
The algorithm finds at least one correct cluster for each patient, with often a reasonable number
of epochs (on average 45.6 detected IEDs ± 51.1), although this varies between patients. Overall,
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more clusters were found for multi-focal patients (3.6 ± 1.8 versus 2.0 ± 1.6 in Rolandic and
2.5 ± 1.2 in other focal patients). For Rolandic patients, all correct clusters originate from the
temporal lobe (50%) or the central sulcus (40%), with one exception (patient 12). For focal and
Rolandic patients, either one correct cluster is found, or multiple correct clusters with channels
mirrored in the hemispheres (a mirror-focus). Two focal patients (patient 15 & 19) display
correct clusters in two different brain areas. For multi-focal patients, two or more correct clusters
are found located in at least two different brain areas (not with mirror-focus), with one exception
(patient 29).

A B

C = Temporal

= Central

= Frontal

= Occipital

= Parietal

Figure 6: The results for method 2. For Rolandic (A), focal (B) and multi-focal patients (C), the average
number of detected clusters (grey), the average number of correct clusters (green), the average number of
incorrect clusters (red) and the distribution of channels among correct clusters in shown. Channels are
indicated with a letter; C for central sulcus, T for temporal lobe, P for parietal lobe, F for frontal and
pre-frontal lobe and O for occipital lobe. More clusters were found on average for multi-focal patients
than for Rolandic and other focal patients. For Rolandic and focal patients the number of detected correct
clusters is lower. Clusters for Rolandic patients were found in temporal and central sulcus, with one
exception where the parietal lobe contained IEDs. Multi-focal patients show the largest variety in IED
locations.
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4.1.3 Influence of VGG sensitivity

The full results of varying the VGG sensitivity can be found in Appendix N. Figure 7 shows
the result of varying the sensitivity on the total size of correct clusters, the number of correct
clusters and the number of incorrect clusters for four patients. For most patients, the total size
of correct clusters increases as the VGG sensitivity decreases, as seen in Figure 7A. At the same
time, the number of incorrect clusters also increases with a decrease in sensitivity. There are also
patients where a decrease in the sensitivity at some point results in an absence of correct clusters,
as seen in Figure 7B. For some patients, the correct cluster sizes stay stable regardless of the
sensitivity, as illustrated in Figure 7C. Patient 1 (Figure 7C) also shows an absence of correct
clusters for only one sensitivity value (at 0.92). For patient 21, a decrease in the sensitivity leads
to a decrease in the correct cluster sizes, as shown in Figure 7D.

A B

C D

Figure 7: The result of varying the sensitivity of the VGG (x-axis) on the total number of detected IEDs
(blue), the number of detected correct clusters (green) and the number of detected incorrect clusters (red).
The lines do not represent data points, but only serve a visual purpose. Different results were found for
different patients. For most patients, among which patient 10 (A) where an increase of VGG sensitivity
decreases the number of IEDs detected by the algorithm. For some patients, such as patient 22 (B) a
low sensitivity eventually led to a absence of correct clusters. Patient 1 (C) has a stable number of IEDs,
except for one sensitivity value where the algorithm finds no correct clusters. Patient 21 (D) shows a
decrease in the number of IEDs detected by the algorithm, with a decrease in sensitivity.
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4.2 Source localisation

Since method 2 performed the best, the results of this method are used for subsequent source
localisation. Source localisation calculates the dipoles for the first peak of the average IEDs of
clusters (around 0.2 seconds).

4.2.1 Verification

Source localisation determined the average dipoles for 13 patients with Rolandic epilepsy (patient
5 was excluded because of the DB montage). Dipole modelling localised the source of the
largest correct cluster for each patient. The results for all patients, represented in two different
views, can be found in Appendix O. All Rolandic patients yield a dipole positioned at the
centrotemporal area, with an orientation tangential to the skull. The result for one patient
(patient 14) is shown in Figure 8. The dipole are plotted onto the MRI of the standard head
model. The bottom image is the top of the head, the right is the side and the left is the back. The
nose points towards the x-axis. The red dot indicates the dipole position and the arrow shows
the orientation. The GoF, strength and location of the dipole are included at the top of the figure.

Figure 8: Dipoles for the first peak of the average IEDs of a Rolandic patient (patient 14). Dipole
position and orientation are indicated with a red dot and arrow. The dipole GoF, strength and location
in the MRI are indicated at the top. For this patient, the dipole is located at the centrotemporal are and
oriented tangential to the skull, as is typical for patients with Rolandic epilepsy.

4.2.2 Dipole characteristics

Dipole modelling yields a dipole strength and GoF. The mean dipole strengths between correct
and incorrect clusters are similar, with an average dipole strength of 336.9 nAm ± 174.0 for
correct and 283.0 nAm ± 164.8 for incorrect clusters. The GoF does differ between correct and
incorrect clusters. With an average GoF value of 84.0% ± 17.4 for correct clusters and an average
of 64.7% ± 17.2 for incorrect clusters. Probability density functions for dipole strength and GoF
for correct and incorrect clusters are shown in Figure 9. A table with the characteristics of the
dipoles can be found in Appendix P.
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A B

Figure 9: Probability density functions for dipole strength between correct (orange) and incorrect (blue)
clusters (A) and dipole GoF between correct (orange) and incorrect (blue) clusters (B). The probabilities
for the dipole strength between correct and incorrect are similar. The probabilities for GoF are higher for
correct (84.0% ± 17.4) than for incorrect clusters (64.7% ± 17.2).

Some correct clusters with uncharacteristically low GoF values are shown in Figure 10. Likewise,
some incorrect clusters with high GoF values are shown in Figure 11.

Patient 26 Patient 30 Patient 30

6

0 0.2 1 0 0.2 1 0 0.2 1

Cluster 6

0 0.2 1 0 0.2 1 0 0.2 1

A B C
Cluster 1 Cluster 2

Figure 10: Correct clusters with low GoF values. Plotted are the average epochs, the dipoles of the
average epochs at 0.2 seconds and the head topography at 0.2 seconds. Patient 26 (A) has a GoF of 37.6%,
patient 30 (B & C) has GoF values of 23.9% and 20.1%. The expert classified all three clusters as IEDs.
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Patient 31 Patient 31

Patient 22 Patient 22 Patient 28
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2 4 4
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D E
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Figure 11: Incorrect clusters with high GoF values. Plotted are the average epochs, the dipoles of the
average epochs at 0.2 seconds and the head topography at 0.2 seconds. Patient 22 (A & B) show artefacts
with a GoF of 92.7% and 90.3% Patients 28 (C) and patient 31 (D & E) display other false positives with
GoF values of 89.7%, 93.7% and 94.3%.

4.2.3 IED stability

For the home-recordings, the algorithm ran on all two hour segments. The resulting clusters
were compared to the earlier classification. For each two hours, clusters coherent with the correct
cluster of that patient (as classified by the expert) were used. The result for one patient (patient
7) is shown in Figure 12. For this patient, the IED shape shows a sharp valley followed by a slow
wave for the first eight hours (11:15-17:15). After eight hours (19:15-05:15), the IED shape is a
sharp valley with a sharp peak. The difference in IED morphology is also visible in source space.
This presents itself as a shift in dipole location, where the dipole moves down the temporal lobe
after the first eight hours (after 19:15). Results from two other patients (patients 10 & 13) can
be found in Appendix Q. The dipole strength does not show significant change over time. The
strength of the dipoles for all three patients over time are plotted in Appendix R.
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Patient 7

21:15-23:15

11:15-13:15

17:15-19:15 19:15-21:15

13:15-15:15 15:15-17:15

03:15-05:1523:15-01:15 01:15-03:15

Figure 12: Average IED, dipole and head topography for the correct cluster for each two hours for
patient 7. Current time is indicated at the top of the figures. The clusters sizes are indicated above the
average IEDs. After 17:15-19:15, there is a change in the IED shape.
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The number of detected IEDs per two hours does change over time, as seen in Figure 13.
For patient 7, there is an increase in the number of detected IEDs from an average of 191.8
epochs ± 64.8 for the first eight hours (11:15-19:15) to an average of 470.3 epochs ± 25.6 between
10 and 16 hours (21:15-03:15).
Patient 10 shows an IED frequency of on average 34.0 epochs ± 12.9 for the first eight hours
(13:45-21:45) to an average of 435.3 ± 73.6 between 10 and 16 hours (23:45-05:45).
Patient 13 shows an IED frequency of on average 15.3 epochs ± 6.1 for the first eight hours
(11:30-19:30) to an average of 162.3 epochs ± 28.4 between 10 and 16 hours (21:30-03:30).
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Figure 13: Number of detected IEDs per two hours for patient 7 (A), patient 10 (B) and patient 13 (C).
The current time in steps of two hours is indicated on the x-axis. For all three patients an increase in the
number of detected IEDs is seen over time.
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4.3 Concepts

Design ideation led to two concepts which were detailed further. Some early sketches can be
found inAppendix S. Besides aesthetic, the designs also incorporate user interaction.

4.3.1 Concept 1

Concept 1 has a clear separation between pages. The first page is the main page, with an overview
of the most important information; average IEDs, dipoles and head topographies of clusters.
From here the user can navigate to the epochs page, the sources page and the settings page. All
pages allow the user to return to the homepage with a home icon. The interface indicates the
selected cluster at the top. It also displays the other clusters that can be selected. A cluster
page shows the cluster averages next to the individual epochs. An orange rectangle conveys
whether the epochs or the sources are selected. The trash can icon removes epochs from clusters
in the epochs or sources pages. The effect of removing an epoch is immediately visible since the
average IED is displayed. Additionally, the thrash can icons next to clusters names remove entire
clusters.

Epochs data

Sources data

Figure 14: Pages belonging to concept 1. In the middle, the overview. From here, the user can navigate
to the cluster page (upper) with the individual epochs and the sources page (bottom) with the sources of
individual epochs. The top of the interface provides navigation and a home button.
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4.3.2 Concept 2

Concept 2 has less direct separation between pages. Instead, the user can expand certain items
to get more information about them. The first page again gives an overview of the cluster
information. The user can adjust cluster settings here. Expanding a cluster shows the individual
epochs within that cluster and its sources. In the same way, contracting the cluster info returns
the user to the main page. An orange rectangle again indicates whether epochs or sources are
selected. There are multiple ways to navigate between pages in this concept. The user can
navigate by expanding and contracting the main page buttons, by scrolling to another cluster at
the bottom or by selecting epochs or sources from the cluster average. Arrows and rectangles
that appear when hovering are clues that indicate the ways in which the user can interact with
the concept. For example, as the user hovers over the average dipole on the epoch page, an
orange rectangle around this dipole indicates that clicking it will navigate to the source page.
Again, the user can remove epochs with the thrash can icon.

Figure 15: Pages belonging to concept 2. In the middle, the overview. Here, the user can alter cluster
settings. The clusters can be expanded to get see the individual epochs in a cluster (upper) and the
sources in a cluster (bottom). The user can also navigate to difference clusters at the bottom or between
sources and epochs by clicking on the cluster averages.
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The settings page is the same for both concepts and an impression of this page can be found in
Figure 16. The page shows the sequential steps of the algorithm. The user can expand each step
and make adjustments. The epochs immediately show the result of those adjustments. An undo
button allows users to reverse their changes.

Figure 16: The separate settings page. All the steps of the algorithm are shown (middle). Individual
steps can be expanded to show the results of that step in the epochs (bottom and top). The user can
undo their adjustments and navigate to the main page with the icons on the top of the interface.

4.3.3 Additional features

Apart from the two main concepts, some additional features were explored to aid neurologists in
several areas.

Moving pictures
This feature is inspired by early animation techniques. The epoch in a cluster slowly transforms
into the next. This will highlight the similarities and differences between individual epochs. It
may help identify false positives within a cluster. Furthermore, it makes it easier to compare
epochs within one cluster. This feature is shown in Figure 17.
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Figure 17: The first epoch (left) slowly transforms into the next epoch (right). This transition happens
gradually over time (middle) to highlight differences and similarities between the two epochs.

Stylised brain images
It is standard for the MNE package to plot the dipole inside the MRI scan of a brain. However,
this view may be hard to read. Therefore, more options are explored to discover the best
presentation. One option with a minimalistic design to increase legibility is shown in Figure 18.
It features image of the side, the top and the back of the head. Users can switch between these
views.

Figure 18: A different way to represent the dipole in the brain. The user can click on the view he wants
to zoom in on; the side view (left), the top view (middle) or the back view (right).

Color coded GoF
To warn the user of the reliability of the dipole fit, the dipole could be color coded based on
the GoF value. This gives a more intuitive display of the dipole accuracy. Furthermore, it can
communicate expected GoF values, for example with a gradient that has its turning point around
the first trustworthy value. Figure 19 shows this principle. High GoF values have a green dipole
(Figure 19A) and low GoF values have a red one (Figure 19B). The change in gradient is rather
high to signify that a GoF value should preferably be higher than 85%.
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A B

Figure 19: Indication of the GoF value, where a green dipole stands for a high GoF (A) and a red dipole
belongs to a low GoF (B). The scalebar at the side show the color gradient belonging to different GoF
values.

4.3.4 Concept evaluation

First, the two concepts were evaluated with the Nielsen interface design criteria. The full
evaluation can be found in Appendix T. This evaluation identified promising areas of the
concepts and areas with room for improvements. For example, the design maintains visibility of
system status by displaying the currently selected cluster and its average IED. The designs are
both consistent in their appearance, communication and navigation. Moreover, the designs are
legible and minimalistic because of their color palette and a minimal number of functionalities.
However, the designs adhere less to the principle of creating a match between the system and
the real world. Other principles that lag behind are the error recognition, diagnosis and recovery
and the help and documentation.
Additionally, users evaluated the prototypes with usability testing. This revealed strengths
and weaknesses of the concepts. These can be found in Appendix U, along with scoring of the
problems based on their impact and the frequency of occurrence.
Usability testing revealed that the participants needed little guidance in their navigation through
the interface. The link to the raw EEG signal is an important element that the final design
should preferably incorporate. Furthermore, the cluster IED averages on the main page posed a
challenging view to the participants, who automatically interpreted them as a continuous signalf.
Moreover, the sources of individual epochs were less valuable to the participants, who expressed
that they were not likely to use them often. The settings page was a potentially interesting
feature for the clinical neurophysiologist, but the training neurologists would not make any
adjustments to the algorithm. Overall, the users experienced the interaction and navigation of
concept 2 as more intuitive and more elegant.
Additionally, the participants said that they were not likely to use the moving pictures concept.
The view of all epochs next to each other was more familiar to them and provided enough
information. Also, they rather saw a cortex than an overly simplified head due to familiarity.
However, both views were preferred above the 3D MRI view. Furthermore, they preferred to see
a number for the GoF value, rather than to link it to the color of the dipoles.

4.4 Final design

Due to the preference of end users for concept 2, as revealed by the usability testing, the final
design is an adaptation of this concept. The final design incorporates the feedback from usability
testing. A new semi-function prototype was created of the final design. An impression is shown
in Figure 20.
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Figure 20: Pages belonging to the final design. At the top, the EEG viewer of Neurocenter. At the top
right, the new functionality is selected. The clusters can be seen next to the EEG viewer (second row
from the top). The main page can also be displayed in full screen (middle). The epochs within a cluster
and their sources can be accessed from here (bottom).
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5 Discussion

The goal of this work was to create a user interface for an algorithm that can localise, cluster and
determine the sources of IEDs. IEDs are important for the epilepsy diagnosis and classification.
Therefore, detection and clustering of IEDs will decrease analysis time and contribute to the
diagnosis and classification of epilepsy. Source localisation can additionally aid the diagnosis and
some of the results give insight into the nature and dynamic behaviour of IEDs. An interface
proposal will improve clinical usage and acceptance of the algorithm.

5.1 IED localisation & clustering

The expert evaluated the average epoch of each cluster. Therefore, the exact number of false
positives within the clusters is unknown. However, a convincing cluster average is a good indicator
for the epochs in this cluster, especially for large clusters. Furthermore, the cluster average
and the approximate number of IEDs in this cluster should provide enough information for an
informed epilepsy diagnosis.

5.1.1 Method 1

For method 1, clustering results were insufficient. One reason could be fallibility of the initial
IED localisation in method 1, since artefacts are also characterised by high amplitudes [93,94].
The incorrect detection of the IED channels used for clustering could explain the unsatisfactory
clustering results.
The results without clustering do not show a particularly high efficacy (16 of 22 clusters were
correct). The lack of clustering reduces flexibility of the algorithm, which can explain this low
efficacy. For the Rolandic patients, the correct clusters contain IEDs in centrotemporal channels,
which corresponds to the Rolandic area as reported in literature [31,95–97]. Incorrect clusters
often consist of artefacts. Many contain eye blink artefacts, presenting in the pre-frontal channels
(Fp1 and Fp2). These artefacts result from transretinal potential due to blinking [94,98]. Since
these signals have a consistent origin, they also present in similar shapes and thus correlate
highly with each other. This is why the algorithm classifies them as IEDs. However, they are
not neurobiological signals.

Overall, the algorithm of method 1 can detect clusters with IEDs. For some patients the
algorithm detects clusters with artefacts instead. The algorithm detects epileptiform activity in
73% of the patients in this dataset.
Another drawback is that the algorithm contains many patient-specific exceptions (f.e. based on
the found correlations with other epochs, or the number of channels that seem to contribute)
and is thus less adaptable to new EEG signals.

5.1.2 Method 2

Method 2 uses the steepest slope for initial IED detection. This led to better results, suggesting
that a steep slope is a more robust IED indicator than a high amplitude. Indeed, while artefacts
often display high amplitude, their frequency is generally lower (in the delta-frequency range),
resulting in a more gradual slope [94,98].
The detection of correct clusters in all patients suggests that the algorithm is well suited for
IED detection. For the Rolandic patients, correct clusters contain IEDs in the central sulcus
or temporal lobe. Other focal clusters generally yield clusters in one brain area, as expected in
focal epilepsies [99,100]. When the algorithm finds multiple clusters for focal patients, it often
concerns a mirror focus. This phenomenon where epileptiform activity is present in the same
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area of both hemispheres is common for focal epilepsy patients [101,102].
The algorithm found slightly more clusters for multi-focal than for focal patients. This slight
difference may be due to the mirror-focus clusters in focal patients. The algorithm detects at
least two clusters in different brain areas for multi-focal patients (with one exception), which
is characteristic for multi-focal epilepsies [103]. This indicates that the algorithm is capable of
detecting multiple clusters.
There are some divergent findings (patients 12, 15, 19 & 29), with multiple clusters in different
brain areas for focal patients and only one cluster for a multi-focal patient. Since the expert
identified those clusters as correct, the patients might have been wrongly diagnosed. This stresses
the challenge clinicians face with manual IED detection and identification of IED locations. At
the same time it verifies the importance of automated detection and clustering mechanisms.
The multi-focal patient with one correct cluster could also contain a low number of IEDs that
belong to a second cluster, thus avoiding detection.

Overall, the results suggest that method 2 is successful at detecting and clustering IEDs. There
are some clusters with false positives, but since they are captured in one cluster they are easily
discarded. For this dataset, the maximum number of clusters that the neurologists would need
to discard is 3 and the average number is 0.8 ± 0.9.
Others have explored automated IED detection, clustering and source localisation. Van ’t Ent
et al. (2003) presented clustering and source localisation results for magnetoencephalogram
(MEG) signals for four patients [66]. Similarly, Rozendaal et al. (2015) presented a clustering
and source localisation method for MEG of seven patients, with the same epilepsy type [65]. Van
’t Ent et al. (2003) found at least one correct cluster for all patients and Rozendaal et al. (2015)
found six correct clusters out of seven patients. The methods presented by both studies often
returned several similar clusters, often with a low cluster size. This could be due to the clustering
approach, which is based on discrete time instances and all channels and thus limited to a single
point in time. Whereas method 2 uses a longer time signal and inherently separates clusters
by IED channels. Another difference is that those studies used MEG data. MEG signals are
generally better suited for IED detection and source localisation, because of a lower sensitivity
to distributed and deep brain activity [65,104].
Although MEG is preferred for source localisation, some studies use EEG signals. For example,
van Mierlo et al. (2017) evaluated the Epilog PreOP (Epilog, Ghent, Belgium), which in turn
uses the automated detection of Persyst Spike Detector P13 (Persyst, San Diego, CA, USA)
on EEG signals of 32 patients [24]. In this work, van Mierlo et al. (2017) use the two clusters
with the most epochs and discard all other clusters. They did not report total number of found
clusters. Considering only the two largest clusters per patient, they still detected 20 incorrect
clusters. In two of the 32 patients, no correct clusters were found. The downside to this method
is that the number of clusters is naturally limited to two. In the work from this thesis, the
algorithm finds three or more clusters in several instances, which illustrates the importance
of limiting the number of incorrect clusters among the results. This is especially relevant for
multi-focal patients, which is a patient group that Mierlo et al. (2017) did not consider in their
work.
Overall, method 2 adds a new approach to automated IED detection, clustering and source
localisation. While comparison can be difficult due to the difference in the study goal, dataset
and evaluation of the results, some cautious conclusion can still be drawn. When compared to
literature, method 2 seems as or more reliable in IED detection and clustering. The number of
incorrectly detected clusters is generally lower and the algorithm is successful for a large number
of patients and a larger variety of epilepsy types.
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5.1.3 Influence of VGG sensitivity

Generally, a decrease in the VGG sensitivity leads to an increase in the cluster size and the
number of clusters, as seen in Figure 7A. This is expected, since a decrease in sensitivity leads to
an increase in the number of epochs used as input. This leads to an increase in the number of
correctly detected IEDs, but also to an increase in the number of false positives.
Therefore, a decrease in sensitivity can also lead to a decrease ( Figure 7D) or absence (Figure 7)
of correctly detected IEDs. The decrease in detected IEDs indicates that the number of IEDs is
low compared to the number of false positives. This impedes IED detection, as the assumption
is that IEDs have a high correlation with many other epochs.
In one case, the algorithms finds no correct IEDs for one sensitivity value, as seen in Figure 7C.
In this case, the ratio of IEDs within the cluster is lower for this specific sensitivity. This ratio is
just below the IED detection threshold.
In the end, what probability threshold to use is a trade-off between quantity and quality. Overall,
it seems that in the future the sensitivity threshold can be lower than 0.99. For this dataset,
a probability of 0.96 or 0.94 will lead to an increase in the detected number of IEDs, without
losing the accuracy for some of the patients.

5.2 Source localisation

5.2.1 Verification

The source localisation method was verified with EEG signals of patients diagnosed with Rolandic
epilepsy. Typical spike topographies are reported as a negative potential field centrotemporally
and a positive potential field frontally [95]. Furthermore, literature reports the dipoles in
Rolandic epilepsy positioned around the central sulcus, causing motor or sensory symptoms. The
orientation of the dipole is less consistent in literature, but dipoles are orientated tangential to
the skull, either posteriorly or anteriorly [31,95–97].
Inspection of the found dipoles (see Appendix O) shows that all are located in the centrotemporal
area. The orientation is tangential to the skull surface for all patients, as demonstrated for one
patient in Figure 8. Therefore, all dipoles show a location and orientation which is consistent
with literature [31, 95–97]. This justifies the choice and implementation of the equivalent dipole
model for these patients.

5.2.2 Dipole characteristics

Based on the probability density functions in Figure 9, there is no significant difference in dipole
strength between correct and incorrect clusters. However, for the GoF the probability of finding
a value higher than 85% is higher for correct clusters (47.6%) than for incorrect clusters (11.9%).
A higher GoF for IEDs is as expected, as epileptiform activity originates from one or multiple
sources in the brain, whereas background activity does not have discrete sources. Therefore, high
GoF values for correct clusters suggest that the dipole modelling for these clusters is accurate.
Furthermore, it suggests that a high GoF is synonymous with the credibility of a cluster. However,
there are exceptions on both sides.
Some of the correct clusters show low GoF, as seen in Figure 10. The average IEDs of those
clusters have similar dipole locations, close to the skull of the head model (see Figure 10). The
used head model is a standard head model and thus not patient-specific. Therefore, the exact
location and shape of the skull from the patient might differ from the used model [105,106]. More
importantly, these patients often show epileptiform activity in non-adjacent brain lobes or even
in different hemispheres at the same time. Therefore, one dipole may not suffice in explaining
the IED, you might need 2 or 3 dipoles, or even distributed source models [107]. Both factors
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could have contributed to the low GoF that was found.
On the other hand, some of the incorrect clusters also show a divergently high GoF. Upon
inspection (see Figure 11) many of these clusters consist of artefacts. This suggests that the
equivalent dipole model is confident that it can correctly detect the sources of artefacts. On one
hand, this is to be expected as there are only one or two channels that significantly contribute
to the measured signal. Thus it is not difficult to establish the origin of the supposed electrical
activity. For patient 22, cluster 2, where the artefacts are present in channel F3, the model
assumes that only one electrode (F3 in this case) contributes to the EEG signal. Indeed, the
position of the dipole is precisely at the electrode displaying the artefact, pointing outward,
towards the skull. However, biologically this is a very unlikely source. For the other patients, the
artefacts are again eye blink artefacts. Therefore, the dipole model put the source of electric
activity between the eyes. Again, visual inspection can easily confirm that this does not represent
brain activity, since the source is not found in the cortex.

Overall, higher GoF values are found for correct clusters than for incorrect clusters. The
exceptions can be explained with biological and mathematical arguments. The results suggest
that the GoF value of the dipoles can be used to exclude incorrect clusters which do not consist
of artefacts. However, one should take into account that the GoF value will only be high for
IEDs where the electrical activity can be explained with a single dipole.

5.2.3 IED stability

For the three included patients, there is a change in IED morphology and dipole characteristics
over time, as seen in Figure 12 and Appendix Q. Furthermore, the number of detected IEDs
increases over time, as seen in Figure 13. The IED frequency shows an average increase of 250%,
1100% and 1300%.
Based on the inflection point (between 19:15-21:15, 21:45-23:45 and 21:30-23:30), this increase
may relate to the difference in EEG between sleep and wake [108,109]. It is known that NREM
(non-Rapid Eye Movement) sleep often leads to an increase in IED frequency, while REM (Rapid
Eye Movement) sleep leads to suppression of IEDs [110–120]. The general consensus is that this
phenomenon is due to the high degree of cortical desynchronisation in EEG during REM sleep,
while in NREM sleep the patterns are more synchronised, as witnessed in sleep spindles, delta
waves and slow wave activity (SWA) [110,113–116,120,121]. Furthermore, inhibitory influences
during sleep may increase epileptiform activity [121,122].
There is some additional evidence in literature that suggests that sleep also influences IED
morphology [111,118,119]. For example, during REM sleep IEDs are generally shorter and more
localised and the onset zone is more correlated to ictal (seizure) onset zone, when compared to
NREM sleep [111,118]. The hypothesis is that the interaction between sleep and EEG causes
the increase in IED frequency and the shift in IED morphology.
What was not taken into account here is the effect of medication. However, AED usage can also
interact with sleep patterns, leading to alteration of the IEDs during sleep [111].
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5.3 Interface design

5.3.1 Design process

Gould and Lewis (1985) stated three principles for usability design [92]. The first is an early
focus on users and tasks. In this work that encompassed a brand analysis, a stakeholder analysis,
the information cycle and identification of users and their preferences and necessities through
the user interface design principles. Furthermore, neurologists also gave direct input. This direct
contact with end users is often forgotten but fundamental according to Gould and Lewis.
The second principle is empirical measurement, which refers to prototype testing. In this work
users interacted with digital semi-functional prototypes for usability testing. The prototypes
of the concepts yielded more feedback from the end users, while preserving focus on the design
elements. Because of the interaction between the end users and the interface, the end users
also get a more complete picture of the possible end product. This functionality contributed
to gathering useful and precise user feedback. Apart from information about the interface, the
interaction between users and the interface was also recorded, with is a recommended part of
empirical measurement according to Gould and Lewis.
The third principle is iterative design. This refers to circular design, where design phases uncover
problems which are fixed in the next iteration. The evaluation with the Nielsen design criteria and
usability testing revealed strengths and weaknesses in the design. The final design incorporates
these strengths, such as the visibility of system status, the intuitive navigation of concept 2 and
the legible color palette. The revealed weaknesses are omitted or altered in the final design.
For example, the ambiguous views were changed and the functionality was linked to the raw
EEG signal. However, this work did not fully address all the weaknesses. For instance it did not
completely fix the lack of error recognition, diagnosis and recovery and help and documentation.
However, these features become increasingly important as implementation is nearing. In the
current early phase it is more challenging to identify potential errors and thus less efficient to
focus on this area. Further work could build on the challenges and gather more insight to aid
implementation of these features.

5.3.2 Final design

The earlier design steps led to a final design. The prototype of the final design gives insight into a
possible functional design. The design concisely presents the most important information for the
end user. Furthermore, this design links the found IEDs to their location in the raw EEG signal.
This provides more context, aiding the neurologists in the interpretation of the electrical activity.
It also allows neurologists to easily verify the result, which improves usability and acceptance.
Furthermore, it relates the new functionality to current practise, which will shorten the learning
curve for the interface.
Usability testing revealed that familiarity is important to the end users. Therefore, the dipoles
are now displayed inside the cortex, which helps the neurologists evaluate the dipole. Compared
to the MRI 3D view of the concepts, the new representation is less ambiguous and more familiar
to end users.
Furthermore, for time instances farther from the IED shape, the dipole is removed to convey
that the dipole fit is not valuable when there is no epileptiform activity.
The user can access more in-depth information about clusters via intuitive navigation. The user
can still access the sources of individual epochs, but it is a less dominant feature and does not
have an individual page. Similarly, the user can still change parameters in the settings page,
but the page itself is not a prominent feature. The opinions on adding a settings page were
inconclusive. The (training) neurologists perceived the interface differently on this and other
areas than the neurophysiologist. This difference is an important result. It indicates that future
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work should focus on defining the exact target group. Johnson and Turley (2006) discussed the
need for different design approaches for users with different backgrounds in health care [123].
They found cognitive differences between physicians and nurses, calling for different designs. The
interface in this work may need a similar divide between neurologists, neurophysiologists and
other clinicians. More research must reveal the different possible users and the intended target
group. A preciser target group will help tune the design to their preferences and needs.
Another consideration for the settings page is that this function is a manual override that users
will ideally not need. A further stadium with a better defined target group will have to reveal
whether and in what sense a settings page is needed.
In the end, the misinterpretation of the horizontally aligned IEDs on the main page was not
fixed. Breaking up this horizontal view by misaligning the average IEDs is detrimental for the
consistency and aesthetic of the design. The end users may get used to this view over time. This
is something further work can explore on a longer time scale with various end users. Furthermore,
the final design provides an option to see the cluster information of only one cluster at a time,
circumventing the issue.

The final design plays to the strengths and preferences of end users with visuals that are
familiar to neurologists and by taking the perceived value of information to the end users into
account. Multiple views and ways of navigation in the design increase flexibility and efficiency
of use. The intended target group needs further exploration. Some elements of the design are
underdeveloped, such as error handling and available settings. Further research must determine
strategies to handle these features, based on end user preferences and challenges and opportunities
identified through interaction.
Overall, the usability testing and the adaptions made in the final design show that there is a
future for the presented work in a clinical environment.
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6 Conclusion

This work presented two algorithms. The algorithm that localises IEDs by their steep slopes
yielded the best results. This algorithm, in succession to the VGG adaptation of Catarina
Lourenço [1], is able to create clusters of IEDs for all patients in the available dataset. The overall
number of incorrectly determined clusters is low (0.8 ± 0.9 (mean ± sd)). As expected, the
algorithm found clusters in different brain areas for multi-focal patients, whereas focal patients
had one cluster or mirror-focus clusters.
The dipoles of the clusters revealed that correct clusters show a higher GoF value (84.0% ± 17.4)
than incorrect clusters (64.7% ± 17.2).
Three long recordings revealed that there is a change in IED frequency, IED morphology and
dipole location over time. This may reflect the interaction between sleep and epileptiform activity.
We created two prototypes for the interface design. Three end users evaluated the prototypes.
The final design incorporates the user feedback. Despite the absence of a fully functional interface,
the prototypes show possible functioning of the interface. This led to valuable feedback from
the end users and it showed the possible clinical value of the algorithm in combination with the
interface.
Automated detection, clustering and source localisation of IEDs is not common practise in
the clinic. The goal of this work was to create an algorithm for automated IED localisation,
clustering and source analysis and to present the results to neurologists in the clinic. The
presented algorithm successfully creates clusters of IEDs and determines their sources. Usability
testing and the subsequent final design show that the presented interface communicates the
results according to preferences of end users. This combination could aid neurologists in setting
the epilepsy diagnosis and classification in the future.
Furthermore, the algorithm could promote longer EEG recordings and encourage more common
usage of source localisation in the epilepsy diagnosis and classification in the clinic.
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7 Recommendations

7.1 VGG model

The VGG Convolutional Neural Network is continuously subject to improvements by Lourenço
da Silva [1]. Since the start of this project, a new version of the VGG for 18-channel or 19-channel
EEG signals was designed. Future works can use these new models as the input for the algorithm
in this project, which should increase the number of detected IEDs.
Furthermore, the VGG seems to perform better on signals referenced with the Double Banana
montage. This project used the average reference montage for most signals (with four exceptions),
to allow source localisation. However, for future work it may be interesting to use the Double
Banana montage for the labels, while running the algorithm on signals with an average reference.

Moreover, further work should explore the optimal value for the VGG sensitivity. In general, lower
sensitivity thresholds should yield better results. The algorithm can be adjusted to support usage
of lower probability thresholds. For example, the detection threshold (percentage of epochs an
epoch should be highly correlated with) should likely be lower for lower sensitivities. Otherwise,
the increasing number of false positives will decrease this percentage, making it more likely to
exclude true positives. This was seen in practise for patient 1 for probability 0.92 (Figure 7C)
and is likely what happened to patient 21 and 22 (Figure 7B and Figure 7D).

An alternative approach is to explore usage without the VGG output. Currently, the presented
method relies on the performance of the VGG. Therefore, whenever the VGG detects a small
number of epochs with IEDs or too many artefacts or false positives, this reflects back on the
results from the algorithm. With some alterations it may be possible to use the algorithm on
epochs of an EEG signal instead of the epoch generated by the VGG. If the approach is successful,
this will likely lead to a higher number of detected IEDs, since the input is larger. The pitfall
is that more false positives will be present amongst the epochs, making it more challenging to
detect the IEDs.

7.2 IED detection & clustering

The first recommendation for further validation of the algorithm is to increase the sample size.
With a larger dataset, the work can set more precise algorithm parameters. Instead of a more
empirical approach in setting the thresholds, as is the case in this work, larger simulations should
determine the optimal values.
Due to time constraints, this work did not quantify the exact number of false positives within
each cluster. For further work, this is a recommended addition. Not only would the evaluation
of the algorithm be more reliable, but it would also allow more exact comparison to results in
literature.
Furthermore, in some cases the algorithm still yields multiple similar clusters. Further work can
explore in what case clusters should be merged and how to implement this.

7.3 Source localisation

Future work can include extending the dipole modelling to multiple dipoles. This will lead to
better results for a larger variety of EEG signals.
Future algorithms could use dipole GoF values to exclude clusters with false positives (f.e. GoF
<85%). However, the work should be aware of possible fallibility of the dipole modeling, such as
dipole position (close to the skull may lead to low GoF) or IED characteristics (origination from
multiple sources). This would not exclude clusters with artefacts, but these are often easier to
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distinguish from IEDs for neurologists, both because of shape, amplitude and (sometimes) dipole
orientation and location.

7.4 IED stability

Since there can be a difference in IED shape over time, it may be interesting to implement
hierarchical clustering in the future, to separate those shapes. Another option is to run the
algorithm per 2/4 hours and then combine the results.
Furthermore, further work could explore the hypothesised relationship between sleep and IED
frequency and morphology. Although literature reports the increase in IED frequency during
sleep, the effect of sleep on IED morphology is largely unexplored. A larger dataset should
be used, where sleep patterns of the patients are precisely annotated. This will produce more
definite results. Furthermore, the influence of AEDs on these analyses should be investigated.

7.5 Interface design

The first recommendation is to create a fully functional interface design. Furthermore, usability
testing should be performed on a larger scale, with more stakeholders (for example both
neurologists and other clinicians from different institutions). More research must investigate
the possible end users and define the intended target group. Direct contact with the clinicians
involved in EEG analysis and more usability testing can help define the most relevant target
group in this case.

Further work should incorporate the design into the current interface. While the final design
contains interaction with the EEG viewer, this should be extended. For example, the clinician
should be able to add their found IEDs from the raw signal to a cluster.
With a more functional design, opportunities arise to implement some features that may benefit
usability. For example, a bottleneck in this project is that Axure RP (Axure Software Solutions,
San Diego, CA, USA) does not support dragging of elements. However, it would be more intuitive
to drag the scrollbars (to scroll between clusters and epochs) than to click them to the next page,
which is currently the case. Furthermore, a more intuitive way of merging clusters would be to
drag two clusters together on the main page.
The settings page needs further exploration. Further usability testing must determine the
necessity of this page and more research must be conducted into clinical usage and what this
means for the design. Furthermore, future work should focus more on potential errors and ways
to avoid and fix them. Errors can be identified by creating (almost) fully functional prototypes
and testing them with a large group of end user. Additionally it will be easier to design and
evaluate user interaction with a fully-functional interface.

7.6 Implementation in the clinic

Before implementation of the algorithm in the clinic, several steps are needed. First, further work
must prove that the VGG in combination with the algorithm is functional for a large number
of patients. Furthermore, to increase user friendliness, the clinicians should not operate the
algorithm with Python. Therefore, a design for the clinic should incorporate the algorithm. The
interface design presented here gives an proposal on what information to present and how to
present it. In the end, the design should be fully functional and preferably integrated into the
current Neurocenter interface. Testing the completed algorithm with interface in hospitals may
help clinicians see its added value. The implementation in the clinic must be gradual to let
clinicians get used to the new interface. A trial phase can be added, in which the clinicians are
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able to use the fully functional interface and give feedback. This feedback can immediately be
implemented, to optimally tune the interface to the wants and needs of its users.
Once implemented, the end result may stimulate clinicians to use a larger number of IEDs in
setting the epilepsy diagnosis. Furthermore, they may be more inclined to use the sources of
IEDs for the IED evaluation as well, when the option is available and the design highlights
its relevance. As a side effect, clinicians may be motivated to increase the standard time of
EEG recordings, since they do not have to manually analyse the entire signal. These longer
recordings will measure more IEDs and thus lead to more accurate results, in turn leading to a
more accurate epilepsy diagnosis.
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A ASSIGNMENT DESCRIPTION

A Assignment description

Implementation of a generic algorithm to perform automated source localisation
of detected IEDs in EEG signals, designed for a clinical setting
MSc Assignment

Background
Epilepsy is a prevalent neurological disease, defined by recurrent seizures. Diagnosis of epilepsy
can be based on interictal EEG, as the presence of Interictal Epileptiform Discharges (IEDs)
indicate an underlaying epileptic disorder. Neural Networks can be used to automate IED
detection (da Silva Lourenco, n.d.; Duncan et al., 2002; St.Louis & Frey, 2002; Thomas et al.,
2018). Additional information can be extracted from these detected IEDs with source localisation.

State of the Art
Source localisation methods reconstruct the sources in the brain underlaying a certain EEG
signal. This entails a forward and an inverse solution. The EEG forward problem explains how
pyramidal cortical neurons create current sources that are measured on the scalp by electrodes,
resulting in an EEG signal. The inverse problem starts with an EEG signal and determines
a corresponding simulated source inside the brain (Asadzadeh et al., 2020; Awan et al., 2019;
Grech et al., 2008; Jatoi et al., 2014). Since the inverse problem is ill-posed, there are several
mathematical models which provide a solution. The models return the optimal location and
orientation of simulated source(s). They differ in a priori assumptions and constraints (Grech et
al., 2008). The advantages of source localisation are its non-invasive nature, the usage of readily
available tools (EEG measurements), the addition of spatial insight to the EEG signal and the
intuitive presentation of results. Various authors discussed source localisation of EEG data.
However, these studies are mainly experimental and conducted on a small-scale dataset. Research
into source localisation of specifically IED signals is limited. Furthermore, research is often
limited to specific epilepsy syndromes, specific spike patterns and/or specific tasks (Bagshaw et
al., 2006; Eom et al., 2017; Meckes-Ferber et al., 2004; Seeland et al., 2018). Currently, source
localisation used in a clinical setting requires an extensive and specific set-up. Overall, there is a
lack of generic implementations of source localisation models that are suitable for use in the clinic.

Goal of the project
The goal is to create and implement a generic source localisation algorithm, which can automatically
provide complementary information, based on IEDs in an EEG signal, to support the neurologist
in setting a more extensive epilepsy diagnosis.

Research activities
The accuracy and performance of different source localisation methods will be investigated and
one or more methods will be chosen. These will be implemented into an algorithm to automate
source localisation of detected IEDs. Useful functions for neurologists will be determined to
improve the performance of the implementation. Preferences of neurologists will be used to aid
the design of the user interface for clinical usage.

Expected results
The expected result is an automated algorithm which can determine the source localisation
of the average IED from all IEDs detected in an EEG signal. Additionally, the design of an
implementation specifically tuned to the needs of neurologists will be delivered. References
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B INFORMATION CYCLE

B Information cycle

Figure 21 shows the process of patient admittance and subsequent information collection and
analysis. The patient experiences symptoms and consults the hospital. At the hospial the EEG
measurement are made. The neurologists revises the EEG with additional patient information.
This leads to a diagnosis and classification on the epilepsy characteristics, which will determine
the management or treatment options. This work will add information and relieve some parts of
the analysis, to aid the neurologist in determining an epilepsy classification.

Figure 21: The information cycle in the clinic. A patient has certain symptoms and the neurologists
suspects an underlaying epilepsy disorder. To confirm this suspicion, EEG signals of the patient are
measured. The neurologists analyses these EEG signals, looking for epileptiform activity. Based on the
presence and presentation of IEDs, the neurologists determines the epilepsy diagnosis and classification.
This results in treatment or management strategies. The work presented here is targeted at the EEG
analysis, leading to a diagnosis and classification. This part is indicated with a different background color.
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C Usability Heuristics

Below are ten general principles for user interface design, formulated by Jakob Nielsen. They are
called ”heuristics” because they are more in the nature of rules of thumb than specific usability
guidelines.

1. Visibility of system status
The system should always keep users informed about what is going on, through appropriate
feedback within reasonable time.
2. Match between system and the real world
The system should speak the users’ language, with words, phrases and concepts familiar to the
user, rather than system-oriented terms. Follow real-world conventions, making information
appear in natural and logical order.
3. User control and freedom
Users often choose system functions by mistake and will need a clearly marked ”emergency exit”
to leave the unwanted state without having to go through an extended dialogue. Support undo
and redo.
4. Consistency and standards
Users should not have to wonder whether different words, situations, or actions mean the same
thing. Follow platform conventions.
5. Error prevention
Even better than good error messages is a careful design which prevents a problem from occurring
in the first place. Either eliminate error-prone conditions or check for them and present users
with a confirmation option before they commit to the action.
6. Recognition rather than recall
Minimize the user’s memory load by making objects, actions, and options visible. The user
should not have to remember information from one part of the dialogue to another. Instructions
for use of the system should be visible or easily retrievable whenever appropriate.
7. Flexibility and efficiency of use
Accelerators – unseen by the novice user – may often speed up the interaction for the expert
user such that the system can cater to both inexperienced and experienced users. Allow users to
tailor frequent actions.
8. Aesthetic and minimalist design
Dialogues should not contain information which is irrelevant or rarely needed. Every extra unit
of information in a dialogue competes with the relevant units of information and diminishes their
relative visibility.
9. Help users recognize, diagnose, and recover from errors
Error messages should be expressed in plain language (no codes), precisely indicate the problem,
and constructively suggest a solution.
10. Help and documentation
Even though it is better if the system can be used without documentation, it may be necessary
to provide help and documentation. Any such information should be easy to search, focused on
the user’s task, list concrete steps to be carried out, and not be too large.
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D DATA

D Data

Table 1: Used EEG signals, consisting of 14 patients with Rolandic epilepsy, 8 patients with another
focal epilepsy and 9 patients with multi-focal epilepsy. The used number of epochs and when applicable
the total number of epochs (indicated with a dash) are shown. Furthermore, the number of epochs in
which the VGG found an IED and the number of those epochs excluded due to artefacts are also shown.

Patient M/V
Epilepsy
type

Used epoch no.
/ total epoch no.

Epochs
from VGG

Artefact
no.

1 M Rolandic 614 29 12

2 M Rolandic 581 130 84

3 V Rolanic 599 63 39

4 M Rolandic 609 123 17

5 M Rolandic 5000 / 30302 58 7

6 V Rolandic 602 77 11

7 M Rolandic 5000 / 38159 1220 659

8 M Rolandic 3110 595 409

9 M Rolandic 605 11 2

10 M Rolandic 5000 / 42061 207 111

11 M Rolandic 603 26 17

12 V Rolandic 606 383 236

13 M Rolandic 10000 / 36667 982 722

14 M Rolandic 2634 1536 1260

15 M Other focal 599 201 29

16 M Other focal 599 37 18

17 M Other focal 599 105 56

18 M Other focal 18253 14 0

19 V Other focal 25818 180 2

20 M Other focal 24417 6 0

21 M Other focal 44463 3252 3107

22 V Other focal 10000 / 39669 1527 1396

23 M Multi-focal 544 79 25

24 M Multi-focal 599 301 270

25 V Multi-focal 564 47 16

26 M Multi-focal 640 173 4

27 V Multi-focal 651 308 168

28 V Multi-focal 10000 / 33659 3424 3383

29 M Multi-focal 37259 649 516

30 V Multi-focal 30535 4873 4777

31 M Multi-focal 629 373 298
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E Algorithm flowcharts

Method 1

Figure 22: Simplified IED acquisition flow for method 1. IEDs are detected by high amplitudes. Artefacts
are removed from the VGG epochs with a peak-to-peak threshold. High peaks are shifted to 0.2 seconds.
False positives are removed with cross-correlation. The epochs are realigned with lags. The epochs are
first clustered by IED channel. Hierarchical clustering splits these clusters into two. False positives are
removed within a cluster. As a last step, some false positives are retrieved.
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Method 2

Figure 23: IED acquisition flow for method 2. IEDs are detected by steep slopes. Artefacts are removed
from the VGG epochs with a peak-to-peak threshold. High peaks are shifted to 0.2 seconds. The epochs
are clustered by IED channel. False positives are removed with cross-correlation. The epochs are realigned
with lags. Similar clusters are merged together. As a last step, some false positives are retrieved.
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F Methods exploration

False positive removal
Several methods for exclusion of false positives were explored, such as scale-invariant feature
transform (SIFT), heatmaps, peak amplitude and cross-correlation.
An attempt was made to perform SIFT on EEG signals. SIFT is an algorithm designed to find
similar features between pictures [124]. First results suggested that SIFT is unfit for usage on
EEG signals. Figure 24A shows the matches between keypoints of an epoch with itself. Figure
24B shows matches of the same epoch with other epochs. SIFT often led to no matches (figure
24B (left)), or a few matches with keypoints that were not part of IED shapes (figure 24B (middle
& right)). The results imply that the algorithm responds to intersecting lines. This hypothesis
was tested with sines and cosines. Figure 24C shows the performance of SIFT on a series of sines
and cosines. At first no keypoints are found. An increase of scaling and subsequent increase of
intersecting lines creates new keypoints. The matches found between the sinoids and shifted
versions appeared random, as seen in figure 24D. Therefore, SIFT was abandoned.

Figure 24: SIFT determines keypoints of epochs and matches them to keypoints in other epochs. The
epoch on the left is matched to the epoch on the right. Epochs matched to themselves display as matches
between the same epochs (A). An epoch matched with another epoch (B) shows the keypoints without
matches as red dots (left) and matches between epochs are connected by a blue line (middle & right).
Little matches were found and they were not located at the IED shapes. SIFT was also performed on
sinoids (C). No matches are found (left & middle) until the scaling is increased and lines intersect (right).
Matching sinoids to shifted versions (D) did not lead to matches between similar shapes.
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F METHODS EXPLORATION

Another option is to create heatmaps of the EEG data and compare these images by subtracting
pixel intensity values around the IEDs. Trial-and-error with this method did not prove promising.
A possible explanation could be that this approach does not account for small shifts between
signals, and is thus less forgiving to small deviations from the earlier steps. This combination
between early attempts and theoretical background led to this method being dropped.

Clustering
The first method is based on the assumption that the highest peak is an important part of the
IED. The IEDs are clustered based on their data during the highest peak, resulting in an array
of length RC , containing the voltage of each channel at the time of the highest peak. A distance
matrix is created, of size RE×E , with the Euclidean distances between all epochs. This distance
matrix is the input to Wards hierarchical clustering method [65,66]. This method will prevent
clustering different peak polarities together, which will prevent that the peaks even each other
out when the epochs are averaged later. However, upon seeing more data and evaluation with
neurologists, it seems that if the IEDs are located in the same channel and shifted correctly, it
is unlikely that there is still a significant difference between their peaks. If true, this method
is not useful for the purpose of IEDs, since clustering on only one time sample does not reveal
anything about the shape aside from this peak.
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G Stakeholder analysis

Figure 25: Stakeholder analysis. The patient has a certain problem, presenting as symptoms. The
neurologists has a goal to treat these symptoms, in the first place by setting a diagnosis. To achieve this
goal, the Neurologist uses EEG signals. Neurocenter is a system from Clinical Science Systems, which
can help the neurologists with the EEG analysis. The tool presented in this work may lead to addition
of a new tool to the current Neurocenter system, to additionally aid the EEG analysis. MST may be
interested in this tool because it improves patient care.
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H Brand analysis

NAME KEY VISUALS

Clinical Science Systems
This name is simplistic and to the point. The company 
avoids confusing and aims to be transparent towards 

their users.

Blue, white, orange 
and light blue are colors that return in the designs.

Blue is often associated with health
care.

In the Netherlands, the color blue is often associated 
with serenity and calmness. 

The simplistic icons and rounded angles give off a more 
friendly  look.

NeuroCenter EEG
This name is also inherent to the function of the 

program.  

BRAND ELEMENTS
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PRODUCTS

BRAND ELEMENTS

NeuroCenter EEG MDOrganizerBrainStatus

BrainStatus is an EEG acquisition 
product. It consists of an electrode set 
which can be used quickly and is 
disposable. It is most useful in 
emergency situations. 

Neurocenter is a software to read and analysis 
EEG signals. An USP is the mobility and 
flexibility of the system. Furthermore, the 
simplification of performing analyses on the 
data is an important aspect.

MDOrganizer organizes and shares 
patient data. The system integrates with 
existing environment and equipment. 
The USP is the easy usability. 
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Figure 26: Brand analysis. Clinical Science Systems is a company that develops products and services
for the clinic. Both have use a consistent color palette of a dark and light blue with orange accents. The
company provides several neuro-imaging and analysis products. One of those is Neurocenter. Neurocenters
is used for the analysis of EEG signals. It contains an EEG viewer and provides several analysis techniques
for EEG signals.
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I Visual design elements

Figure 27: Visual design elements. These principles can be used to create a consistent and legible design.
The principles are described and examples of the implementation are included on the right.
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J Input from neurologists

The interviewees noted that examples of source localisation show a nice interactive view. On
first sight, this seems to have added value. Also, it is a nice addition to the temporal EEG.
Some concerns were voiced over the limitation of the sources to the cortex. However, this tool is
meant for surface EEG, which does not measure deeper sources. As opposed to MEG, which
does measure sources deeper than the cortex. Since the tool uses surface EEG, you may want to
be hesitant in determining the sources, since it is more difficult to measure depth from surface
EEG. At SEIN they compare the EEG with depth measurements. This tool may be more suited
for general neurologists, who do not have access to depth measurements. However, if you only
find superficial sources (approximately 3 cm underneath the surface) these sources would not be
very valuable.
The source localisation is not a sole tool in setting the epilepsy diagnosis. However, as a
neurologist you may have a suspicion that the epilepsy originates from a certain brain area. You
can verify this suspicion with source localisation.
At SEIN, they use Epilog. This is a collaboration where the parties help each other to further
develop the program. The neurologists give input about new developments in the program.
A problem they encounter with Epilog is that when the program gives a source with a high
accuracy, the neurologists could have found this source as well, based on the signal. Thus, Epilog
often yields the same result as neurologists. This means that the source localisation is accurate.
However, the the system is then not really needed.
Sometimes the result will be a-specific: the epilepsy type can not be determined. In that case,
the algorithm would also not be able to determine a diagnosis.
If you have a short EEG signal, there could be hardly any epileptiform activity. For recordings
of longer than half an hour you can expect to find IEDs. However, currently most EEG signals
are shorter than that. The current application may be more suited to specialised centra, where
longer EEGs are recorded. On the other hand, this product could encourage measurement of
longer EEGs in all clinics. Another incentive for longer EEG recordings is that more IEDs will
lead to more accurate and useful source localisation.
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K Usability testing protocol

For each page, several tasks (indicated with a T) and questions (indicated with a Q) were
prepared, which can be found below.

Main page
T: Delete cluster 3. Then undo / add a new cluster.
T: Scroll through the average epoch of cluster 1.
T: Navigate to the epochs inside cluster 1.
Q: Do you have all the information needed for a first impression?
Q: Is it clear which information belongs to which cluster?
Q: Is the navigation clear / intuitive?

Epochs
T: Delete epoch 1 from cluster 1. Then undo.
T: Navigate to the sources of the current cluster.
T: Navigate back to the main page.
T: Navigate to the other clusters.
T: Delete the epochs from cluster 3. Then undo.
Q: Will you use this page / the individual pages?
Q: How do you feel about this representation of the epochs (2 second epochs)?
Q: Is the navigation clear / intuitive?

Sources
T: Scroll through the activations of epochs 1 & 2 in cluster 1.
T: Navigate to the epochs of the current cluster.
T: Navigate back to the main page.
T: Navigate to the other clusters.
T: Delete the epochs from cluster 3. Then undo.
Q: Will you use this page / the individual sources?
Q: How do you feel about this representation of the sources?
Q: Will you use the activation of the sources (strength of the dipole)?
Q: Is the navigation clear / intuitive?

Settings
T: Alter the thresholds.
T: Look at the epochs with artefacts.
T: Look at the epochs with slopes. Change the detected steepest slope of epoch 1. Then undo.
T: Navigate to the other pages.
T: Merge clusters 0 & 1. Then undo.
T: Toggle visibilities in the source localisation visualisations.
T: Switch to the MRI view & the cortex view.
T: Navigate to the main page.
Q: Will you use the explanatory figures?
Q: Do you have enough freedom to make alterations?
Q: Is there too much information / is it still legible?
Q: Do you want this on a separate page?
Q: Is the navigation clear / intuitive?
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Moving pictures
T: Navigate to the functionality.
T: Scroll through the epochs.
Q: Will you use this functionality?

Stylised cortex
T: Scroll through the epoch average.
T: Switch between head views.
Q: Will you use this functionality?
Q: Do you mind / like that the dipole is only visible near the IED shape?

Color coded GoF
Q: How do you feel about this addition?

Miscellaneous
Q: Were you always aware of the current system status (epochs/sources/main page)?
Q: Are the used symbols & terminology clear?
Q: Were you able to make all the changes you wanted? Was it clear how to reverse changes?
Q: Was the design consistent? Did you learn how to use it over time?
Q: How much explanation did you need before using the interface?
Q: Was the interface efficient & flexible in accomplishing your tasks?
Q: How did you feel about the amount of information?
Q: What are your thoughts on the aesthetic of the design?
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L RESULTS FOR METHOD 1

L Results for method 1

Table 2: Data analysis results for method 1. For each patient, the channel in which IEDs were found,
the number of found epochs and whether the cluster is correct are included.

Patient Epilepsy type Channel Epochs Correct

1 Rolandic T4 38 yes

2 Rolandic T4 8 yes

3 Rolanic Fp1 6 no

4 Rolandic T4 4 maybe

5 Rolandic Fp1-F3 19 no

6 Rolandic T3 36 yes

7 Rolandic C4 115 yes

8 Rolandic T3 78 yes

9 Rolandic T4 8 yes

10 Rolandic Fp1 37 no

11 Rolandic T4 4 yes

12 Rolandic C4 40 yes

13 Rolandic Fp1 69 no

14 Rolandic C4 126 yes

15 Other focal T4 38 yes

16 Other focal T4 8 yes

17 Other focal Fp1 11 no

18 Other focal T3-T5 12 yes

19 Other focal Fp2-F8 115 yes

20 Other focal Fp2-F8 6 yes

21 Other focal T4 41 yes

22 Other focal T6 43 yes

Average IED (left), map topography at 0.2 seconds (top-right) and dipole at 0.2 seconds
(bottom-right).

Patient 1

0.00 s

0.20 1

Patient 2

0.00 s

0.20 1

Patient 3
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Patient 4
Patient 5

N=19

Patient 6

Patient 7 Patient 8 Patient 9

Patient 10 Patient 11 Patient 12
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Patient 13 Patient 14
Patient 15

Patient 16 Patient 17
Patient 18

N=12

Patient 19
N=115

Patient 20
N=6

Patient 21
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Patient 22
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M Results for method 2

Table 3: Data analysis results for method 2. For each patient, the number of clusters, the channel in
which IEDs were found, the number of found epochs and whether the cluster is correct are included. Table
continues on the next page.

Patient Epilepsy type Cluster Channel Epochs Correct

1 Rolandic 1 T3 4 yes

2 Rolandic 1 T4 11 yes

3 Rolanic 1 T4 10 yes

4 Rolandic 1 T3 35 yes
2 T6 8 maybe
3 T5 2 no

5 Rolandic 1 F4-C4 13 yes
2 F3-C3 5 yes

6 Rolandic 1 C3 45 yes

7 Rolandic 1 Fp1 3 no
2 C4 141 yes

8 Rolandic 1 T3 166 yes

9 Rolandic 1 T4 5 yes

10 Rolandic 1 T3 48 yes
2 Pz 3 no

11 Rolandic 1 T6 2 yes

12 Rolandic 1 T4 3 yes
2 T5 5 yes
3 P3 27 yes
4 O1 2 no
5 C3 17 yes
6 P4 53 yes

13 Rolandic 1 Fp1 10 no
2 F8 11 no
3 T3 6 maybe
4 C4 34 yes
5 C3 6 yes

14 Rolandic 1 F8 2 no
2 C4 190 yes

15 Other focal 1 T5 3 no
2 O2 30 yes
3 Cz 2 no
4 T6 52 yes

16 Other focal 1 O2 2 no
2 C4 8 yes

17 Other focal 1 Fp2 3 no
2 T3 19 yes

18 Other focal 1 T3-T5 12 yes
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Patient Epilepsy type Cluster Channel Epochs Correct

19 Other focal 1 T6-O2 12 yes
2 T3-T5 13 yes
3 Fp2-F8 114 yes

20 Other focal 1 Fp2-F8 5 yes

21 Other focal 1 F8 4 no
2 Pz 2 no
3 T4 66 yes

22 Other focal 1 T4 3 no
2 P3 8 no
3 O2 5 yes
4 Fp1 3 no

23 Multi-focal 1 Fp1 17 yes
2 T4 5 yes

24 Multi-focal 1 T3 4 yes
2 C4 4 yes
3 Cz 8 yes

25 Multi-focal 1 Fp1 7 yes
2 O2 5 yes
3 O1 2 yes

26 Multi-focal 1 F8 15 yes
2 T6 16 maybe
3 P3 4 no
4 O2 6 yes
5 Pz 4 no
6 Fp1 15 yes

27 Multi-focal 1 T6 4 no
2 O1 14 yes
3 Pz 11 yes

28 Multi-focal 1 T3 3 maybe
2 C4 8 yes
3 C3 11 yes
4 P4 3 no

29 Multi-focal 1 F8 4 no
2 P4 32 yes

30 Multi-focal 1 O1 12 yes
2 T6 50 yes

31 Multi-focal 1 F8 16 yes
2 T4 5 yes
3 C4 2 yes
4 C3 4 no
5 T5 8 yes
6 Cz 11 no
7 Fp2 4 no
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Average IED (left), map topography at 0.2 seconds (top-right) and dipole at 0.2 seconds
(bottom-right).

Patient 1 Patient 2 Patient 3

Patient 4

Patient 5

N=5

Cluster 0 Cluster 1

Time (s) Time (s)

N=13

Patient 6
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Patient 7 Patient 8

Patient 9

Patient 10

Patient 11
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Patient 12

Patient 13
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Patient 14

Patient 15
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Patient 16

Patient 17 Patient 18
Cluster 0

N=12

Patient 19

N=13

Cluster 0 Cluster 1

N=12 N=114

Cluster 2
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Patient 20
Cluster 0

N=5

Patient 21

Patient 22
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Patient 23

Patient 24

Patient 25
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Patient 26

Patient 27
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Patient 28

Patient 29

Patient 30
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Patient 31
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N Influence of VGG sensitivity
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O ROLANDIC DIPOLES

O Rolandic dipoles

The average dipoles for 13 patients with Rolandic epilepsy (patient 5 was excluded because of the
Double Banana montage) are plotted. The dipoles are plotted onto the MRI of the standard head
model. The bottom image is the top of the head, the right is the side and the left is the back.
The nose points towards the x-axis. The red dot indicates the dipole position and the arrow
shows the orientation. The Goodness of Fit, strength and location of the dipole are included at
the top of the figures.
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O ROLANDIC DIPOLES

Figure 28: Dipoles of 13 Rolandic patients. The left view shows the back, the right the side and the
bottom the top of the head. The dot indicates dipole position and the arrow represents dipole orientation
and strength. All patients show a dipole in the centrotemporal area and most have an orientation
tangential to the skull.

In an alternative view, the dipoles are plotted onto the MRI of the standard head model.
The left image is the back of the head, the middle is the side of the head and the right image is
the top of the head. The intersection of lines indicates the dipole position.
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O ROLANDIC DIPOLES

Figure 29: Dipoles of 13 Rolandic patients. The left view shows the back, the middle the side and the
right the top of the head. The intersection of lines indicates position of the dipole. All patients show a
dipole in the centrotemporal area.
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P Dipole characteristics

Table 4: Dipole characteristics (strength and GoF) for all clusters that were correctly identified. Table
continues on the next page.

Patient
Epilepsy
type

Cluster Channel Epochs
Dipole strength
(nAm)

Goodness
of Fit (%)

1 Rolandic 1 T3 4 461.9 90.0

2 Rolandic 1 T4 11 234.8 96.7

3 Rolanic 1 T4 10 385.7 95.0

4 Rolandic 1 T3 35 267.9 82.9

6 Rolandic 1 C3 45 320.8 77.1

7 Rolandic 2 C4 141 214.1 97.3

8 Rolandic 1 T3 166 336.1 84.8

9 Rolandic 1 T4 5 309.0 97.2

10 Rolandic 1 T3 48 331.7 95.9

11 Rolandic 1 T6 2 645.7 83.7

12 Rolandic 1 T4 3 542.3 88.0
2 T5 5 497.5 88.7
3 P3 27 613.3 95.8
5 C3 17 282.8 97.5
6 P4 53 342.6 98.3

13 Rolandic 4 C4 34 222.9 97.8
5 C3 6 154.5 71.9

14 Rolandic 2 C4 190 48.4 96.0

15 Other focal 2 O2 30 95.5 62.6
4 T6 52 226.2 94.8

16 Other focal 2 C4 8 430.7 93.8

17 Other focal 2 T3 19 264.2 94.9

21 Other focal 3 T4 66 426.9 81.6

22 Other focal 3 O2 5 256.2 95.1

23 Multi-focal 1 Fp1 17 112. 64.4
2 T4 5 183.9 84.8

24 Multi-focal 1 T3 4 317.3 88.8
2 C4 4 307.6 88.0
3 Cz 8 390.5 81.5

25 Multi-focal 1 Fp1 7 358.6 84.1
2 O2 5 428.4 95.0
3 O1 2 485.4 90.6

26 Multi-focal 1 F8 15 851.2 76.2
4 O2 6 161.7 74.4
6 Fp1 15 862.3 37.6
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Patient
Epilepsy
type

Cluster Channel Epochs
Dipole strength
(nAm)

Goodness
of Fit (%)

27 Multi-focal 2 O1 14 173.6 92.0
3 Pz 11 433.9 74.7

28 Multi-focal 2 C4 8 343.7 94.9
3 C3 11 369.2 91.5

29 Multi-focal 2 P4 32 332.3 92.8

30 Multi-focal 1 O1 12 97.4 23.9
2 T6 50 164.9 20.1

31 Multi-focal 1 F8 16 517.5 95.8
2 T4 5 213.1 84.1
3 C4 2 212.6 82.0
5 T5 8 267.6 91.4

Table 5: Dipole characteristics (strength and GoF) for all incorrectly identified clusters.

Patient
Epilepsy
type

Cluster Channel Epochs
Dipole strength
(nAm)

Goodness of
Fit (%)

4 Rolandic 3 T5 2 92.9 40.2

7 Rolandic 1 Fp1 3 350.8 70.3

10 Rolandic 2 Pz 3 446.6 68.6

12 Rolandic 4 O1 2 231.1 51.4

13 Rolandic 1 Fp1 10 136.9 47.9
2 F8 11 161.2 60.6

14 Rolandic 1 F8 2 164.8 52.0

15 Other focal 1 T5 3 148.3 56.9
3 Cz 2 256.1 71.7

16 Other focal 1 O2 2 175.4 52.3

17 Other focal 1 Fp2 3 249.2 48.3

21 Other focal 1 F8 4 213.8 54.9
2 Pz 2 371.8 52.6

22 Other focal 1 T4 3 226.9 71.9
2 P3 8 446.8 92.7
4 Fp1 3 192.9 90.3

26 Multi-focal 3 P3 4 487.7 38.2
5 Pz 4 856.2 82.1

27 Multi-focal 1 T6 4 107.5 51.6

28 Multi-focal 4 P4 3 439.0 89.7

29 Multi-focal 1 F8 4 200.3 58.5

31 Multi-focal 4 C3 4 313.5 93.7
6 Cz 11 346.5 94.3
7 Fp2 4 175.7 62.8
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Table 6: Dipole characteristics (strength and GoF) for all clusters. Table continues on the next page.

Patient
Epilepsy
type

Cluster Channel Epochs Correct
Dipole
strength

Goodness
of Fit

1 Rolandic 1 T3 4 yes 461.9 nAm 90.0 %

2 Rolandic 1 T4 11 yes 234.8 nAm 96.7 %

3 Rolanic 1 T4 10 yes 385.7 nAm 95.0 %

4 Rolandic 1 T3 35 yes 267.9 nAm 82.9 %
2 T6 8 maybe 207.8 nAm 84.7 %
3 T5 2 no 92.9 nAm 40.2 %

5 Rolandic 1 F4-C4 13 yes - -
2 F3-C3 5 yes - -

6 Rolandic 1 C3 45 yes 320.8 nAm 77.1 %

7 Rolandic 1 Fp1 3 no 350.8 nAm 70.3 %
2 C4 141 yes 214.1 nAm 97.3 %

8 Rolandic 1 T3 166 yes 336.1 nAm 84.8 %

9 Rolandic 1 T4 5 yes 309.0 nAm 97.2 %

10 Rolandic 1 T3 48 yes 331.7 nAm 95.9 %
2 Pz 3 no 446.6 nAm 68.6 %

11 Rolandic 1 T6 2 yes 645.7 nAm 83.7 %

12 Rolandic 1 T4 3 yes 542.3 nAm 88.0 %
2 T5 5 yes 497.5 nAm 88.7 %
3 P3 27 yes 613.3 nAm 95.8 %
4 O1 2 no 231.1 nAm 51.4 %
5 C3 17 yes 282.8 nAm 97.5 %
6 P4 53 yes 342.6 nAm 98.3 %

13 Rolandic 1 Fp1 10 no 136.9 nAm 47.9 %
2 F8 11 no 161.2 nAm 60.6 %
3 T3 6 maybe 246.3 nAm 81.9 %
4 C4 34 yes 222.9 nAm 97.8 %
5 C3 6 yes 154.5 nAm 71.9 %

14 Rolandic 1 F8 2 no 164.8 nAm 52.0 %
2 C4 190 yes 48.4 nAm 96.0 %

15 Other focal 1 T5 3 no 148.3 nAm 56.9 %
2 O2 30 yes 95.5 nAm 62.6 %
3 Cz 2 no 256.1 nAm 71.7 %
4 T6 52 yes 226.2 nAm 94.8 %

16 Other focal 1 O2 2 no 175.4 nAm 52.3 %
2 C4 8 yes 430.7 nAm 93.8 %

17 Other focal 1 Fp2 3 no 249.2 nAm 48.3 %
2 T3 19 yes 264.2 nAm 94.9 %

18 Other focal 1 T3-T5 12 yes - -

19 Other focal 1 T6-O2 12 yes - -
2 T3-T5 13 yes - -
3 Fp2-F8 114 yes - -

93



P DIPOLE CHARACTERISTICS

Patient
Epilepsy
type

Cluster Channel Epochs Correct
Dipole
strength

Goodness
of Fit

20 Other focal 1 Fp2-F8 5 yes - -

21 Other focal 1 F8 4 no 213.8 nAm 54.9 %
2 Pz 2 no 371.8 nAm 52.6 %
3 T4 66 yes 426.9 nAm 81.6 %

22 Other focal 1 T4 3 no 226.9 nAm 71.9 %
2 P3 8 no 446.8 nAm 92.7 %
3 O2 5 yes 256.2 nAm 95.1 %
4 Fp1 3 no 192.9 nAm 90.3 %

23 Multi-focal 1 Fp1 17 yes 112.1 nAm 64.4 %
2 T4 5 yes 183.9 nAm 84.8 %

24 Multi-focal 1 T3 4 yes 317.3 nAm 88.8 %
2 C4 4 yes 307.6 nAm 88.0 %
3 Cz 8 yes 390.5 nAm 81.5 %

25 Multi-focal 1 Fp1 7 yes 358.6 nAm 84.1 %
2 O2 5 yes 428.4 nAm 95.0 %
3 O1 2 yes 485.4 nAm 90.6 %

26 Multi-focal 1 F8 15 yes 851.2 nAm 76.2 %
2 T6 16 maybe 372.0 nAm 32.5 %
3 P3 4 no 487.7 nAm 38.2 %
4 O2 6 yes 161.7 nAm 74.4 %
5 Pz 4 no 856.2 nAm 82.1 %
6 Fp1 15 yes 862.3 nAm 37.6 %

27 Multi-focal 1 T6 4 no 107.5 nAm 51.6 %
2 O1 14 yes 173.6 nAm 92.0 %
3 Pz 11 yes 433.9 nAm 74.7 %

28 Multi-focal 1 T3 3 maybe 352.1 nAm 86.8 %
2 C4 8 yes 343.7 nAm 94.9 %
3 C3 11 yes 369.2 nAm 91.5 %
4 P4 3 no 439.0 nAm 89.7 %

29 Multi-focal 1 F8 4 no 200.3 nAm 58.5 %
2 P4 32 yes 332.3 nAm 92.8 %

30 Multi-focal 1 O1 12 yes 97.4 nAm 23.9 %
2 T6 50 yes 164.9 nAm 20.1 %

31 Multi-focal 1 F8 16 yes 517.5 nAm 95.8 %
2 T4 5 yes 213.1 nAm 84.1 %
3 C4 2 yes 212.6 nAm 82.0 %
4 C3 4 no 313.5 nAm 93.7 %
5 T5 8 yes 267.6 nAm 91.4 %
6 Cz 11 no 346.5 nAm 94.3 %
7 Fp2 4 no 175.7 nAm 62.8 %
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Q IED stability

23:45-01:45

13:45-15:45

19:45-21:45 21:45-23:45

Patient 10

01:45-03:45 03:45-05:45

15:45-17:45 17:45-19:45

09:45-11:4507:45-09:4505:45-07:45
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Patient 13

11:30-13:30

17:30-19:30

19:30-21:30

13:30-15:30 15:30-17:30

23:30-01:30

21:30-23:30

2
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Patient 13

03:30-05:30

01:30-03:30
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R DIPOLE STRENGTH OVER TIME

R Dipole strength over time

Patient 7
A

Patient 10B

Patient 13C
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S Interface sketches
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T CONCEPT EVALUATION

T Concept evaluation

Concept 1

Rule of Thumb
Is this rule being applied?
How so?

1. Visibility of system status
The current cluster number is visible.
The average IED is visible.
The other available clusters are indicated

2. Match between system and
real world

Trash can to remove epochs/clusters.
Longer epochs to mimic EEG recordings.

3. User control and freedom
Undo button when changes have been made.
Settings can be adjusted in a separate page.

4. Consistency and standards
Colors consistent with Neurocenter.
Consistent phrasing.
Trash can as delete icon.

5. Error prevention
Pop-up window before items are deleted.
Undo button when changes have been made.

6. Recognition rather than recall Averages of cluster are displayed in cluster pages.

7. Flexibility and efficiency of use
Settings page is present.
Easy way to remove epochs/clusters.

8. Aesthetic and minimalist design
Neutral, light colors.
Limited information presented on first access.

9. Help users recognise, diagnose
and recover from errors

Pop-up window before items are deleted.
Undo button when changes have been made.

10. Help and documentation Not implemented yet.

100



T CONCEPT EVALUATION

Concept 2

Rule of Thumb
Is this rule being applied?
How so?

1. Visibility of system status
The current cluster number is visible.
The average IED is visible.
The other available clusters are indicated

2. Match between system
and the real world

Trash can to remove epochs/clusters.
Longer epochs to mimic EEG recordings.
Intuitive expanding and collapsing of clusters.

3. User control and freedom
Undo button when changes have been made.
Settings can be adjusted in a separate page.
Multiple ways to navigate.

4. Consistency and standards
Colors consistent with Neurocenter.
Consistent phrasing.
Trash can as delete icon.

5. Error prevention
Pop-up window before items are deleted.
Undo button when changes have been made.

6. Recognition rather than recall
Averages of cluster are displayed in cluster pages.
Hovering signals possible interaction.

7. Flexibility and efficiency of use
Settings page is present.
Easy way to remove epochs/clusters.
Multiple ways to navigate.

8. Aesthetic and minimalist design
Neutral, light colors.
Limited information presented on first access.

9. Help users recognise, diagnose
and recover from errors

Pop-up window before items are deleted.
Undo button when changes have been made.

10. Help and documentation Not implemented yet.
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U Usability testing results

Below, the strengths and problems of the concepts found with the usability testing are indicated.
For each problem, the number of participants that experienced this problem is indicated.
Furthermore, the impact and frequency of all problems are represented by problem number.

Table 7: The strengths of the prototypes as revealed with usability testing. The number of participants
that noted the same positive element is indicated.

Nature of strength
No. of
participants

Intuitive interaction for concept 2 3
Pleasant colors and orderly design 3
Presentation of sources inside cortex is clear and familiar 3
Necessary information is present on the main page 3
The current system state is always clear 3

Table 8: The problems of the prototypes as revealed with usability testing. The number of participants
that noted the same problem is indicated.

No. Nature of the problem
No. of
participants

1 MRI view is ambiguous 3
2 Will not use the sources often 2
3 Will not use individual sources often 3
4 Will not use activation of sources 3
5 Will not use settings 2
6 Setting options may be too specific 3
7 Struggles with horizontal alignment on main page 3
8 Misses the coupling with the raw EEG signal 3
9 Confusion over N=x to indicate the number of epochs 2

High frequency 3 1 8 3 6 3 7
Lower frequency 2 2 9 4 5

4 3 2 1
High impact Low impact
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