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S U M M A R Y

The brain is the most complicated organ of our body. Modern imag-
ing techniques provide a way to help us to understand mechanisms of
brain function underlying human behaviour. Based on brain imaging
techniques, researchers have proposed many methods to extract more
abstract features from the imaging data to describe brain properties.
One direction of studying these data is to analyze synchrony properties
among activities from di�erent brain areas under various conditions.
Electroencephalography (EEG) is a technique which is used to measure
electric brain potentials under certain conditions. An EEG coherence
network may then be constructed based on the obtained EEG signals,
where coherence is a measure of the degree of synchrony between EEG
signals.

In many cases, the properties of the EEG coherence network can be
studied through existing graph techniques and these properties can be
used for further applications, for example, as an indication of a speci�c
disease or human reaction to a particular task. However, at the start of
a scienti�c investigation, we usually do not know what kind of informa-
tion (features) about the data can be useful for further study, and in that
case the existing analytical methods are not suitable for the data at hand.
For example, two brain networks may have the same node degree distri-
bution while the distribution of their edge strengths is totally di�erent.
For these cases, �rst visually exploring all the available data could give
us an impression of striking patterns or deviations in the data. These
observations can then help researchers to propose detailed hypotheses
about the data. However, due to the complexity of the data at hand,
most existing visualization methods used for a particular task or situa-
tion cannot be easily generalized to other cases. Therefore, the visual
data exploration should include the context of the visualized structures
and take into account requirements from domain experts.

This thesis provides a number of visualization methods to help re-
searchers analyze both static and dynamic EEG coherence networks.
Firstly, in Chapter 1, we introduce some background about brain con-
nectivity and basic methods used to analyze brain connectivity. In
Chapter 2, a design and implementation of a visualization framework
for dynamic EEG coherence networks are presented. This framework
was designed to satisfy speci�c requirements collected from domain
researchers. Chapter 3 proposes a method to enhance the identi�ca-
tion of patterns in dynamic EEG coherence networks. It uses a di-
mensionality reduction technique to map the coherence network to
a two-dimensional space for identifying the evolution patterns of dy-
namic coherence. In Chapter 4, a quantitative method is proposed for
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summary

comparing brain connectivity networks. It simultaneously accounts
for connectivity, spatial character and local structure, which are all
important for brain connectivity analysis. In Chapter 5, a method for
the detection of brain regions of interest is provided based on the com-
munity structure of an EEG coherence network. This method not only
considers the coherence values but also the spatial properties of the
nodes in the coherence network. Finally, in Chapter 6 we summarize
the most important insights and technical contributions of this thesis.
In addition, we also discuss some possibilities for future work.
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S A M E N VAT T I N G

De hersenen zijn het meest ingewikkelde orgaan van ons lichaam. Mo-
derne beeldvormingstechnieken bieden een manier om ons te helpen
met het begrijpen van het mechanisme van de hersenen dat ten grond-
slag ligt aan menselijk gedrag. Op basis van de beeldvormingstechnie-
ken hebben onderzoekers veel methoden voorgesteld om de abstractere
kenmerken te extraheren en de eigenschappen van de hersenen vanuit
de beeldgegevens te beschrijven. Een manier om deze gegevens te bekij-
ken, is door de synchroniteitseigenschappen tussen activiteit in paren
van hersengebieden te analyseren onder verschillende omstandigheden.
Elektro-encefalogra�e (EEG) is een van deze beeldvormende technie-
ken die wordt gebruikt om onder bepaalde omstandigheden de elektri-
sche hersenactiviteit te meten. Het EEG-coherentienetwerk wordt ver-
volgens geconstrueerd op basis van de verkregen EEG-signalen, zodat
de coherentie een maat is voor de mate van synchronisatiee tussen EEG-
signalen.

In de meeste gevallen kunnen de eigenschappen van het EEG-
coherentienetwerk worden verkregen door middel van bestaande graaf-
theorie en deze eigenschappen kunnen vervolgens worden gebruikt
voor verdere toepassingen, bijvoorbeeld als een maat voor een spe-
ci�eke ziekte of menselijke reactie op een speci�eke taak. Echter, bij
aanvang van een nieuwe wetenschappelijke studie weten we meestal
niet wat voor soort informatie (kenmerken) over de gegevens nuttig
kunnen zijn om verder te onderzoeken, met name doordat de bestaande
analysemethoden niet altijd geschikt zijn voor de beschikbare gegevens.
Twee hersennetwerken kunnen bijvoorbeeld dezelfde ‘node degree dis-
tribution’, een maat voor de samenhang in het netwerk, hebben terwijl
de verdeling van de verbindingen in de netwerken totaal verschillend
is. Voor deze gevallen zou het nuttig kunnen zijn om eerst te onder-
zoeken of de gegevens ons een indruk kunnen geven van een speci�ek
patroon of van opvallende afwijkingen in de gegevens. Deze waarne-
mingen kunnen onderzoekers helpen om verdere hypothesen over de
gegevens op te stellen. Vanwege de complexiteit en speci�citeit van de
beschikbare gegevens kunnen de meeste bestaande visualisatiemetho-
den die voor een bepaalde taak of situatie worden gebruikt, echter niet
worden gegeneraliseerd naar andere gevallen. Daarom moet de visu-
ele exploratie van gegevens rekening houden met de context waarin
ze zich bevinden; dit moet afhangen van de context en de eisen die
domeinexperts aan de visualisatie en exploratie van gegevens stellen.

Dit proefschrift beschrijft nieuwe visualisatiemethoden om onderzoe-
kers te helpen bij het analyseren van zowel statische als dynamische
EEG-coherentienetwerken. Ten eerste introduceren we in hoofdstuk 1
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samenvatting

enige achtergrondinformatie over de connectiviteit van de hersenen en
basismethoden die worden gebruikt om hersenconnectiviteit te analy-
seren. In hoofdstuk 2 wordt een ontwerp en implementatie van een vi-
sualisatie framework voor dynamische EEG-coherentienetwerken ge-
presenteerd. Het framework is ontworpen om te voldoen aan de ver-
zamelde vereisten van de domein experts. In hoofdstuk 3 wordt een
methode voorgesteld om de identi�catie van patronen in dynamische
EEG-coherentienetwerken te verbeteren. Hier wordt een dimensiona-
liteitsreductietechniek gebruikt om het coherentienetwerk te transfor-
meren naar een 2D-ruimte zodat het evolutiepatroon van dynamische
coherentie geïdenti�ceerd kon worden. In hoofdstuk 4 wordt een kwan-
titatieve methode voorgesteld voor het vergelijken van hersenconnec-
tiviteitsnetwerken. Deze methode houdt rekening met de connectivi-
teit, het ruimtelijke karakter en de lokale structuur, die belangrijk zijn
voor de analyse van de hersenconnectiviteit. Hoofdstuk 5 beschrijft een
methode voor het detecteren van interessante regio’s op basis van de
’community structure’, een andere netwerkeigenschap, van een EEG-
coherentienetwerk. Bij deze methode wordt niet alleen gebruik gemaakt
van de mate van coherentie, maar ook van de ruimtelijke samenhang
van knopen in het coherentienetwerk. Ten slotte vatten we in hoofdstuk
6 de belangrijkste inzichten en technische bijdragen van dit proefschrift
samen. Daarnaast bespreken we ook enkele mogelijkheden voor verder
onderzoek.
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1I N T R O D U C T I O N

The brain is the most complex organ of the human body. Brain connec-
tivity is the �eld of analyzing neurons (micro-scale) or brain regions
(macro-scale) and the relationships between them [100]. Visualization
of brain connectivity could provide signi�cant insight for understand-
ing the mechanism of brain function and a meaningful aid for diagnosis
of brain disease.

In this thesis, we apply visualization methods to investigate connec-
tivity properties of the human brain at both the static and dynamic level.

1.1 brain connectivity

Modern brain imaging modalities can produce a great number of brain
connectivity patterns. In general, these brain connectivities can be
classi�ed into three major classes: structural connectivity, also called
anatomical connectivity, which represents the physical connections be-
tween neurons or brain regions [52, 89]; functional connectivity which
re�ects temporal correlations between neuronal activities occurring
between pairs of spatially connected or unconnected regions [33, 122]
and e�ective connectivity which concerns the causal in�uence of one
region on another and is largely based on speci�c interaction models
[7, 39].

1.1.1 Structural Connectivity

Structural connectivity gives a meaningful insight into the architecture
of the brain and describes the physical connections across all scales:
from micro-scale of individual synaptic connections between neurons
to macro-scale of inter-regional pathways between brain regions. Ev-
idence shows that neurons and brain regions that are spatially close
have a high chance to be connected while spatially remote connections
are less likely to be so. The structural connection information can be
extracted by various imaging techniques, such as electron microscopy
(EM), light microscopy (LM), or magnetic resonance imaging (MRI).

Electron microscopy allows imaging of neuronal tissue at the micro
(nanometer) scale and is the only imaging modality that can resolve
single synapses [100]. However, it is not applicable to live cell imag-
ing since it is labor-intensive and time-consuming. The connectivity be-
tween single neurons can be de�ned by average synapse densities in dif-
ferent brain regions [24]. Light microscopy allows imaging single neu-
ronal cells at the meso-scale and identifying the major part of cells, such
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introduction

as dendrites, somas, axons and possibly synaptic connections. Imaging
the geometry of neurons enables researchers to identify di�erent types
of cells. Di�usion tensor imaging (DTI) is a magnetic resonance modal-
ity for measuring white matter connectivity in vivo. It obtains volumet-
ric data with directional information of water self-di�usion by measur-
ing the proton’s state with extra magnetic �eld gradients. Connectivity
between brain regions can be estimated by �ber tractography, where
visualized lines re�ect the major direction of neural �bers [10].

1.1.2 Functional Connectivity

Functional connectivity has been estimated using a measure of gener-
alized synchronization between brain regions of interest (ROIs) under
a speci�c condition. Functional connectivity can be seen as a statistical
property that does not concern direct physical connections. This kind
of connectivity mainly can be constructed at the macro-scale by the
following four acquisition techniques: functional magnetic resonance
imaging (fMRI), electroencephalography (EEG), magnetoencephalogra-
phy (MEG), and positron emission tomography (PET).

fMRI measures time-dependent neural activity in the brain based
on the BOLD (blood-oxygen-level dependence) e�ect [97]. The result-
ing BOLD signals are used to determine the functional connectivity
between brain regions by measuring their temporal correlation. EEG
records brain electrical potentials from electrodes attached to the scalp,
while MEG measures magnetic �elds outside the head induced by elec-
trical brain activity. The connectivity between brain regions underlying
electrodes can then be estimated by calculating similarities between the
electrode signals according to several methods [30]. PET measures neu-
ral activities indirectly by detecting pairs of gamma rays emitted by a
positron-emitting radionuclide. In general, brain connectivity can be
de�ned as the temporal correlation between two neurophysiological
activities in di�erent brain areas [40].

All of the techniques are noninvasive but they have di�erent advan-
tages and disadvantages. For example, both EEG and MEG measure neu-
ronal activity directly and have higher temporal resolution than fMRI
and PET but lower spatial resolution.

1.1.3 E�ective Connectivity

E�ective connectivity describes the causal in�uence one element of a
system exerts over another and the associated connectivity information.
E�ective connectivity can be extracted by all functional neuroimaging
techniques mentioned in the previous paragraph [40, 41, 109]. Most ef-
fective connectivity measures depend on a model between the partici-
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1.2 electroencephalography (eeg)

Figure 1.1: Schematic picture of two neurons. All neurons are electrically ex-
citable, which means these cells receive, process, and transmit in-
formation through electrical and chemical signals. Source: https:
//www.wikipedia.org/.

pating regions, such as structural equation modelling, dynamic causal
modelling, or Granger causality [15].

1.2 electroencephalography (eeg)

This section contains a more extensive introduction to the background
of EEG, since this thesis focuses on functional connectivity derived from
EEG data.

1.2.1 Brain potentials

Electroencephalography (EEG) measures the electrical potentials gener-
ated within the brain employing electrodes at the scalp during an EEG
recording. To understand the nature of the voltages recorded by elec-
trodes, it is necessary to understand the basic electrophysiological pro-
cesses occurring within and between neurons (Figure 1.1). A typical neu-
ron consists of a cell body, dendrites, and axon. The fundamental prop-
erty of neurons is that they communicate with other cells via synapses,
which are membrane-to-membrane junctions containing molecular ma-
chinery that allows rapid transmission of signals, either electrical or
chemical [60].

There are two main types of electrical activity associated with neu-
rons: action potentials and postsynaptic potentials [81]. Action poten-
tials are discrete voltage spikes that propagate along the neuron’s axon
from the beginning of an axon towards the axon terminals (Figure 1.1).

3
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This action potential triggers the release of neurotransmitter at the axon
terminal of a neuron (the presynaptic neuron). Neurons communicate
by these neurotransmitters. When the neurotransmitters bind to the re-
ceptors on the dendrites of another neuron (postsynaptic cell), it can
cause a short-term change, for example, ion channels to open or close,
leading to a change in the membrane potential called the postsynaptic
potential.

The measured EEG is mainly generated by postsynaptic potentials
and re�ects the summation of both excitatory and inhibitory postsy-
naptic potentials. However, the human head is a conductive medium.
Therefore, the electrical current spreads out through the head from the
generator to the scalp. As a result of so-called volume conduction, the
voltage recorded by electrodes will depend on the position and orienta-
tion of the generator and also on the resistance and shape of the various
tissues (e.g., brain, skull, skin, and the scalp) of the head.

1.2.2 Event-Related and Evoked Potential (ERP)

The voltages recorded by electrodes can re�ect the activity within the
entire brain at the same moment in time because the speed of electri-
cal transmission is very high. The event-related and evoked potential
experimental designs, in which a large number of time-locked brain re-
sponses to repetitive stimulation are averaged, allows EEG researchers
to investigate sensory, perceptual, and cognitive processing with mil-
lisecond precision [77].

1.2.3 EEG Recording

During an EEG recording session, electrodes are attached to the scalp
at di�erent locations. A conductive gel is applied between the skin and
the electrodes to reduce impedance. Electrodes are typically positioned
in �xed positions relative to the cerebral cortex, and each electrode has
a label composed of letters and numbers to indicate its position (Figure
1.2). The letters present the brain regions (e.g., F for frontal), and the
digits indicate lateralization (odd numbers for left, even for right) and
distance from the midline (higher numbers are farther away) [98].

An electrical potential is measured from all electrodes simultane-
ously. The EEG will then be ampli�ed for making it possible to being
observed, and it can be �ltered for removing artifacts. EEG can be stud-
ied during resting state or sleep, but in this thesis we focus on data
acquired during an ERP experiment. In that case, after many trials, an
averaging procedure is applied to extract the ERPs from the overall
EEG.
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Figure 1.2: Locations (dots) and labels of 119 EEG electrodes as used for acquisi-
tion of data studied in this thesis, top view of the head. For nomencla-
ture, see [98].

1.3 complex network analysis

In general, all forms of brain connectivity can be modelled as a network
(also known as graph in the mathematical literature). A network, or
graph G = (V ,E), is a set of nodes V and a set of links E ⊆ V × V .
Both structural and functional networks can be explored using existing
graph theory by the following four steps [15, 107]:

1. De�ne network nodes. The nodes can be de�ned as electrodes
or sensors in EEG or MEG studies [63, 86]. Parcellation schemes
using prior anatomical criteria are also used to de�ne nodes [120].
For example, in a functional network constructed by fMRI, the
nodes typically correspond to anatomically localized regions.

2. Estimate the relationship between nodes. The relationships be-
tween nodes can take the form of any connectivity described in
Section 1.1.

3. Generate a connectivity network. This network can be a weighted
network, or a binary adjacency graph, i.e., unweighted network.
The binary graph only shows the presence or absence of connec-
tions between nodes by applying a threshold to discard the con-
nectivities below the threshold.

4. Calculate the network measures of interest. These parameters or
topological features of a network can be used to describe the net-
work. We will provide some measures in Section 1.3.2.
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Exploring and analysing brain networks can shed light on the brain’s
cognitive functioning that occurs via the connections and interaction
between neurons or regions. Since this thesis focuses on EEG coher-
ence analysis, we will �rst introduce the multichannel EEG coherence
network in Section 1.3.1. Computational analysis and interactive visual-
ization are two common tasks for gaining insight into brain networks.
Some widely used methods for analyzing networks are presented. Pa-
rameters used to measure the topology of a network will be brie�y de-
scribed in Section 1.3.2, and techniques used for visualizing networks
will be given in Section 1.3.3.

1.3.1 Multichannel EEG Coherence Network

As mentioned before, a network, or graph G = (V ,E), consists of a set
of nodes V and a set of links E ⊆ V × V . An EEG coherence network
is a special network in which nodes correspond to electrodes and links
between these nodes correspond to coherences. If there are many elec-
trodes, e.g., 64 or 128, the term “multichannel” or “high-density” EEG
is used. Vertices, nodes, and electrodes are used interchangeably in this
thesis, as well as links and edges.

The coherence cλ as a function of frequency λ for two continuous
time signals x and y is de�ned as the absolute square of the cross spec-
trum fxy normalized by the autospectra fxx and fyy [53, 86]:

cλ(x ,y) =
| fxy (λ)|

2

fxx (λ)fyy (λ)
.

EEG coherence is used to measure the synchronization between elec-
trical activities recorded by electrodes attached at di�erent sites. It can
be regarded as the correlation between two electrode signals in the fre-
quency domain.

1.3.2 Network Parameter Analysis

The functional organization of the brain is characterized by segregation
and integration of information being processed [107].

A graphical model of brain connectivity is a convenient technique
to formalize experimental �ndings. The topology of a network can be
quantitatively characterized by its parameters. For brain network anal-
ysis, these parameters can be classi�ed into two classes [107]: (i) pa-
rameters of functional segregation, which is the ability for specialized
processing to occur within densely interconnected groups of brain re-
gions; and (ii) parameters of functional integration, which is the ability
to rapidly combine specialized information from distributed brain re-
gions.
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These parameters are often expressed in the following measures [15,
107]:

1. Node degree: the number of links connected to a node.

2. Degree distribution: the degrees of all nodes of a network.

3. Associativity: the correlation between the degrees of nodes that
are connected by a link.

4. Clustering coe�cient: the fraction of the node’s neighbours
that are also neighbours of each other.

5. Motifs: recurrent and statistically signi�cant sub-graphs or pat-
terns.

6. Path length: the minimum number of edges that must be tra-
versed to go from one node to another.

7. E�ciency: measure of how e�ciently a network exchanges in-
formation which is inversely related to path length.

8. Connection density: the actual number of edges in a network
as a proportion of the total number of possible edges.

9. Centrality: the number of the shortest paths between all other
pairs in the network that pass through a node.

10. Hubs: nodes with high degree or high centrality.

11. Modularity:Many networks can be divided into several modules
(also called groups, clusters, or communities). Modularity is one
measure of the structure of networks and is de�ned as the fraction
of the edges that fall within the given groups of nodes minus the
expected fraction if edges were distributed at random.

The description of parameters above is based on binary graphs. It can
be easily extended to weighted graphs. For a detailed de�nition of these
parameters please refer to [107].

1.3.3 Network Visualization

When researchers have well-de�ned questions to ask about their data,
they can use purely computational analysis techniques. However, many
analysis problems are not well-de�ned. For example, researchers often
do not know in advance exactly how they want to analyze their data.
In other situations, researchers want to see the structure of their data
in more detail rather than having only a summarizing description. In
these cases, interactive visualization methods employing the strengths
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of the human visual system can help researchers to detect, understand,
and identify unexpected patterns and outliers in their dataset.

For brain networks, although statistical and graph theoretical meth-
ods are available for brain network analysis (e.g., the parameters de-
scribed above), network or graph visualization approaches can still pro-
vide important insights for the discovery of unanticipated patterns that
would not be obvious through parameter analysis alone.

Based on the states of nodes and connections in the network, network
visualization methods can be divided into static network visualization
and dynamic network visualization.

1.3.3.1 Static Network Visualization

Figure 1.3: Two types of static network visualization techniques, employing data
used in this thesis (see Chapter 2 for details). (a) Node-link diagram.
(b) Matrix representation.

Visual representations of static graphs were reviewed by Landes-
berger et al. [75]. The most popular techniques used in visualizing
networks can be divided into three main groups: node-link based,
matrix-based, and hybrid.

The node-link diagram is the most common visual representation of a
network. It has the advantages of intuitiveness, compactness, and suit-
ability for understanding the network topology [47]. In this diagram,
nodes are drawn as points and the connections between these nodes
are drawn as lines (Figure 1.3(a)). The spatial position of the nodes
can re�ect their position in the brain. Size and color coding for nodes
and edges is also very common. However, the node-link diagram suf-
fers from scalability on limited displays, resulting in, for example, edge
crossing and node overlap.

A network can also be represented by a matrix view, in which nodes
are laid out along the vertical and horizontal edges of a matrix and con-
nections between nodes are indicated by a coloured cell in the matrix
that is the intersection between their row and column (1.3(b)). Not only
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can the cell colour encode the connection information, the ordering of
nodes along the rows or columns can also reveal substructures in the
network. Compared to the node-link diagram, the matrix view is suit-
able for larger and denser graphs. However, there is still the di�culty
for users to investigate a very large network and the topological struc-
ture of such a network. For example, for brain network analysis, the
spatial location of nodes usually should be taken into consideration.

Sometimes a combination of these two techniques, the hybrid method,
is used to overcome their individual limitations [57].

1.3.3.2 Dynamic Network Visualization

In dynamic networks, the structures of nodes and/or edges evolve over
time. In [8], dynamic network visualization approaches are reviewed
and divided into three categories based on the representation of time:
animation based, timeline based, and hybrid techniques.

Animation, in which the time dimension is mapped to a simulated
time, is a natural way to display the change of a dataset over time [8].
To highlight the change of networks, the major consideration in anima-
tion is to preserve the mental map which is the abstract structural in-
formation of a graph [34, 88, 125]. For example, in a node-link diagram,
the position of nodes should be kept stable. However, it is di�cult to
focus on many items simultaneously and track changes over long time
periods due to the limited capability of human perception.

A timeline-based representation, in which the time dimension is
mapped to a spatial dimension, has the advantage of providing a better
overview of the evolution of dynamic networks. However, it is limited
by the size of the display screen and the dataset.

Interaction techniques are also assisting users to explore networks.
Most common interaction approaches include zooming, panning, high-
lighting, and brushing and linking. In addition, specialized techniques
have been developed for interactive visual network navigation and ex-
ploration.

1.3.4 Visual Design

The �eld of brain network visualization faces many challenges, e.g., the
increasing quantity of data, the high dimensionality of data, and the
question how to deal with spatially embedded brain networks [83, 99].
Determining the best visualization for all brain networks is di�cult or
may be even impossible.

Munzner proposed a nested model for visualization design and vali-
dation [90, 91]. This model consists of four stages: characterize the task
and data by the domain vocabulary, abstract tasks and data, design vi-
sual encoding and interaction techniques, and create algorithms to exe-
cute techniques e�ciently.
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An applicable visualization should depend on the data structure and
the desired tasks, which is the �rst level of the nested model. This stage
needs a strong collaboration between designer and domain users. In or-
der to understand the general problems the researchers are facing when
analyzing their (fMRI/EEG) data, we used a questionnaire to collect re-
quirements from a small group of researchers (see Chapter 2 for details).
We analyzed the feedback and summarized four major requirements:

• R1: To compare brain activity under di�erent conditions and
identify di�erences. Most people want to investigate brain con-
nectivity patterns under di�erent conditions, e.g., during cogni-
tive tasks or as a result of psychiatric disorders. One researcher
wanted to use within- and between-individual variability in brain
activation to explain di�erences in human behaviour. Another re-
searcher wanted to investigate synchronization patterns and how
such patterns relate to task conditions. In addition, researchers
also wanted to investigate connectivity patterns within individu-
als.

• R2: To �nd the relationship between EEG phenomena or activ-
ities and brain regions. For example, one researcher wanted to
localize pathological EEG phenomena and spontaneous brain
rhythms. As far as visualization is concerned, one researcher
wanted to see the link between nodes in the network and their
anatomical location.

• R3: To analyze the dynamics in brain activity, for example, to
analyze the di�erences in brain activity between the beginning
and ending of a task.

• R4: To reduce the dimension of data. Two researchers mentioned
that the main di�culty in visual analysis is that the data set is
too large to visualize, which makes it is very hard to compare
patterns.

1.4 thesis contribution and organization

The aim of this thesis is to develop and investigate methods to visu-
ally investigate brain connectivity determined by EEG coherence data.
These methods in the following chapters are designed to satisfy some
or all requirements mentioned in Section 1.3.4.

In Chapter 2, a design and implementation of a visualization frame-
work for dynamic EEG coherence networks is presented. In this study,
requirements for supporting typical tasks in the context of dynamic
functional connectivity network analysis were collected from neuro-
science researchers. These requirements cover R1-R4 listed in the pre-
vious section. To satisfy these requirements, two visual representations
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were provided: a timeline-based representation and a time-annotated
functional unit (FU) map representation. The timeline-based represen-
tation is used to assist viewers to identify relations between functional
connectivity and brain regions, as well as to identify persistent or tran-
sient functional connectivity patterns across the whole time window
(R2, R3). The time-annotated FU map can facilitate the comparison of
the behavior of nodes between consecutive time steps (R1, R3). Since
both representations are based on the FU concept which divides all the
nodes into several groups, this can be seen as a dimension reduction
which is the aim of R4.

In Chapter 3, a method to enhance the identi�cation of patterns in dy-
namic EEG coherence networks is proposed. In the timeline-based rep-
resentation, it shows how FUs change over time: one FU may split into
several FUs, several FUs can merge into one FU, FUs expand (shrink)
when nodes join (leave) them, etc. However, relationships between FUs
and their evolution pattern are not considered. The proposed method is
implemented on the basis of the timeline-based representation by em-
ploying multidimensional scaling (MDS). It is used to �nd evolution pat-
terns via the information of position marker and colour encoding (R3,
R4).

In Chapter 4, a quantitative method for comparing brain connectiv-
ity between networks is proposed. In Chapter 2, the time-annotated FU
map was used to visually compare FU maps. In this chapter, the pro-
posed method quanti�es di�erences among multichannel EEG coher-
ence networks by performing a graph matching method based on the
earth mover’s distance (EMD) (R1). It accounts for the connectivity, spa-
tial character and local structure at the same time. The method is applied
to real functional brain networks for quanti�cation of inter-subject vari-
ability during a so-called oddball experiment.

In Chapter 5, the method for the detection of FUs in EEG analysis is
modi�ed based on the community structure of an EEG coherence net-
work. It partitions the set of electrodes into several data-driven ROIs
(communities) based on their connections and positions (R4). As a re-
sult, electrodes within the same community are spatially connected and
are more densely connected than electrodes in di�erent communities.
As an example application, the method is applied to the analysis of mul-
tichannel EEG coherence networks.

In Chapter 6, a summary and conclusions are presented, as well as
suggestions for future research.
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2V I S UA L E X P L O R AT I O N O F D Y N A M I C
M U L T I C H A N N E L E E G C O H E R E N C E N E T W O R K S

abstract

Electroencephalography (EEG) coherence networks represent func-
tional brain connectivity, and are constructed by calculating the coher-
ence between pairs of electrode signals as a function of frequency. Visu-
alization of such networks can provide insight into unexpected patterns
of cognitive processing and help neuroscientists to understand brain
mechanisms. However, visualizing dynamic EEG coherence networks
is a challenge for the analysis of brain connectivity, especially when
the spatial structure of the network needs to be taken into account. In
this chapter, we present a design and implementation of a visualization
framework for such dynamic networks. First, requirements for sup-
porting typical tasks in the context of dynamic functional connectivity
network analysis were collected from neuroscience researchers. In our
design, we consider groups of network nodes and their corresponding
spatial location for visualizing the evolution of the dynamic coherence
network. We introduce an augmented timeline-based representation to
provide an overview of the evolution of functional units (FUs) and their
spatial location over time. This representation can help the viewer to
identify relations between functional connectivity and brain regions,
as well as to identify persistent or transient functional connectivity
patterns across the whole time window. In addition, we introduce the
time-annotated FU map representation to facilitate comparison of the
behavior of nodes between consecutive FU maps. A color coding is
designed that helps to distinguish distinct dynamic FUs. Our imple-
mentation also supports interactive exploration. The usefulness of our
visualization design was evaluated by an informal user study. The feed-
back we received shows that our design supports exploratory analysis
tasks well. The method can serve as a �rst step before a complete
analysis of dynamic EEG coherence networks.

2.1 introduction

A functional brain network is a graph representation of brain organi-
zation, in which the nodes usually represent signals recorded from spa-
tially distinct brain regions and edges represent signi�cant statistical
correlations between pairs of signals. Currently, increased attention is
being paid to the analysis of functional connectivity at the subgroup
level. A subgroup is de�ned as an intermediate entity between the entire
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network and individual nodes, such as a community or module which
is comprised of a set of densely connected nodes (Ahn et al. [3]). Such a
group of nodes can represent a certain cognitive activity that requires
brain connectivity.

Data-driven visualization of functional brain networks plays an im-
portant role as a preprocessing step in the exploration of brain connec-
tivity, where no a priori assumptions or hypotheses about brain activ-
ity in speci�c regions are made. This type of visualization can provide
insight into unexpected patterns of brain function and help neurosci-
entists to understand how the brain works. An important goal of visu-
alization is to facilitate the discovery of groups of nodes and patterns
that govern their evolution (Reda et al. [104]). Recent techniques mostly
focus on the visualization of static EEG coherence networks. Here we
focus on the evolution of groups of nodes over time, i.e., dynamic com-
munities, which has received less attention so far in the neuroscience
domain. Although some visualization approaches have been developed
for dynamic social networks, these approaches cannot be directly ap-
plied to brain networks, since they do not maintain the spatial struc-
ture of the network, that is, the relative spatial positions of the nodes.
Visualization approaches that do not take into account the physical lo-
cation of the nodes make it hard to identify how the functional pattern
is related to brain regions.

An EEG coherence network is a 2D graph representation of func-
tional brain connectivity. In such a network, nodes represent electrodes
attached to the scalp at multiple locations, and edges represent signif-
icant coherences between electrode signals [53, 86]. If there are many
electrodes, e.g., 64 or 128, the term ‘multichannel’ or ‘high-density’ EEG
coherence network is commonly used. Traditional visualization of mul-
tichannel EEG coherence networks su�ers from a large number of over-
lapping edges, resulting in visual clutter. To solve this problem, a data-
driven approach has been proposed by ten Caat et al. [20] that divides
electrodes into several functional units (FUs). Each FU is a set of spatially
connected electrodes which record pairwise signi�cantly coherent sig-
nals. For a certain EEG coherence network, FUs can be derived by the
FU detection method [20] and displayed in a so-called FU map. An ex-
ample is shown in Figure 2.1. In such a map, a Voronoi cell is associated
to each electrode position, cells within one FU have the same color, cir-
cles overlaid on the map represent the barycenters of FUs, and the color
of the line connecting two FUs encodes the average coherence between
all electrodes of the two FUs. Here, we extend this method to analyze
dynamic EEG coherence networks.

In this chapter, we provide an interactive visualization methodology
for the analysis of dynamic connectivity structures in EEG coherence
networks as an exploratory preprocessing step to a complete analysis
of such networks. Experts from the neuroscience domain were involved
in our study in two ways. First, they provided a set of requirements for
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supporting typical tasks in the context of dynamic functional connectiv-
ity network analysis. Second, we carried out an evaluation of our tool
with a (partially di�erent) group of experts from the neuroscience do-
main. One of the main requirements coming from the domain experts is
that spatial information about the brain regions needs to be maintained
in the network layout, a feature which is not present in most existing
network visualization methods.

Our design enables users to: (1) identify the change in composition
of FUs over time; (2) discover how brain connectivities are related to
brain regions; and (3) compare the state of individual network nodes
between consecutive time steps. To achieve this functionality, we use
an augmented timeline-based representation to produce an overview of
the evolution of FUs and their corresponding spatial locations. By color
coding and using additional partial FU maps this representation can
help the user to identify relations between functional patterns and loca-
tions of electrodes, as well as to identify persistent or transient patterns
across the whole time window. In addition, a time-annotated FU map
is proposed for investigating the behavior of nodes between consecu-
tive FU maps. This augmentation can also be used to compare FU maps
obtained under di�erent conditions. In an informal user study with do-
main experts we evaluated the usefulness of our visualization approach.
In summary, the main contribution of this chapter is a combination and
adaptation of existing techniques to visualize functional connectivity
data in the neuroscience domain. In particular we provide:

• an augmented timeline representation of dynamic EEG coherence
networks with a focus on revealing the evolution of FUs and their
spatial structures;

• the detection of dynamic FUs to identify persistent as well as tran-
sient FUs;

• a sorted representation of FUs and vertices per time step to fa-
cilitate the tracking of the evolution of FUs over time and the
identi�cation of brain regions that the FU members belong to;

• a time-annotated FU map, which is an extended FU map for de-
tailed comparison of FU maps at two consecutive time steps;

• an online interactive tool that provides an implementation of the
above methods.

This chapter is an extension of a conference paper [68]. The following
parts are novel as compared to the conference paper:

• the introduction has been extended;

• details were added to the design description (Section 2.3.1, Section
2.3.2);
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Figure 2.1: Example of an FU map [18] as obtained during an oddball task (see
also Section 2.5.1).

• a description has been added explaining how to order the lines
corresponding to electrodes in the timeline representation for re-
ducing edge crossings and enhancing visual traceability (Section
2.4.1.2);

• an explanation has been added how to assign colors to dynamic
FUs for distinguishing dynamic FUs (Section 2.4.2.2);

• Figures 2.5 and 2.7 are new, as well as Figure 2.9 and 2.10 that
replace Figure 7 of the conference paper;

• more feedback has been included from the participants in the eval-
uation stage (Section 2.5.2.1, Section 2.5.2.2).

2.2 related work

Many techniques for visualizing dynamic networks have been devel-
oped; these are reviewed by Beck et al. [8]. These techniques can be
classi�ed into three categories: animation, timeline-based visualization,
and hybrid approaches. The most straightforward method is animation
(Archambault et al. [5]). When an animation is used to visualize the
evolution of networks, the changes are usually re�ected by a change
in the color of the nodes. However, network animation is limited to a
small number of time steps [104, 106]. When this number becomes large,
the users have to navigate back and forth to compare networks since it
is hard to memorize the states of networks in previous time steps, see
Bach et al. [6]. Some work has been done to help users easily capture
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network changes. These approaches aim to preserve the abstract struc-
tural information of a graph, called the mental map (Diehl et al. [29],
Misue et al. [88]).

An alternative to animation is the timeline-based representation. A
typical approach is the application of small multiples, in which multiple
networks at di�erent points in time are placed next to each other [6].
This approach is limited by the size of the display screen: it is very hard
to display entire graphs at once when the dataset becomes large. Net-
works can be shrunk in size, but the corresponding resolution and detail
are reduced [6]. Besides, this type of small multiples makes it hard to
track the evolution of networks, because corresponding nodes in di�er-
ent multiples have to be identi�ed visually.

Interactive visual analysis of temporal cluster structures in high-
dimensional time series was studied by Turkay et al. [115]. They pre-
sented a cluster view that visualizes temporal clusters with associated
structural quality variation, temporal signatures that visually represent
structural changes of groups over time, and an interactive visual anal-
ysis procedure. Van den Elzen et al. [35] presented a visual analytics
approach for the exploration and analysis of dynamic networks, where
snapshots of the network are considered as points in a high-dimensional
space that are projected to two dimensions for visualization and inter-
action using a snapshot view and an evolution view of the network.
However, in both approaches the spatial nature of the data did not play
a role or was absent from the beginning.

An extension of the timeline-based representation has been devel-
oped for visualizing the evolution of communities that is widely used
for dynamic social networks (Sallaberry et al. [110], Vehlow et al. [118],
Liu et al. [78]). In this representation, nodes are aligned vertically for
each time step and are connected by lines between consecutive time
steps. For a certain time step, nodes in the same community form a
block. As time progresses, lines may split or merge, re�ecting changes
in the communities. This visualization is based on the �ow metaphor, as
is used in Sankey diagrams (Riehmann et al. [105]) or �ow map layouts
(Phan et al. [101]), where users can explore complex �ow scenarios.

Speci�cally, the communities and nodes are sorted to reduce the
number of line crossings, which can improve the readability of the
graph [110, 118]. In addition, the color of the nodes usually re�ects the
temporal properties of a community, e.g., the stability of a dynamic
community or the node stability over time [118]. To allow interactivity,
the order of the nodes can be manipulated by the user [104]. However,
this approach cannot be applied to dynamic brain networks directly
since it visualizes the dynamic network while ignoring the spatial in-
formation of the network nodes, which is a crucial factor in the analysis
of brain networks.

In addition, several other useful tools for visualizing brain networks
have been introduced. Christodoulou et al. [22] present BrainNetVis

17



visual exploration of dynamic eeg coherence networks

to serve brain network modelling and visualization by providing both
quantitative and qualitative network measures of brain interconnectiv-
ity. Xia et al. [123] introduce BrainNet Viewer to display brain surfaces,
nodes, and edges as well as properties of the network. Sorger et al. [112]
discuss NeuroMap to display a structural overview of neuronal connec-
tions in the fruit �y’s brain. Ma et al. [83] present an animated inter-
active visualization of combing a node-link diagram and a distance ma-
trix to explore the relation between functional connections and spatial
structure of the brain. Finally, Hassan et al. [55] introduce EEGNET to
analyze and visualize functional brain networks from M/EEG record-
ings.

In spite of the many brain network visualizations that exist, none is
e�ective for our goal, which is to visualize and explore dynamic net-
works for the tasks de�ned in Section 2.3.1. As we mentioned in the
introduction, our approach is based upon the functional unit (FU) map
method introduced by ten Caat et al. [16, 20]. This approach has been
co-developed with the Department of Clinical Neurophysiology of the
University of Groningen and used to analyze coherence networks and
validate them in a comparison of networks from young and old par-
ticipants (ten Caat et al. [20]). Next, it was applied and validated in a
joint study with the Department of Work Psychology of the University
of Groningen about the in�uence of mental fatigue on coherence net-
works (Lorist et al. [80], ten Caat et al. [19]). Later, it was extended to
the analysis of functional fMRI networks by Crippa et al. [25].

2.3 design

In this section we �rst introduce the tasks that neuroscientists want
to perform in the context of functional connectivity network analysis,
then formulate the design goals that take into account the requirements
following from the task analysis, and describe the decisions we took
when designing the visualization.

2.3.1 Requirements

We used a questionnaire to collect requirements from a small group
of researchers who regularly employ brain connectivity analysis. Eight
participants were involved in the requirements collecting stage, con-
sisting of master and PhD students, a postdoc, an associate and a full
professor; they come from di�erent universities around the world: one
from the US, the rest from the Netherlands. The mean age of 7 partic-
ipants (one participant did not indicate his age) was 37.4 years; their
experience in working with brain data varied from 0.5 year to 30 years
(mean: 11.9 years for 7 participants, while the one participant who did
not indicate his experience had at least four years of experience). To
gain understanding of the requirements for (visual) analysis of brain
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data, the participants were asked to complete a questionnaire consisting
of open-ended questions. The goal of the questionnaire was to under-
stand the general problems the researchers are facing when analyzing
their data, the speci�c needs regarding network analysis, and the role
of visualization in their data analysis.

Although the way of acquiring neuroimaging data may vary among
researchers, the common underlying data representation for di�erent
types of connectivity and the methods of analyzing data are similar.
Therefore, our questionnaire was not limited to the analysis of EEG
data, but also addressed fMRI data. In our study, we restricted ourselves
to graph representations, especially focusing on dynamic structures
present in the data. The questionnaire is composed of three parts.

1. The �rst part includes general questions, such as the goal of an-
alyzing datasets, the general analysis pipeline, tools used by the
participants in their current research and the problems of these
tools.

2. The second part focuses on network analysis, such as the purpose
of analyzing brain connectivity, the procedure of brain connec-
tivity analysis, the properties of brain networks the participants
want to compare, and the problems they are facing in this process.

3. The last part is about the role of visualization in data analysis,
such as the purpose of using visualization, the di�culties in vi-
sualizing (dynamic) data, and preferences in visual encoding and
interaction.

We analyzed the feedback of the respondents and compiled the fol-
lowing list of tasks that are of interest to them to explore brain connec-
tivity, and for which visualization tools are not readily available:

• Task 1 Provide an overview of coherence networks across time.

• Task 2 Identify the state of each coherence network, that is, in-
dicate signi�cant connections between signals recorded from dis-
tinct locations.

• Task 3 Discover how functional connectivity is related to spatial
brain structure at each time step.

• Task 4 Explore the evolution of functional connectivity struc-
tures over time. That is, determine at which time step and in
which brain areas the connections and their spatial distribution
change, to �nd the areas of interest in which connections are sta-
ble or strongly changing, as a starting point for further study.

• Task 5Compare coherence networks between individuals or con-
ditions. That is, indicate the di�erences between coherence net-
works of, e.g., patients and healthy individuals, or the di�erences
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of coherence networks between task conditions for single individ-
uals. This can help neuroscientists to predict diseases or explain
di�erences in human behavior.

2.3.2 Design

Properties of brain connectivity networks that neuroscientists are in-
terested in include the signi�cant connections, as usually expressed in
connectivity values above a threshold between brain activities recorded
at distinct brain locations, the relation between functional connectivity
and brain spatial structures, and how these relations change over time.
In this section we discuss our choices for representing the evolution of
coherence networks over time, and the visual encodings adopted in the
representation, that meet the requirements set out above.

Visualizing dynamic coherence networks requires that the changes
of connections are shown. As mentioned in Section 2.2, animation or a
timeline-based representation can be used to visualize dynamic coher-
ence networks. Given the limitations of animation, we have chosen to
base our method on the timeline representation for visualizing the evo-
lution of communities in dynamic social networks (see Figure 2.3), be-
cause it can not only provide an overview but also the trend of changes
in coherence networks over time (Task 1).

In this timeline-based representation, electrodes are represented by
lines (Figure 2.3(a)). For each time step, to re�ect the connections be-
tween electrodes and also consider their spatial information (Figure 2.1),
we use the FUs proposed by ten Caat et al. [20]. An FU, which can be
viewed as a region of interest (ROI), is a set of spatially connected elec-
trodes in which each pair of EEG signals at these electrodes is signi�-
cantly coherent. In the timeline representation, FUs are represented by
blocks of lines (Figure 2.3). The blocks are separated by a small gap to
distinguish di�erent FUs (Task 2).

Since the representation based on FUs maintains the spatial layout
of electrode positions, it is more intuitive compared to other represen-
tations when exploring the relationship between spatial structures and
functional connectivity. For each FU in the timeline representation, we
use the color of the line to indicate which brain region the correspond-
ing electrode originates from (Figure 2.2). In addition, to provide the
exact location for each FU we provide a partial FU map for each block
of lines in the timeline representation (Figure 2.3(b)). A partial FU map
for a block of lines is a map where the electrodes included in this block
are colored black and the rest of the electrodes are colored white (Task
3).

To help users identify the persistent or transient functional connec-
tivity and to simplify the tracking of connections over time, we �rst
preprocess the coherence networks to detect dynamic FUs. A dynamic
FU is a set of similar FUs detected at consecutive time steps (a precise
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de�nition is provided in Section 2.3.3, Figure 2.4). A dynamic FU that
persists across a wide span of consecutive time steps is a stable state
across time (Figure 2.3(a)). Dynamic FUs which only exist for a small
range of time steps are referred to as transient dynamic FUs (Task 4).

The last main goal is to compare coherence networks between di�er-
ent conditions. To achieve this goal, we use a time-annotated FU map
to demonstrate the di�erences between two consecutive FU maps (Fig-
ure 2.6). In this time-annotated FU map, we adopt a division of each cell
into an inner and an outer region, such that the information of the pre-
vious/current state is encoded in the color of the inner/outer cell, where
the dynamic FU from each coherence network is mapped to the color of
the corresponding region. We consider this approach to be useful since
it does not obscure the graph layout structure and it can provide details
about changes of the node states (Task 5).
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Figure 2.2: Schematic map of the scalp on which electrodes have been attached
(nose on top). Electrodes, represented by Voronoi cells, are divided into
seven regions based on the EEG electrode placement system: LT (Left
Temporal), Fp (Fronto-polar), F (Frontal), C (Central), P (Parietal), O
(Occipital), RT (Right Temporal). Each region has a unique color (see
the color legend on the right-bottom).

2.3.3 Data Model and Dynamic FU Detection

In our visualization framework, we de�ne a dynamic EEG coherence net-
work as a sequence S = (G1,G2, ...,GN ) of consecutive coherence net-
works, where N denotes the number of such networks, andGt = (V ,Et )
(1 ≤ t ≤ N ) is a coherence network at time step t de�ned by a set of
vertices V and a set of edges Et ⊆ V ×V . Each coherence network has
the same vertex set V since the electrode set, and therefore the vertex
set, is constant over time. In contrast, the edge sets Et change over time
as coherences change over time.
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(a) Timeline-based representation without partial FU map.

(b) Augmented timeline-based representation with partial FU map.

Figure 2.3: Examples of timeline-based representations. Both representations dis-
play the evolution of dynamic FUs across �ve time steps for coherence
in the frequency band 8-12 Hz. (a) Normal timeline-based represen-
tation without partial FU maps. (b) Augmented timeline-based repre-
sentation including partial FU maps. Details are provided in Section
2.4.
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2.3.3.1 FUs and FU Map

For exploring the network while taking its spatial structure into ac-
count, the node-link diagram is considered to be more intuitive com-
pared to other representations since its layout is based on the actual
physical distribution of electrodes. However, the node-link diagram suf-
fers from a large number of overlapping edges if the number of nodes
exceeds a certain value. Therefore, the FU map can be used to better
understand the relationship between connections and spatial structure
(Figure 2.1).

The FU map was proposed to visualize EEG coherence networks with
reduced visual clutter and preservation of the spatial structure of elec-
trode positions. An FU is a spatially connected set of electrodes record-
ing pairwise signi�cantly coherent signals. Here “signi�cant” means
that their coherence is equal or higher than a threshold which is de-
termined by the number of stimuli repetitions [20]. For each coherence
network, FUs are displayed in a so-called FU map which visualizes the
size and location of all FUs and connects FUs if the average coherence
between them exceeds the threshold.

For each time step, FUs are detected by the method proposed by
ten Caat et al. [20]. We denote the set of FUs detected at time step t
by Pt = {Ct,1,Ct,2, ...,Ct,nt }, where nt is the number of FUs at time t .

2.3.3.2 Dynamic FU
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Figure 2.4: Synthetic FUmaps with �ve dynamic FUs tracked over �ve time steps.
Each cell corresponds to an electrode. Cell colors indicate di�erent dy-
namic FUs: red represents D1 : {C1,1,C2,1,C3,1,C4,1,C5,1}, blue rep-
resents D2 : {C1,2}, cyan represents D3 : {C1,3,C2,3,C3,3,C4,2,C5,3},
green represents D4 : {C2,2,C3,2}, and magenta represents D5 :
{C5,2}; the white cells represent electrodes belonging to small FUs with
size less than two.

To track the evolution of FUs, we introduce the concept of dy-
namic FU. Connecting FUs across time steps, a set of L dynamic
FUs {D1,D2, ...,DL} is derived from the dynamic EEG coherence
network S as follows. Each dynamic FU Dl is an ordered sequence
Dl = {Ctl ,l1 ,Ctl+1,l2 , ...,Ctl+kl ,lkl

} ∈ Ptl × Ptl+1 × ... × Ptl+kl , where tl
is the time step at which Dl �rst appears, kl is the number of time
steps during which Dl lasts, and each Ctl+i ,li is an FU at time step tl+i
(Figure 2.4). That is, each dynamic FU Dl is an FU whose members (i.e.,
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included electrodes) are evolving over time as a result of the changing
coherences between signals recorded by electrodes.

The key problem of detecting dynamic FUs is how to connect FUs
at consecutive time steps. Similar to Greene’s work [51], we do a pair-
wise comparison of the FUs between consecutive time steps and put the
most similar FUs into the same dynamic FU. Here, we de�ne the simi-
larity between FUs C1 and C2 as a weighted sum of Jaccard similarity
J (C1,C2) =

|C1∩C2 |
|C1∪C2 |

and spatial similarity E(C1,C2) :

sim(C1,C2) = λJ (C1,C2) + (1 − λ)E(C1,C2) (2.1)

where the weight factor λ satis�es λ ∈ [0, 1]. E(C1,C2) is de�ned as
one minus the 2D Euclidean distance between the barycenters of C1
and C2. Note that this 2D Euclidean distance is normalized to the in-
terval [0, 1] by scaling it to the maximum possible distance in an FU
map. If sim(C1,C2) is equal or higher than a threshold θ ∈ [0, 1], then
we consider these two FUs similar. Our similarity measure is inspired
by Crippa et al. [26], but note that they used a dissimilarity measure
rather than a similarity measure. Standard values of the parameters
were chosen in our experiments, following the literature: λ = 0.5 [26]
and θ = 0.3 [51].

The pseudocode of the dynamic FU identi�cation process is given in
Algorithm 1, see also Figure 2.4 for a synthetic example. This identi�ca-
tion algorithm maintains the following dynamic structures:

• Dl : a set of FUs representing the dynamic FU Dl .

• a dynamic label L(Ct,i ) that equals l whenCt,i belongs to dynamic
FU Dl .

• coml : a set of the common nodes of the FUs Ctl+i ,li , i = 1, . . . ,kl
that are part of the dynamic FU Dl .

• nodes(Ct,i ): a set of nodes contained in the FU Ct,i .

• a queue containing all similarities in decreasing order between
FUs at consecutive time steps.

Algorithm 1 contains two major steps. The �rst one (lines 1-6) is the
initialization step of the dynamic structures. The second one (lines 7-
28) is the core step of detecting dynamic FUs. It merges the FU of the
current time step with an existing dynamic FU or creates a new dynamic
FU for it based on the FU similarity.

From the pseudocode the algorithm can be expected to have quadratic
complexity in the number N of time steps. For the data considered in
this chapter this did not present a problem. The FU detection was car-
ried out as a preprocessing step. For a data set of 119 electrodes and
5 time steps the computing time was in the order of 7 seconds on a
modern laptop.
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Algorithm 1 Dynamic FU Detection
Require: Pt (1 ≤ t ≤ N ); sim(Ct−1, j ,Ct,i )(2 ≤ t ≤ N , 1 ≤ j ≤
|Pt−1 |, 1 ≤ i ≤ |Pt |); similarity threshold θ .

Ensure: Dl is the dynamic FU l consisting of a series of similar FUs;
L(Ct,i ) indicates the dynamic FU that Ct,i belongs to; Lmax is the
number of dynamic FUs.

1: for i = 1 to |P1 | do
2: Di = {C1,i }

3: L(C1,i ) = i
4: comi = nodes(C1,i )

5: end for
6: Lmax = |P1 |
7: for t = 2 to N do
8: for i = 1 to |Pt | do
9: L(Ct,i ) = 0

10: end for
11: add all similarities sim(Ct−1, j ,Ct,i ) (1 ≤ j ≤ |Pt−1 |,

1 ≤ i ≤ |Pt |) between FUs in Pt−1 and Pt to queue in descend-
ing order

12: while queue , ∅ do
13: sim(Ct−1, j ,Ct,i ) = dequeue(queue)
14: if sim(Ct−1, j ,Ct,i ) ≥ θ and |nodes(Ct,i )

∩comL(Ct−1, j ) | ≥ 1 and L(Ct,i ) = 0 then
15: DL(Ct−1, j ) = DL(Ct−1, j ) ∪Ct,i
16: L(Ct,i ) = L(Ct−1, j )

17: comL(Ct−1, j ) = nodes(Ct,i ) ∩ comL(Ct−1, j )
18: end if
19: end while
20: for i = 1 to |Pt | do
21: if L(Ct,i ) = 0 then
22: Lmax = Lmax + 1
23: L(Ct,i ) = Lmax
24: DLmax = {Ct,i }

25: comLmax = nodes(Ct,i )

26: end if
27: end for
28: end for
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2.4 dynamic network visualization

Our visualization design provides an interactive exploration of dynamic
coherence networks. As discussed in Section 2.3, our design aims for
helping users to understand the states of coherence networks, how
these states are related to brain regions, how the states change over
time, and where the di�erences occur between coherence networks at
di�erent time steps or under di�erent conditions.

To this end, we employ three views: an FU map, a timeline-based
representation, and a time-annotated FU map. The FU map has already
been described in Section 2.3.3.1. The timeline-based representation pro-
vides an overview of the evolution of FUs including both the changes
in its composition and spatial information. The time-annotated FU map
reveals the detailed content of the vertices and location of FUs, to facili-
tate the assessment of vertex behavior in two consecutive FU maps and
the comparison of FU maps obtained under di�erent conditions.

2.4.1 Augmented Timeline-based Representation

The timeline-based representation has already been used in other con-
texts to visualize dynamic communities [78, 104, 110]. In this repre-
sentation, time is mapped to the horizontal axis, while the vertical
axis is used to position vertices represented by lines. We extended this
representation to show the evolution of FUs. For a certain time step,
lines grouped together represent corresponding electrodes forming
FUs. Thus, the width of the grouped lines is proportional to the size
of the FU in question, similar to what is done in Sankey diagrams or
�ow map layouts [101, 105]. The grouped lines are separated by a small
gap to distinguish di�erent FUs. The lines running from left to right
represent the time evolution of the states of the coherence networks.
When the grouped lines separate, this means that the corresponding
FU splits, while the electrodes start to form an FU when lines forming
di�erent groups are joined together in the next time step. Thus, this
split and merge phenomenon helps to investigate the evolution of FUs
over time.

2.4.1.1 Including Spatial Information

To incorporate spatial information in such a timeline-based represen-
tation, we provide two methods. First, we encode the spatial informa-
tion into the color of the lines. To achieve this, we use an EEG place-
ment layout based on underlying brain regions showing the location of
electrodes. In this layout, electrodes are partitioned into several regions
based on the EEG electrode placement system (Oostenveld and Praam-
stra [98]), and each region has a unique color generated by the Color
Brewer tool [54] (Figure 2.2). In the timeline-based view (Figure 2.3),
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the lines are colored in the same way as the corresponding electrodes
in the EEG electrode placement system of Figure 2.2, thus providing a
mapping of each timeline to a speci�c spatial brain region.

However, the color of the lines only provides rough spatial informa-
tion (one of the seven brain regions). To assess the dynamics of a small
number of coherence networks in more spatial detail, we augment the
timeline-based representation by combining the evolution of FUs with
partial FU maps through a method inspired by Vehlow et al. [118]. In
a partial FU map, only one FU is displayed with its cells colored black,
while the cells of all other FUs are colored white. For a given time step,
each FU is visualized by a block of lines, followed by the correspond-
ing partial FU map. For example, in Figure 2.3(b) each block of lines
(labeled 1, 2, . . . , 14) represents an FU, except the top block which rep-
resents electrodes that do not belong to any FUs because their size is
below the size threshold. Each block is followed by a partial FU map in
which the corresponding electrodes in this FU are colored black and the
rest are white.

In Figure 2.3, dynamic FUs are tracked over �ve time steps, resulting
in a total of fourteen detected dynamic FUs. The larger FUs included
in dynamic FUs D1, D14 (labeled in the �gure by “1” and “14”, respec-
tively) are located in the Parieto-Occipital and Fronto-polar regions (Fig-
ure 2.2). The dynamic FUs D1, D5, D9, D10, D11, D14 exist for all time
steps. Dynamic FU D1 splits at time step 2, creating a new dynamic FU
D4 in addition to D1. Dynamic FU D11 signi�cantly changes at time step
3: the electrodes colored in blue disappear while other electrodes (col-
ored green) become part of it; at time step 4, D11 returns to the original
state. This is also happening for D9, which changes a lot at time steps 2
and 3, but returns to the original state at time step 4 (Figure 2.3(b)).

2.4.1.2 Ordering of FUs and Vertices

To help users easily track the evolution of FUs and their locations in the
brain, FUs need to be ordered in such a way that the positions of FUs
in the timeline-based view re�ect their locations in the FU map. Within
each FU, lines representing electrodes should be ordered in such a way
that it is easy to �nd the electrode distribution within this FU.

To this end, we �rst order FUs based on the y-coordinate of their cor-
responding barycenters for each time step (Figure 2.3). The FUs with
larger y-coordinate are placed above the FUs whose y-coordinates are
smaller. If any FUs have the same y-coordinate, they are ordered based
on their corresponding x-coordinate from left to right. Because FUs ex-
changing many electrodes over time usually are close to each other in
the FU map, this ordering also makes for a stable layout to some extent.

To allow the viewer to understand the electrode distribution within
each FU, we have chosen to order the vertices of an FU based on their
location in the EEG placement layout (Figure 2.2). Within each FU, ver-

27



visual exploration of dynamic eeg coherence networks

tices are ordered based on the brain parts to which they belong. Vertices
from the same brain regions are placed together, and they are ordered
as follows: vertices from LT are placed at the top of the FU, followed
by the vertices from Fp, F, C, P and O. Finally, vertices from RT are
placed at the bottom of the FU. Thus we do not optimize the view for
minimum line crossings, since earlier experiments have shown that op-
timizing the layout for minimum line transitions often resulted in local
layouts where some areas su�er from excessive crossings [104]. In our
case, the optimized layout for minimum line crossings would make it
hard to understand the spatial distribution. Instead, we order vertices
within the same brain region of FU Ct,i in the following way for re-
ducing edge crossings and enhancing visual traceability: nodes will not
move within an FU and lines representing these nodes do not intersect
if they split in the next time step. This ordering needs to take into ac-
count the previous ordering of FUs. For example, if vertices v and v ′
from the same brain region are located in FU Ct,i at time step t and in
FUs Ct+1,m , Ct+1,n at time step t + 1, and FU Ct+1,m is located above
Ct+1,n at time step t + 1, then v should lie at the upper position com-
pared to v ′ in FU Ct,i at time step t . In practice, we �rst order vertices
at the last time step tlast . The vertices of the same FU and brain region
at time step tlast are ordered based on the FUs they belong to at the
previous time step tlast −1, such that if verticesv andv ′ of the same FU
and brain region at time step tlast come from FUs Ctlast−1,m , Ctlast−1,n
at time step tlast − 1 and FU Ctlast−1,m is located above Ct+1,n at time
step t + 1, then v lies above v ′ at the last time step. Vertices of the same
brain region and FU at time step t(1 ≤ t ≤ tlast − 1) are ordered based
on the ordering of FUs at time step t +1. Figure 2.5 shows an example of
ordering vertices. The labels of electrodes are arranged vertically on the
left of the timeline representation. Each label is a combination of letters
and a digit except for the electrodes located at the midline of the brain
for which the label only has letters. The letter is to identify the general
brain region and the number is to identify the hemisphere in question
and the distance from the midline. A lowercase z is used to represent
midline locations. For example, FCC1 lies over the frontocentral-central
region to the left of the midline. Cz lies over the central cortex on the
midline. At time step 1, they both belong to dynamic FU D8, while they
both belong to the dynamic FU D9 at time step 2. They split at time step
3: FCC1 joins dynamic FU D12 while Cz joins dynamic FU D6 (Figure
2.5). Then FCC1 is placed above Cz at time steps 1 and 2.

2.4.2 Time-annotated FU Map and Vertex Coloring

2.4.2.1 Time-annotated FU Map

The timeline-based view provides an overview of the evolution of FUs
over time, and the changes of states between consecutive time steps
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Figure 2.5: Example of ordering vertices from Figure 2.3(a). The highlighted lines
representing electrodes FCC1 and Cz both come from the central part
of the brain (Figure 2.2).

can be inferred from the line transitions. These transitions provide a
rough indication of the di�erence between states at consecutive time
steps. To focus on speci�c changes in the states of coherence networks
between consecutive time steps, it is necessary to provide more detail
about the behavior of electrode signals. To achieve this, we provide a
time-annotated FU map to facilitate the comparison of states of vertices
between two consecutive FU maps. An example is shown in Figure 2.6.

Here, we employ a technique, inspired by the work of Alper et al. [4].
Cells are divided into an inner and outer part; for simplicity, we will
speak of “inner cell” and “outer cell”. The information of the previous
state is encoded in the color of the inner cell, the information of the
current state is encoded in the color of the outer cell. Before we do
this, each dynamic FU is assigned a unique color to distinguish di�erent
dynamic FUs. This method preserves the FU map’s structure, and it is
intuitive to infer changes from the colors of the inner and outer cells.
For the �rst time step, the color of the inner cell is the same as that of
the outer cell. For an FU at a given time step t > 1, if the color of the
majority of inner cells is the same as their outer cells’ color, it means
that this FU is relatively stable during these two consecutive time steps.

2.4.2.2 Vertex Coloring

An appropriate color encoding can provide useful information about dy-
namic networks. In Section 2.4.1.1, we use the line color to indicate the
regions where the corresponding electrodes come from (Figure 2.3). We
now use color encoding to distinguish distinct dynamic FUs for easy
comparison of electrode states at di�erent time steps. Since the parti-
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Figure 2.6: Time-annotated FU map at time step 5 (see Figure 2.3). The outer cell
color indicates which dynamic FU (see the color legend on the right)
the electrode belongs to at time step 5 while the color of the inner cell
represents the state in the previous time step 4. The white cells belong
to FUs with size smaller than four.

tioning of brain regions is �xed among individuals, the assignment of
colors in Section 2.4.1.1 is also consistent for di�erent datasets. Here we
use an automatic method to assign colors to dynamic FUs. This implies
that the colors of dynamic FUs may be di�erent for di�erent datasets
and possibly similar to the colors of brain regions. Our method deter-
mines the color of dynamic FUs according to the following criterion:
dynamic FUs that overlap with respect to electrodes or time periods
should be easily recognized by their colors. To achieve this, we use the
color assignment proposed by Dillencourt et al. [31]. This approach as-
signs distinct colors to vertices of a geometric graph by embedding the
graph into a color space so that the colors assigned to adjacent vertices
are as di�erent from one another as possible. To extend this method to
our vertex coloring problem, we construct a graph in which dynamic
FUs represent nodes and pairs of nodes are adjacent if the correspond-
ing dynamic FUs have overlapping electrodes or time windows. Then,
the vertices of this graph are mapped to the color space of interest in
which each vertex has a unique coordinate representing a color. It is
also important to note that our goal is for adjacent vertices to be col-
ored di�erently. It does not matter how non-adjacent vertices, which
are dynamic FUs that have no overlapping electrodes or time windows,
are colored. We applied the method to the dynamic FUs detected in
Figure 2.3, and the result is shown in Figure 2.7. If there are many time
steps, and thus many dynamic FUs, the number of vertices of the con-
structed graph is large, as well, and the generated colors would be not
easy to distinguish. For this case, the color assignment can be done with
a time sliding window, where colors of dynamic FUs are computed for
each data window, separately.
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Figure 2.7: Result of assignment of colors to dynamic FUs. Each circle represents
a dynamic FU and an edge connecting circles indicates that the corre-
sponding dynamic FUs have overlapping electrodes or time windows.
We applied this color assignment to the time-annotated FU map in
Figure 2.6.

Note that this time-annotated FU map is not limited to the compari-
son of consecutive FU maps, but can also be used to compare FU maps
obtained under di�erent conditions, e.g., to compare the states between
healthy individuals and patients.

2.4.3 Interaction

To support the interactive exploration of the states of coherence net-
works and their evolution over time, our visualization approach also
incorporates brushing-and-linking techniques that help users to focus
on a particular coherence network or dynamic FU of the dynamic coher-
ence network. A prototype application was developed for this purpose
[65].

A screenshot of the user interface is shown in Figure 2.8. Figure 2.8(a)
shows two buttons: one button (AugRep) is used to display the aug-
mented timeline representation, and the other one (NorRep) is used to
display the timeline representation without partial FUs. Users can �nd
a time step of interest in the timeline representation and click on the
time step (the blue area in Figure 2.8(f)) where they want to get more
details, so that the corresponding FU map at that time step is displayed
in Figure 2.8(b). Clicking on a particular FU in the timeline view, FUs
belonging to the same dynamic FU will be highlighted in the timeline
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view, and the corresponding dynamic FU index also will be highlighted
in Figure 2.8(d). Linked views are used for synchronous updating of the
timeline representation and the FU map. This can help users to track
the evolution of dynamic FUs. Following Vehlow et al. [118], the high-
lighting is accomplished by using 100% opacity for the selected item and
a smaller opacity for the remaining items. If the mouse is moved over
the blue area (time tick) in Figure 2.8(f), the associated time step is se-
lected. Clicking on the white space between blue areas in Figure 2.8(f),
the time-annotated FU map is displayed so that the user can compare
the corresponding two consecutive FU maps. Within the timeline view
itself, we also allow for zooming and panning techniques to investigate
the evolution of larger coherence networks.

2.5 user study

To evaluate the usefulness of our visualization design, we conducted an
informal user study in which the participants explored the use of the
dynamic coherence network visualization methods. During exploration,
we collected online and o�ine feedback from the participants on the
current and potential utility of our framework. Speci�cally, our goal
was to assess how our visualization methods can help neuroscientists
to analyze domain problems related to the identi�ed tasks described in
Section 2.3.

Five PhD students (three female and two male) participated in the
study. The mean age of these participants was 30 years. Four partici-
pants regularly analyzed EEG data; one used brain connectivity analy-
sis while the others analyzed event-related potential (ERP) data. They
all have at least two years of experience with brain connectivity analy-
sis. One participant was a computer scientist familiar with general visu-
alization techniques and some familiarity with EEG data visualization.
The �rst author met the participants at their research institutes, and
carried out an evaluation interview. Note that the participants in the
evaluation stage were not the same as the participants in the require-
ments collecting stage. The role of the participants in the requirement
elicitation stage is to describe problems they are facing, whereas the
role of participants in the evaluation stage is to evaluate the application
design we proposed. We believe that the use of two di�erent groups
helps to remove a potential bias in the evaluation.

2.5.1 Evaluation Procedure

During the interview, the purpose of the visualization method as well
as the use of the implementation were explained �rst. Then, the par-
ticipants were asked to explore data derived from an EEG experiment
with four tasks and discuss their observations freely. These data were

32



2.5 user study

<LEFT RIGHT>POSTERIOR

ANTERIOR

AugRep NorRep

LT

Fp

F

C

P

O

RT

Dynamic FU index:
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

t = 1 t = 2 t = 3 t = 4 t = 5

(a) (b) (c) (d)

(e)

(f)

Figure 2.8: Main interface. (a) Buttons for the two timeline representations. (b)
Electrode placement layout for reference purposes; (c) Color legend for
regions; (d) Dynamic FU index window; (e) Main window for display-
ing the timeline representation; (f) Time ticks.

recorded from an oddball detection experiment, in which a P300 event
related potential (ERP) is generated [86]. The P300 wave is a parietocen-
tral positivity that occurs when a subject detects an informative task-
relevant stimulus. The “P300” name derives from the fact that its peak
latency is about 300 ms, when a subject makes a simple sensory discrim-
ination after the stimulus[102]. In this experiment, participants (N.B.:
not the same participants as those in our user study) were instructed
to count target tones of 2 kHz (probability 0.15) and to ignore standard
tones of 1 kHz (probability 0.85). After the experiment, each participant
had to report the number of perceived target tones. For details of the
experiment, see [86]. In our data, brain responses to 20 target tones
were analyzed in L = 20 segments of 1 second, sampled at 1 KHz. We
�rst averaged over segments and then divided the averaged segment
into �ve equal time intervals. For each time interval, we calculated the
coherence network within the [8, 12] (alpha) Hz frequency band and
detected FUs following the procedure described by ten Caat et al. [20].
We focused on this band as its related FU maps were interesting [20].

The tasks the participants of our user study had to execute were based
on the requirement analysis as reported in Section 2.3:

1. to explore the state of the coherence network at a certain time
step;

2. to explore the relation between functional connectivity and brain
regions;

3. to explore the evolution of coherence networks over time;
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4. to compare consecutive FU maps of interest using the time-
annotated FU map.

At the end of the session, each participant completed a questionnaire.
Each session took approximately 60 minutes and was audiotaped. The
interface of our visualization prototype is illustrated in Figure 2.8. All
participants used the online version of our tool.

2.5.2 Results

We collected both the observations of participants during exploration
and their feedback in the form of a questionnaire that was completed
after they �nished the exploration.

2.5.2.1 Results during Exploration

In general, the participants agreed that they can get a general picture
of the dynamic networks from the timeline representation and then can
subsequently use it for further exploration (Task 1). One participant said
that connectivity in a certain brain area can be deduced from the thick-
ness of the blocks of lines: the thicker the block, the more electrodes are
connected in its corresponding FU (Task 2). In addition, the partial FU
map was found to be very useful to locate the FUs on the scalp and to
identify the constantly connected part across time (Task 3). Regarding
the change in brain connectivity over time, one participant said that she
can �nd the change in FUs over time from the transition of lines in the
timeline representation and she can also analyze brain connectivity at
a speci�c time step (Tasks 2 and 4). For example, at time step 5 there
are many lines in the small FU (the top block of lines for time step 5)
in which corresponding electrodes are less connected with other elec-
trodes (see Figure 2.9(a)), which may be caused by the response fading
out (Task 2).

Next we describe a number of more speci�c observations made by
the participants. For tracking the evolution of dynamic FUs, one partic-
ipant found that the dynamic FUs of D3 and D15 are more stable across
time, and furthermore that the majority of the electrodes in D15 comes
from the P region; see Figure 2.10(a) (Tasks 1 and 4). Participants were
mostly interested in the change of connections within regions (Tasks 3
and 4). The color of lines, which is related to the division of the brain
into seven regions, then is very useful: it can be used to �nd the state of
connections within regions and between regions. For example, one par-
ticipant found that dynamic FU D10 appears at the second time step and
lasts for four time steps, but there is a big change at the third time step at
which two electrodes come from the RT and F regions while at another
time step all electrodes from the C region join (see Figure 2.10(b)). This
could be interpreted as regions RT, F, and C communicating informa-
tion at that time step. She also found that F and C regions change a lot
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Figure 2.9: (a) Timeline representation at the �fth time step. (b) Time-annotated
FU map for comparing FU maps at the second and third time steps.
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in composition, while the Fp and O regions are more stable across time
when she selected the region index in Figure 2.8(c). She said that this
may be related to the P300 experiment resulting in the F and C regions
being more activated.

Participants were also interested in transient dynamic FUs (they
called these “striking”), which only exist for a few time steps or exist at
one particular time step only. Two participants who regularly used ERP
analysis were particularly interested in the second and third time steps
(Tasks 1 and 3). One participant �rst found dynamic FUs D11 and D15 to
be very interesting since each of them includes a lot of electrodes which
can be seen from the thickness of the blocks of lines and the partial FU
maps. In particular, she found it interesting that dynamic FUs D10 and
D11 appear at the second time step corresponding to the time interval
of [201 ms, 400 ms], which may be related to the presence of a P300
component in the ERP. One participant also found that the LT and RT
regions have similar patterns across time: most of their electrodes are
involved in small FUs (see Figure 2.10(c)-2.10(d)), which means they are
less synchronized. The transient dynamic FUs, which only exist for one
time step, include the dynamic FUs D2, D5, D6, D9, D17, and D18 (see
the online demonstration [65]).

One participant said that she could derive more detail about changes
from the time-annotated FU map when she �rst identi�ed some inter-
esting part in the timeline representation. She also pointed out that
the color encoding in the time-annotated FU map could assist her to
�nd changes per electrode (Task 5). One participant found that many
electrodes in the F region change their states when she used the time-
annotated FU map to compare the second and third FU map (Task 5). See
Figure 2.9(b), where the color of each inner cell represents the dynamic
FU to which the electrode belongs at the second time step, while the
outer-cell color represents the dynamic FU at the third time step. Col-
ors of dynamic FUs are depicted by the circles to the right. The black
cells indicate that they belong to FUs smaller than four cells.

In summary, participants are mostly interested in stable or transient
dynamic FUs, and dynamic FUs appearing at a speci�c time step. These
observations can serve as the starting point for further analysis.

2.5.2.2 Observations from Questionnaires

After free exploration, a questionnaire was used to collect additional
feedback from the participants using the following �ve questions:

1. How does the visualization re�ect the coherence network at a
certain moment in time? (Easy to understand / Insightful / I would
be able to use it)

2. What do you think about the connections in the timeline repre-
sentation? (Clear / Relevant)

36



2.5 user study

<LEFT RIGHT>POSTERIOR

ANTERIOR

AugRep NorRep

LT

Fp

F

C

P

O

RT

Dynamic FU index:
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

t = 1 t = 2 t = 3 t = 4 t = 5

(a) Dynamic FU D15.
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(b) Dynamic FU D10.
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(c) The evolution of connections of electrodes in the LT region.
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(d) The evolution of connections of electrodes in the RT region.

Figure 2.10: Examples of results during exploration. (a) Dynamic FU D15 exists
for 5 time steps. (b) Dynamic FU D10 appears at the second time
step, and the electrodes in this dynamic FU mostly come from the
C region except at the third time step at which two electrodes come
from the F and P regions. (c) and (d) show the evolution of connections
of electrodes in the LT and RT regions respectively. The line colors
are determined by the regions to which the corresponding electrodes
belong (see Figure 2.2).

37



visual exploration of dynamic eeg coherence networks

3. What do you think about the relation between the grouped lines
and their underlying spatial brain structure in the timeline rep-
resentation? (Easy to understand / Insightful / I would be able to
use it)

4. What do you think about the visualization of changes over time
in the timeline representation? (Easy to understand / Insightful /
I would be able to use it)

5. What do you think about the time-annotated FU map to facilitate
the comparison of FU maps? (Easy to understand / Insightful / I
would be able to use it)

Responses were collected on a Likert scale (fully disagree; disagree; neu-
tral; agree; fully agree).

For the �rst question, four of the participants (fully) agreed that the
visualization is easy to understand and insightful, while three of them
agreed they would be able to use it. When considering the properties of
the connections in the timeline representation, all participants agreed
that it is clear and three of them agreed it is relevant. For the third
question, four of them agreed that it is easy to understand and all agreed
it is insightful. Furthermore, all agreed that it is easy to understand the
changes over time in the timeline representation and that it is insightful.
Finally, all of them agreed that the time-annotated FU map is easy to
understand and four of them agreed that it is insightful. Regarding the
usability, the majority of the participants agreed that they would be able
to use it; however, for each task there was one “disagree” response.

The second part of the questionnaire contained open-ended ques-
tions that invited participants to give both positive and negative com-
ments. Most participant thought the proposed visualization methods
are useful: they can see how the functional units are distributed on
the FU map and how these functional units change over time. One
participant thought the FU map is very useful since it provides the
speci�c localization of electrodes. When asked which of the timeline-
representations (with or without partial FU maps) is better, one par-
ticipant said that he preferred the representation with partial FU maps,
because from this representation he could recognize the location of elec-
trodes easily. Most participants thought the representations were useful
and some stated that they can be used in several ways: to interpret the
data; for presentation purposes; to compare several participants simul-
taneously; and to investigate the dynamics in ERP experiments.

When asked whether anything could be improved or about further
applications, two participants who work on ERP analysis said that this
visualization could be used to analyze the change in ERP signals and for
visualization of speci�c time steps.

In summary, the feedback we received from the user study was gen-
erally positive, which indicates the application potential of our method
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for visualizing dynamic EEG coherence networks. Some suggestions for
further improvement have been made.

2.6 conclusions and future work

Requirements for supporting typical tasks in the context of dynamic
functional connectivity network analysis were obtained from neuro-
science researchers. We designed an interactive method for visualiz-
ing the evolution of EEG coherence networks over time that meets the
requirements. With this visualization, a user can investigate the rela-
tionship between functional brain connectivity and brain regions, and
the time evolution of this relationship. In addition, we provided a time-
annotated FU map, which can be used to facilitate the comparison of
consecutive FU maps.

The user study suggests that our visualization method is potentially
useful for dynamic coherence network analysis. However our visual-
ization method still has some limitations. First, the coherence between
FUs at a certain time step is not re�ected in the timeline-based repre-
sentation. Therefore, a future improvement is to develop e�ective visual
encodings to re�ect the connections between FUs at a certain time step.

Another concern for our visualization method is its scalability. The
order of electrodes and FUs at a certain time step is based on regions to
which electrodes belong and barycenters of FUs. The ordering of elec-
trodes will bene�t the recognition of members for each FU, while the
ordering of FUs will bene�t the tracking of the evolution of dynamic
FUs. However, for a dynamic coherence network in which there are
many electrodes that switch their state often, the number of line cross-
ings in the timeline-based view increases, especially when the num-
ber of electrodes increases. This makes the representation less readable.
One potential solution is to provide some interaction techniques that al-
low users to interactively reorder electrodes and FUs. Third, for a large
dataset, the number of dynamic FUs also increases, potentially making
the colors hard to distinguish between dynamic FUs (as was remarked
by one participant in our user study). Finally, although the dynamic FU
detection is carried out as a preprocessing step it may still become time-
consuming as the number of time steps increases.

As future work, we therefore intend to further explore the dynamic
coherence networks regarding the following �ve potential aspects:

1. incorporate the coherence between FUs in the timeline represen-
tation;

2. reduce the number of line crossings;

3. improve the color assignment for larger datasets;

4. provide access to the original EEG signals;
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5. �nd an approximation to the algorithm of detecting dynamic FUs
with lower complexity.
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3V I S UA L A N A LY S I S O F E V O L U T I O N O F N E T W O R K
C O M M U N I T I E S E M P L O Y I N G M U L T I D I M E N S I O N A L
S C A L I N G

abstract

The community structure of networks plays an important role in their
analysis. It represents a high-level organization of objects within a net-
work. However, in many application domains, the relationship between
objects in a network changes over time, resulting in the change of com-
munity structure (the partition of a network), their attributes (the com-
position of a community and the values of relationships between com-
munities), or both. Previous animation or timeline-based representa-
tions either visualize the change of attributes of networks or the com-
munity structure. There is no single method that can optimally show
graphs that change in both structure and attributes. In this chapter we
propose a method for the case of dynamic EEG coherence networks to
assist users in exploring the dynamic changes in both their community
structure and their attributes. The method uses an initial timeline rep-
resentation which was designed to provide an overview of changes in
community structure. In addition, we order communities and assign col-
ors to them based on their relationships by adapting the existing Tem-
poral Multidimensional Scaling (TMDS) method. Users can identify evo-
lution patterns of dynamic networks from this visualization.

3.1 introduction

Networks are generally used to model interactions between objects, and
play an important role in various disciplines, such as biology, social sci-
ence, mathematics, computer science, and engineering. In mathematics,
networks are often referred to as graphs, where objects are represented
by vertices (nodes) while their interactions are indicated by edges
(links). Most of these networks have an inherent community structure,
i.e., vertices can be organized into groups, which are referred to in
various ways, such as communities, clusters, cliques, or modules [38].

In many application domains, the relationship between objects in a
network changes over time, resulting in a dynamic network [51]. The
community structure (the partition of a network), as well as the corre-
sponding attributes (the composition of communities and the relation-
ships between communities) are then dynamically changing over time
[62, 75]. Visualizing the evolution of networks in dynamic networks
can facilitate the discovery of evolution patterns of communities and
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can help researchers propose hypotheses to explain these patterns for
further study.

In this chapter we focus on dynamic EEG coherence networks that
represent functional brain connectivity, in which nodes represent elec-
trodes which are used to record electrical activity of the brain and edges
represent coherences between pairs of signals recorded by electrodes.
As the starting point, we consider the existing visualization method
for static EEG coherence networks based on functional unit maps (FU
maps) by ten Caat et al. [20]. An example of such a static EEG network is
shown in Figure 3.1(a). The FU-map method clusters electrodes based
on their relative spatial position and corresponding coherence values.
The resulting clusters for the example in Figure 3.1(a) are shown in Fig-
ure 3.1(b) and compose an FU map, in which electrodes represented by
polygon cells are divided into several groups, each of which is an FU,
that is, a spatially connected set of electrodes recording pairwise signi�-
cantly coherent signals. Each FU is assigned a gray color for distinguish-
ing between FUs and the color of lines connecting two FUs indicates the
corresponding inter-FU coherence.
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Figure 3.1: Example of a static EEG coherence network. (a) Layout of a coher-
ence network (the EEG frequency band is 8-12 Hz). Vertices represent
electrodes, and edges represent coherences between electrode signals,
where only coherences of at least 0.2 are plotted. The color of the edge
indicates the coherence value. (b) FU map based on the coherence net-
work in (a). Spatial groups of similarly colored (in gray scale) cells
correspond to FUs with a size of at least four, while the white cells
are part of smaller FUs. Circles overlayed on the cells represent the
barycenter of the FUs and are connected by lines whose color re�ects
the inter-FU coherence calculated as the average coherence between
all electrodes of the FUs (see colorbar).

To visualize the evolution of dynamic EEG coherence networks,
Ji et al. proposed a visualization framework based on a timeline rep-
resentation [68]. This representation assists users in identifying the
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temporal evolution of FUs and their corresponding location on the
scalp. However, this approach only shows the change of community
structure and composition of FUs, but it does not consider how the
relationships between FUs change. Also, existing visualization meth-
ods either focus on the change of network attributes or the change of
community structure [75]. For example, some methods have been pro-
posed to depict the evolution of community evolution structure, such
as splitting or merging of communities [104, 118], where the attributes
of the connections between these communities are ignored. On the
other hand, some methods have been designed to show the change of
attributes of individual nodes or edges instead of at the group level [9].
However, there is no single method that can optimally show graphs
that change in both structure and attributes.

Therefore, we here propose a combined visualization approach tak-
ing both the community structure and the relationships between com-
munities into account to support the identi�cation of evolution patterns
of dynamic EEG coherence networks. First, following [68] we use an ini-
tial timeline representation to show signi�cant events for community
evolution in EEG coherence networks. Additionally, we adapt the tem-
poral Multidimensional Scaling (TMDS) method which was developed
for multivariate data [64] to order and assign colors to network com-
munities for each time step based on relationships between them. The
ordering and assignment of color makes that similar communities are
spatially close in the representation and have similar colors, so they can
be identi�ed e�ciently.

Summarizing, our main contributions include:

• a combination of a timeline representation for dynamic EEG co-
herence networks and TMDS for visualizing evolution patterns
of community structure and relationship between communities;

• a color assignment method for communities;

• a color design for transition edges connecting communities that
belong to the same dynamic communities.

3.2 related work

There are three main categories for visualizing dynamic networks: an-
imation, timeline-based visualizations, and hybrid approaches [8]. An-
imation is the most straightforward method, since it maps the time di-
mension to a simulated time (time-to-time mapping). When the anima-
tion is applied to depict the evolution of communities, the change of
communities is usually re�ected by the color of nodes [61, 83, 124]. An-
imation has the advantage of taking little space and being intuitive, but
it is limited to small datasets and has a high cognitive load, which makes
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it very hard to compare snapshots in time which are far apart, given the
limited user’s attention span [5, 106].

Another approach for visualizing evolution of communities is the
timeline-based representation. This maps the time dimension to a
space dimension representing a timeline (time-to-space mapping). It
has been shown that animation is more suitable for comparing two
networks, while timeline-based methods are preferable for datasets in-
volving more than two time steps [12]. In an extended timeline-based
representation, the X-axis represents time while the Y-axis is used to
position nodes in their communities [104, 110, 114, 115]. This is also
the method used in the previous work on visualizing dynamic EEG
coherence networks [68]. This representation has the advantage that it
can provide an overview of the evolution of communities and allows
users to compare any two community structures in time. However, the
timeline representation usually focuses on the change of community
structure, which is characterized by signi�cant events, such as merging
of two or more communities, or splitting of one community into two
or more communities [51]. Some methods employ color assignment to
communities to distinguish them or to depict the temporal properties
of dynamic networks. For example, in [118], colors are used to indicate
the stability of a dynamic community over time. But none of these
methods displays the change of the attributes that represent relation-
ships between communities. In [62], a hybrid method is used to show
graphs in which both structure and attributes are changing. While this
method is very scalable by using graph bundling, a problem with it is
that bundling collapses several edges so that details are not recognized
any longer.

Besides the evolution of network communities, there are similar ap-
proaches for visualization of dynamic networks in general. For multi-
variate (high-dimensional) data, some visualization approaches based
on dimensionality reduction have been proposed [49, 72]. Such tech-
niques are frequently used to analyze data for a particular time step
rather than the complete temporal data. Paulo et al. introduced an ap-
proach to visualize time-dependent data using the t-SNE method [84]
to keep a controllable trade-o� between temporal coherence and projec-
tion reliability [103]. Van den Elzen et al. presented a visual analytics
approach for the exploration and analysis of dynamic networks, where
snapshots of the network are considered as points in a high-dimensional
space that are projected to two dimensions for visualization and interac-
tion using a snapshot view and an evolution view of the network [116].

Xu et al. presented a method to visualize the temporal evolution of
dynamic networks using MDS [124]. This chapter considered both the
community structure and the network attributes, but it provided two
separate animation views. Jäckle et al. proposed temporal multidimen-
sional scaling (TMDS) plots for the analysis of temporal multivariate
data, which enables visual identi�cation of patterns based on the multi-
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dimensional similarity of the temporal data [64]. This method is adapted
in this chapter to assign colors to communities to re�ect the evolution
patterns of relationships between communities.

3.3 method

The starting point of our visualization approach is the previously pro-
posed visualization method for EEG coherence networks by Ji et al. [68],
in which the main goal is to visualize the evolution of communities
called functional units (FUs) over time by a timeline-based representa-
tion. There are three main steps in this approach: FU detection for each
time step; dynamic FU detection across time steps; and visualization of
the evolution of dynamic FUs in a timeline-based representation. Here,
each dynamic FU is a sequence of FUs ordered by time, with at most
one FU for each time step (see Figure 3.2). However, the drawback of
this approach is that it focuses only on the change of state of dynamic
FUs and ignores the changes in relationships between FUs.

The solution we propose here for incorporating the attribute changes
in the visualization is based upon the TMDS method of Jäckle et al. [64].
This method computes aligned temporal 1D MDS plots for multivari-
ate data, and it has three steps. It �rst runs a sliding window along the
sequence of data items, and calculates the distance matrix for all en-
tries in the given window. MDS is then applied to the distance matrix
for each window step, resulting in a corresponding 1D ordering of the
multivariate records. Finally, the 1D MDS ordering is rotated for clearly
identifying evolution patterns.

The main idea of our approach is as follows. For a given dynamic co-
herence graph with the derived dynamic FUs and a given color space,
we embed the dynamic FUs at each time step into the speci�ed color
space using the TMDS method (without using the sliding window ap-
proach) so that users can recognize the evolution patterns of inter-FU
coherences from the changes in FU colors. In this approach, the distance
between dynamic FUs in the color space should be inversely related to
their similarity, as de�ned by their inter-FU coherence at each time step.

Once the dynamic FUs have been detected and inter-dynamic FU co-
herences have been calculated, we can model the relationships between
dynamic FUs at a certain time step t as an undirected weighted graph
Gt = (V ,Et ) in which vi ∈ V represents a dynamic FU and ei j ∈ Et rep-
resents the inter-dynamic FU coherence between vi and vj . A dynamic
graph, more precisely the sequence graph G := (G1, ...,GN ), then is de-
�ned as a sequence of N ordered graphs of which each observes the
structure of a system at N moments [62]. The inter-dynamic FU coher-
ence at a certain time step is the inter-FU coherence which is calculated
as the average coherence between all electrodes in the corresponding
FUs. Note that after dynamic FU detection, the number |V | of dynamic
FUs is a constant, but any FU may exist for a limited period of time only
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instead of for all time steps. For example, in Figure 3.2, there are four-
teen dynamic FUs in total, where dynamic FUs 1, 11, and 14 exist for all
time steps while dynamic FU 6 only exists at the third time step.

3.3.1 Timeline-based Representation

The timeline representation is a widely used visual metaphor for visual-
izing the evolution of communities in dynamic graphs [68, 104, 114, 118].
In the representation, each line representing objects �ows from left to
right, and a group of objects forms a community when their correspond-
ing lines come together, forming a block.

For example, in Figure 3.2, both representations represent the evo-
lution of dynamic FUs across �ve time steps for coherences in the fre-
quency band of 8-12 Hz. Each line represents an electrode, a block of
lines indicates an FU at a certain time step and the transition line be-
tween neighbouring time steps shows the state change of the electrodes.
This visualization can track the progress of communities over time in a
dynamic network, where each community is characterized by a series
of signi�cant evolutionary events [51], such as two or more current FUs
merging into one FU in the next time step, or one current FU splitting
into two or more FUs in the next time step.

We here propose to use a coloring scheme to depict the evolution pat-
tern of the relationship between dynamic network communities over
time. Although there have been studies of the assignment of color to
(dynamic) communities, most color schemes were designed in such a
way that (dynamic) communities are easily distinguished in generic rep-
resentations [32, 70, 104, 118]. Instead, we propose a coloring solution
using multidimensional scaling to assist users in recognizing the rela-
tionships between dynamic communities and explore the evolution of
patterns of relationships between such communities over time.

3.3.2 Distance Function

EEG coherence is used as a measure of synchronization of brain activ-
ity: the higher the coherence value, the more synchronization between
brain areas. To use MDS, we have to transform the inter-FU coherence
to a distance since the input for MDS is a distance matrix.

For a given graph Gt at time step t , we de�ne a distance measure
for the set of dynamic FUs so that dynamic FUs with high inter-FU
coherence will have a small distance. In addition, we only incorporate
coherences above a pre-de�ned signi�cance threshold; in our case, we
set the threshold to 0.2 [20, 53, 86]. So, when the inter-FU coherence
is lower than the threshold, the distance becomes signi�cantly larger.
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(a)

(b)

Figure 3.2: Examples of timeline-based representations of EEG coherence net-
works [68]. The line color re�ects the location of electrodes (see legend:
LT (Left Temporal), Fp (Fronto-polar), F (Frontal), C (Central), P (Pari-
etal), O (Occipital), RT (Right Temporal)). The number at the center of
a block corresponds to the dynamic FU index, and the top block repre-
sents electrodes that do not belong to any FU whose size is larger than
four. (a) Timeline-based representation without partial FU maps. (b)
Augmented timeline-based representation, including partial FU maps
which show the location of FUs.
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Speci�cally, we use the following distance function with parameters a
and b based on the coherence value ei j between nodes i and j:

di j =


ea (1−ei j ) − 1 ei j ≥ 0.2

ea (1−ei j ) − 1 + b else
(3.1)

We then embed the dynamic FUs into a color space using MDS as de-
scribed in Section 3.3.3.
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Figure 3.3: Distance function de�ned in Eq. 3.1 with the default setting a = 2,
b = 10.

This exponential function has several properties. First, it decreases
with increasing coherence so that dynamic FUs that have high inter-FU
coherence will have a small distance and will be embedded closely to-
gether in the color space C . The parameter a can be used to adjust the
rate with which the distance decreases. Second, inter-FU coherences
that are below the threshold will be assigned a large distance, and will
be separated far away from each other in the color space C . This is
achieved by the additive constant b. When b is larger the distances be-
tween values below the threshold are larger. Third, the inter-FU coher-
ence is limited to the interval [0, 1], which makes coherence values
harder to distinguish, so by introducing the exponential function the
coherence value domain is stretched out while the relative order of co-
herence values is preserved.

In summary, we use the nonlinear distance function to model the sim-
ilarity of vertices in a graph. Close vertices (with high coherence) will
be very similar while vertices beyond a certain distance (in the graph)
become very dissimilar. The net e�ect of such functions is to ‘cluster’
the values that are very similar and to separate such clusters well from
each other.

48



3.3 method

3.3.3 Multidimensional Scaling

Dimensionality reduction techniques aim to map high-dimensional data
into a meaningful lower dimension space [117] that preserves some
of the relevant features of the data. Di�erent dimensionality reduction
techniques have di�erent purposes and are typically applied under dif-
ferent conditions. Multidimensional scaling enables the analysis of high-
dimensional data or relations (usually given as a similarity/dissimilarity
matrix) between objects in a lower dimensional space [14, 64, 116]. It
provides a visual representation of the pattern of proximities (i.e., simi-
larities or distances) among a set of objects such that those objects that
are very similar to each other are placed near each other, and those that
are very di�erent are placed far away from each other in the represen-
tation. Since we wish to use color di�erences to approximate the rela-
tionships between vertices and the MDS has the property of preserving
distance between vertices as much as possible, MDS is employed.

Our MDS approach is based on an adaptation of the temporal MDS
approach in [64], in which a temporal 1D MDS plot is computed for
each window separately and then sequentially aligned in the Cartesian
coordinate system. The x-axis represents time and the y-axis represents
the 1D similarity value derived from the MDS computation. In our case,
we map dynamic FUs to a color space for each time step using MDS,
such that FUs having higher inter-FU coherence also have more similar
colors. The resulting colors are then assigned to dynamic FUs in the
timeline representation.

The MDS layout for each time step (also referred to as an MDS “slice”)
is computed by the method proposed in [44, 124]. In our implementa-
tion, the Matlab package of Xu et al. [124] was used to calculate MDS
for every time step.

3.3.4 Color Space Selection

Colors can be speci�ed by de�ning a location in a color space. For ex-
ample, for humans, a color can be de�ned by its brightness, hue and sat-
uration, or by the amounts of red, green and blue phosphor emissions
required to match a color [37].

The distance matrix can be used to produce a 3D layout in a color
space using MDS since usually the color is a combination of three com-
ponents. It also can produce a 2D or 1D layout in a 3D color space when
�xing the other one or two components. However, when vertices are
mapped to 2D or 3D color space, the resulting color is very hard to in-
terpret, and it requires a high cognitive load to compare colors. Here, we
therefore choose 1D MDS as in the TMDS approach, mapping distances
to the Hue-component while �xing the Saturation and Value compo-
nents in the HSV (Hue, Saturation, Value) color space. Hue is repre-
sented by an angle on the color wheel changing gradually from 0 to 360
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Figure 3.4: HSV color components. Saturation and Value are varying on the con-

dition of Hue is setting equal to 1.

degrees, where 0 corresponds to red, 120 to green and 240 to blue. Satu-
ration represents the colorfulness of an area judged in proportion to its
brightness [36]. It changes from 0 to 1, where 0 means a shade of gray
and 1 is the full color. Value is the dimension of lightness which ranges
from black at value 0 to white at value 1.

We chose to map vertices to the Hue component using 1D MDS rather
than Saturation or Value component, because it is easier to recognize
the color di�erences, since colors change gradually from red to yellow,
green, blue and pink. Then colors that are close in the color space will be
similar, and colors having a large distance in the color space will be per-
ceived as very di�erent (see Figure 3.4). The reason we choose the Hue
component of the HSV model instead of one of the single-hue sequen-
tial color schemes as provided by Color Brewer (colorbrewer2.org)
is that we are not aiming for an exact quantitative re�ection of the dis-
tance or similarity between nodes. Instead, we focus on �nding the gen-
eral evolution pattern of clusters of nodes having a close relationship for
a long time. The Hue component has the desired property of providing
an intuitive visual representation of such clusters.

In Figure 3.4 we show the three HSV components. Note that in Figure
3.4 the Hue component has been normalized so that it lies in the interval
[0, 1] instead of the interval from 0 to 360 degrees.

3.3.5 MDS Slice Flipping

We �rst normalize the MDS similarity values of all dynamic FUs to the
interval [0, 0.9] instead of [0,1]. This is because of the subsequent map-
ping of these values to Hue values, which after normalization range
from 0 to 1. Hue has an intrinsic circularity property, meaning that the
color at the left end of the interval is the same as at the right end (see Fig-
ure 3.4). By normalizing the MDS similarity values to [0, 0.9] we avoid
the extreme condition that two blocks of lines with a large distance be-
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tween them (therefore being placed at totally di�erent positions) would
get the same red color.

The resulting normalized 1D layout of dynamic FUs is equal to an
MDS slice as de�ned in [64].
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Figure 3.5: 1D layout computed by MDS for graphs at the �rst (1) and second (2)
time step. (a) 1D layout before �ipping the second time step. (b) 1D
layout after �ipping the second time step.

MDS is not invariant to rotation [64]. This property means that po-
sition can make the evolution of inter-FU coherence patterns hard to
identify.

Note that, both MDS and t-SNE have the advantage that besides the
standard Euclidean distance between nodes, any kind of node distance
measures can be directly employed with the use of a pre-de�ned dis-
tance matrix, for example, the distance derived from the coherence ma-
trix we are using here. If in contrast, we would use t-SNE, this invari-
ance would be much larger and thus harder to �x by only �ipping the
ordering of nodes, since t-SNE has a random starting point for its op-
timization process, meaning that one can get very di�erent layouts in
terms of rotation, for the same input distance matrix.

Figure 3.5 gives an example of applying MDS to the �rst and second
time steps, where Figure 3.5(a) and 3.5(b) show totally di�erent order-
ings of dynamic FUs at the second time step, even though they share
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the same graph G2. To solve this problem, we follow [64] and �ip the
1D layout if necessary, so that the colors of dynamic FUs that maintain
their inter-FU coherence between two time steps change little. We �rst
compute the sum of the absolute di�erences

∑
|Xi [t] − Xi [t − 1]| be-

tween positions of dynamic FUs i which are present at time step t − 1
and t before and after �ipping, respectively. If the value after �ipping is
smaller than before �ipping, the position of dynamic FUs at time step
t will �ip; otherwise dynamic FUs will keep the original position com-
puted by MDS.

For example, in Figure 3.5, the sum of the absolute di�erences be-
tween the �rst and second time steps is 3.4484 and 0.5570 before and
after �ipping the second MDS slice, respectively. In this case we choose
to �ip the second MDS slice (see Figure 3.5(b)).

3.4 method demonstration

We demonstrate the proposed method on dynamic coherence network
data obtained from a single person [68]. The data were collected during
an auditory oddball experiment, in which participants were instructed
to count target tones of 2 kHz (probability 0.15) and ignore standard
tones of 1 kHz (probability 0.85). After the experiment, each participant
had to report the number of perceived target tones [20, 86]. In our data,
brain responses to 20 target tones were analyzed in L = 20 segments
of 1 second, sampled at 1000 Hz. We �rst averaged over segments and
then divided the averaged segment into �ve equal time intervals. For
each time interval, we calculated the coherence network within the [8,
12] (alpha) Hz frequency band and performed the procedure described
in [68] to detect dynamic FUs.

The goal of the analysis is to identify patterns of synchronization
and how these relate to task conditions. Previous work focused on the
synchronization between electrode signals within FUs, which cannot
analyze synchronization between FUs [68]. In contrast, the combined
approach can identify not only the change of dynamic FUs, but also the
evolution of relationships between dynamic FUs over time.

In Figure 3.6, we plot the location of dynamic FUs along the H-
dimension in the HSV color space for �ve time steps; the H-values are
normalized to [0, 1] and represent the MDS similarity values. Figure 3.7
is the result of a timeline representation in which the straight lines are
rendered by the color derived from the proposed method described in
Section 3.3. In 3.7(a), we ordered the FUs at each time step based on the
location of their barycenter on the FU map (see Figure 3.2), while the
FUs in 3.7(b) are ordered based on their position on the H-axis in the
HSV color space (see Figure 3.6).

In Figure 3.7, to indicate the shift in relative positions of dynamic
FUs along the H-dimension, we render the transition edges between
neighbouring time steps with gradually changing colors using linear
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Figure 3.6: Location of dynamic FUs along the H-dimension in the HSV color
space. The y-axis represents the MDS similarity value of the dynamic
FUs and the x-axis represents time. Each circle indicates one dynamic
FU and the index for dynamic FUs is located to the side of the circle.
The circle color re�ects the location of dynamic FUs on the H-axis in
the HSV color space.
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interpolation. For example, at the �rst time step, dynamic FU 1 that
is located at around 0.61 is assigned a blue color. At the second time
step, dynamic FU 1 splits into two FUs: dynamic FU 1 and 4, where
dynamic FU 4 is located at around 0.15 and assigned a yellow color. We
then render the transition edges which reach from dynamic FU 1 in the
�rst time step to dynamic FU 4 at the second time step with gradually
changing color from blue to yellow.

(a)

(b)

Figure 3.7: Timeline representation of the evolution of dynamic FUs over time.
Each block of lines represents an FU at each time step. The color of
the lines at each time step represents the corresponding position of the
dynamic FU on the H-axis in the HSV color space (see legend). The top
block of lines (rendered in black) is the set of electrodes belonging to
very small FUs. (a) FUs ordered by their barycenter on the FU map.
(b) FUs ordered by their position on the H-axis in HSV color space.

From Figure 3.7, it can be seen that dynamic FUs 1, 5, 11, 14 have
a similar blueish color across time steps (this is especially clear in Fig-
ure 3.7(b)), except for the fourth time step at which dynamic FU 14 is
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green, but it shifts back to a blueish green color at the �fth time step.
This means that there is rather constant high inter-dynamic FU coher-
ence among them, but at the fourth time step dynamic FU 14 is less
synchronized with the other FUs. In addition, these four dynamic FUs
exist for all time steps and the size of most of them is large. Another
observation is that even though dynamic FU 10 exists for all time steps,
it is consistently far apart from all other dynamic FUs, meaning that
it has low inter-FU coherence with these other dynamic FUs. This pat-
tern changes at the fourth time step, at which dynamic FU 9 is far from
the other dynamic FUs in the speci�ed color space. Dynamic FU 4 has
similar behaviour, it appears at the second time step and is a branch of
dynamic FU 1. But it does not have a color close to that of dynamic FU
1 from t = 2 to t = 5. Similar to dynamic FU 9 and 14, it displays a big
change of color at the fourth time step.

From Figure 3.2(b), it can be recognized that dynamic FU 1 is located
posteriorly while dynamic FU 14 is located anteriorly, dynamic FU 5 is
located left-centrally, dynamic FU 9 is located right-centrally and dy-
namic FU 11 is located right-frontally. These regions have a high syn-
chronization during the cognitive processing task. Therefore, regions
where dynamic FUs 1, 5, 9, 11, and 14 are located, as well as the change
in behaviour at the fourth time step are particularly interesting for fur-
ther targeted analyzes.

3.5 conclusion

We have presented a combination of a timeline representation for dy-
namic graphs and the TMDS technique to visualize dynamic EEG coher-
ence networks. The main goal of this study was to help users discover
the evolution pattern of relationships between dynamic FUs over time.
It does not only show the change in community structure of dynamic
networks, but also the evolution patterns of relationships between com-
munities. Therefore, the proposed method can act as a guideline for fur-
ther analysis and has the potential for visual exploration of large data
sets. It can be extended to analyze di�erent types of networks. Many
networks can be ordered by their similarity using algorithms such as
developed by Van den Elzen et al. [116].

Our method has the advantage of an easy implementation. The most
di�cult part is the computation of the MDS for all time steps. However,
there are software packages available for this purpose. Compared to the
ordering of FUs based on barycenter, the ordering based on the Hue-
values is very helpful for �nding the FUs with high inter-FU coherence,
since they have a similar color and will be placed closely together in the
visualization. In contrast, the ordering of FUs based on barycenter will
lead to high cognitive load, due to the need to put similar FUs together
based on their coherence, as re�ected in color of connections, only.
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However, the proposed method has some limitations. First, the un-
derlying visualization metaphor (timeline representation) has a limited
scalability. In our application, there are 119 electrodes for each coher-
ence network and 5 time steps. When this method is extended to other
dynamic networks of thousands of nodes and hundreds of time steps,
the scalability becomes an issue. Second, the MDS scaling method will
not be able to accurately preserve distances from a high-dimensional
space to essentially the 1D space of hues. Of course, this is true for any
dimensionality reduction technique. In our case, the preservation of pre-
cise distances is not required: the position of vertices is projected to col-
ors and the users are mainly interested in �nding similar or di�erent col-
ors. Third, the �nal assessment of similarity involves the composition
of the similarity reduction from a high-dimensional space to 1D (hues)
with the way humans perceive hues as being similar or not. As such,
what MDS �nds to be similar of di�erent is not necessarily perceived in
the same proportion by a human observer. Studying the precise e�ect
of this composition is an interesting topic for future research.
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4C O M PA R I S O N O F B R A I N C O N N E C T I V I T Y
N E T W O R K S U S I N G L O C A L S T R U C T U R E A N A LY S I S

abstract

Object: In this study, we introduce a quantitative method for comparing
brain connectivity, which accounts for the connectivity, spatial charac-
ter and local structure simultaneously. Methods: In our approach, we
�rst detect the local structure, in terms of functional units, of EEG co-
herence networks. The EEG coherence networks are then compared
by employing the earth mover’s distance (EMD) which calculates the
cost of transforming the distribution of functional units in one network
into another one. In this work, �rst a toy example is provided to as-
sess its performance with an existing method, and then an application
example with real EEG data is provided to evaluate the variability of
brain connectivity for older and younger participants. Results: The pro-
posed method has a better performance compared with the existing one-
to-one matching method. The variability between EEG coherence net-
works obtained from di�erent participants is assessed, and the results
show that there is a higher variability for older participants compared
to the younger participants. Conclusion: We proposed a simple quanti-
tative method for comparing brain connectivity data. Signi�cance: The
proposed method has the potential to be used in comparisons of brain
connectivity which are not limited to EEG coherence networks.

4.1 introduction

Nowadays, many neuroimaging techniques are able to measure brain ac-
tivity, such as functional magnetic resonance imaging (fMRI), positron
emission tomography (PET), electroencephalography (EEG), or magneto-
encephalography (MEG). Brain connectivity datasets derived from
these neuroimaging techniques are usually represented as networks
in which nodes represent brain regions and links represent anatomical
tracts or functional associations [107]. Of particular interest is the com-
parison of brain networks, which is useful for exploring connectivity
relationships in individual subjects, or between groups of subjects under
di�erent conditions or with di�erent characteristics such as patients
and controls. Quantitative comparisons of brain networks between
participant populations allow researchers to study how much partici-
pants di�er from others. This comparison can be further used to reveal
presumed connectivity abnormalities in neurological and psychiatric
disorders.
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Networks, often referred to as graphs in the mathematics literature,
are widely used to model complex objects and their relations. In this
study, we use the terms network and graph interchangeably. In graph
theory, researchers have developed methods to characterize graph prop-
erties [107]. These methods are either based on local vertex and edge
properties, such as degree and strength, or based on global features
of the graph, such as density and modularity [15, 23]. However, such
methods are not su�cient to compare brain networks. For example, two
graphs with connections between di�erent brain regions can have iden-
tical topological properties. In the context of brain networks, informa-
tion about the absolute and relative spatial location of the vertices (here:
electrodes) is a crucial factor for the analysis of brain connectivity. An-
other way of comparing graphs is based on graph matching, which is a
method to �nd a correspondence between the nodes of di�erent graphs
(graph isomorphism) based on the attributes of nodes and edges. Gener-
ally, this problem can be cast as a quadratic assignment problem. How-
ever, such graph matching approaches are very challenging since they
are NP-hard. Thus, approximate methods are used to �nd suboptimal
solutions to compare corresponding networks, for example, using the
features that describe or summarize the original networks.

In this chapter, we introduce an approach for comparing brain func-
tional networks using their local structure, and we focus on the analysis
of EEG coherence networks. An EEG coherence network is modelled as
a collection of vertices, representing electrodes, and a collection of links,
representing coherences between pairs of signals recorded by the cor-
responding electrodes. Among the many available brain mapping tech-
niques, the EEG method provides high-resolution temporal information
about brain activity [82].

EEG records the electrical potential of the brain from electrodes at-
tached to the scalp of a subject at multiple positions. Synchronous elec-
trical activity in brain regions is generally assumed to imply functional
integration. Many methods have been proposed to measure the syn-
chrony between pairs of brain regions, and these measures are often
closely correlated [96]. EEG coherence is one of these measures, which
is calculated between pairs of electrode signals as a function of fre-
quency [53, 86].

In this chapter, we propose an extension of the earth mover’s distance
(EMD) to compare EEG coherence networks quantitatively by the dis-
tribution of data-driven regions of interest (ROIs), called functional unit
(FU) maps. An FU of an EEG coherence network is a collection of nodes
which are spatially connected and where each pair of nodes is signi�-
cantly connected because of volume conduction e�ects; see [20, 74]. The
FUs of the network are displayed in a so-called FU map, in which the
distribution of FUs can be easily observed; see Section 4.3.1.1 for precise
de�nitions. Therefore, the spatial structure and connectivity features of
the network are well represented by the FU-map distribution. Given
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4.2 related work

two EEG coherence networks, the EMD concept is used to assess their
(dis)similarity based on their FU representations. The dissimilarity is
calculated as the total cost that is needed to turn the FU representation
of one network into that of the other one [108]. The EMD method to
measure the network dissimilarity also considers the cross-FU informa-
tion instead of using a simple one-to-one mapping among the FUs of
two coherence networks.

The performance of the proposed method is compared with an exist-
ing method using synthetic coherence networks. A case study is then
presented where the method is applied to brain networks obtained from
an oddball experiment for analyzing inter-subject variability.
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Figure 1: Example of an FU map [?] as obtained during an oddball task. Spatial groups
of similarly colored (in gray scale) cells correspond to FUs with a size of at least four,
while white cells are part of smaller FUs. Circles overlaid on the cells represent the
barycenters of the FUs and are connected by lines whose color reflects the average
coherence between all electrodes of the respective FUs (see color bar).
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Figure 4.1: Example of an FU map [18] as obtained during an oddball task. Spa-
tial groups of similarly colored (in gray scale) cells correspond to FUs
with a size of at least four, while white cells are part of smaller FUs.
Circles overlaid on the cells represent the barycenters of the FUs and
are connected by lines whose color re�ects the average coherence be-
tween all electrodes of the respective FUs (see color bar).

4.2 related work

A large number of measures has been introduced that can be used for
network comparison [107]. An individual network measure may char-
acterize one or several aspects of local and global network connectivity,
and these methods can therefore be divided into two categories [87]:
one is related to local properties, such as vertex degree, strength and
centrality; the other one is related to the global features of the graph,
such as density and modularity. However, such methods are not suitable
to compare brain networks since they ignore the spatial information; for
example, two graphs with connections between di�erent brain regions
can have identical graph properties.

Another way of comparing graphs is by graph matching, where the
problem is to �nd a correspondence between nodes of di�erent graphs
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[21]. From the literature, two main categories can be identi�ed: exact
and inexact graph matching [79]. Exact matching aims for a graph iso-
morphism, which is characterized by the fact that the mapping between
the nodes of two graphs must be edge-preserving and, in the case of la-
belled graphs (which have labels associated with each node or edge),
the labels of the vertices and edges should also be preserved. However,
the majority of graphs in real-world applications are not isomorphic.
For this case, one has to resort to inexact or error-tolerant graph match-
ing. Among this, the most widely used methods are based on the graph
edit distance (GED), which counts the costs that are involved in trans-
forming one graph to another one [45]. Many formulations of the graph
matching problem are cast as an assignment problem. However, graph
matching is an NP-complete problem which has no known polynomial-
time solution. Therefore, some approximate methods with polynomial
time requirements are often accepted to �nd suboptimal solutions.

Inspired by image retrieval methods, feature-based graph similarity
models have been proposed to compare graphs. They �rst derive struc-
ture information described by features from the graphs, then measure
the similarity of graphs based on these features. In [85], the authors
transform the structure information into a triple of features: leadership,
bonding, and diversity. Leadership is used to measure how the edge con-
nectivity of a graph is dominated by a single vertex; bonding is used to
measure triadic closure in a graph (meaning that if among three nodes
a, b, c , the nodes a and b as well as the nodes a and c are connected,
then also b and c must be connected); and diversity is a measure based
on the number of edges that share no common end points, and hence
are disjoint. In terms of connectivity information along paths in graphs,
Wichterich et al. proposed a method where the feature representation
encodes which kinds of vertices are connected within a graph and how
frequently this coupling occurs [121]. Then, EMD is applied to calculate
the dissimilarity between graphs based on their derived features. How-
ever, no spatial information is taken into account in these methods for
comparing networks.

4.3 methods

To compare EEG coherence networks quantitatively, the data model and
corresponding FU representation are presented in the Section 4.3.1. The
dissimilarity of two coherence networks based on FU representations
and EMD is described in the Section 4.3.2. Finally, the performance of
the method is studied in the Section 4.3.3.
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4.3.1 Data Model

A network or graph is denoted by G=(V,E) with a node set V =

{v1, ...,vn} and an edge set E ∈ V × V , where n = |V | is the num-
ber of nodes. For the case of an EEG coherence network, the node or
vertex set is equal to the set of electrode positions (see Figure 4.2), and
the edges represent coherence between any pair of signals recorded by
corresponding electrodes. Generally, the number and position of the
electrodes on the scalp is �xed for all subjects.

For a 2D visualization of the nodes, planar projections are used for the
3D electrode locations on the surface of the head for preserving the spa-
tial structure, and nodes are usually mapped to a top view of the head.
To determine the spatial relationships between electrodes, a Voronoi di-
agram is employed, which partitions the plane into regions of the same
nearest vertex [20]. The nodes are referred to as (Voronoi) centers, and
the region boundaries as (Voronoi) polygons. The area enclosed by a
polygon is called a (Voronoi) cell. Vertices, nodes, and electrodes are
used interchangeably in this chapter.

Figure 1: Example of a Voronoi diagram with electrode labels in the corresponding cells
(top view of the head, nose at the top). To each electrode a ’Voronoi cell’ is associated,
consisting of all points that are nearest to that electrode.

1

Figure 4.2: Example of a Voronoi diagram with electrode labels in the correspond-
ing cells (top view of the head, nose at the top). To each electrode a
‘Voronoi cell’ is associated, consisting of all points that are nearest to
that electrode.

4.3.1.1 FU Representation

Under the assumption that multiple electrodes can record the same
signal source, a spatially connected set of electrodes recording sim-
ilar signals is considered as a data-driven region of interest (ROI).
Ten Caat et al. have proposed methods to detect such ROIs, referred to
as functional units (FUs) [20]. An FU of an EEG coherence network is
a spatially connected maximal clique (a clique is a vertex set in which
any pair of vertices is connected by an edge). The FUs of a coherence
network can be detected by the maximal clique based (MCB) method.
In an EEG coherence network, a larger FU is assumed to correspond to
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stronger source signals and is considered to be more interesting. The
FUs of the network are displayed in a so-called FU map, where the
barycenter of each FU is the average location of the vertices in this FU
(see Figure 4.1).

The FU map is used to illustrate the distribution of FUs, capturing
the topology and spatial structure of the coherence networks visually.
It partitions the whole electrode set into several FUs. Each FU is a col-
lection of connected polygons (Voronoi cells). The shape of FUs is not
regular and the number of electrodes in an FU is also not �xed since
the local connectivity is distinct for di�erent regions; for example, in
Figure 4.1 we illustrate that the number of electrodes in the FUs can be
di�erent. Di�erent FUs represent distinct regions with associated par-
ticular connectivity properties.

Given an EEG coherence networkG = (V ,E), an FU is a set of signif-
icantly connected nodes C = {v1,v2, ...,vm} ⊆ V , where m = |C | is the
number of nodes included inC . Since each electrode has a unique x- and
y-coordinate, the FU can also be represented by a collection of 2D co-
ordinates: C = {(xv1 ,yv1 ), (xv2 ,yv2 ), ..., (xvm ,yvm )}, where xvi and yvi
are the x- and y-coordinate of the i-th electrode in C , respectively. The
barycentermC of C is calculated asmC =

1
|C | (

∑
vi ∈C xvi ,

∑
vi ∈C yvi ).

The FU map F of an EEG coherence networkG is a set F = {C1,C2, ...,Cl }

of FUs, where l is the number of FUs in G.

4.3.1.2 Distance Between FUs

In FU maps, using only the barycenter of FUs to compute the distance
between FUs is not su�cient since the shape of FUs is not regular. For
example, any two FUs could have the same barycenter even though
their components are totally di�erent. Here, we de�ne the distance
f d(C1,C2) between FUs C1 and C2 as the sum of the spatial distance
D(C1,C2) and the weighted Jaccard distance J (C1,C2):

f d(C1,C2) = D(C1,C2) + λJ (C1,C2). (4.1)

Here, the spatial distance D(C1,C2) is de�ned as the 2D Euclidean dis-
tance between the barycenters of C1 and C2, and the Jaccard distance
is de�ned as one minus the cardinality of their intersection |C1 ∩ C2 |

over the cardinality of their union |C1 ∪ C2|: J (C1,C2) = 1 − |C1∩C2 |
|C1∪C2 | .

Note that this 2D Euclidean distance is normalized to the interval [0, 1]
by scaling it to the maximum possible distance MaxDist in an FU map:
D(C1,C2) =

| |mC1−mC2 | |

MaxDist . The parameter λ in Eq. (4.1) de�nes the rela-
tive importance of the overlap between FUs; when λ = 0 the distance
between FUs only takes Euclidean distance into account.
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4.3.2 Distance between Coherence Networks

Functional units, encoding the topology and geometry of local connec-
tivity, capture the local structure of EEG coherence networks. The FU
representation of a network describes the distribution of FUs and thus
the spatial structure of the original network. Therefore, the comparison
of coherence networks can be done in terms of their FU representations.
We here propose to de�ne the dissimilarity between two EEG coherence
networks as the earth mover’s distance (EMD) between the correspond-
ing FU representations using Eq. (4.1) as the ground distance between
FUs. For this purpose, we �rst introduce the concept of EMD, and then
model the feature signatures of EEG coherence networks used as input
for the EMD.

4.3.2.1 The Earth Mover’s Distance

The EMD has been used originally to measure the similarity of two dis-
tributions. Intuitively, one distribution can be seen as a mass of earth
properly spread in space, the other as a collection of holes in that same
space. The EMD then measures the minimum work needed to �ll the
holes with earth. Here, a unit of work corresponds to transporting a
unit of earth by a unit of ground distance.

In [108], the Earth Mover’s Distance (EMD) was used to compute the
similarity of signatures derived from images. Here a signature is a repre-
sentation {mj ,w j } of a set of clusters, where each cluster is represented
by its mean mj (the cluster center) in feature space and by the number
w j of points (pixels) in that cluster. The EMD can be computed by solv-
ing the well-known transportation problem, which is concerned with
�nding the minimum cost of transporting a single commodity from a
given number of sources to a given number of destinations [28]. The
main idea is that a destination can receive its demand from more than
one source, and a source can provide commodity for more than one
destination. An illustration of the transportation model is shown in Fig-
ure 4.3.

4.3.2.2 Coherence Network Distance

Here, we extend the EMD method to compare coherence networks with
associated FU representations which are compatible with the feature
signatures in the EMD.

Given an EEG coherence networkG = (V ,EG ), the corresponding sig-
nature can be represented as PG = {(CG

1 ,w
G
1 ), (C

G
2 ,w

G
2 ), ..., (C

G
m ,w

G
m)},

whereCG
i is the i-th FU of the EEG coherence networkG andwG

i =
|CG
i |

|V |
is the relative weight of the corresponding FUCG

i ; |CG
i | is the number of

electrodes in FU CG
i , and |V | is the number of electrodes for coherence

63



comparison of brain connectivity networks

1a1

2a2

3a3

4a4

Source (Supply)

1 b1

2 b2

3 b3

4 b4

5 b5

6 b6

Destination (Demand)

c11

c46

Figure 1: Transportation model with 4 sources and 6 destinations. Each source or
destination is represented by a circle, and a blue circle represents a source while a
black circle represents a destination. The route between a source and a destination is
represented by an edge joining the two circles. The amount of supply available at source
i is ai, and the demand required at destination j is b j. The cost of transporting one unit
between source i and destination j is ci j.

1

Figure 4.3: Transportation model with 4 sources and 6 destinations. Each source
or destination is represented by a circle; a blue circle represents a
source while a black circle represents a destination. The route between
a source and a destination is represented by an edge joining the two
circles. The amount of supply available at source i is ai , and the de-
mand required at destination j is bj . The cost of transporting one unit
between source i and destination j is ci j .
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networkG. Note that |V | is the same for every EEG coherence network
considered in this chapter since the number of electrodes is �xed.

The di�erence between two networks G1 and G2 is then de�ned as
the minimal cost for transforming the signature PG1 into the signature
PG2 where Eq. (4.1) determines the cost of transforming a unit of mass
from an FU of the �rst signature to an FU of the second signature. Lin-
ear constraints on the movement of mass describe the set of feasible
combinations of transformations. This can be formalized as the follows.
Given two signatures PG1 and PG2 and a ground distance f d(Ci ,Cj ), the
EMD between PG1 and PG2 is de�ned as the minimum over all feasible
transformations f ∈ |PG1 |× |PG2 |, where |PG1 | and |PG2 | are the number
of clusters in PG1 and PG2 , respectively, and f (i, j) is the �ow between
CG1
i and CG2

j :

EMD(PG1 , PG2 ) = min
f

{ 1
w̃

m∑
i=1

n∑
j=1

f d(CG1
i ,C

G2
j )f (i, j)

}
, (4.2)

subject to the following constraints:

f (i, j) ≥ 0 1 ≤ i ≤ m, 1 ≤ j ≤ n (4.3)

n∑
j=1

f (i, j) ≤ wG1
i 1 ≤ i ≤ m (4.4)

m∑
i=1

f (i, j) ≤ wG2
j 1 ≤ j ≤ n (4.5)

m∑
i=1

n∑
j=1

f (i, j) := w̃ =min
{ m∑
i=1

wG1
i ,

n∑
j=1

wG2
j

}
. (4.6)

Constraint 4.3 ensures that the mass of FU is only moved from PG1 to
PG2 and not vice versa. Constraints 4.4 and 4.5 ensure that no more
mass of FUs is removed from or moved to the FUs than their weights.
Constraint 4.6 ensures that in total as much mass as possible is moved.
The normalization factor w̃ (the minimum of the total weights) can be
determined before solving Eq. 4.2. The minimization problem in Eq. 4.2
can be solved by the linear programming method (linprog() function)
available in one of the MATLAB toolboxes.

4.3.3 Performance

The performance of the new method is �rst illustrated on simple syn-
thetic coherence networks. In this toy example, we generated six FU
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maps (see Figure 4.4). Because larger FUs are more interesting as they
capture dominant features of coherence networks, we only analyze FUs
whose size is larger than four in this synthetic test set.

In the example, FUs in FU maps a,b, and c are all located at the frontal
part of the brain, which means that the frontal part shows more coher-
ent activity for these three participants. Compared to FU maps a, b and
c , the FUs of FU map e are only located left and right frontally. In con-
trast, FUs in FU map d are all located posteriorly, which means that
for FU map d the more coherent activity is located at the back of the
head. For FU map f , there are two FUs, one mid-frontally and one right-
posteriorly. In addition, FU 2 in FU map c is split into FUs 2 and 3 in FU
map b, and FU 2 of FU map b is identical to FU 1 of FU map f .

4.3.3.1 The In�uence of λ on EMD

One issue in computing the EMD is what value of λ (in Eq. (4.1))
to choose. To investigate how the choice of λ impacts the �nal earth
mover’s distance, values of λ in the range [0, 1] were considered, in steps
of 0.1, and the results of the EMD between the FU maps in Figure 4.4
are shown in Figure 4.5.

From the results it can be observed that with increasing values of λ,
which means that the Jaccard distance becomes more and more impor-
tant in computing the distance between FUs, the EMD between every
pair of FU maps is also increasing. This can be easily understood since
the Jaccard distance appearing in the right-hand-side of Eq. (4.1) is non-
negative. However, the gain in the EMDs for di�erent pairs of FU maps
is di�erent. In Figure 4.5, the top three similar pairs of FU maps are
(b, c), (a, c), (a,b), and the last seven similar pairs are (a, f ), (d, f ), (e, f ),
(d, e), (b,d), (c,d), (a,d), no matter how λ varies. This is obvious, since
D(Ci ,Cj ) and J (Ci ,Cj ) are constant for every FU pair Ci ,Cj .

However, the order of the EMD-valuesEMD(b, e),EMD(c, e),EMD(a, e),
EMD(b, f ), and EMD(c, f ) changes with increasing λ: the increase rate
of EMD(b, e), EMD(c, e), EMD(a, e) is similar while EMD(b, f ) has the
smallest increase rate. This can be understood as follows. When λ = 0,
only the Euclidean distance between the barycenters of FUs matters for
calculating the EMD between FU maps, and the most similar pair of the
�ve is (b, e), followed by (c, e), (a, e), (b, f ), and (c, f ). This is because
FUs of FU maps a, b, c and e are all located frontally while the FUs of
FU map f are located posteriorly; hence the distance between FU maps
a, b, c and e is less than that between FU maps a, b, c and f . However,
when λ = 0.4, the pair (b, f ) has the least EMD among these �ve EMDs
even though one FU of FU map f is far from the FUs of FU map b,
followed by (b, e), (c, e), (c, f ), and (a, e). This is because when λ > 0
the overlap between FUs is also taken into account. Since the overlaps
(Jaccard distances) between (b, e), (c, e) and (a, e) are larger than those
between (b, f ) and (c, f ), the gains in the corresponding EMDs for in-
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Figure 1: Six simulated FU maps a, b, c, d, e, and f . For each FU map, every FU has a
unique colour for distinguishing different FUs. The number within a circle is located at
the barycenter of the corresponding FU for reference.

1

Figure 4.4: Six simulated FU maps a, b, c , d , e , and f . For each FU map, every
FU has a unique colour for distinguishing di�erent FUs. The number
within a circle is located at the barycenter of the corresponding FU for
reference.
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Figure 4.5: EMD distance between the FU maps shown in Figure 4.4 for values of
λ in the range [0, 1].

creasing λ are larger as well, since λ is simply a factor multiplying the
Jaccard distance in the formula for the EMD.

In summary, the values of λ in the range [0, 1] do in�uence the rel-
ative order of the earth mover’s distance between FU maps. How to
determine the value of λ depends on the situation. When the spatial
distance is more important, then λ can be set to a small value. In con-
trast, when we consider the overlap of FUs to be more important, then
λ should be set to a larger value.

4.3.3.2 Comparison with the Inexact Graph Matching Method

To demonstrate that the EMD distance measure produces intuitively
plausible results, we compare our results with the existing method pro-
posed by [26] which is based on inexact graph matching.

Given two graphs G1 = (V1,E1) and G2 = (V2,E2), the method can be
represented in terms of a bipartite graphG = (V ,E), in which the vertex
set V can be partitioned into two sets A = V1 and B = V2 such that no
edge in E has both endpoints in the same set. The weight of the edges
inV represents the cost of transforming one node ofA to one node of B.
A matching M ⊆ E is a collection of edges such that every vertex ofV is
incident to at most one edge of M . The method then consist of �nding
a one-to-one correspondence between nodes of the two graphs such
that they “look most similar” when the vertices are labelled according
to such a correspondence. If a vertex v has no edge of M incident to
it then v is said to be unmatched. In some cases, the dummy vertex
concept is used when two graphs have distinct numbers of vertices. An
optimal matching M∗ is the cheapest matching (lowest total cost) with
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Figure 1: Illustration of the assignment problem. There are four vertices in set A (blue
circles) , and six in B (black circles). Each node is represented by a circle. The cost
for transforming one node in set A to another in B is ci j. The red edges are an optimal
matching M∗. There are no matched nodes in A for 3 and 5 of set B.

1

Figure 4.6: Illustration of the assignment problem. There are four vertices in set
A (blue circles), and six in B (black circles). Each node is represented
by a circle. The cost for transforming one node in setA to another one
in B is ci j . The red edges are an optimal matching M∗. There are no
matched nodes in A for 3 and 5 of set B.

the minimum sum of edge weights [26]. The formulation of this problem
can be cast as an assignment problem which is illustrated in Figure 4.6.

We applied both the proposed EMD method and the inexact graph
matching method to the FU maps of Figure 4.4. We set λ = 1 in Eq. (4.1),
so that the Jaccard distance and the Euclidean distance are equally im-
portant. Tables 1 and 2 give the earth mover’s distance and dissimilar-
ity calculated by the inexact graph matching method between the FU
maps shown in Figure 4.4. Note that for both for the dissimilarity and
the EMD, the lower the values, the more similar the corresponding FU
maps are.

It can be observed from Table 1 that in the proposed method the FU
mapd is the least similar with the others. It has a high EMD compared to
the other FU maps, since the FUs of FU map d are located left and right-
posteriorly, while the FUs of the other FU maps are located frontally,
except for FU map f in which one FU is located right-posteriorly and
one is located mid-frontally. However, in the inexact graph matching
method (Table 2), FU map b is the least similar to the others since b
has three FUs while each of the remaining FU maps only has two FUs,
except for FU map a which only has one FU. This method only con-
siders one-to-one matching, which overestimates the dissimilarity be-
tween FU maps with a di�erent number of FUs, in which neighbouring
FUs are not considered if they are not matched, even though they have
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Table 1: Earth Mover’s Distance between the FU maps shown in Figure 4.4 with
λ = 1. The EMDs in ascending order are as follows: EMD(b, c), EMD(a, c),
EMD(a,b), EMD(b, f ), EMD(b, e), EMD(c, f ), EMD(c, e), EMD(a, e),
EMD(a, f ), EMD(d, f ), EMD(e, f ), EMD(d, e), EMD(b,d), EMD(c,d),
EMD(a,d).

a b c d e f
a 0 0.3369 0.3000 0.9332 0.6294 0.6483
b 0 0.1451 0.8732 0.5216 0.4033
c 0 0.8970 0.5713 0.5346
d 0 0.8584 0.6576
e 0 0.7686
f 0

some overlap or are spatially close. In contrast, for the EMD method
information across FUs is taken into account to compute the distance.

Since one-to-one matching only considers the correspondence be-
tween matched FUs and does not use across-FU information, it partially
ignores the (spatial) structure of EEG coherence networks. However, in
brain connectivity networks the location and number of nodes are �xed
for every network, so that the �nal detected FUs in distinct FU maps are
not absolutely di�erent even if they are not matched in the one-to-one
matching method. As an example, the two most similar FU maps are
(c, e) as detected by the method of Crippa et al. and (b, e) as calculated
by the EMD method. However, from Figure 4.4, FUs 2 and 3 of FU map
b when merged together exactly coincide with FU 2 of FU map c .

Table 2: Dissimilarity, proposed by [26], between the FU maps shown in Fig-
ure 4.4. The dissimilarities in ascending order are as follows: dis(c, e),
dis(c, f ), dis(d, f ), dis(a, c), dis(b, c), dis(a, f ), dis(a, e), dis(e, f ),
dis(d, e), dis(c,d), dis(a,d), dis(b, f ), dis(b, e), dis(a,b), dis(b,d).

a b c d e f
a 0 2.2449 1.2449 1.9269 1.5741 1.4327
b 0 1.2487 2.7070 1.9972 1.9679
c 0 1.8255 1.1426 1.2166
d 0 1.7168 1.2419
e 0 1.6368
f 0

Finally, compared to the assignment problem for graph matching,
solving the transportation problem has several advantages. For exam-
ple, the cost of moving “earth” re�ects the notion of nearness prop-
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erly: items from neighbouring bins now contribute similar costs, and
the EMD allows for partial matching in a very natural way. For exam-
ple, in the proposed method (a, c) is more similar than (c, e) but in the
inexact graph matching method the opposite is the case.

4.4 case study

We applied the proposed method on EEG coherence networks obtained
from 12 subjects (6 young and 6 old) performing a so-called oddball
experiment. The median age for the young participants was 29 years
(range 25-34 years), and the median age for the old participants was
63.5 years (range 55-67 years).

4.4.1 Experimental Setup

Brain responses were recorded during an auditory oddball detection
experiment, in which all participants were instructed to count target
tones. After the experiment, each participant had to report the number
of perceived target tones. For a detailed description of the experiment,
please refer to [86].

In the present study we do not consider ongoing EEG but the event-
related potential (ERP) which is an EEG recording of the brain response
to a sensory stimulus. To calculate the coherence for an ERP with L
repetitive stimuli, the EEG data can be separated into L segments of 1
second each, sampled at 256 Hz. Coherences were calculated between
pairs of electrode signals. A signi�cance threshold for the estimated co-
herence is given by [53]:

θ = 1 − p1/(L−1), (4.7)

where p is a probability value associated with a con�dence level α , such
that p = 1 − α .

Throughout this section, we use p = 0.01, and L = 13 segments. In
addition, we set λ = 1 in Eq. (4.1).

4.4.2 Experimental Results

We computed the EMD between all FU maps of Figure 4.7 to investi-
gate the inter-subject variability in three frequency bands. Results are
presented in Figure 4.8.

The results in general show that similarities between FU maps de-
crease with increasing frequency band. The EMDs between young par-
ticipants usually have smaller values across frequency bands than old
participants, which means the FU maps of young participants are more
similar than those of old participants. High EMD values usually occur
between young and old participants. The highest EMD value (0.5333)
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Figure 1: FU-maps for the young and old participants computed for three frequency
bands.

1

Figure 4.7: FU-maps for the young and old participants computed for three fre-
quency bands.

occurs between participants P6 and P8 for the frequency band [1, 3]Hz
(Figure 4.8(a)). In addition, the results show a higher inter-group vari-
ability than within-group inter-subject variability of young and old par-
ticipants across frequency bands. The inter-group variability between
FU maps also increases with increasing frequency band.

Young participants have smaller EMDs for the frequency band [4,
7]Hz than for the other two frequency bands. It also can be seen from
Figure 4.8(b) that the values of EMDs among P1, P2, P3, and P4 are small,
which means their FU maps are more similar. The smallest EMD value
(0.1454) occurs between participants P2 and P4 for the frequency band
[4, 7]Hz (Figure 4.8(b)). In addition, the inter-subject variability within
the young group for the frequency band [8, 12]Hz is higher than for the
other two frequency bands (Figure 4.8(c)). Participant P6 has the high-
est EMDs compared to other young participants across the frequency
bands.

For the old participants, EMDs between FU maps also increase with
increasing frequency. There is a lower inter-subject variability for the
frequency band [1, 3]Hz than for the other two frequency bands (Fig-
ure 4.8(a)). Participant P8 generally has higher EMD values to other old
participants across frequency bands, especially for the frequency band
[1, 3]Hz.

In general we observe more variability in measures obtained from
older than from younger participants, due to the di�erent ageing trajec-
tories people experience, i.e., some people age faster than others.
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(a) EMDs between FU maps for [1, 3]Hz (b) EMDs between FU maps for [4, 7]Hz

(c) EMDs between FU maps for [8, 12]Hz

Figure 1:

1

Figure 4.8: Inter-subject variability based on earth mover’s distance between FU
maps of Figure 4.7: (a) EMD between FU maps for [1, 3]Hz; (b) EMD
between FUmaps for [4, 7]Hz; (c) EMD between FUmaps for [8, 12]Hz.
The color of cells encodes the value of EMDs for the corresponding FU
maps. The number at the left and bottom for each triangle is the index
of the participants: 1 to 6 for young participants, and 7 to 12 for old
participants. Square A of (c) represents the inter-subject variability for
the young participants while B is for the old participants, and C is the
inter-group variability.

73



comparison of brain connectivity networks

4.5 conclusions and future work

The key contribution of this chapter is the introduction of a method for
comparing EEG coherence networks using local structure. It compares
EEG coherence networks using the earth mover’s distance (EMD) be-
tween their FU representations. This FU representation of a coherence
network accounts for connectivity and physical location of the vertices.
It thus captures the local spatial structure of coherence networks. The
performance of the proposed method on synthetic examples showed a
higher ability than the method of [26] which is based on inexact graph
matching. Also, our new method showed a high capacity to detect inter-
subject variability among functional brain networks obtained from a so-
called oddball experiment in which the participants performed a task
involving the recognition of target tones.

Currently, our method has a number of limitations. First, the method
is proposed as a preliminary step towards a complete quantitative com-
parison, and its real bene�ts, including the statistical signi�cance of
the network comparisons, still have to be assessed. Second, regarding
the application to brain networks, the distance between FUs was as-
sumed to be a combination of spatial (Euclidean) distance and Jaccard
distance (accounting for overlap). However, this distance does not �t
perfectly since the coherence between electrodes of the same FU is vary-
ing. Therefore, other ground distances that take the detailed connec-
tivity within an FU into account may present opportunities to further
improve the technique.

Another area for future work is to apply the method for comparison
between groups of brain connectivity graphs obtained under di�erent
stimulus conditions. The proposed method might help to assess brain
activity categorization.

Finally, our method is not limited to EEG coherence networks, but
can be extended to other functional networks where the preservation
of spatial information is important.
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abstract

An electroencephalography (EEG) coherence network is a representa-
tion of functional brain connectivity, and is constructed by calculating
the coherence between pairs of electrode signals as a function of fre-
quency. Typical visualizations of coherence networks use a matrix rep-
resentation with rows and columns representing electrodes and cells
representing coherences between electrode signals, or a 2D node-link
diagram with vertices representing electrodes and edges representing
coherences. However, such representations do not allow an easy em-
bedding of spatial information or they su�er from visual clutter, espe-
cially for multichannel EEG coherence networks. In this chapter, a new
method for data-driven visualization of multichannel EEG coherence
networks is proposed to avoid the drawbacks of conventional methods.
This method partitions electrodes into dense groups of spatially con-
nected regions. It not only preserves spatial relationships between re-
gions, but also allows an analysis of the functional connectivity within
and between brain regions, which could be used to explore the relation-
ship between functional connectivity and underlying brain structures.
As an example application, the method is applied to the analysis of mul-
tichannel EEG coherence networks obtained from older and younger
adults who perform a cognitive task. The proposed method can serve
as a preprocessing step before a more detailed analysis of EEG coher-
ence networks.

5.1 introduction

EEG records the electrical activity of the brain by attaching electrodes to
the scalp of a subject at multiple locations. Synchronous electrical activ-
ity in brain regions is generally assumed to imply functional integration.
Such synchronization occurs over a large range of scales. For example,
local synchronization occurs during visual processing, synchronization
between neighboring temporal and parietal cortical regions is observed
during multimodal semantic processing, and long-range fronto-parietal
interactions occur in working memory retention and mental imagery
[119]. A large number of methods have been proposed to measure the
synchrony between pairs of brain regions, and these measures are of-
ten closely correlated [96]. EEG coherence is one of these measures,
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which is calculated between pairs of electrode signals as a function of
frequency [53, 86].

Visualization provides a visual representation of the data to help peo-
ple carry out analysis tasks e�ectively. It happens at an early stage in
the process, usually before a statistical or computational analysis, and it
allows people to explore their data before knowing exactly what kind of
questions to ask [90]. After the questions have been well-de�ned, exist-
ing methods such as machine learning can be used to answer them. For
the case of brain connectivity, visualization can lead to the discovery of
unanticipated patterns [4], thus providing insight into brain function-
ing. In this way it can help neuroscientists to understand how the brain
works, especially for the case where no a priori assumptions or hypothe-
ses about brain activity in speci�c regions are made [22, 43, 46, 76, 83,
123].

An EEG coherence network represents functional brain connectiv-
ity, more precisely, the coherences between pairs of signals recorded by
the electrodes. However, visualization of high-density or multichannel
EEG (at least 64 electrodes) coherence networks is not always managed
well [20]. Typical visualizations of coherence networks are a matrix rep-
resentation with rows and columns representing electrodes with cells
representing coherences between electrode signals or a node-link dia-
gram with vertices representing electrodes and edges representing co-
herences (see Figure 5.1). Edges are considered signi�cant when their co-
herence passes a signi�cance threshold [53], see also the description of
the experimental setup in Section 5.4.1. However, such representations
can su�er from some drawbacks. The matrix representation is very ef-
fective for visualizing large and/or dense networks [4, 126], but the rela-
tive spatial location of electrodes is hard to embed in this matrix. There-
fore, brain connectivity network visualization is complex. The common
focus on speci�c connections is often insu�cient to explain all aspects
of information contained in the network, because the spatial context
of the connections is also crucial in the analysis of brain connectivity.
In contrast, the node-link diagram is a straightforward method of vi-
sualizing networks that preserves spatial information about the elec-
trodes well. This visualization, however, su�ers from the potentially
large number of overlapping edges when visualizing dense networks,
which makes it hard to distinguish connections [71].

To study connectivity patterns in the coherence graph, researchers
often employ a hypothesis-driven or semi-data-driven de�nition of cer-
tain regions of interest (ROIs), in which all electrodes are assumed to
record similar signals because of volume conduction e�ects [50, 74].
However, these methods generally depend on certain assumptions or
hypotheses, where an a priori selection of relevant electrodes is made.
As a consequence, not all the available data is used and the underlying
brain network is not fully explored.

76



5.1 introduction

Figure 5.1: Conventional types of EEG coherence network visualization tech-
niques. (a) Matrix Representation. (b) Node-link diagram.

As an alternative to the hypothesis-driven and semi-data-driven ap-
proaches, ten Caat et al. [16, 17, 20] proposed a method for detection of
data-driven ROIs, referred to as functional units (FUs). An FU is repre-
sented in the coherence graph by a spatially connected maximal clique
(a clique is a vertex set in which every two-element subset is connected
by an edge). Because larger ROIs are assumed to correspond to stronger
source signals, larger FUs are considered to be more interesting. There-
fore, the maximal clique based (MCB) method of ten Caat et al. [16]
focused on maximal cliques, for which vertex sets are as large as pos-
sible. Since the MCB method is very time-consuming (time complex-
ity O(3n/3), with n the number of vertices), as an alternative a water-
shed based (WB) method was proposed that detects spatially connected
cliques in a greedy way [17]. To reduce the potential over-segmentation
of this approach, an improved watershed based method (IWB) (time
complexity O(n2 logn)) was proposed that merges FUs if they are spa-
tially connected and if their union is a clique [20]. The WB and IWB
methods are up to a factor of 100,000 faster than the MCB method for a
typical multichannel setting with 128 EEG channels, thus making inter-
active visualization of multichannel EEG coherence possible. The FUs
detected by the (I)WB method are similar but not identical to the FUs
detected by the MCB method. To distinguish them we therefore denote
the corresponding FUs by FUMCB and FUIWB, respectively.

To visualize the FUs, ten Caat et al. [16] introduced the concept of
FU map, which represents the FUs as a set of Voronoi cells (one for
each electrode) with identical gray value, with di�erent gray values for
adjacent FUs (see Figure 5.7 in 5.3 for an example). A color-coded circle
is placed at each FU center that represents the average coherence of
this FU, and a color-coded line is drawn between pairs of FU centers if
the average coherence between these two FUs exceeds the coherence
threshold. This visualization shows both synchronization within and
between FUs.
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A drawback of the MCB and IWB methods is that the analysis of
local synchronization is di�cult, since these methods detect maximal
cliques, that is, groups of spatially-connected electrodes that are as large
as possible. Speci�cally, the MCB method views coherences above or
equal to the pre-de�ned threshold equally while the IWB method clus-
ters electrodes based on their neighbours which have the largest coher-
ence value with them, without considering how strong the electrodes
are connected with the other members of the group. Therefore, in this
chapter we propose an alternative method, based on detecting densely
interconnected groups of brain regions known as network communi-
ties, which can be observed either in anatomical or in functional net-
works [59, 107]. The composition of these individual groups, known as
community structure, is usually obtained by optimizing the modularity
measure, as proposed by Newman and Girvan [93]. We use the com-
munity structure analysis of a network as a data-driven approach to
facilitate the visual analysis and interpretation of multichannel EEG co-
herence networks. The proposed method, referred to as the community
clique-based (CCB) method, partitions the set of electrodes into several
data-driven ROIs (communities) based on their connections and posi-
tions. As a result, electrodes within the same community are spatially
connected and are more densely connected than electrodes in di�erent
communities. For brevity, the ROIs obtained by community detection
will still be called “functional units”, but denoted by the symbol FUCCB

to distinguish them from the functional units obtained by the MCB and
IWB methods. The functional units detected by the CCB method are
visualized in an FUCCB (functional unit) map, in exactly the same way as
for the FUMCB and FUIWB maps.

A preliminary version of this chapter appeared in [69]. In that paper,
we brie�y described the new method, and compared it with the other
two methods. In this chapter, we provide more algorithmic details about
the three methods, compare the three methods when applied to syn-
thetic and real EEG coherence networks, and apply the new method in
one example application. This application shows the potential of our
method for visualizing multichannel EEG coherence networks.

Overall, the new community-based method for detecting functional
units is not only expected to reduce the drawbacks of the conventional
hypothesis-based approaches, but also to allow a more detailed analy-
sis of the relationship between functional connectivity and underlying
brain structure than the data-driven MCB and IWB methods.

5.2 related work

The principal concept in our approach is to visualize brain connectivity,
and to extract meaningful information from this representation for fur-
ther analysis. The challenge in visualization often lies in the analysis of
a huge amount of data, in our case the large number of EEG channels.
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A straightforward method would be to visualize functional brain con-
nectivity data as 3D node-link diagrams: ROIs are shown as nodes and
the relationships between these nodes are encoded in the edges. But
this approach su�ers from visual clutter, and side e�ects of 3D render-
ing such as occlusion are hard to remedy [4, 33].

An alternative approach is to depict the connectivity data by a 2D rep-
resentation, which could reduce the work of 3D rendering. A wide vari-
ety of methods has been developed to map data on 2D space to visualize
neuronal interactions or relations between brain regions. To preserve
the spatial information of the data to some extent, a node-link diagram
based on a biologically meaningful layout has been used [1]. In this
biological layout, planar projections are used for the 3D electrode loca-
tions on the surface of a head (see for example Figure 5.2). Vertices are
usually mapped according to a top view of the head, sometimes to two
separate side views of the left and right hemispheres. However, such
a visualization with edges representing connections may su�er from a
large number of overlapping edges, resulting in a cluttered representa-
tion, especially for a large amount of data.

Some methods were proposed to remedy the visual clutter by elim-
inating overlaps and reducing the number of long-distance edges em-
ploying graph drawing. For example, for 2D node-link diagrams the
layout can be calculated by multidimensional scaling or force-directed
algorithms [42]. However, such methods usually change the layout of
the vertices to reduce visual clutter. Yet, the spatial context of the data
is still vital for facilitating the interpretation of the data by neurosci-
entists, who are trained in reasoning with respect to spatial brain re-
gions. Hence, node-link diagrams are often accompanied by a separate
picture showing the position of nodes, with nodes on the two repre-
sentations being matched by color encoding or labeling [92]. In this
approach, information about spatial context is not presented in a single
image. Matrix representations are also popular to represent functional
connectivity networks. This approach outperforms the node-link dia-
gram in visualizing large networks. By arranging ROIs along the rows
and columns of a matrix, their spatial relations are, however, lost [71].

Some studies explored the capabilities of node-link diagrams and ma-
trix representations, and these suggested that the matrix representa-
tions outperform node-link diagrams for most tasks when the number
of nodes becomes very large [4, 48].

Based on the basic node-link and matrix representations, several
other useful tools have been developed for visualizing brain networks.
To take advantage of both node-link diagrams and matrix represen-
tations, some visualization methods provide a dual representation to
explore networks [56, 83]. Christodoulou et al. present BrainNetVis to
support brain network modelling and visualization by providing both
quantitative and qualitative network measures of brain connectivity
[22]. Gerhard et al. introduce the Connectome Viewer Toolkit for con-
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nectome mapping, analysis, and visualization [46]. Xia et al. present
BrainNet Viewer to display brain surfaces, nodes and edges as well
as properties of the network [123]. Fujiwara et al. introduce a visual
analytics system for comparison of brain connectivity across individu-
als, groups, and time points [43]. However, none of these methods can
completely overcome the intrinsic drawbacks of node-link diagrams
and matrix representations. To present brain connectivity in a single
image and overcome the drawbacks of conventional methods, we re-
duce the visual clutter by putting nodes with speci�c properties, based
on their spatial information and topological network properties, into
the same group. This presentation then serves as a �rst step before a
more detailed analysis of EEG coherence networks.

5.3 method

Although there are many unsupervised graph clustering methods, they
either aim to �nd a predetermined number of clusters or do not consider
the spatial information of the data [2, 73, 111]. ten Caat et al. proposed a
method considering the functional connections and spatial information
of nodes together [20]. This method assumes that a spatially connected
set of electrodes records similar signals as a result of volume conduction
[16, 20]. However, one potential drawback of this method is that it is
not easy to analyze local synchronization since the method tries to �nd
groups of electrodes that are as large as possible.

In this section, we �rst provide some background on EEG coherence
and the data representation of the EEG coherence network. Then we de-
scribe the community clique-based method of detecting dense spatially-
connected groups of electrodes. Then, we brie�y describe the MCB and
IWB methods for later comparison in Sect. 5.4.

5.3.1 EEG Coherence

During an EEG experiment, brain activity is recorded by electrodes at-
tached to the scalp of a subject at di�erent locations. The electrodes
are placed based on the 10/20 system and the position of an electrode
is indicated by its label which is a combination of letters indicating
brain regions (e.g., F for frontal), and digits indicating lateralization (odd
numbers for left, even for right) and distance from the midline (higher
numbers are farther away) (see Figure 5.2) [81, 98]. A conductive gel is
applied between electrodes and skin for reducing impedance. EEG pro-
vides high-resolution temporal information about brain activity, and the
electrical potential is typically measured at sampling rates up to 2000Hz.
The measured signal that is recorded from each site is ampli�ed, result-
ing in one recording channel for every electrode. If there are many elec-
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trodes, e.g., 64 or 128, the term “multichannel" or “high-density" EEG is
used.
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Figure 5.2: Electrode positions and labels in the 10-20 system (Oostenveld &
Praamstra [98]). Black circles indicate positions of the original 10-20
system, gray circles indicate additional positions introduced in the 10-
10 extension. Each site has a letter to identify the general brain region
and a number to identify the hemisphere location. The letters, Fp, F, T,
C, P, and O stand for fronto-polar, frontal, temporal, central, parietal,
and occipital, respectively. For further explanation of the 10-20 and
10-10 systems, see Oostenveld & Praamstra [98].

Activity from one source can result in a strong signal recorded by
multiple electrodes, and nearby electrodes usually record similar sig-
nals due to volume conduction and reference electrode e�ects [58, 96].
Often, there are several sources of activity at di�erent locations, and
these sources can be synchronized. Consequently, signals recorded by
electrodes that are far apart can also be similar. The degree of inter-
action between two signals can be measured by coherence which is a
measure for the similarity of signals as a function of frequency.

The coherence cλ as a function of frequency λ for two continuous
time signals x and y is de�ned as the absolute square of the cross-
spectrum fxy normalized by the autospectra fxx and fyy [53], having
values in the interval [0, 1]: cλ(x ,y) =

|fxy (λ) |2

fxx (λ)fyy (λ)
.

5.3.2 Data Representation and EEG Coherence Network

A network is simply a collection of connected objects. We refer to the
objects as nodes or vertices and the connections between the nodes as
edges. In mathematics, networks are often referred to as дraphs , and
the area of mathematics concerning the study of graphs is called graph
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theory. In this chapter, we use the termsnetwork andдraph interchange-
ably.

Functional brain connectivity obtained from EEG data is represented
by an undirected coherence graphG = (V ,E), de�ned by a set of vertices
V and a set of edges E ⊆ V×V where vertices represent electrodes. Since
weak coherences may represent spurious connections and these connec-
tions tend to obscure the topology of strong and signi�cant connections
[107], we only consider coherences with values above a pre-de�ned sig-
ni�cance threshold [20, 53]. Coherences above the signi�cance thresh-
old are represented by edges, whereas coherences below the threshold
are ignored (see Figure 5.3(c)). Vertices are not self-connected. To deter-
mine spatial relationships between electrodes, a Voronoi diagram is em-
ployed, which partitions the plane into regions of points with the same
nearest vertex (for a simple example, see Figure 5.3(a). For EEG data,
the vertex set is equal to the set of electrode positions. The vertices are
referred to as (Voronoi) centers, and the region boundaries as (Voronoi)
polygons. The area enclosed by a polygon is called a (Voronoi) cell. We
call two cells Voronoi neighbors if they have a boundary in common. A
collection of cells is called Voronoi connected if for a pair ϕ0,ϕn ∈ C ,
there is a sequence ϕ0,ϕ1, ...,ϕn of cells inC , with each pair ϕi−1,ϕi con-
sisting of Voronoi neighbors. Cells, vertices, nodes, and electrodes are
interchangeable in this chapter.

5.3.3 Community Clique Detection

We now introduce the CCB approach to �nd dense spatially-connected
cliques from an EEG coherence network based on community structure.
Such a clique is a set of electrodes that are spatially connected, and
signals recorded by these electrodes are more densely connected within
the same clique than with signals that are recorded by electrodes in
other cliques.

5.3.3.1 Community Structure

The community structure of a network is de�ned as groups of nodes
with a high density of within-group connections and a lower density
of between-group connections. Such structures have been observed in
many di�erent types of networks including social, biological, and tele-
communication networks [27, 94]. In particular, the community struc-
ture of a brain functional connectivity network shows the groups of
neuronal areas where there is more synchronous activity within a group
and less synchronous activity between groups. These communities may
be considered as functional areas in the brain [2].

Various algorithms have been proposed for the identi�cation of com-
munity structure from complex networks. Many of these algorithms are
based on the idea of optimizing the so-called modularity index Q of the
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Figure 5.3: Example layout of a synthetic coherence network with coherence ma-
trix as shown in Table 3. (a) Voronoi diagram showing vertex positions
with vertex labels within the cells and Voronoi connections between
vertices. Vertices are spatial neighbors if they are 4-connected, e.g.,
the spatial neighbors of vertex f are vertices, b, e , д, and j. (b) Layout
preserving the vertex positions. Vertices are represented by solid circles
and lines represent coherences between vertices, while the coherence
values are encoded by the color of the lines (see the color bar on the
right). (c) Manual layout of the signi�cant coherence graph without
considering the vertex positions.

partition of a network [94, 95]. In the case of a weighted network, this
index is de�ned as follows [11]:

Q =
1
2m

∑
v,v ′
[c(v,v ′) −

KvKv ′

2m
]δ (L(v),L(v ′)), (5.1)

where c(v,v ′) represents the weight (in our case the coherence value)
of the edge between nodes v and v ′, Kv =

∑
l c(v, l) is the sum of

weights of the edges incident to vertex v , L(v) is the community la-
bel of vertex v , the δ−function δ (i, j) is 1 if i = j and 0 otherwise,
and m = 1

2
∑
v,v ′ c(v,v

′). The modularity Q is equal to the fraction of
the sum of weights of edges that connect nodes in the same commu-
nity minus what that fraction would be on average if the communities
remained �xed but the edge weights were randomly distributed. The
higher the value of Q , the more con�dent one can be that a signi�cant
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community structure has been found [94]. So, the procedure of detect-
ing community structure is usually based on maximizing the modularity
index Q .

The optimal community structure for a given network is typically
estimated with optimization algorithms rather than computed exactly
[27, 107]). A simple and e�cient method of optimizing modularity was
proposed by Blondel et al. [11]. It involves the local movement of nodes,
and proceeds in two phases. In the �rst phase, each node of the network
is initialized as a singleton community. Then, for each nodev , the mod-
ularity gain ∆Q is evaluated that would result from removingv from its
community CL(v) and placing it in one of the other communities. The
nodev is then placed in the community for which this gain is maximum
and positive. If no positive gain is possible, nothing is done. This pro-
cess is applied repeatedly and sequentially for all nodes until no further
improvement can be achieved and the �rst phase is then complete.

Equation 5.2 can be used to calculate the modularity gain ∆Q when
removing one node v from its communityCL(v) to an arbitrary commu-
nity Ci [11, 107, 113]:

∆Q =
1
2m

©«
∑
l ∈Ci

c(v, l) −
∑

l ∈CL(v )

c(v, l) −
Kv (KCi − KCL(v ) + Kv )

2m
ª®¬ , (5.2)

where KCL(v ) is the sum of the weights of the links incident to nodes in
CL(v), KCi is the sum of the weights of the links incident to nodes inCi ,
and Kv is the sum of the weights of the links incident to node v .

The second phase of the algorithm consists of building a new network
whose nodes are the communities found in the �rst phase. To do so,
the weights of the links between the new nodes are given by the sum
of the weights of the links between nodes in the corresponding two
communities. Links between nodes of the same community lead to self-
loops for this community in the new network. Once this second phase
is completed, the �rst phase of the algorithm is reapplied to the new
network. The combination of both phases is called a “pass". The passes
are iterated until there are no more changes.

5.3.3.2 Community Clique Detection Method

Here, we extend the method proposed by Blondel [11] to obtain
dense spatially-connected cliques, the community clique, consisting
of Voronoi-connected vertices of the EEG coherence network.

The outline of our method can be summarized as follows. The di�er-
ence with Blondel’s method is in step 2, the calculation of the modu-
larity gain, where an extra condition is applied which ensures that the
resulting communities are spatially connected cliques (see the introduc-
tion for the motivation):
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1. Assign a unique community to each node of the network.

2. Use 5.2 to calculate the modularity gain ∆Q for node v caused by
removing node v from its community and placing it in another
community such that the node v is connected to each node of that
community and has at least one Voronoi neighbour in that commu-
nity.

3. Place the nodev in the community for which the gain is the high-
est and positive. If no positive gain is available, nothing is done.

4. Continue repeating steps (2) and (3) until every node is processed.

5. Repeat steps (2) -(4) until no further improvement of the modu-
larity index Q is achieved.

Note that the algorithm’s output depends on the order in which the
nodes are processed in step (2). The ordering does not have a signi�-
cant in�uence on the modularity that is obtained, but can in�uence the
computation time [11]. In our case, a decreasing order is chosen based
on the average local coherence of vertices, which is also used to detect
basins in the IWB method [20].

Algorithm 2 shows the pseudocode of the community clique detec-
tion procedure. It maintains the following dynamic vertex sets in the
coherence graph of signi�cant electrode connections:

• Ci contains a sorted list of the vertices in community i;

• L(v) is the community label of vertex v ;

• Hi contains a list of vertices (sorted by vertex number) that are
connected to each of the vertices in Ci ;

• Ri contains a list of vertices which have at least one Voronoi
neighbor in Ci .

The operation remove(v,CL(v)) removes the node v from the commu-
nityCL(v) and returns a set consisting of the remaining nodes. Similarly,
add(v,Ci ) inserts nodev into the communityCi and returns the updated
community. The operation isVor (Ci ) returns “true” if the communityCi
is empty, or if it only has one vertex, or if each pair of vertices in Ci is
Voronoi-connected when |Ci | > 1; and it returns “false” if not. The size
of a vertex set is denoted by | · |.

We now turn to a more precise analysis of the algorithm:

• Initialization (lines 1-7).

- Initially, every node of the network is a singleton community
(line 3).
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Algorithm 2 Community Clique Detection algorithm.
Require: vertex set V sorted in decreasing order based on their aver-

age local coherence; c(v,v ′) = coherence(v,v ′) = c(v ′,v); θ =
siдn.threshold ; hv = {v ′ ∈ V |c(v,v ′) ≥ θ }; rv = {v ′ ∈ hv |v

′ ∈

Vor .neiдhborsv };
Ensure: Ci is the community i consisting of a set of vertices sorted by

vertex number ; L(v) indicates the label of community in which the
vertex v is located.

1: for i = 1 to |V | do
2: v = V (i)
3: Ci = {v}
4: L(v) = i
5: Hi = hv
6: Ri = rv
7: end for
8: �ag = true
9: while �ag do

10: �ag = false
11: for i = 1 to |V | do
12: v = V (i)
13: if isVor (remove(v,CL(v))) then
14: max∆Q = 0
15: for j = 1 to |V | do
16: if Cj , ∅ and v ∈ Hj and v ∈ R j then
17: ∆Q = 1

2m (
∑
l ∈Cj

c(v, l)−∑
l ∈CL(v ) c(v, l) −

Kv (KCj −KCL(v )+Kv )
2m )

18: if ∆Q > max∆Q then
19: �ag = true
20: max∆Q = ∆Q
21: d = j
22: end if
23: end if
24: end for
25: if �ag then
26: CL(v) = remove(v,CL(v))

27: HL(v) =
⋂

l ∈CL(v )
hl

28: RL(v) =
⋃

l ∈CL(v )
rl

29: Cd = add(v,Cd )

30: Hd = Hd ∩ hv
31: Rd = Rd ∪ rv
32: L(v) = d
33: end if
34: end if
35: end for
36: end while
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- The set of vertices which are connected to vertices of commu-
nityCi is identical to the set of vertices which are connected to
the node v = V (i) (line 5)

- The set of vertices which are connected Voronoi-neighbours
of vertices of community Ci is the set of vertices that are con-
nected Voronoi-neighbours of the node v = V (i) (line 6).

- Set f laд as true (line 8). f laд is used to indicate that the modu-
larity can be improved. If f laд is f alse , there is no improvement
of modularity.

• Main Procedure (line 8-line 37). This consists of the following
steps.

- Take the ith node v = V (i) from V . If after removing v from its
original community CL(v) any pair of remaining vertices is not
Voronoi-connected, nothing is done, and the procedure continues
with a new node (line 13). Otherwise, set the maximal gain of
modularitymax∆Q to zero, and take the jth community Cj .

- In case Cj is empty or v is not connected to any nodes of Cj or v
has no Voronoi neighbors inCj , nothing is done, and the procedure
continues with a new community (line 16). Otherwise, compute
the modularity gain ∆Q (line 17).

- If the current gain ∆Q is higher than max∆Q , which means
the modularity can be improved, set the label of the current
community j to the destination community label d to which
community the node v will move (line 21). Otherwise, nothing
is done, and the procedure continues with a new community.

- After all communities are traversed, select the �rst community
which has the highest ∆Q , and update community CL(v) by re-
moving node v from its original community CL(v) (line 26); re-
place HL(v) by vertices that are connected to each node of the
updated communityCL(v) (line 27); replace RL(v) by the vertices
that are connected Voronoi neighbours of nodes of the updated
community CL(v) (line 28); move node v into the destination
community Cd (line 29); replace HL(v) by its intersection with
the set of vertices that are connected with v in the coherence
graph (line 30); replace RL(v) by its union with the vertices that
are connected Voronoi neighbours of v (line 31); v receives la-
bel d (line 32).

- This procedure is repeated until no improvement is obtained,
which means f laд = f alse after all nodes have been processed.

Figure 5.4 illustrates the procedure of community clique detection for
an EEG coherence network, with the coherence matrix shown in Table 3.
Table 3 shows a synthetic coherence network, and we use it to illustrate
the procedure of the three methods. The following detailed description
contains references to Figure 5.4. For a dataset of 119 electrodes, the
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computing time was around 0.84s on a modern desktop computer (Intel
3.2GHz, 8GB RAM).

Table 3: Synthetic Coherence Matrix. The rows and columns represent the nodes,
and the cells contain the coherence values between nodes. Values above
or equal to the signi�cance threshold, in this case 0.2, are indicated in
bold.

a b c d e f g h i j k l
a 0 0.65 0.10 0.10 0.64 0.60 0.20 0.10 0.30 0.23 0.10 0.10
b 0.65 0 0.10 0.10 0.63 0.63 0.21 0.10 0.32 0.33 0.10 0.10
c 0.10 0.10 0.10 0 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10
d 0.10 0.10 0.10 0 0.10 0.10 0.70 0.71 0.10 0.10 0.10 0.70
e 0.64 0.63 0.10 0.10 0 0.62 0.20 0.10 0.33 0.20 0.10 0.10
f 0.60 0.63 0.10 0.10 0.62 0 0.70 0.10 0.30 0.31 0.10 0.10
g 0.20 0.21 0.10 0.70 0.20 0.70 0 0.69 0.20 0.20 0.10 0.70
h 0.10 0.10 0.10 0.71 0.10 0.10 0.69 0 0.10 0.10 0.10 0.72
i 0.30 0.32 0.10 0.10 0.33 0.30 0.20 0.10 0 0.32 0.10 0.10
j 0.23 0.33 0.10 0.10 0.20 0.31 0.20 0.10 0.32 0 0.10 0.10
k 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0.10 0 0.10
l 0.10 0.10 0.10 0.70 0.10 0.10 0.70 0.72 0.10 0.10 0.10 0

Table 4: AdjacencyMatrix. The matrix element is 1 if the corresponding coherence
value (Table 3) is above or equal to the threshold (0.2), otherwise the
element is set to 0.

a b c d e f g h i j k l
a 0 1 0 0 1 1 1 0 1 1 0 0
b 1 0 0 0 1 1 1 0 1 1 0 0
c 0 0 0 0 0 0 0 0 0 0 0 0
d 0 0 0 0 0 0 1 1 0 0 0 1
e 1 1 0 0 0 1 1 0 1 1 0 0
f 1 1 0 0 1 0 1 0 1 1 0 0
g 1 1 0 1 1 1 0 1 1 1 0 1
h 0 0 0 1 0 0 1 0 0 0 0 1
i 1 1 0 0 1 1 1 0 0 1 0 0
j 1 1 0 0 1 1 1 0 1 0 0 0
k 0 0 0 0 0 0 0 0 0 0 0 0
l 0 0 0 1 0 0 1 1 0 0 0 0

At T1, the initial stage, each of these twelve vertices correspond to a
unique community represented by a speci�c colored symbol: L(a) = 1,
L(b) = 2, L(c) = 3, L(d) = 4, L(e) = 5, L(f ) = 6, L(д) = 7, L(h) = 8, L(i) =
9, L(j) = 10, L(k) = 11, L(l) = 12. Then, we calculate the modularity
gain ∆Q caused by removing k (since k has the highest local average
coherence, and the descending order of vertices based on their local

88



5.3 method

average coherence is: h,a, f , e,b, l ,d,д, i, j, c,k) from its community to
the other communities; all the values of ∆Q are listed on the right in
Figure 5.4.

Figure 5.4: Illustration of Voronoi-connected community clique detection for a co-
herence network with the coherence matrix shown in Table 3. Each col-
ored symbol represents a community at T1. For each step Ti, the gain
∆Q is shown on the right. Before the dash: the node to be removed; af-
ter the dash: the node or nodes constituting a community. T28 shows
the vertex positions in 2D space.

T2-T12. At every next step, the next vertex v will be chosen and the
gain of removing v from its communityCL(v) to the remaining commu-
nities will be computed. If the positive highest gainmax∆Q results from
the movement of node v to the community in which v has at least one
Voronoi neighbour and is connected with each vertex in that commu-
nity, then the vertex v will be removed from its original community to
the destination community CDes , CL(v) is updated by deleting v from
CL(v) and CDes is replaced by the union of itself with v . At T2, v = h,
CL(v) = C8 = ∅, CDes = C12 = {h, l}. At T3, v = a, CL(v) = C1 = ∅,
CDes = C5 = {a, e}. At T4, v = f ,CL(v) = C6 = ∅,CDes = C5 = {a, e, f }.
At T5, v = e , nothing is done since max∆Q is negative when merging
e and i into one community. At T6, v = b, CL(v) = C2 = ∅, CDes =

C5 = {a,b, e, f }. At T7, v = l , nothing is done since all the commu-
nities except C12, the original community, have no connected Voronoi
neighbours of l . At T8, v = d , CL(v) = C4 = ∅, CDes = C12 = {d,h, l}.
At T9, v = д, CL(v) = C7 = ∅, CDes = C12 = {д,d,h, l}. At T10,
v = i , CL(v) = C9 = ∅, CDes = C5 = {a,b, e, f , i}. At T11, v = j,
CL(v) = C10 = ∅, CDes = C5 = {a,b, e, f , i, j}. At T12, v = c , and at T13,
v = k , nothing is done since the vertex v has no connected Voronoi-
neighbours.

From T14 on, all vertices will be traversed again. The gain ∆Q can be
easily computed and it can be observed that there is no more positive
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gain, which means the modularity can not be improved anymore. So the
detection procedure stops. Finally, we obtain two community cliques
{a,b, e, f , i, j} and {д,d,h, l} at T25.

5.3.4 FU Detection using the MCB and IWB Method

5.3.4.1 MCB Method

The maximal clique based (MCB) method [16] is an extension of the
method proposed by Bron and Kerbosch [13]. It detects maximal cliques
consisting of Voronoi-connected vertices. Its recursive procedure main-
tains four dynamic vertex sets [20]:

• The set compsub contains an increasing or decreasing clique.

• The set currentcand contains the candidates that are a Voronoi
neighbor of at least one element in compsub, and only these can
be added to compsub at the current step.

• The set complcand is the complement of currentcand in candidates
containing vertices that are connected to all vertices in compsub.

• The set not contains vertices that are connected to all vertices in
compsub and that were added to compsub previously.

At each call, the element from currentcand that has the largest number
of connections with the other candidates (currentcand ∪ complcand) is
added to compsub. Let this element be v (in the coherence graph). The
set newcurrentcand is the intersection of currentcand and the neigh-
borhood of v (in the coherence graph), united with the Voronoi neigh-
bors of v in complcand . The set newcomplcand is the intersection of
complcand and the neighborhood of v (in the coherence graph), mi-
nus the Voronoi neighbors of v in complcand . The set (new)not is the
intersection of not and the neighborhood of v . This is repeated until
newcurrentcand is empty. If newnot is also empty, then compsub is a
Voronoi-connected maximal clique.

Figure 5.5 illustrates Voronoi-connected maximal clique detection us-
ing the MCB method for a coherence network, with the coherence ma-
trix shown in Table 3. Its adjacency matrix is shown in Table 4 (here,
we set the threshold at 0.2), and the Voronoi diagram is shown in Fig-
ure 5.3(a).

The following detailed description contains (row and column) ref-
erences to Figure 5.5. The procedure A. starts with all twelve ver-
tices in the set candidates (not illustrated), and with not = ∅. A1.
Then, the vertex д with the highest degree (following Table 4) is �rst
added to compsub. Its adjacent vertices in the coherence graph are in
currentcand if they are spatial neighbours ({ f ,h}); otherwise, they are
in complcand ({a,b,d, e, i, j, l}). A2-A6. At every step, the element, say,
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Figure 1: Illustration of Voronoi-connected maximal clique detection using the MCB
method for a coherence network with the coherence matrix shown in Table ?? and
associated adjacency matrix shown in Table ??. C7 illustrates the vertex positions in
the 2D space. Compare to Figure ??.

1

Figure 5.5: Illustration of Voronoi-connected maximal clique detection using the
MCB method for a coherence network with the coherence matrix
shown in Table 3 and associated adjacency matrix shown in Table 4.
C7 illustrates the vertex positions in the 2D space. Compare to Figure
5.4.

v , from currentcand that has the largest number of connections in the
coherence graph with the other candidates (currentcand ∪ complcand)
is added to compsub. In case of ties, one vertex is selected randomly.
The spatial neighbours of v in complcand , denoted by Λ(v), are moved
from complcand to currentcand . Furthermore, vertices not adjacent
to v in the coherence graph, denoted by Γc (v), are removed from
both currentcand and complcand . This continues until currentcand is
empty. At A2, v = f , Λ(v) = {b, e, j}, and Γc (v) = {d,h, l}. At A3,
v = e , Λ(v) = {a, i}, and Γc (v) = ∅. At A4, v = a, Λ(v) = ∅, and
Γc (v) = ∅. At A5, v = b, Λ(v) = ∅, and Γc (v) = ∅. At A6, v = i ,
Λ(v) = ∅, and Γc (v) = ∅. At A7, v = j, Λ(v) = ∅, Γc (v) = ∅, and
compsub = {a,b, e, f , i, j,д} is a Voronoi-connected maximal clique,
because currentcand = ∅ (and not = ∅).
B. A later iteration for the MCB method returns to the situation pre-

ceding A2, with vertex д in the compsub, and vertex f put into the
set of not . Then, at B1. only the vertex h is retained in currentcand ,
and complcand is the same as in A1. ({a,b, e, i, j,d, l}). At B2, v = h,
Λ(v) = {d, l}, Γc (v) = {a,b, e, i, j}, and not = ∅. At B3, v = d , Λ(v) = ∅,
Γc (v) = ∅, and not = ∅. At B4, v = l , Λ(v) = ∅, Γc (v) = ∅, not = ∅, and
compsub = {д,d,h, l} is a Voronoi-connected maximal clique, because
currentcand = ∅ (and not = ∅).

As it can be seen from the above example, every vertex can be part of
multiple (Voronoi-connected) maximal cliques. (In the above example,
vertexд belongs to Voronoi-connected maximal cliques {a,b, e, f , i, j,д}
and {д,d,h, l}). To assign a unique label to every vertex, a quantity total
strength is de�ned for a (sub)graph G = (V ,E) as the sum of all edge
values. For a vertex detected in more than one clique, it will be assigned
to the clique which has the largest total strength. Then, the �nal cliques
in above example are {a, b, e, f, i, j, g} and {d, h, l } (see C1).
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5.3.4.2 IWB Method

The IWB method is an alternative to the MCB method. It is a greedy
method, approximating Voronoi connected maximal cliques on the basis
of an edge-based watershed transform [17].

This IWB method contains two main steps:

• Initialization. An edgequeue is initialized with edges (correspond-
ing with a signi�cant coherence) between markers, which are de-
�ned as nodes having locally maximal average coherence, and
their Voronoi neighbors. These edges are sorted in a descending
order based on their values. Each marker corresponds to a basin
and is assigned a unique label.

• Main Procedure. Remove the �rst edge, e = (v,v ′), from the
queue , and determine the label of node v ′. In case the node v ′ is
unlabelled, v ′ receives the label of v and the queue is extended
with the edges between v ′ and its unlabelled connected Voronoi-
neighbours, if v ′ is connected to every node of the basin where
v is in. In case v ′ was also labelled, check if the two basins that
contain v and v ′ can merge into a single basin. If so, then merge
them, otherwise nothing is done.

The main procedure is repeated until queue is empty. Each basin then
corresponds to an FUIWB.

Figure 5.6 illustrates FU detection with the IWB method for a co-
herence network, with the coherence matrix shown in Table 3 and the
Voronoi diagram shown in Figure 5.3(a). The following detailed descrip-
tion contains references to Figure 5.6.

Figure 1: Illustration of FU detection using the IWB method for a coherence network
with the coherence matrix shown in Table ??. Three basins are represented by a green
diamond, red star, and magenta up-triangle, respectively. Blue squares represent vertices
that have at least one significant edge in the queue connected to a labelled vertex. The
edges in queue and their values are listed (in descending order) on the right for each
step. The new inserted edges are indicated by bold text, e.g., “e-i” which appears at S7.
S14 illustrates the vertex positions in the 2D space.

1

Figure 5.6: Illustration of FU detection using the IWB method for a coherence
network with the coherence matrix shown in Table 3. Three basins are
represented by a green diamond, red star, and magenta up-triangle,
respectively. Blue squares represent vertices that have at least one sig-
ni�cant edge in the queue connected to a labelled vertex. The edges
in queue and their values are listed (in descending order) on the right
for each step. The new inserted edges are indicated by bold text, e.g.,
“e-i” which appears at S7. S14 illustrates the vertex positions in the
2D space.

At S1, three markers,a, f ,h, are detected, and they are represented by
a green diamond, red star, and magenta up-triangle, respectively. Each
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is then assigned a unique number: L(a) = 1, L(f ) = 2, L(h) = 3; edges
(corresponding to signi�cant coherences) between markers and their
unlabelled Voronoi neighbours represented by blue squares are added
in the queue; the edge with the highest value in the queue is c(h, l) and
is shown at the top on the right of S1.
S2-S11. At every next step, the edge, say, c(v,v ′), with the highest

value in the queue is removed. Then, the vertexv ′ is labelled. The edges
(denoted by Φ(v ′)) between v ′ and its unlabelled Voronoi-neighbours
are inserted in the queue and will be highlighted in bold. At S2, v = h,
v ′ = l , L(v ′) = L(h) = 3, and Φ(v ′) = ∅. At S3, v = h, v ′ = d , L(v ′) =
L(h) = 3, and Φ(v ′) = ∅. At S4, v = f , v ′ = д, L(v ′) = L(f ) = 2,
and Φ(v ′) = ∅. At S5, v = h, v ′ = д, h which was labelled already
in the previous stage. But, the basin of д and the basin of h can not
merge since their union is not a clique in the coherence graph (h,d, l
are not signi�cantly connected with f , which can be derived from 3).
Hence, nothing will be done at this stage. At S6, v = a, v ′ = b , L(v ′) =
L(a) = 1, and Φ(v ′) = ∅. At S7, v = a, v ′ = e , L(v ′) = L(a) = 1,
and Φ(v ′) = {(e, i)}. At S8, v = f , v ′ = b , b was labelled already
in the previous stage. But the basins of f and b can merge since their
union is a clique in the coherence graph. Hence, vertices in the basin of
b will be moved to the basin of f . L(v ′) = L(f ) = 3, L(a) = L(f ) = 3,
L(e) = L(f ) = 3, and Φ(v ′) = ∅. At S9, v = f , v ′ = e , L(v ′) = L(e) = 3,
and Φ(v ′) = ∅. At S10, v = e , v ′ = i , L(v ′) = L(e) = 3, and Φ(v ′) = ∅.
At S11, v = i , v ′ = j , L(v ′) = L(j) = 3, and Φ(v ′) = ∅. At S12, v = f ,
v ′ = j , L(v ′) = L(j) = 3, and Φ(v ′) = ∅. Now, two basins have been
detected, { a, b, e, f, i, j, g} and { d, h, l}, because the queue is empty.

5.3.5 FU Visualization

Given FUs, the inter-FU coherence c ′λ at frequency λ between two FUsC1
andC2 is de�ned as the sum of coherence values between one vertex in
C1 and the other vertex inC2, divided by the maximal number of edges
between C1 and C2:

c ′λ(C1,C2) =

∑
i, j {cλ(vi ,vj )|vi ∈ C1,vj ∈ C2}

|C1 | |C2 |
. (5.3)

Note that coherences between any pair of vertices are taken into ac-
count to normalize for the size of the FUs even if their coherence is
below the prede�ned threshold.

An FU map visualizes each FU as a set of Voronoi cells with iden-
tical gray values and with di�erent gray values for adjacent FUs. See
Figure 5.7 for an example. The colour of the circle over the geographic
centre of FU C1 re�ects its average coherence ĉλ(C1), which is de�ned
as ĉλ(C1) =

∑
i, j {cλ (vi ,vj ) |vi ∈C1,vj ∈C1 }

|C1 |( |C1 |−1) . Note that the geographic centre
of an FU can be located in a cell not belonging to the corresponding
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Figure 5.7: Example of an FUMCB map [18] as obtained during an auditory odd-
ball task (for the experimental setup see Section 5.4.1). Spatial groups
of similarly colored (in gray scale) cells correspond to FUs with a size
of at least four, while white cells are part of smaller FUs. Circles over-
layed on the cells represent the barycenters of the FUs and are con-
nected by lines whose color re�ects the average coherence between all
electrodes of the FUs (see color bar). See [16] for details.

FU. A line is drawn between FU centres if the corresponding inter-FU
coherence exceeds a prede�ned threshold.

In our case, only FUs larger than �ve cells are considered. White
Voronoi cells are part of smaller FUs.

5.3.6 Comparison of Methods applied to Synthetic EEG Coherence Net-
works

In this subsection, we will �rst compare the proposed method with two
other methods using a synthetic EEG coherence network (see Figure
5.3 and Table 3). The comparison between the three methods applied to
real functional brain networks is described in Section 5.4.2.

For the MCB method, at the stage of (Voronoi-connected) maximal
clique detection, coherences are considered equally when their values
are above or equal to the threshold. This method intends to �nd all possi-
ble maximal cliques in a coherence network. Then, at the stage of vertex
assignment, the vertex is assigned to the clique which has the highest
total strength when it is part of multiple cliques, no matter how strong
the vertex is connected to these cliques. Hence, the vertex will be placed
in the clique with more vertices when two cliques have an equal aver-
age coherence. For example, at the stage of maximal clique detection, we
found two overlapping maximal cliques, {a,b, e, f , i, j,д} and {д,d,h, l},
in Figure 5.5. But the former has a higher total strength, so д is removed
from {д,d,h, l} at the assignment stage, and the �nal cliques are shown
in C1 (Figure 5.5).
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For the IWB method, the edges connecting a labelled vertex and an
unlabelled vertex will be placed in the queue �rst if these vertices are
signi�cantly connected Voronoi neighbours. Then, the unlabelled ver-
tex will be placed in the clique in which one of its Voronoi neighbours
has the highest coherence with this vertex compared to others in the
queue. For example, at S3 in Figure 5.6, the vertex д is assigned to f
since their connection value is 0.71 while the connection value with h
is 0.69. The �nal cliques are shown in S12.

The community clique-based (CCB) method detects the dense spa-
tially connected cliques in a coherence network. It �rst calculates the
degree of connections between nodes and community cliques, which is
quanti�ed by modularity. Then, the node will be placed in the clique
which has the strongest node-community connection. For example, at
T8 in Figure 5.4, vertex д has a stronger connection with clique {d,h, l}
than with clique {a,b, e, f }. At T21, vertex д still has a stronger con-
nection with clique {d,h, l} than with clique {a,b, e, f , i, j}. The �nal
cliques are shown in T28 (Figure 5.4).

5.4 results

In this section, we will �rst describe the experimental setup, before ap-
plying the CCB method to twelve participants for an example applica-
tion. To compare the three methods when applied to real EEG coherence
networks, we selected four of these sixteen participants (two young and
two old) to demonstrate any di�erences.

5.4.1 Experimental Setup

Brain responses were recorded during an auditory oddball detection
experiment, in which older and younger participants were instructed
to count target tones and ignore standard tones. After the experiment,
each participant had to report the number of perceived target tones.
In our data, brain responses to L target tones were analyzed in L seg-
ments of 1 second, sampled at 256Hz. A procedure from Neurospec was
adopted to compute the coherence (www.neurospec.org). A detailed de-
scription of the procedure is given in [20].

In the present study we do not consider ongoing EEG but the event-
related potential (ERP) which is an EEG recording of the brain response
to a sensory stimulus. To calculate the coherence for an ERP with L
repetitive stimuli, the EEG data can be separated into L segments. A
signi�cance threshold for the estimated coherence is then given by Hal-
liday et al. (Halliday et al. [53]):

θ = 1 − p1/(L−1), (5.4)
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where p is a probability value associated with a con�dence level α , such
that p = 1 − α .

Throughout this section, we use p = 0.01, and L = 13 segments. In
addition, we set the inter-FU coherence threshold to the same value as
the signi�cance threshold θ .

5.4.2 Comparison of Methods Applied to Real EEG Coherence Networks

Besides comparing the three methods when applied to the synthetic
EEG network in Section 5.3.6, we also compared the three methods
when applied to real EEG coherence networks as obtained from two
younger and two older participants in the experiment described in Sec-
tion 5.4.1. The results are shown in Figure 5.8 and 5.9 for young and
older participants, respectively. We make the following observations:
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Figure 5.8: Illustration of FU maps (top view, nose on top) obtained by using the
three FU detection methods for two di�erent EEG frequency bands. FU
maps obtained from two young participants.
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Figure 5.9: Illustration of FU maps (top view, nose on top) obtained by using the
three FU detection methods for two di�erent EEG frequency bands. FU
maps obtained from two older participants.
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• For the young participants (see Figure 5.8), it can be observed
that there is no big di�erence between FU maps obtained from
these three methods. In the [1, 3]Hz frequency band, FU maps are
very similar for both young participants in terms of, for example,
the number of FUs and their location. Similarly, for the [4, 7]Hz
frequency band, there are no big di�erences between the methods
either.

• For the older participants (see Figure 5.9), however, there are large
di�erences between FU maps for the di�erent methods. In the [4,
7]Hz frequency band, the three methods result in a similar num-
ber of FUs. In the [1, 3]Hz frequency band for participant 3 both
MCB and IWB methods detect two large FUs located anteriorly
and posteriorly: FUsMCB 1, 5 and FUsIWB 1, 3. In the CCB method,
however, these FUs are split into small FUs due to a weak inter-
community connection. For example, FUMCB 5 splits into FUsCCB 6
and 7, while FUMCB 1 splits into FUsCCB 1 and 2. From these splits,
we can see that FUsCCB 6 and 7 have higher average coherence
than FUMCB 5, and the inter-FU coherence between FUsCCB 6 and
7 is also lower than their average coherence. This is also true for
FUMCB 1 and FUsCCB 1, 2. From a global point of view, FUCCB 7 has
the highest average coherence, followed by 1 and 2, and there are
higher inter-FU coherences among these FUs. For participant 4,
the MCB method detects two large FUs located anteriorly and pos-
teriorly, with signi�cant inter-FU coherence between them. The
IWB method has a similar result, except for the frontocentral con-
nection. The CCB method, in contrast, �nds a total of seven FUs
with size above �ve. Compared to the CCB method, FU 1 obtained
by the MCB and IWB methods is split into four FUs 1, 2, 3, 4 in
the CCB method due to the weak inter-community connections
with each other. FUCCB 1 in the CCB method has the highest av-
erage coherence among these four FUs. From a global point of
view, the two FUsCCB having the strongest connection are 1 and 7,
which are located at the frontal and parietal-occipital areas of the
brain, respectively. In the [4, 7]Hz frequency band, the MCB and
IWB methods produce similar results, except in the frontocentral
area of the brain. The main di�erence between methods is that
FUMCB 1 splits into FUsCCB 1 and 2 in the CCB method due to weak
inter-community connections. In addition, the average coherence
of FUCCB 1 and 2 is higher than FUMCB 1. FUMCB 6 is an extension of
FUCCB 7, but it can be seen that their average coherence di�ers.

In this example, the FU maps obtained from older participants gener-
ally have larger FUs and the coherence within-and between FUs is also
high compared to the young participants. This could be interpreted as
the older participants having higher local and global synchronization.
All the methods are trying to �nd cliques and for the young partici-
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pants brain areas are apparently less synchronized, which results in
lower coherence. In this case we end up with small(er) FUs. This also ex-
plains why the FU maps obtained from the three methods are similar for
the younger participants. For the older participants, there is apparently
high synchronization between brain areas. In this case, more electrodes
make up larger cliques. The MCB and IWB methods then detect larger
FUs. Consequently, the detected FUs are less suited for analyzing local
synchronization. In this case, however, the CCB method still considers
the community properties: if an electrode can be put into several FUs,
it will be added to the FU with which it has a strong connection rather
than to the largest FU as in the other methods.

5.4.3 FUCCB maps

In this subsection, we apply (only) the CCB method to the data of six
younger and six older participants in the experiment described in Sec-
tion 5.4.1.

Figures 5.10 and 5.11 show FUCCB maps of the younger and older
adults, respectively. In general, the color of circles and edges is lighter
for older participants than for younger participants over the three fre-
quency bands. This probably corresponds to earlier �ndings using a
hypothesis-driven method [86], indicating the older adults have higher
local and global synchronization compared to the younger adults and
that aging is associated with increased EEG coherence during a rela-
tively easy cognitive task. The midline regions are usually less synchro-
nized as re�ected in the FUs of these regions being small and the color
of circles and edges connecting with other FUs having darker colors.
Throughout the three frequency bands, FUs with high average coher-
ence (light circle color) are usually found in anterior and posterior re-
gions, and these FUs usually have high inter-FU coherence which is also
in accordance with previous observations in the literature [20], partic-
ularly for the older participants.

For the younger participants, the inter-FU coherence decreased with
increasing frequency except for participant 1 (Figure 5.10). The left and
right-temporal part of the brain are usually less synchronized compared
to the older participants, for example, participants 1 and 3 have no left-
temporal FUs while these FUs in the rest of young participants have a
low average within-FU coherence. Participant 1 seems to be an excep-
tion in more ways, having the least synchronization among all FU maps
for frequencies between 1-3 Hz and having only 4 FUs with a size above
5 and no lateral FUs for this frequency band.

For the older adults, the inter-FU coherence also decreased with in-
creasing frequency, especially for the FUs located at the anterior and
posterior regions, which can be derived from the color of the edge con-
necting these FUs fading (Figure 5.11). For example, it is very obvious
for old participant 5: the inter-FU coherence between FUCCB 7 and 1

99



visualization of multichannel eeg coherence networks

Freq (Hz)
1-3 4-7 8-12

1

No. FUs: 4 ;     No. sign. conns. : 1

1

2

3
4

1

2

3
4

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
No. FUs: 8 ;     No. sign. conns. : 7

1
2

3 45

6 7
8

1
2

3 45

6 7
8

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
No. FUs: 8 ;     No. sign. conns. : 9

1 2
3

4
5

6

7
8

1 2
3

4
5

6

7
8

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

2

No. FUs: 6 ;     No. sign. conns. : 5

1
2

3

4 5

6

1
2

3

4 5

6

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
No. FUs: 6 ;     No. sign. conns. : 8

1 2

3

4
5

6

1 2

3

4
5

6

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
No. FUs: 7 ;     No. sign. conns. : 10

1 2

3
4 5 6

7

1 2

3
4 5 6

7

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

3

No. FUs: 5 ;     No. sign. conns. : 10

1

2

3

4
5

1

2

3

4
5

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
No. FUs: 8 ;     No. sign. conns. : 6

1 2

3

4
5

6
7

8

1 2

3

4
5

6
7

8

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
No. FUs: 10 ;     No. sign. conns. : 1

1
2 3

4 5
6

7
8

9

10

1
2 3

4 5
6

7
8

9

10

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

4

No. FUs: 8 ;     No. sign. conns. : 14

1

2

3

4 5

6
7

8

1

2

3

4 5

6
7

8

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
No. FUs: 8 ;     No. sign. conns. : 6

1
2

3

4

567

8

1
2

3

4

567

8

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
No. FUs: 8 ;     No. sign. conns. : 8

1
2

3
4

5
6

78

1
2

3
4

5
6

78

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

5

No. FUs: 7 ;     No. sign. conns. : 11

12

3
45

6 7

12

3
45

6 7

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
No. FUs: 9 ;     No. sign. conns. : 14

1
2 3

4

5 6
7 8

9

1
2 3

4

5 6
7 8

9

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
No. FUs: 10 ;     No. sign. conns. : 9

12

34

5 6 7
8

9

10

12

34

5 6 7
8

9

10

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

6

No. FUs: 6 ;     No. sign. conns. : 12

1
2

3
4

5

6

1
2

3
4

5

6

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
No. FUs: 9 ;     No. sign. conns. : 11

1

2 3

4 5
6

7 8

9

1

2 3

4 5
6

7 8

9

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1
No. FUs: 10 ;     No. sign. conns. : 12

1
23

4 5
67 8

9

10

1
23

4 5
67 8

9

10

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

1

Figure 5.10: FUCCB maps (|FU | ≥ 5) for 6 younger adults for three frequency
bands (1-3, 4-7, and 8-12 Hz). Each FU is visualized as a set of Voronoi
cells with identical gray values and with di�erent gray values for
adjacent FUs. White Voronoi cells are part of FUs, with |FU | < 5. A
line connects FUs if the inter-FU coherence exceeds the signi�cance
threshold, with its color depending on the value (see color bar, bottom
right). The color of the circle located at the barycenter of each FU
re�ects the average coherence within FUs.
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Figure 5.11: FUCCB maps (|FU | ≥ 5) for 6 older adults for three frequency bands
(1-3, 4-7, and 8-12 Hz).
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for frequencies between 1-3 Hz is very high; the inter-FU coherence
between FUCCB 6 and 1 for frequencies between 4-7 Hz is low, and the
inter-FU coherence between FUCCB 6 and 1 for frequencies between 8-
12 Hz is the lowest. There is also a variety in these �ndings among
old adults, for example, the size of FUs for old participant 1 is usually
smaller compared to other old participants and the color of the circle
or edges is darker compared to the rest, as well. Another example is old
participant 2 for frequencies between 4-7 Hz for which FUs 3, 6 and 7
left- and right-temporally are small and not connected with other FUs,
which means these regions are less synchronized and also are less syn-
chronized with other regions.

5.5 conclusions and future work

Visualization is an important aspect in the analysis of EEG coherence,
especially for multichannel EEG coherence networks. Since conven-
tional methods either su�er from reduced spatial information or visual
clutter, they have inherent limitations when applied to EEG coherence
networks. We developed a visualization approach based on the func-
tional unit (FU) concept that attempts to preserve spatial relationships
between functional brain regions and allows analysis of functional
connectivity within and between regions.

A new community clique based (CCB) method was proposed that �rst
partitions an EEG coherence network into dense groups of spatially con-
nected electrodes recording pairwise signi�cantly coherent signals. The
resulting communities (groups of electrodes) were visualized in an FU
map, which makes it possible to investigate the relationship between
functional brain connectivity and underlying brain structure. The nov-
elty of this method is that it is helpful to analyze the local and global con-
nectivity without any a priori hypotheses. Community cliques found by
the CCB method can be used for further analysis, e.g., the analysis of
ERP components across FUs and synchronization between FUs.

As topics for future work we �rst mention the in�uence of the order
in which nodes are traversed in the CCB procedure, which needs to be
further analyzed. Second, di�erences between FU maps were assessed
only visually in our study. However, there is still the need to develop
methods for comparing FU maps quantitatively, and to discriminate not
only between single subjects, but also between di�erent groups, e.g., old
and young participants. Our method is a visually aided pre-processing
method that can be used before analysis questions about data are well
de�ned. Although our method is speci�c to EEG coherence networks,
we believe that it can be easily adapted to other network visualizations
which need to capture the whole structure of networks and that do not
only depend on the analysis of single nodes or speci�ed connections
between pairs of nodes.
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6C O N C L U S I O N

In this chapter, we will �rst provide a summary of this thesis. Subse-
quently, limitations of the methods proposed in this thesis are discussed
and directions are indicated for future research. At the end, a �nal con-
clusion is presented.

6.1 summary

Brain functional connectivity analysis can be useful to improve the un-
derstanding of brain mechanisms underlying human behaviour. In ad-
dition to well-de�ned questions about the datasets, visualization tech-
niques can aid to discover unanticipated patterns in the data. This thesis
has focused on the development and investigation of visualization and
analysis techniques for brain functional connectivity of multichannel
EEG coherence networks. However, the methods introduced in this the-
sis are not limited to EEG coherence networks, but can be extended to
explore other kinds of brain networks such as fMRI or PET functional
networks.

There are many visual approaches for exploring brain connectivity,
where each approach has its own purpose and is usually applied for
a particular task. However, in practice the tasks will be varied and
will depend on the researcher’s requirements. In Chapter 2, we in-
troduced an interactive visualization methodology for the analysis of
dynamic connectivity structures in multichannel EEG coherence net-
works as an exploratory preprocessing step to a complete analysis of
such networks. This visualization framework was developed based on
researcher requirements and evaluated by four domain researchers and
one computer researcher. The feedback we received during the evalu-
ation showed that our design supports exploratory analysis tasks well.
We found that the timeline representation, which provides an overview
of the evolution of dynamic networks, is e�ective in showing changes
over time. This overview enables users to identify critical dynamic
FUs, e.g., stable or striking dynamic FUs, and critical time steps. This
overview achieves meeting the requirements R2, R3, R4 mentioned in
the introduction of the thesis (see Section 1.3.4). In addition, the time-
annotated FU map we introduced is useful for identifying changes of
node states between successive EEG coherence networks (R1).

Dynamic EEG coherence networks based on functional units can be
viewed as temporal multivariate data. For example, the FUs, including
their composition and their mutual relationships, of a dynamic network
are changing over time. In Chapter 2, the visualization only considered
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the changes in the composition of FUs while ignoring the relationships
between FUs. In Chapter 3 we improved upon this approach by propos-
ing a method based on dimension reduction techniques to explore the
evolution patterns of dynamic FUs. On the basis of the timeline-based
representation introduced in Chapter 2, we encoded the colour and posi-
tion of FUs by employing the multidimensional scaling technique such
that similar FUs that have high inter-FU coherence are grouped together
(R4). The application showed that the proposed method is able to iden-
tify the evolution patterns of dynamic FUs (R3). It allows researchers
to identify dynamic FUs with high synchronization based on their po-
sition or colour. If dynamic FUs stay close to their position or colour, it
means they have a stable high coherence with each other across time
steps.

In Chapter 4 we proposed a method based on the earth mover’s dis-
tance (EMD) for quantifying di�erences between multichannel EEG co-
herence networks represented by functional unit maps (R1). We com-
pared the proposed method to the inexact graph matching method. This
method tries to �nd a one-to-one correspondence between FUs of two
FU maps, but it does not use information across FUs. However, in brain
connectivity networks the location and number of nodes are �xed for
every network, so that the �nal detected FUs in distinct FU maps are
not absolutely di�erent even if they are not matched in the one-to-one
matching method. In contrast, for the new method information across
FUs is taken into account to compute the di�erence between FU maps.
The application to EEG coherence networks obtained from an odd-ball
experiment showed that the proposed method is able to measure the dis-
similarity between EEG coherence networks and helps in quantifying
the inter-subject variability during a cognitive experiment. It showed
that the similarity between coherence networks decreases with increas-
ing frequency band, both for young and old participants. Furthermore,
there was a higher variability in FU maps between older participants
than between younger participants.

Identi�cation of regions of interest (ROIs) is a fundamental task in
brain connectivity analysis. Most traditional methods are hypothesis-
driven and depend on parcellation schemes. As an alternative, in Chap-
ter 5 we proposed a data-driven method, built upon the maximal clique
based (MCB) method and improved watershed based (IWB) method
that were previously proposed for multichannel EEG coherence net-
work analysis. The new method is referred to as the community clique-
based (CCB) method. These three methods detect ROIs, that is, func-
tional units (FUs), based on di�erent criteria. A drawback of the MCB
and IWB methods is that the analysis of local synchronization is dif-
�cult, since these methods detect maximal cliques, that is, groups of
spatially-connected electrodes that are as large as possible. Speci�cally,
the MCB method views coherences above or equal to the pre-de�ned
threshold equally while the IWB method clusters electrodes based on
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their neighbours which have the largest coherences with them, without
considering how strongly the electrodes are connected to other mem-
bers of the group. In contrast, the CCB method partitions electrodes
into dense groups of spatially connected regions (R4). In the resulting
FU maps, we not only showed the distribution and coherence between
FUs, but also depicted the average coherence within FUs by employ-
ing a colour circle overlaid on the corresponding FUs. We applied our
technique to the study of multichannel EEG coherence networks. The
results showed that the proposed method could be used to detect highly
synchronized areas from the colour of circles overlaid on the FUs.

6.2 limitations and future work

This thesis has mainly focused on EEG coherence networks, but it is not
limited to it. It can be extended to other brain connectivity networks as
derived from e.g. fMRI or PET data. When these methods are applied to
other brain connectivity networks or temporal multivariate data, two
major factors should be considered: the problems which researchers are
facing, and the data dimensions.

To get a clear understanding of which problems researchers need to
solve, it is important to have a strong collaboration with domain experts
and to jointly formalize the �nal tasks. For example, in Chapter 2, users
who participated in the user study suggested that these methods can be
applied to the analysis of ERP signals. In addition, one of the limitations
of dynamic FU detection is that neighboring FUs in the same dynamic
FU must be appearing at successive time steps. This constraint ignores
the reoccurrence of similar FUs. For future work, detecting dynamic FUs
can take distant FUs into account which are not neighbors in the time
sequence. Also, �nding an approximation to the algorithm of detecting
dynamic FUs with lower complexity can be studied. Another consider-
ation for improving the method is reducing line crossings. In the cases
we considered, there are only �ve time steps and 119 nodes per network
in total. For further study, the number of nodes for each network and
time steps may be much larger. For such cases, it may be di�cult or even
impossible to provide a global crossing reduction method. A potential
method to solve this problem is to divide the whole time domain into
several time windows, and reduce line crossings for each time window
individually.

Another factor is the data dimension, i.e., the challenge of visualizing
and analyzing high-dimensional data. Visualizing all dimensions simul-
taneously seems impossible. Dimension reduction techniques are nec-
essary to simplify the original data. As an example, the method applied
to FUs in Chapter 3 can be extended to networks. In that case, the color
encoding should be redesigned, especially when the number of nodes
is larger. Another example of analyzing high-dimensional data can be
found in Chapter 4, where we considered the comparison of connec-
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tivity networks. The dataset itself has many properties which can be
used when comparing FU maps. For example, the properties of FUs in-
clude location, average coherence, and inter-FU coherence with other
FUs. The proposed method in Chapter 4 can be improved by taking the
inter-coherence and average coherence of FUs into account.

Identifying regions of interest is also important in the analysis of
brain connectivity. Graph clustering can be seen as a process of dimen-
sion reduction: putting nodes with the same speci�c property into the
same group. There are many methods available for clustering nodes of
networks for various purposes. For a further study on identifying ROIs,
it is important to communicate with neuroscientists to �nd out what
properties of data they are interested in. Then a decision about the in-
teresting regions can be made and suitable clustering methods selected.

6.3 conclusion

This thesis has explored visual methods to study brain connectivity net-
works determined by EEG coherence data. The contributions of this the-
sis are promising for further understanding of brain mechanisms. The
timeline representation was shown to be useful to �nd time steps and re-
gions of interest. The time-annotated FU map and the method based on
EMD are both useful to analyze the di�erences between FUs both quali-
tatively and quantitatively. Finally, dimension reduction techniques are
important for identifying evolution patterns in dynamic networks.
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