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Chapter 1

Introduction

The continuous improvement of acquisition and computer simulation techniques results in in-
creasing amounts of numerical data. Yet, the aim is not simply to acquire data, but to gain
insight in the measured or computed data. Visualization aids the interpretation by transforming
large quantities of (complex) data into visual representations. Medical imaging belongs to the
better-known application fields of visualization, with neuroimaging as one of its more prominent
disciplines. Neuroimaging comprises structural imaging (brain anatomy) and functional imaging
(brain activity).

Developed in the 1920s,electroencephalography (EEG)is the oldest noninvasive functional
neuroimaging technique, which records electrical brain activity. Other noninvasive functional

20.65
+−

Scale
(µV)

15 16 17 18 19 20
  

T4

C4

Cz

C3

T3

Time (s)

Figure 1.1. Conventional EEG representation. Measured voltages (inµV) are shown against
time (in seconds), for five electrodes (indicated by the labels T3, C3, Cz, C4, and T4).

neuroimaging techniques are magnetoencephalography (MEG), which measures magnetic fields
induced by electrical brain activity (Cohen 1968, Hämäläinenet al.1993), and functional mag-
netic resonance imaging (fMRI), which measures changes in cerebral blood oxygenation levels
in the brain (Ogawaet al.1990, Logothetiset al.2001). When comparing the three noninvasive
techniques, the temporal resolution is superior for EEG andMEG, whereas the spatial resolution
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is superior for fMRI. However, EEG has much lower costs and hasa higher equipment trans-
portability than MEG and fMRI. Moreover, EEG allows participants more freedom to move than
MEG and fMRI.

Nowadays, EEG has various clinical as well as scientific applications in different fields, in-
cluding medicine, pharmacy, psychology, linguistics, andbiology. EEG is one of those fields
dealing with increasing amounts of data as a result of technological advances. One improvement
is the increased number of electrodes that can be attached tothe scalp, leading tomultichannel
(or high-density, or high-resolution) EEG. For example, a typical setting for multichannel EEG
involves 128 electrodes, while simultaneously measuring 1000 potentials per second, yielding
7.68 million data elements per minute, or 460.8 million dataelements per hour. Further, auto-
mated signal processing by computer may provide additionaldata.

However, data is not yet information. Therefore, several different visualization methods are
applied to assist the interpretation of the EEG. In a conventional EEG visualization, the time-
varying EEG is represented by one time series per electrode,displaying the measured potential
as a function of time (Fig. 1.1).

Synchronous activity between brain regions is associated with a functional relationship be-
tween those regions. EEG coherence, calculated between pairs of electrode signals as a function
of frequency, is a measure for this synchrony. A common visualization of EEG coherence is a
graph layout. In the case of EEG, graph vertices (drawn as dots) represent electrodes and graph
edges (drawn as lines between dots) represent similaritiesbetween pairs of electrode signals
(Fig. 1.2). Traditional visual representations are, however, not tailored for the current number of
electrodes.

Fp1 Fp2

F3 F4

C3 C4

P3 P4

O1 O2

Figure 1.2. Conventional graph visualization for EEG coherence. Electrodes (labeled Fp1,
Fp2, F3, F4, C3, C4, P3, P4, O1, O2) are represented by dots, similarities between pairs of
electrode signals (above a certain threshold) by lines. Darker lines indicate higher similarities.



Introduction 3

This thesis introduces visualizations for time domain analysis of multichannel EEG data
and frequency domain analysis restricted to EEG coherence,which are specifically designed
to overcome shortcomings of existing techniques. Evaluations of these new methods include a
qualitative study and a user study for the time domain visualization, and two case studies for the
frequency domain visualization.

The remainder of this chapter is organized as follows. Section 1.1 provides background
information on EEG and distinguishes time and frequency domain analysis of EEG data. Basic
visualization techniques for time-varying multivariate data in the time domain and relational
(coherence) data in the frequency domain are included in Section 1.2. Section 1.3 describes the
contributions of this thesis, and gives an outline of the remainder of this thesis.

1.1 Electroencephalography (EEG)

Electrical potentials generated within the brain can be measured with electrodes at the scalp
during an EEG recording. The measured EEG signals reflect rhythmical activity varying with
brain state. Specific brain responses can be elicited by the presentation of external stimuli. For
EEG analysis, the time domain, frequency domain, and time-frequency domain are distinguished.

1.1.1 Brain Potentials

The outer part of the human brain which evolved most recentlyis called theneocortex. It is often
briefly referred to ascortex. The neocortex has an estimated number of 2·1010 neurons (nerve
cells), a number decreasing with age and stabilizing in adults (Pakkenberget al. 2003). These
neurons transfer signals between them. The point of contactbetween two neurons is a so-called
synapse. The number of synapses in the brain is about 1.5·1014 (Pakkenberget al.2003).

Neurons exchange ions (electrically charged particles) with their environment, thus changing
their potential. Theresting potentialof a neuron (approximately−65mV) is the consequence of
an uneven distribution of ions on both sides of the membrane (the outer layer of a neuron). A
reduction of the resting potential (depolarization) by at least 10mV causes anaction potential,
with an amplitude of about 110mV and a duration of about 1ms. Acluster of action potentials
results in so-calledburst firingand tends to be synchronous among multiple neurons in the same
population. Action potentials in presynaptic cells (sending neurons) can cause apostsynaptic
potentialchange in postsynaptic cells (receiving neurons) with an amplitude of a few microvolts
and a duration of over 100ms. An inhibitory (excitatory) postsynaptic potential caused at an
inhibitory (excitatory) synapse increases (decreases) the membrane potential.

A pyramidal neuron (or pyramidal cell) is a so-called multipolar neuron, having over 100,000
synapses on the receiving end. Pyramidal neurons are the most important cells for potential
changes in the cortex. Functional vertical columns in the cerebral cortex consist of hundreds
of pyramidal cells located closely to each other and oriented in parallel. A group of several
thousands of (postsynaptic) pyramidal cells can be activated simultaneously if they are connected
to the same (presynaptic) neuron.
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As a result ofvolume conduction, an electrical current flows from the generator in the brain
through different tissues (e.g., brain, skull, skin) to a recording electrode on the scalp. The mea-
sured EEG is mainly generated by neuronal (inhibitory and excitatory) postsynaptic potentials
and burst firing in the cerebral cortex. Isolated action potentials have a much smaller or even
negligible effect on the EEG. Variations of the (summed) postsynaptic potentials in time and lo-
cation cause the temporal and spatial variations of the EEG.Measured potentials depend on the
source intensity, its distance from the electrodes, and on the conductive properties of the tissues
between the source and the recording electrode (Spehlmann and Fisch 1991).

1.1.2 Anatomical References

Here, some background information is provided on anatomical references for a human head
(Beatty 1995, Bearet al. 1996). The most prominent features of the human brain are itstwo
(cerebral)hemispheres, with the midline running through the middle. Structures towards the
midline aremedial, structures away from the midline arelateral (Fig. 1.3).Contralateralrefers
to something on the other side,ipsilateral to something on the same side.Homologousrefers to
a similarity in structure or position.

−→ medial←−
←− lateral −→

Figure 1.3. Neocortex, backside of the head. Medial (towards the middle) and lateral(towards
the sides). Image created with MRIcro (Rorden and Brett 2000).

When standing or sitting, directing towards the top of the head is calledsuperior(or dorsal).
The opposite isinferior (or ventral). Towards our nose is referred to asanterior (or rostral) and
towards the back of the head asposterior(or caudal).

The convolutions of the surface of the neocortex consist of series of hills and valleys, referred
to asgyri andsulci, respectively. Some deeper sulci are referred to asfissures. The interhemi-
spheric(or (medial) longitudinal) fissure separates the left and right hemispheres. Other fissures
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divide both hemispheres into four regions referred to aslobes. Thefrontal lobe is the most ante-
rior lobe. The frontal and parietal lobes are separated by the central (or Rolandic) fissure. The
temporallobe is inferior to the frontal and parietal lobes, and is separated from those two lobes
by the lateral (or Silvian) fissure. The most posterior lobe is theoccipital lobe. The parietal
and occipital lobes are separated by theparieto-occipitalfissure. The prefixespreandpostmean
directly anterior and posterior, respectively. Anatomical references and lobes are illustrated in
Fig. 1.4. Directly posterior to this is theparietal lobe.

superior

anterior posterior

inferior

Figure 1.4. Frontal (F), parietal (P), temporal (T), and occipital (O) lobe (neocortex, lateral
view of the left hemisphere, with the nose on the left). Additionally, anatomical references
(anterior, posterior, inferior, superior) are indicated. Image createdwith MRIcro (Rorden and
Brett 2000).

1.1.3 EEG Recording

During an EEG recording, up to 512 electrodes can be attachedto the scalp at different positions.
A conductive gel is applied between skin and electrodes to reduce impedance. An electrical
potential is measured from all electrodes simultaneously,typically between 125 and 2000 times
per second. Clinical recordings may take 15 to 30 minutes, scientific (e.g., sleep) recordings may
take hours. Electrodes are often held in fixed positions by anelastic cap. Each electrode carries
a unique labeling, usually by a combination of letters and numbers. The letters refer to a nearby
lobe or fissure. Odd (even) numbers refer to the left (right) hemisphere. A label with a ‘z’ instead
of a number refers to a midline electrode. A label ‘Fp’ refersto a prefrontal electrode. Letters
may refer to the central fissure (C), or to the frontal (F), parietal (P), temporal (T), or occipital
(O) lobe. Labels of other electrodes use a letter combination of nearby electrodes. Electrodes
located between the earlier labeled electrodes are labeledfrontocentral (FC), centroparietal (CP),
parieto-occipital (PO), frontotemporal (FT), and temporoparietal (TP). Electrodes anterior to the
frontal electrodes are labeled anterofrontal (AF). Additional electrodes between FC and C are
referred to as FCC, et cetera. For an example with 118 labeled electrodes, see Fig. 1.5.
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AF1 AF2

T1 T2
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CPP5
CPP1 CPP2
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PPO5
PPO1PPO2

PPO6

Figure 1.5. Positions (dots) and labels of 118 EEG electrodes, top view of the head (nose on
top).

The measured signal from each electrode is amplified, resulting in one recording channel for
every electrode. For every electrode, the potential is expressed as the difference between the
measured signal and a reference signal (computed per time step). For multichannel EEG with
a large number of widely spread electrodes, anaverage referenceis often applied which is the
average of all measured scalp potentials. Alternatively, acommon referenceuses the signal of
one selected electrode as a reference for all other electrodes, or it may combine two signals, e.g.,
recorded from electrodes attached to both ears. Potential differences between scalp electrodes
are usually of the order of 10µV to 100µV.

Usually, ahigh-pass(low-pass) filter is applied to reduce frequencies below (above) a certain
threshold outside the range of frequencies of interest. A typical value for a high-pass filter is
0.16Hz, for a low-pass filter 70Hz. An additionalnotchfilter can be used to reduce effects of the
electric mains (50Hz in the Netherlands).
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1.1.4 Rhythms

The complex summation of neuronal activity measured by EEG results in rhythmical activity.
Different frequency bands are generally recognized (delta, theta, alpha, beta, gamma), although
there is no clear consensus on the boundaries between these bands. Delta may refer to frequen-
cies up to 4Hz (Nunez and Silberstein 2000), theta between 4 and 8Hz, alpha between 8 and
12Hz, beta between 12 and 24Hz, and gamma above 24Hz (Steinet al. 1999). The main fre-
quency in the EEG usually depends on the state of the subject.For example, (medium amplitude)
theta activity in the human EEG indicates drowsiness, whereas (high-amplitude) delta activity is
observed during non-dreaming sleep (Beatty 1995).

1.1.5 Event-Related and Evoked Potentials

Often, brain potentials are recorded following (e.g., visual, auditory, or somatosensory) stimulus
presentation. Generally, if two stimuli are identical, then two nearly identical brain responses
are expected. However, from trial to trial, responses will differ due to the varying background
EEG (i.e., ongoing EEG which is not the result of the stimulus). Because the background EEG is
expected to be on average equal to zero, consecutive responses are usually averaged (ensemble-
averaging). When low-level brain responses are the objective of the study, the response is called
evoked potential (EP). When higher-level cognitive responses are the objective, the response
is called event-related potential (ERP). In comparison withEPs, ERPs generally exhibit longer
latencies, higher amplitudes, and lower frequencies. EPs and ERPs can be evaluated in the time
domain or the frequency domain. The identification of peaks can be supported by a plot showing
the measured potential against time, with one time axis per electrode or with one time axis for all
electrodes (butterfly plot). Positive and negative peaks, referred to ascomponents, are identified
with their amplitudes and latencies. For illustrative purposes, we explain one EP and one ERP in
more detail. Both are applied in clinical practice and are used later in this thesis to demonstrate
new visualizations.

A somatosensory evoked potential(SEP) is the result of external stimulation of the peripheral
nervous system (the nervous system other than the brain and the spinal cord). This stimulation is
usually electrical, sometimes mechanical (Aminoff and Eisen 1998). We focus here on electrical
stimulation of the median nerve (near the wrist). A SEP has a characteristic contralateral negative
peak about 20ms after the stimulus in the EEG signal recordednear the parietal cortex, referred
to as N20 component, or N20 for short (Fig. 1.6). The N20 is thought to reflect the arrival at the
cortex of a volley of signals caused by the electrical stimulus (Tomberg and Desmedt 1999). A
butterfly plot may additionally show changes in the overall variation of the EEG (Fig. 1.7).

An often used ERP in clinical practice is theP300(Fonaryova Keyet al.2005). It is usually
elicited by a so-calledoddball paradigm, presenting two types of stimuli with different proba-
bilities in a random order, during an attention demanding task. The participant is required to
respond to the infrequent stimulus, usually by mentally counting or a button press. For example,
during an auditory oddball task, stimuli may consist of a majority of low tones (85%), randomly
alternated with high tones (15%) as the infrequent stimulus(Maurits et al. 2006). The name
‘P300’ refers to the characteristicpositive peak measured about 300ms after the stimulus. The
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Figure 1.6. Somatosensory evoked potential (SEP) , left-hand stimulation of the median nerve
(near the wrist). The average EEG over approximately 500 electrical stimuliis displayed for the
electrodes labeled P3 and P4 (attached near the left and the right parietalcortex, respectively).
The dotted line indicates the zero-level. The first negative peak for electrode P4, just after
20ms, is referred to as the N20.
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Figure 1.7. Butterfly plot, with superimposed SEPs for 128 electrodes. The EEG showslocal
maxima in the variation about 0.021s and 0.035s after the stimulus.(The pattern between
approximately 0.015 and 0.060s resembles a butterfly shape.)

P300 potential is also referred to as P3, i.e., the third positive peak after the stimulus. Nowa-
days, it is known that the P3 peak consists of an anterior (P3a) component and a posterior (P3b)
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component (Comerchero and Polich 1999).

1.1.6 EEG Analysis

For the analysis of EEG signals, we first briefly consider the time domain. Next, we indicate
how frequency domain and time-frequency domain analysis are employed to study rhythmical
activity.

Time Domain

Time domain analysis of EEG mainly involves the identification of positive and negative peaks
of interest and their amplitudes and latencies. Human experts (visual inspection) or automatic
methods can detect, e.g., specific (sequences of) peaks associated with epileptiform activity,
referred to as spikes and spike-and-wave complexes (Wilsonand Emerson 2002, Jergeret al.
2001).

Alternatively, the relationship between such simultaneously recorded signals can be analyzed
by computer. Cross-correlation is a classical measure for the interdependence between two time
series as a function of their delay time. The linearcross-correlationfor two time seriesx(t) and
y(t) as a function of time lagτ is (Peredaet al.2005)

Cxy(τ) =
∑N−τ

k=1 (xk+τ−µx)(yk−µy)
√

∑N−τ
k=1 (xk+τ−µx)2

√

∑N−τ
k=1 (yk−µy)2

, (1.1)

wherext and yt denote discrete sample values at timet with N the total number of discrete
samples,andµx andµy denote the average of both respective signals. Values ofCxy are in the
range[−1,1]. A valueCxy(τ) =−1 suggests a complete linear inverse correlation between signals
x(t) andy(t) for time lagτ, Cxy(τ) = 1 a complete linear direct correlation, andCxy(τ) = 0 a lack
of linear interdependence. A negative sign ofCxy indicates that both signals tend to have similar
absolute values but opposite signs. A positive sign ofCxy indicates that both signals tend to have
similar absolute values and the same sign. Although the value ofτ which maximizesCxy is often
used as an estimation of the delay between two signalsx andy, it cannot be directly interpreted
as the propagation time of, e.g., an electrical signal in thecortex (Peredaet al.2005).

Frequency Domain and Time-Frequency Domain

Theminimum frequencythat can be distinguished in a discrete time-varying signaldepends on
the segment lengthT (in seconds) and is equal to1T , which is also thefrequency resolution(the
minimum distance between two frequencies that can be distinguished). Themaximum frequency
that can be distinguished in the same signal depends on the sampling rateϕ (in Hz) and is equal
to ϕ

2 , according to the Nyquist-Shannon sampling theorem. Thesampling intervalis 1
ϕ s.

Frequency components of signals can be quantified in different ways. Spectral analysis can
decompose asingle signalinto its frequency components, e.g., using the Fourier transform. Let
x(t) be a zero-mean time series andxt again its discrete sample value at timet. A discreteFourier
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transformof thel th segment (l = 1. . .L) of lengthT from time seriesx at frequencyλ j is defined
as

d̂T
x (λ j , l) =

lT−1

∑
t=(l−1)T

e−iλ j txt , (1.2)

whereλ j are the Fourier frequencies (λ j = 2π j/T for j = 0. . .(T−1)/2).
Alternatively, a similarity measure can be formulated forsignal pairsas a function of fre-

quency. A common measure for this synchrony is coherence. Let y(t) be another zero-mean
time series, withyt denoting its discrete sample value at timet. The discretecross-spectrum̂fxy

between discrete time seriesx andy at frequencyλ j is defined, suppressing the dependency onl ,
as (Hallidayet al.1995)

f̂xy(λ j) =
1

2πLT

L

∑
l=1

d̂T
x (λ j , l)d̂T

y (λ j , l), (1.3)

where the overbar “−” indicates a complex conjugate. The discreteauto-spectrumis defined
similarly and is denoted bŷfxx(λ j). The coherenceĉλ j

as a function of frequencyλ for two

discrete time signalsx andy is defined as the absolute square of the discrete cross-spectrum f̂xy

normalized by the discrete autospectraf̂xx and f̂yy (Hallidayet al.1995):

ĉλ j
(x,y) =

| f̂xy(λ j) |
2

f̂xx(λ j) f̂yy(λ)
. (1.4)

Coherence has values in the interval[0,1], with ĉλ j
(x,y) = 0 indicating that both time series are

independent at frequencyλ j , whereas ˆcλ j
(x,y) = 1 indicates that both time series are maximally

linearly correlated at this frequency.
The cross-spectrum for largeT (andλ j 6= 0) has a form similar to the complex covariance

parameter (cov{A,B} = E{(A−E{A})(B−E{B})} which reduces to cov{A,B} = E{AB} for
zero-mean processesA andB) and can be interpreted as the covariance at frequencyλ j . Be-

cause correlation is defined as corr{A,B} = cov{A,B}
var{A}var{B} , the coherence ˆcλ j

can be regarded as a
correlation of two signals at a frequencyλ j .

Synchronous electrical activity in different brain regions is generally assumed to imply func-
tional connectivity between these regions. Therefore, EEGcoherence, calculated between signal
pairs recorded from electrodes attached at different positions, is employed for the study of func-
tional brain connectivity. EEG coherence can be regarded asthe correlation of two electrode
signals at a certain frequency.

The frequency content of an EEG signal changes over time. To follow these changes, one
segment can be divided into multiplewindowswhich commonly have the same width and over-
lap. The center of a window associated with a time step is systematically adapted in amoving
windowapproach. When the frequency content of consecutive (moving) windows is quantified,
this approach is referred to as time-frequency analysis. Examples of time-frequency analysis
include the short-time Fourier transform (Zhanet al. 2006) and the wavelet transform (Adeliet
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al. 2003, Bartniket al. 1992, Glassman 2005, Zhanet al. 2006). There is always a trade-off
between a high time and a high frequency resolution, due to the effects of segment length on the
frequency resolution and the minimum frequency.

1.2 Visualization

Within the field of visualization, three (partially overlapping) areas are distinguished.Scientific
visualizationinvolves data representing physical phenomena.Information visualizationrepre-
sents more abstract data.Visual analyticsuses interactive visual interfaces to support analytical
reasoning. Alternatively, visualizations can be classified by their application (e.g., medicine,
geography and cartography, fluid flow, astronomy), data type(e.g., scalar, vector, tensor, multi-
variate, time-varying, relational), or interaction technique (e.g., zooming, linked views).

Here, we discuss visualizations related to the data types for time domain and frequency do-
main EEG. Time domain multichannel EEG concerns one time series per electrode and can be
considered astime-varying multivariate data(Section 1.2.1). Correlation in the time domain is
not considered in this thesis. Frequency domain analysis ishere restricted to the study of func-
tional brain connectivity using EEG coherence. EEG coherence analysis results inrelational
datafor pairs of electrode signals, typically represented bygraphs(Section 1.2.2).

The discussion is here restricted to some basic representations for the data types under con-
cern, not intending to give a complete overview of the visualization of time-varying, multivari-
ate, or relational data. More specific visualizations are discussed when relevant in the following
chapters.

1.2.1 Multivariate and Time-Varying Data

The visualization of time-varying and multivariate data ischallenging. Sometimes, time is con-
sidered to be just another dimension.

Time series

The oldest known visualization of time-varying data is a time series plot dating from the tenth or
eleventh century, showing multiple inclinations of planetary orbits as a function of time (Tufte
1983). This visualization implies a natural ordering for the time scale, because if a time step
t is visualized between two other time stepsta and tb (with ta < tb), it means thatta < t < tb.
Nowadays, the time series plot is the most popular of all graphic representations. Examples are
the conventional EEG and the averaged EEG, each with one horizontal time axis per electrode
(Figs. 1.1 and 1.6), and the butterfly plot with multiple electrode signals in combination with one
time axis (Fig. 1.7).

Other options for time-varying data are animations insteadof static visualizations (Ware
2004). Further, cyclic time has other characteristics thanlinear time and offers other possibilities,
such as a circular layout (M̈uller and Schumann 2003).
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Pixel-Oriented

One approach to represent large quantities of any type of data is to map each data value to the
color of the smallest element of a screen, a pixel. This approach is referred to as pixel-oriented
(or screen-filling, or dense pixel) technique. Different pixel orderings (row by row, column by
column, or recursive patterns) can be applied (Keim 2000).One drawback is that the number
of pixels cannot easily be extended.Moreover, relations between data elements might be lost
by their ordering on the screen. For example, on a screen with1500× 2000 pixels, there is
no suitable ordering for elements representing 3 million consecutive time steps, such that two
elements are displayed close to each otherif and only ifthe two elements are close to each other
in time.

Scatter Plot, Projection Pursuit, and Grand Tour

A scatter plot(Fig. 1.9) shows relations between two dimensions of a dataset, showing for
each data vector one symbol (e.g., dot, cross) at the position corresponding to the values in the
two selected dimensions. Whereas scatter plots are restricted to two-dimensional projections,
projection pursuit and grand tour similarly show series of static lower-dimensional projections
and animations of lower-dimensional projections, respectively. Projection pursuitselects those
static projections which are interesting according to a criterion based on the choice of the user
(Huber 1985), while ignoring other projections.Grand tour(Asimov 1985) is supposed to rep-
resent all possible projections, however, it may miss the most interesting projections. Moreover,
for a large number of dimensions the number of possibly interesting projections may be large.

Tabular Layout

A contingency table sets out features along rows and columnsand shows relations between row
and column features. Visualizations of such tables often use a tabular (or matrix) layout. Each
table (or matrix) entry visualizes the relation between thecorresponding row and column fea-
tures. For example, an EP (or ERP) image for EEG sets out EPs (orERPs) along rows and
time steps along columns (Junget al. 2001). A procedure to plot EP images is available in
EEGLAB (Delorme and Makeig 2004). Each table entry is a square with an electrical potential
value mapped to a gray value (Fig. 1.8). This technique can beapplied to any table with scalar
values, provided that the number of rows and columns does notexceed the vertical or horizon-
tal screen resolution. A similar example from bioinformatics is referred to as Eisen plot, with
genes along rows and time steps along columns, and gene expression mapped to a color (Eisen
et al.1998).

Other tabular layouts visualize more than one data value pertable entry. In a so-calledscat-
ter plot matrix, the dimensions for anN-dimensional dataset are set out along both rows and
columns, with one scatter plot for each pair of dimensions (Fig. 1.9). It is an appropriate rep-
resentation, given the human ability to observe patterns for the identification of interesting rela-
tionships between pairs of dimensions. However, there may be a higher-dimensional relationship
which is not directly visible.
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Figure 1.8. ERP image for the electrode labeled Cz. Sixteen P300 responses (rows) are color-
coded separately. At the bottom, a time series of the (average) ERP is shown.

Whereas the previously mentioned tabular layouts use regularly spaced table entries, others
vary row and column width. For example, table lens allows users to increase the area of table
entries of interest while preserving the context of all other (smaller) table entries (Rao and Card
1994). A mosaic display visualizes table entries as tiles whose visual area depends on the part of
the data represented (Friendly 2002).

However, there areN(N−1)
2 table entries to inspect forN dimensions. Moreover, if there is

no optimal one-dimensional ordering of the dimensions, then there is no optimal ordering of the
dimensions along the rows and columns of a tabular layout.

Glyphs

A graphical object calledglyph (or icon) conveys multiple data values at a single position (not
a single pixel) (Ward 2002, Schroeder and Martin 2004, Ware 2004). A simple illustration is a
glyph called whisker (Fig. 1.10, left). Each data value is represented by a line segment connected
to a central point (with a longer line segment for a higher value). Consecutive data values are
separated by a certain angle. An extension of the whisker is called star plot (or star glyph)
(Ware 2004), showing a line connecting the ends of the line segments (Fig. 1.10, right).

Glyph positioning and the use of large numbers of glyphs, resulting in a visual texture, are
important issues to consider (Ward 2002, Ware 2004). The number of data values to convey with
one glyph is not easily extended without losing an overview.
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Figure 1.9. Scatter plot matrix for four dimensions corresponding to four electrodes (labeled
F3, F4, P3, P4, from top to bottom and from left to right). Each matrix elementis a scatter
plot. Data represent 100 time steps of an (averaged) SEP, in this example following electrical
stimulation of the median nerve near the left wrist. High values for F3 and F4 and low values
for P3 and P4 co-occur, and vice versa.

Figure 1.10. A whisker representing an eight-dimensional data vector (left) and its correspond-
ing star plot (right).

Parallel Coordinates, Circular Coordinates, and Extruded Parallel Coordinates

The parallel coordinate method (Inselberg 1985) represents each data dimension as a (usually)
vertical axis. For anN-dimensional vector(x1,x2, ...,xN), N uniformly spaced parallel axes are
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used. To display a single vector, each vector element is indicated by a dot at the corresponding
vertical axis, and all dots for a single vector are connectedby a single polyline (Fig. 1.11).

T3 C3 Cz C4 T4

−3.5

3.1

0

µV

Figure 1.11. Parallel coordinate representation for two five-dimensional vectors, each of which
represents one time step. The data have been recorded from five EEG electrodes simultaneously
(labeled T3, C3, Cz, C4, and T4). For each vector, one polyline is drawn. The voltage (µV) is
set out vertically (see scale on the left).

Circular coordinates organize multiple axes as spokes in a wheel (Siegelet al.1972), result-
ing in an organization similar to whiskers and star plots. Infact, a star plot can be considered
as a circular coordinate plot for one polyline, with axis length depending on the value in the
corresponding dimension. Extruded parallel coordinates use a two-dimensional organization of
parallel axes, which are orthogonal to the plane that intersects the middle of all axes (Wegenkittl
et al.1997). The same axis organization is referred to as three-dimensional parallel coordinates
in a more recent publication (R̈ubel et al. 2006), whereas Ware (2001) would probably refer
to it as 2.5D parallel coordinates. Additional features mayrepresent the variation of data vec-
tors along an axis (Hauseret al. 2002, Yanget al. 2003, Stumpet al. 2003) or between axes
(Johanssonet al.2007).

Although the axes can theoretically be put in any desired order, in practice the ordering might
affect the data analysis. Further, the use of a large number of polylines causes visual clutter.
Solutions include the visualization of clusters of polylines (Fuaet al. 1999). An extension of
parallel coordinates to three-dimensional space potentially adds occlusions.

1.2.2 Relational Data: Graphs

A graph (or network) consists of vertices (or nodes) and edges (connecting pairs of vertices). A
graph can be represented by an adjacency matrix, with vertices organized along both the rows
and the columns. A matrix entry then indicates an edge value for the corresponding vertex pair.

Straightforward graph visualizations display vertices asdots and edges as lines (Fig. 1.2).
In graph layouts, vertex and edge densities can be so high that individual vertices and edges
cannot be distinguished. Moreover, edges and vertices can obscure each other and other visual
information. Multiple solutions exist to reduce such cluttering, e.g., changing the layout of the
vertices (Fruchterman and Reingold 1991) or the edges (Wonget al. 2003). Other solutions
vary visual attributes of vertices and edges (Srinivasanet al.1999, Hermanet al.2000, Chenet
al. 2003, Wonget al.2003, Salvadoret al.2005a).
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Alternatively, mathematical methods are employed to recognize groups of similar vertices,
i.e., graph clustering. However, there is no single algorithm that produces the best clustering
for any application. Therefore, a wide variety of graph clustering methods exists with quality
depending on the application (van Dongen 2000).

1.3 Thesis Contribution & Organization

This thesis describes new visualizations tailored for the use with multichannel EEG. One is for
time domain analysis, the other for frequency domain analysis of EEG.

For the time domain (time-varying multivariate data), Chapter 2 introduces an EEG visualiza-
tion based on a tiled organization of parallel coordinates.The so-calledtiled parallel coordinate
(TPC) mapuses one tile per electrode and schematically preserves electrode positions by using
a two-dimensional tabular layout of these tiles. For time steps of interest, potentials measured at
all electrodes are visualized by parallel coordinates. Meanwhile, potentials measured for other
time steps are preserved as a context. Time information is preserved by linking the TPC map
with conventional time series visualizing the overall variation of the EEG. The TPC map is as-
sessed by both a qualitative evaluation and a user evaluation. Contrary to other methods, the TPC
map is able to visualize the combination of a large number of electrodes with many time steps.
In comparison with an existing clinical EEG visualization method, the TPC map is found to be
faster without a loss of information for a typical EEG assessment task.

Frequency domain analysis on the basis of EEG coherence, employed for the study of func-
tional brain connectivity, is discussed in Chapter 3. A method is presented for data-driven co-
herence analysis which is designed for the use with multichannel EEG. In a graph representing
EEG coherence, the method detects data-driven regions of interest (ROIs) referred to as func-
tional units (FUs). For individual dataset analysis, a so-calledFU mapvisualizes the coherence
between FUs. In comparison with other data-driven visualizations of multichannel EEG coher-
ence, the FU map strongly reduces visual clutter. Additionally, two group maps are employed for
group analysis of multichannel EEG coherence. First, thegroup mean coherence mappreserves
dominant features from a collection of individual FU maps. Second, thegroup FU size map
visualizes the average FU size per electrode across a collection of individual FU maps. The FU
map and both group maps all preserve electrode locations.

This new method for multichannel EEG coherence analysis based on the FU map for individ-
ual analysis combined with both group maps is applied in Chapter 4 to a mental fatigue case study
without hypotheses. Contrary to a hypothesis-driven approach which depends on previous exper-
iments, our method leads to a selection of data-driven ROIs and coherences of interest between
those ROIs which are specific for the actual experiment. It summarizes extensive experimental
results which otherwise would be very difficult and time-consuming to assess.

Chapter 5 provides a summary of this thesis and conveys conclusions. Finally, directions are
indicated for future research.



Chapter 2

Design and Evaluation of Tiled Parallel
Coordinate Visualization of Time-Varying
Multichannel EEG Data

Abstract

The field of visualization assists data interpretation in many areas, but doesnot manage
all types of data equally well. This holds in particular for time-varying multichannel EEG
data. No existing method can successfully visualize simultaneous information from all chan-
nels in use at all time steps. To address this problem, a new visualization method is pre-
sented, based on the parallel coordinate method and making use of a tiled organization.
This tiled organization employs a two-dimensional row-column representation, rather than
a one-dimensional arrangement in columns as used for classical parallel coordinates. The
usefulness of the new method, referred to as tiled parallel coordinates (TPC), is demon-
strated by a particular type of EEG data. It can be applied to an arbitrary number of time
steps, handling the maximum number of channels currently in use. An extensive user eval-
uation shows that, for a typical EEG assessment task, data evaluation by theTPC method
is faster than by an existing clinical EEG visualization method, without loss of informa-
tion. The generality of the TPC method makes it widely applicable to other time-varying
multivariate data types.

2.1 Introduction

Huge amounts of data are generated in many areas of research.Visualization methods can be used
to make these data more comprehensible. However, some typesof data are not manageable by
existing methods. In particular, large quantities of time-varying multichannel electroencephalog-
raphy (EEG) data are not well handled by current methods. This chapter presents a visualization
method capable of simultaneously displaying information from more time steps and more chan-
nels than existing methods. It includes the results of a userevaluation of the method.

One of the general methods currently used to visualize high-dimensional data sets, the paral-
lel coordinate technique (Inselberg 1985), makes use ofN parallel axes forN-dimensional data



18 2.2 EEG Data

vectors. The axes can be ordered arbitrarily and an arbitrary number of dimensions can be dis-
played. However, as the number of data vectors becomes very large, the usefulness of the method
decreases.

Our new visualization method for time-varying multichannel EEG data is referred to as tiled
parallel coordinates (TPC). The TPC method is based on two principles that already have been
used separately for EEG data. The first is the ‘parallel coordinate’ principle, which has been used
to display time-voltage information, although the principle is not explicitly mentioned (Ruchkin
et al.1997). The second principle is a tiled layout, using a two-dimensional row-column arrange-
ment, which is an extension of the usual one-dimensional arrangement in columns for parallel
coordinates. The tiled layout has been used for EEG data to visualize time-frequency information
(Graimannet al.2002). However, the TPC method visualizes latency and amplitude information
instead. Moreover, the TPC method combines the tiled layoutwith parallel coordinates, making
information available across tiles.

The usefulness of the new method is demonstrated for one specific type of EEG data, so-
matosensory evoked potentials (SEPs). Students, researchers, and clinicians performed a task
with typical SEP assessment elements in an extensive user evaluation.

2.2 EEG Data

Before we show existing EEG visualization methods, we first present relevant properties of EEG
data.

2.2.1 Characteristics

During an EEG experiment, the electrical activity of the brain is measured using electrodes at-
tached to the scalp at different locations. These electrodes, which number up to 512 in current
practice, are often held in fixed positions by an elastic cap.Each electrode carries a unique
labeling by a combination of letters and digits (e.g. F3, Cz, P4, as in Fig. 2.4).

From all electrodes simultaneously, the electrical potential is measured at sampling rates
up to 2000Hz. A clinical experiment takes about 15 to 30 minutes, whereas some scientific
experiments can go on for hours (e.g. sleep experiments). During the experiments, stimuli (e.g.
light flashes) can be presented to the subject in order to evoke a specific brain response, the
so-called evoked potential (EP).

The measured signal from each electrode is amplified, resulting in one recording channel
for every electrode. If there are many electrodes (e.g. 64 or128), the term ‘multichannel’ or
‘high-density’ EEG is used.

An excellent overview of the EEG technique is given by Niedermeyer & Lopes da Silva
(Niedermeyer and Lopes da Silva 1987).
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2.2.2 Somatosensory Evoked Potential (SEP) Data

To illustrate the new method and some basic EEG visualization methods, we will use the so-
matosensory evoked potential (SEP), obtained by electrical stimulation of a nerve (Aminoff and
Eisen 1998); in our case, this is the median nerve (near the wrist of a subject). The average EEG
over approximately 500 electrical stimuli is called a SEP (Fig. 2.1). For a SEP, contralateral
brain activity is expected: for left median nerve stimulation, the response is expected mainly in
the right hemisphere, and vice versa. Positive and negativepeaks are identified in the SEP with
their amplitudes and latencies; these are called SEPcomponents(Fig. 2.1).

2.3 Existing EEG Visualization Methods

The overview of related work focuses on the number of time steps and electrodes which can be
handled, and the preservation of electrode positions.

2.3.1 Conventional EEG Representation

The conventional EEG representation consists of simple graphs, with time set out horizontally
and the measured voltage vertically. Per electrode, one graph is drawn (Fig. 2.1). It is also
possible to plot graphs for the voltagedifferencebetween two electrodes.

Time (s)

Figure 2.1. Conventional EEG representation for two electrodes, labeled P3 and P4 (SEP, left
median nerve stimulation). The dotted line indicates the zero-level. The first negative peak for
P4, just after 20ms, is referred to as the N20 component, or ‘N20’ for short.

A limited number of these graphs can be shown on a single screen, to be inspected by a
clinician or researcher for the presence of certain phenomena. Commonly, each graph displays a
time interval up to 10s. To inspect the EEG data, a clinician typically scrolls horizontally from
one marked event to the next.
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Several different orderings of the graphs can be employed (‘montages’ in EEG terminology).
To study more graphs than visible on the screen, vertical scrolling is necessary.

2.3.2 Butterfly Plot

Butterfly plots employ an organization of the data similar to the conventional EEG representation,
except that the signals for all electrodes are superimposed(Fig. 2.2). Butterfly plots can be used
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Figure 2.2. Butterfly plot, showing 100ms of SEP data, for 128 electrodes.

in analyses of multichannel evoked potentials. In the plots, specific moments in time stand out
at which the majority of the potentials have either a very large or a very small amplitude. Due to
the resulting clutter, single channels cannot be identifiedany longer.

2.3.3 Topographic Layout

Topographic layouts make use of the known electrode locations to display the voltages on a head
shape. The voltages can be extracted from one time step in a topographic map, or multiple time
steps in a topographic array. Generally, topographic layouts are perceived more naturally than
other layouts.

Topographic Map

This map displays information about the measured potentialat all electrodes for a single time
step. This information is color-coded and mapped to the corresponding electrode position on
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the scalp (Fig. 2.3). The voltage values are spatially interpolated and mapped to corresponding

Figure 2.3. Four topographic maps, including isolines (top view, nose on top). Notice the
mirror-symmetry between the two on the left (21 and 22ms after left median nerve stimulation)
and the two on the right (21 and 22ms after right median nerve stimulation).

colors. Sometimes isolines are included. A limited number of topographic maps can be explored
simultaneously.

It is not obvious which color scale should be employed. One reason is that the scale is
sensitive to electrode signals containing large-amplitude noise. Another reason is that human
perception lacks a natural sense for e.g. a rainbow scale (Tufte 1990, p. 92). Furthermore, con-
textual effects can cause misleading perceptions; contrast can be visually increased between sim-
ilarly sized adjacent regions, or contrast can be visually decreased between a large and a small
neighboring region. This is referred to as ‘simultaneous contrast’ and ‘assimilation’, respectively
(Smithet al.2001, McCamy 2003).

Topographic Array

To create a topographic array, the conventional EEG representation is displayed at the positions of
the electrodes. Usually, approximately one second of data and up to thirty graphs are visualized
(Fig. 2.4). Including more than this number of graphs results in a cluttered view. In general, it is
difficult to visually compare two graphs located at different positions.

2.3.4 EP Image

Generally, if two stimuli used to generate an EP are identical, then two nearly identical responses
are expected. However, from trial to trial responses may differ. To gain insight in the variability
between individual responses, an EP image displays multiple responses recorded at a single elec-
trode in a single image (Fig. 2.5). It uses the default (rainbow) color bar in EEGLAB (Delorme
and Makeig 2004). The responses can be put in any desired order, and consecutive responses
are usually averaged. Such averaging, used to smoothen the image, obscures cases in which a
response deviates occasionally from other responses.

To compare responses recorded at two separate electrodes, several EP images can be pro-
duced. A procedure to plot EP images is available in EEGLAB, an open source Matlab toolbox
for analyzing EEG data (Delorme and Makeig 2004). The EP image is also referred to as ERP
(event-related potential) image (Junget al.2001).
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Figure 2.4. Topographic array, for left median nerve stimulation and thirty electrodes.Top
view, nose on top.

2.4 Tiled Parallel Coordinates for Multichannel EEG Data

We now present our new method for visualizing multichannel EEG data, based on the combina-
tion of parallel coordinates with a tile-wise organization. Each electrode corresponds to a tile.
EEG data recorded fromN electrodes simultaneously are represented by oneN-dimensional vec-
tor per time step. Each vector element corresponds to a potential measured at one time-step at
one electrode.

2.4.1 Review of the Parallel Coordinate Method

The parallel coordinate method (Inselberg 1985) shows eachdata dimension as a (usually) verti-
cal axis. For anN-dimensional vector(x1,x2, ...,xN), N uniformly spaced parallel axes are used;
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Figure 2.5. EP images for the electrode labeled P4 (SEP, left median nerve stimulation).Top:
EP image without smoothing; 207 responses are color-coded separately.Bottom: Smoothened
image. The average of twenty consecutive responses is color-coded.Below both EP images,
the average EP is shown.

these axes can theoretically be put in any desired order, butin practice the ordering might affect
the data analysis. To display a single vector, each vector element is indicated by a dot at the
corresponding vertical axis, and all dots for a single vector are connected by a single polyline
(Fig. 2.6, 2.7).

The axes can be left out of this parallel coordinate visualization without loss of information
(Tufte 1983, p. 129). The polylines may be replaced under certain conditions. If the number of
polylines is low, then all dots for one data vector can be replaced by a symbol, with different
symbols (e.g., colored icons) for different polylines. In that case, the connecting polyline can be
omitted and data vectors can still be identified by these symbols. Nevertheless, it requires less
effort to study the difference between the data vectors if polylines are shown. If the polyline den-
sity is so high that individual polylines cannot be distinguished, then polylines can be replaced
by a visualization of their density.
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Figure 2.6. Parallel coordinate representation for two five-dimensional vectors, each of which
represents one time step. For each vector, one polyline is drawn. The datahave been recorded
from five EEG electrodes simultaneously (labeled T3, C3, Cz, C4, and T4). The voltage (µV)
is set out vertically.
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Figure 2.7. Parallel coordinate representation for 100 time steps and the same number of
electrodes as in Fig. 2.6.

Extra information can be added via a special design of the axes (Yanget al. 2003). Other
methods similar to parallel coordinates are circular coordinates (Siegelet al.1972), which are re-
ferred to as star glyphs in XmdvTool, and extruded parallel coordinates (Wegenkittlet al.1997).
The circular coordinates organize the axes as spokes in a wheel. The extruded parallel coordi-
nates are organized as a two-dimensional plane in three-dimensional space; in three-dimensional
space, occlusions are inevitable. A few other methods are dedicated to cluster visualization based
on parallel coordinate plots (Fuaet al. 1999, Arteroet al. 2004). However it is not our current
aim to find clusters in EEG data.

Various online sources offer possibilities to use parallelcoordinates for visualizing data,
such as GGobi (http://www.ggobi.org ) and XmdvTool (http://davis.wpi.edu/

˜ xmdv).

2.4.2 Tile Design

The new visualization method displays EEG data features on tiles, one tile for each electrode.
These features are derived from the amplitude distributionper electrode.

Minmax Plot

For every electrode, there is one tile. A minmax plot displays the minimum and maximumpoten-
tial per tile (Fig. 2.8). As the white area on a tile displays a quantity, it has some resemblance to a

http://www.ggobi.org
http://davis.wpi.edu/~xmdv
http://davis.wpi.edu/~xmdv
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mosaic display (Friendly 2002), which allows the tile height, width, and position to be varied. In
contrast, the minmax plot only has a variable height. We havenot normalized tile sizes, but used
a single scale for all tiles (see the top left tile, Fig. 2.8).This simplifies comparisons between

T3 C3 Cz C4 T4
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3.1

0

µV

Figure 2.8. Minmax plot containing five tiles, showing the extreme values for five electrodes.
For the 100 data vectors shown in Fig. 2.7, the intervals containing no vectorelements are
excluded (dark area). The remaining area stays white. The amplitude scaleis indicated with a
dashed line on the left, while the zero-level is indicated with a dotted line.

tiles.

Density Map

Parallel coordinates can show the distribution of the data per axis for a limited number of data
vectors. To maintain insight in the data distribution for very large numbers of data vectors, two
types of polyline density visualizations are employed. Thefirst type uses histograms to show
the distribution of the polylines along the parallel axes. These histograms can be superimposed
on the vertical axes (Hauseret al. 2002) or can be plotted separately beneath the axes (Stump
et al. 2003). The second density visualization type does not only replace the polylines by their
densities along the axes, but also replaces the polyline density between the axes. Consequently,
this type depends on the order of the axes. Examples are density plots, introduced by Wegman
(Miller and Wegman 1991), and frequency plot (Arteroet al. 2004). A cluster visualization
technique (Fuaet al.1999) is also of the second type.

Our method belongs to the first type, replacing the polylinesalong each axis by their density,
and not between the axes. It does not explicitly show a histogram, but instead codes the histogram
with gray scale values, resulting in a more intuitive density map (Fig. 2.9). Here, the gray value
indicates the local density of the polylines along the axis,with dark gray representing a high and
white a low density. Depending on the data characteristics,inverted gray scales or color scales
can be employed.

Combination of Parallel Coordinates, Minmax Plot and Density map

The gray scale density map leaves “visual space” for the additional use of color (Tufte 1997,
p. 76). Therefore, the features represented by the minmax plot and the density map can be used
as context features in a parallel coordinate data representation (Fig. 2.10).
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Figure 2.9. Density map, combined with minmax plot, for the data in Fig. 2.7, reflecting
the distribution of the polylines along the vertical axes (dark gray for high,light gray for low
densities).
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Figure 2.10. Combination of parallel coordinates, the minmax plot, and the density map.

For a polyline corresponding to a particular moment in time,one can observe whether a
measured value occurred frequently at a channel (the polyline crosses a dark gray region), or
rarely (the polyline crosses a light region).

For the example in Fig. 2.10, a separate routine was used to find the time-steps to be rep-
resented by parallel coordinates. This routine looks for local maxima in the global field power
(GFP), which is a measure for the overall variation in the electric potentials (Junget al. 2003).
Large variations are associated with large changes in brainactivity and are therefore assumed to
be clinically relevant.

2.4.3 Tiled Parallel Coordinates

Instead of a one-dimensional arrangement of the tiles in columns, they can also be organized in
a two-dimensional row-column representation. As each tilerepresents one electrode, the tiles
are displayed at corresponding positions on a head shape. Werefer to this as a tiled parallel
coordinate (TPC) map. Note that the physical position of the electrodes does not correspond
exactly to a regular grid, causing some tiles to be empty.

Two TPC maps are shown in Fig. 2.11, one for left-hand and one for right-hand stimulation.
For both stimulations, two time instants are indicated by red and blue polylines. There is an
overall voltage difference between left-hand and right-hand stimulation. Large amplitudes are
mainly found on the side contralateral to stimulation. Further, per TPC map, many electrodes
show contrasting amplitudes for the two selected time instants (red minima in combination with
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Figure 2.11. Two TPC maps, both offering a top view of 58 electrodes (nose on top) andshow-
ing EEG data for left and right median nerve stimulation, respectively. Eachtile corresponds to
one electrode. The red and blue polylines correspond to two time steps. In the GFP plots below
the TPC maps, the corresponding instants are indicated on the time axis in the samecolors. For
healthy persons, the left-hand and right-hand image are expected to be mirror-symmetric with
respect to each other.

blue maxima, and vice versa). Comparing left median nerve stimulation to right median nerve
stimulation, extreme values which are on the colored polylines for left-hand stimulation have
correspondingly colored extreme values on the contralateral side for the right-hand stimulation.
Finally, the polylines colored correspondingly for both sides occur around the same time instants:
for the red polyline, 0.021s left versus 0.022s right; for the blue polyline, 0.036s left versus
0.041s right.

A mirror symmetry in time and amplitude distribution is observed between the two TPC
maps, for a healthy person. For patients with a certain type of neurodegenerative disease, this



28 2.5 Qualitative Evaluation

Table 2.1. Scores for the basic EEG visualization methods.

Time Channels
Methods No.1 Order No.2 Order

a convent. EEG •• •• •• •
b butterfly plot •• •• •••
c topogr. map •• • ••• ••
d topogr. array •• •• •• ••
e EP image •• •• •• •
f par. coord. •• •• •
g tiled par. coord. ••• • ••• ••
1No. of time steps: • 1; •• ∼1,000; ••• ∼100,000.

2No. of channels:• 1; •• 1-30; ••• 30-128.

mirror symmetry may be distorted, which makes this visualization method potentially useful for
clinical application.

The TPC method can easily handle 128 electrodes for both left-hand and right-hand stimuli
(256 electrodes in total) on a single screen. A TPC plot displaying information from 116 scalp
channels illustrates this in figure 2.12. Furthermore, the TPC maps are capable of representing
many more polylines than the 100 polylines used here (of which two are explicitly shown).

2.5 Qualitative Evaluation

To evaluate all EEG visualization methods mentioned in thischapter, we present an overview of
scores for four criteria. First, the number of time steps that can be visualized is indicated. Second,
we assess the clarity of the time order. Third, the number of channels that can be properly
analyzed is indicated. Finally, we express whether or not the spatial order of the channels is
preserved. In table 2.1, the scores for all visualization methods are summarized. Scores have
been assigned qualitatively and are indicated by black dots, ranging from no dots for the lowest
to three dots for the highest score.

We observe that the tiled parallel coordinate visualization method can display the most time
steps. The density maps together with the minmax plot can in fact include information for an ar-
bitrary number of time steps. However, the TPC method has lost an explicit time order, although
some chronological ordering is preserved by showing the corresponding instants in the GFP plot.
Note that focus and context techniques can make the GFP plot suitable for more time steps.

Concerning the visualization of the electrode locations, methodsb,c, andg in table 2.1 can
incorporate the maximum number of electrodes currently in use, whereas the topographical meth-
odsc,d, andg best preserve the explicit electrode ordering.
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Figure 2.12. TPC map for left-hand stimulation showing 116 channels. The same data set
has been used again and the same time-steps are shown with connected lines asin figure 2.11.
Locations where no electrodes were attached have been marked as ‘xx’. For each time-step,
these have been assigned the averaged value over their neighbors.

2.6 User Evaluation

To carry out a user evaluation of the TPC method for multichannel EEG visualization, we com-
pared it with an existing clinical multichannel visualization method to which we refer asstan-
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Table 2.2. Mean experience (in months) of participants in the user evaluation with the basic
visualization methods.

Method Students Researchers Clinicians
conv. EEG1 19 177 120
butterfly1 4 42 20
topogr. map1 12 111 24
GFP plot2 2 12 12
1Part of the standard method.

2Part of the TPC method.

dard method. The new method employed a single-page (size A4) visualization of TPC maps in
combination with global field power (GFP) plots (Fig. 2.11).The standard visualization method
consisted of a combination of conventional EEG representations (one page, cf. Fig. 2.1), butterfly
plots (one page, cf. Fig. 2.2), and topographic maps (two pages, cf. Fig. 2.3).

2.6.1 Goal

Typically, SEPs are assessed on the basis of latencies, amplitudes, and their symmetries. Our
main aim was to find out how fast the TPC method is in comparisonwith the standard method for
such an assessment, and how much information both visualization methods provide. In addition,
we evaluated users opinions.

2.6.2 Participants

Twelve people participated in the evaluation, divided intothree groups with different levels of
experience with EEG assessment: five PhD or master students (‘students’), fourEEGresearchers
(‘researchers’), and three clinical EEG experts (‘clinicians’). All of the participants indicated
their consent, allowing the observer to make voice recordings. They were instructed to work fast
and accurately.

Table 2.2 shows the experience of the participants with eachof the basic visualization meth-
ods which are part the evaluation. Researchers and clinicians are more experienced than students.
Participants did not have much experience with the GFP plot,that is part of the TPC method.
They had more experience with the basic methods which are part of the standard method. None
of the participants had any practical experience with TPC maps.

2.6.3 Data

Sixteen different somatosensory evoked potential (SEP) data sets were visualized with both the
standard and the TPC method: five data sets obtained from healthy controls, six from corticobasal
degeneration (CBD (Monzaet al.2003)) patients, two from progressive supranuclear palsy (PSP
(Miwa and Mizuno 2002)) patients, and three from patients with other diagnoses.
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Four SEP components were selected as targets. The components are labeled N20, P25, N30,
and P40. The label N20 is an abbreviation for anegative component, with an expected latency
of 20ms. Other labels have similar meanings. Clinically, only thefirst of the components, the
N20, is typically studied. However, later components may also have clinical value (Rappaportet
al. 1993, Aminoff and Eisen 1998, Bostantjopoulouet al.2000, Miwa and Mizuno 2002, Monza
et al.2003).

2.6.4 Task

During the evaluation, identical tasks were performed by the participants with both visualization
methods. During a single task, three items had to be filled in for each of the four selected
SEP components. They consisted of the latencies for the left-hand and right-hand responses
and the mirror symmetry between this left-hand and right-hand response (figs. 2.3, 2.11). The
latencies were given in milliseconds. A value for the mirrorsymmetry was scored on a five
point rating scale, varying from ‘not symmetric at all’ (-2), via ‘neutral’ (0), to ‘very symmetric’
(+2). In addition, the overall mirror symmetry was assessed. Hereafter, we simply refer to mirror
symmetry as symmetry.

In summary, a single task consisted of filling in eight latencies, four related symmetry values,
and one overall symmetry value. Three TPC and three standardvisualizations were shown after
each other. Participants started alternately with the TPC method or the standard method.

Each participant saw a subset of the collection of sixteen data sets. A single participant
completed as many tasks with the standard method as with the TPC method. Five participants
completed twelve tasks, seven completed eighteen tasks. Toensure that participants did not
recognize data sets, each participant saw the same data set at most once with each visualization
method. The order of the data sets for each participant was determined semi-randomly, such that
on average two out of three tasks were completed with the samedata set for both the TPC and the
standard method, and such that in every three data sets at least one data set was from a healthy
control and one from a CBD patient. Each data set was seen by at least two participants. Because
data sets were presented in this semi-random way, only 66 data sets were studied with both the
TPC and the standard method and included in the following analyses.

2.6.5 Measurements

The following two items were measured for each participant and each task.Time consumption
is defined as the time difference between receiving the printouts and filling in the last item on a
form, minus the amount of time spent on questions during the task.Informationis defined as the
total number of latencies which was filled in (max. 8).

To test differences in time consumption, we performed a paired sample t-test. Differences
in information, in symmetry assessment, and in subjective ratings were tested with a Wilcoxon
paired sample test. Strengths of linear relationships weremeasured by Pearson’s correlation
coefficient (Zar 1999).

Additionally, it would have been interesting to measure theaccuracy of the information, i.e.
the accuracy of the latencies. However, there is no gold standard to determine latencies.
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2.6.6 Subjective Evaluation

A written post-test questionnaire (Rubin 1994, p. 199) provided quantitative ratings for several
evaluation criteria. Participants were also given the opportunity to indicate any visualization
element they liked or disliked, and to express ideas for future functionality.

2.6.7 Results

Objective Evaluation

One of the main evaluation aspects was time consumption. Overall, the TPC method was faster
than the standard method (t-test,p < 0.0005). The time consumed with both the TPC method
(mean M=163) and the standard method (M=277) was highly variable (with standard deviations
SD=75 and SD=137, respectively). Also within each group (Fig. 2.13) the TPC method was
faster (t-test: studentsp < .0005; researchersp < .0005; cliniciansp = .002).

Figure 2.13. Box-and-whisker plots for the timing consumption per group. An outlier (o) is
more than 1.5 times the interquartile range away from the box, an extreme value (*) more than 3
times. Labels of outliers indicate the data type.

The temporal performance showed that per individual participant there was not much differ-
ence in time consumption between tasks, but that there were clear differencesbetweenindividu-
als (see Fig. 2.14). Especially between the clinical experts there are large differences; from the
fastest to the slowest clinical expert, the professional experience with conventional EEG is 20,
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Figure 2.14. Scatter plots with different symbols for different participants. Horizontallythe
time consumption using the standard method is indicated, vertically the time consumptionus-
ing the TPC method.Every symbol represents one case.Symbols tend to cluster, implying
individual scoring differences between participants. Most of the symbols are below the line
(y = x), indicating that the TPC method was faster in most cases.

7, and 3 years, respectively. The time consumption using theTPC method correlated positively
with the time consumption by the standard method (Pearson’sr = .674,p < .01).

The other main evaluation aspect was information. There wasno indication that the two
visualization methods provided different amounts of information (Wilcoxon paired sample test,
p = .306).

In Fig. 2.15, scatter plots illustrate the relation betweentime consumption and information.
For the TPC method, there was no relation between the amount of information and the time
consumption. On the other hand, only for students using the standard method, there was a pos-
itive relation between the amount of information and the completion time (Pearson’sr = .572,
p < .01).

There was no difference between the time consumption regarding data sets of healthy controls
or patients, neither for the standard method, nor for the TPCmethod.

Considering the assigned symmetry values, we expected data sets of healthy controls to be
very symmetric, and those of CBD patients to be less symmetric.For these two data types, there
was generally no difference between both visualization methods in the symmetry assessment.
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Figure 2.15. Relation between time consumption and information, for the standard method
(left) and the TPC method (right). Regression lines are displayed separately for students (solid),
researchers (dot-dashed), and clinicians (dashed).

Only the N20 symmetry of healthy controls was assigned a higher value with the TPC method
than with the standard method (Wilcoxon paired sample test,p = .047).

In clinical practice, differences between healthy people and patients are of prime importance.
Table 2.3 shows the symmetry assessment for the N20 component by clinicians, for healthy
controls and CBD patients separately. A clear difference was noticed. For the healthy controls,
the N20 symmetry values assessed with the TPC method were higher than or equal to the values
assessed with the standard method; for CBD patients it was the other way around. For the
students and the researchers, there was no such difference in assessing healthy controls or CBD
patients.

Table 2.3. Tables showing N20 symmetry for the TPC method along the rows and for the
standard method along the columns. Symmetry obtained for healthy controls (left) is in every
case atleastas positive for the TPC method as for the standard method. Symmetry obtained for
CBD patients (right) is in every case atmostas positive for the TPC method as for the standard
method.

standard
TPC assessed

symmetry
combination

-2 -1 0 +1 +2
+2 0 0 1 2 0
+1 0 0 1 3 0

0 0 1 1 0 0
-1 0 0 0 0 0
-2 0 0 0 0 0

healthy controls

-2 -1 0 +1 +2
+2 0 0 0 0 1
+1 0 0 0 2 1

0 0 0 1 1 0
-1 0 0 0 0 0
-2 0 0 0 0 0

CBD patients

Table 2.4 shows the mean latencies (M) and the standard deviations (SD) for each of the SEP
components, obtained from data sets of healthy controls. The values are grouped for the standard
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Table 2.4. Latencies (mean and standard deviation) for the four selected SEP components,
obtained from data of healthy controls.

standard. method TPC method
component M SD M SD
N20 L 21.5 0.91 21.4 0.90

R 21.4 0.88 21.0 0.79
P25 L 25.0 0.82 25.2 0.40

R 24.9 0.90 25.5 0.64
N30 L 32.8 5.00 33.2 3.45

R 33.3 5.52 31.7 3.58
P40 L 46.0 2.35 42.8 2.71

R 45.4 2.50 43.8 4.52

and the TPC method, and for left-hand (L) and right-hand (R) stimulation. No large differences
were observed between the means of the standard method and the TPC method.

Subjective Evaluation

The participants were on average positive on all of the subjective criteria from the post-test
form, for both methods. Differences were detected for only two criteria. Participants found
the TPC method simpler (Wilcoxon paired sample test,p = .033) and experienced it to be faster
(Wilcoxon paired sample test,p= .023), the latter in agreement with the objective time consump-
tion studied before. Between the two methods, there was no difference for the properties: clarity;
reliability; insightfulness; understandability; regular use (would you like to use this method more
regularly); confusion-causing; agreeability; and color use. Furthermore, participants indicated
that they would like both methods to be interactive and to give them an overview at a single
glance.

At the end of the evaluation, participants were asked to indicate which elements they liked
and which they disliked in each of the visualization methods. Table 2.5 shows elements which
were mentioned more than once. The topographic map was the favorite element of the standard
method, the TPC method was favored for its suitability to assess symmetry and its characteristic
to give an overview at a single glance. For the standard method the participants did not agree on
the practicality of the butterfly plot; for the TPC method they did not agree on the practicality of
the GFP plot.

Missed functionality was similar for both visualization methods. For the standard method,
two participants would have liked to see interactive linkedviews. For the TPC method, five
participants preferred to see interactivity.
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2.7 Discussion

In this chapter, we surveyed existing visualization methods used for EEG data and proposed a
new method, tiled parallel coordinate (TPC) maps, to visualize time-varying multichannel EEG
data. The new method combines parallel coordinate plots with a two-dimensional tile-wise ar-
rangement. Density maps in combination with minmax plots display contextual information,
while parallel coordinates provide a focus on time instantsof special interest. These special in-
stants are found by a separate routine, which detects the moments of maximal variation of the
electrode potentials.

Table 2.5. Liked and disliked visualization elements.

standard method* TPC method*

liked · topographic maps (6) · suitability symmetry assessment (4)
· butterfly plot (4) · single glance overview (4)
· single conventional graphs (2) · GFP plot (2)
· time information (2) · colored polylines (2)
· availability of several visualiza-

tions (2)
dis-
liked

· butterfly plot (6) · only local maxima in GFP (6)

· suitability symmetry assessment (2)· recognizability topographic map (3)
* Between parentheses, the number of participants indicating the item is shown. Recall that there were

in total 12 participants.

The TPC method summarizes one-dimensional time information maintaining all spatial infor-
mation, whereas other methods usually leave out part of the two-dimensional spatial information.
As a result, the new method can handle more electrodes and more time steps simultaneously than
existing EEG visualization methods. Although the TPC method has lost an explicit time order,
some chronological ordering is still preserved by using linked views showing the corresponding
time instants on a time axis. The two-dimensional topographic organization of the tiles corre-
sponding to the electrode locations results in a more natural ordering of the electrodes than is
possible with conventional parallel coordinates.

In a user evaluation, we compared the TPC method to a standardvisualization method for
multichannel EEG data. The participants were students, researchers, and clinicians. With both
visualization methods, identical tasks were performed. A task contained typical SEP assessment
elements, involving latencies, amplitudes, and their symmetries. Our main goal was to assess
the time consumption and the amount of information given by both methods. In addition, we
evaluated user opinions.

For the given task, the TPC method was on average about 40% faster than the standard
visualization method. This gain of speed was without loss ofinformation, even though the TPC
method only used a single page instead of the four pages required for the standard method.
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There were clear speed differences between the individual participants, but from task to task
there was not much difference within a single participant. For the TPC method, speed did gener-
ally not depend on the amount of information which was retrieved from the visualization. How-
ever, with the standard visualization method the speed sometimes decreased with an increasing
amount of information.

Reported symmetry values were usually similar for both visualization methods. However,
with the TPC method the assessed N20 symmetry values were different for healthy controls and
CBD patients. This might have clinical value, to distinguish healthy people from patients.

The subjective opinions about the TPC method were positive and comparable to the opin-
ions on the standard method, although the TPC method was new to all participants except one.
Considering simplicity, the TPC method was valued more highly. For the standard method the
participants did not agree on the practicality of the butterfly plot; for the TPC method not on the
GFP plot. For both visualization methods, interactivity was suggested to make these disagree-
ments disappear.

The most preferred visualization element of the standard method was the topographic map.
In the TPC maps on the other hand, the mapping of the activity was not that clearly recognized by
a few participants. This recognition might however be a matter of experience, as the participants
were familiar with the topographic maps from the standard method. The standard method was
disadvantageous for studying amplitude variances and assessing symmetry. On the contrary, the
best quality of the TPC method was to provide a quick overviewfrom which symmetry can be
assessed easily. The participants did not mention density maps as a (dis)liked element of the TPC
method. Notwithstanding, density maps contribute to the identification of artifacts.

The power of the TPC method lies in the combination of the contextual features (minmax
plot and density map) with selected polylines. For every electrode, it can be observed how large
an amplitude is at one time step, compared to the amplitudes at other time steps at the same
electrode, and compared to amplitudes at other electrodes.Alternatively, with topographic maps
it is hard to study one position across several similar topographic maps, and to compare two
positions in one map.

On the basis of this evaluation, we expect the TPC method to bevery effective for researchers
who study effects in healthy people. In addition, the methodmight be clinically useful. A future
improvement would be to make the TPC method interactive, by linking the two views containing
the TPC map and the GFP plot, and by implementing user-controlled brushing of time steps,
tiles, and amplitudes. This allows users to study both expected and unexpected effects in as
much detail as required.

Although our new method was developed in the area of EEG data visualization, it is poten-
tially useful for arbitrary time-varying multivariate data types.
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Chapter 3

Data-Driven Visualization of Multichannel
EEG Coherence with Functional Units

Abstract

Synchronous electrical activity in different brain regions is generally assumed to imply
functional relationships between these regions. A measure for this synchrony is electroen-
cephalography (EEG) coherence, computed between pairs of signalsas a function of fre-
quency. A typical data-driven visualization of electroencephalography(EEG) coherence
is a graph layout, with vertices representing electrodes and edges representing significant
coherences between electrode signals. A drawback of this layout is its visual clutter for
multichannel EEG. To reduce clutter, we define a functional unit (FU) as adata-driven re-
gion of interest (ROI). An FU is a spatially connected set of electrodes recording pairwise
significantly coherent signals, represented in the coherence graph bya spatially connected
clique. We present three methods to detect FUs. One is a maximal clique based (MCB)
method (time complexity O(3n/3), with n the number of vertices). Another is a more effi-
cient watershed based (WB) method (time complexity O(n2 logn)). To reduce the potential
over-segmentation of the WB method, the improved watershed based (IWB) method (time
complexity O(n2 logn)) merges basins representing FUs during the segmentation if they are
spatially connected and if their union is a clique. The WB and IWB method both are up to a
factor of 100,000 times faster than the MCB method for a typical multichannel setting with
128 EEG channels, thus making interactive visualization of multichannel EEGcoherence
possible. Results show that, considering the MCB method as the gold standard, the differ-
ence between IWB and MCB FU maps is smaller than between WB and MCB FU maps. We
also introduce two novel group maps for data-driven group analysis as extensions of the IWB
method. First, the group mean coherence map preserves dominant features from a collec-
tion of individual FU maps. Second, the group FU size map visualizes the average FU size
per electrode across a collection of individual FU maps. Finally, we employan extensive
case study to evaluate the IWB FU map and the two new group maps for data-driven group
analysis. Results, in accordance with conventional findings, indicate differences in EEG
coherence between younger and older adults. However, they also suggest that an initial
selection of hypothesis-driven ROIs could be extended with additional data-driven ROIs.
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3.1 Introduction

Electroencephalography (EEG) is a method to measure the electrical activity of the brain using
electrodes attached to the scalp at multiple locations. Synchronous electrical activity in different
brain regions is generally assumed to imply functional relationships between these regions. A
measure for this synchrony is EEG coherence, calculated between pairs of electrode signals as a
function of frequency (Hallidayet al.1995, Mauritset al.2006).

Related studies of functional brain connectivity use other noninvasive neuroimaging tech-
niques, including magnetoencephalography (MEG) (Bosboomet al. 2006, Chenet al. 2003,
Srinivasanet al.1999) and functional magnetic resonance imaging (fMRI) (Achardet al.2006,
Cordeset al.2002, Salvadoret al.2005b, Salvadoret al.2005a). A typical visualization of EEG,
MEG, and fMRI coherence, is a two-dimensional graph layout. Vertices represent electrodes,
superconducting quantum interference devices (SQUIDS), or fMRI regions of interest (ROIs),
respectively. Edges represent significant coherences between electrode signals, SQUID signals,
or fMRI-ROI time series, respectively. Vertices are commonly visualized as dots and edges as
lines. For multichannel EEG (e.g., (Kamiński et al.1997, Steinet al.1999)), MEG (e.g., (Chen
et al.2003, Srinivasanet al.1999)), and fMRI (e.g., (Achardet al.2006, Salvadoret al.2005b)),
this layout may suffer from a large number of overlapping edges, resulting in a cluttered visual-
ization.

In the case of EEG, the reorganization of vertex positions (Fruchterman and Reingold 1991)
to reduce clutter is not appropriate, because the electrodes have meaningful positions. Other so-
lutions reorganize edges or vary visual attributes of the edges (Wonget al. 2003, Hermanet al.
2000), but do not reduce the number of edges. Several methodsdivide EEG electrodes (Sarnthein
et al.1998, Gladwinet al.2006), MEG SQUIDS (Bosboomet al.2006), or fMRI voxels (Salvador
et al.2005a) into disjoint hypothesis-driven ROIs and study coherences within or between ROIs.
Other methods set out ROIs representing EEG electrodes (Kamiński et al. 1997, Franaszczuk
et al. 1994), MEG SQUIDS (Srinivasanet al. 1999), or fMRI-ROIs (Achardet al. 2006) along
rows and columns, thus obtaining a square contingency table. By arranging ROIs along rows and
columns of a matrix, the spatial relations are lost.

Visualization of multichannel EEG (at least 64 electrodes)is not always managed well (ten
Caatet al. 2005, ten Caatet al. 2007c, ten Caatet al. 2007d). Researchers often employ a
hypothesis-driven definition of certain ROIs in which all electrodes are assumed to record similar
signals because of volume conduction effects (Lachauxet al. 1999). As an alternative for the
hypothesis-driven approach, we introduce three methods todetect data-driven ROIs referred to
as functional units (FUs) (ten Caatet al.2007d). An FU is represented in the coherence graph
by a spatially connected clique. A clique is a vertex set in which every two-element subset is
connected by an edge. A cliqueC is maximalwhen it is not contained in any larger clique
(‘larger’ meaning having more vertices). Within one FU, each pair of vertices represents two
significantly coherent electrode signals. In any group of vertices other than a clique, there are
two vertices representing two electrode signals which are not significantly coherent. Because
larger ROIs are assumed to correspond to stronger source signals, larger FUs are considered
to be more interesting. Therefore, we focus on maximal cliques, with vertex sets as large as
possible.
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Our first FU detection method is a maximal clique based (MCB) method (ten Caatet al.
2007d). Our second method is a watershed based (WB) method that detects spatially con-
nected cliques in a greedy way (ten Caatet al. 2007e). However, it suffers from potential
over-segmentation problems. A third method is an improved watershed based (IWB) method
for FU detection. It merges FUs if they are spatially connected and if their union is a clique, thus
reducing over-segmentation obtained with the WB method. A functional unit map shows the FU
distribution for individual datasets. Each FU is a collection of Voronoi cells with identical gray
value, with different gray values for adjacent FUs. FUs are connected by a line if the average
coherence between FUs is significant.

In addition to individual dataset analysis, we introduce two new group maps for data-driven
group analysis of multichannel EEG coherence as extensionsof the IWB method. They serve
as a data-driven alternative for the common hypothesis-driven selection of coherences for group
analysis (Mauritset al.2006, Gladwinet al.2006, Knyazevaet al.2006). First, the group mean
coherence map preserves dominant features from a collection of individual FU maps. Second, the
group FU size map visualizes the average FU size per electrode across a collection of individual
FU maps. Results are reported for an extensive case study.

3.2 EEG Coherence

EEG can be recorded using currently up to 512 electrodes, labeled uniquely by a combination
of letters and digits (e.g., F3, Cz, P4, as in Fig. 3.1, right).A conductive gel is applied between
skin and electrodes to reduce impedance. The electrical potential is measured at all electrodes
simultaneously. The measured signals are amplified, resulting in one recording channel for every
electrode. If there are many electrodes, the term ‘multichannel’ or ‘high-density’ EEG is used.
As a result of volume conduction (Lachauxet al.1999), multiple electrodes can record a signal
from a single source in the brain. Therefore, nearby electrodes usually record similar signals.
Because sources of activity at different locations may be synchronous, electrodes far apart can
also record similar signals. A measure for this synchrony iscoherence, calculated between pairs
of signals as a function of frequency. The coherencecλ as a function of frequencyλ for two
continuous time signalsx andy is defined as the absolute square of the cross-spectrumfxy nor-
malized by the autospectrafxx and fyy (Halliday et al.1995), having values in the interval[0,1]:

cλ(x,y) =
| fxy(λ)|2

fxx(λ) fyy(λ) . The cross-spectrum and auto-spectrum can be interpreted as covariance
and variance as a function of frequency, respectively. An event-related potential (ERP) is an
EEG recording of the brain response to a sensory stimulus. Tocalculate the coherence for an
event-related potential (ERP) withL repetitive stimuli, the EEG data can be segmented intoL
segments, each containing one brain response. A significance thresholdφ for the estimated co-
herence is then given by (Hallidayet al.1995)

φ = 1− p1/(L−1), (3.1)

wherep is a probability value associated with a confidence levelα (p = 1−α). For an overview
of other common linear (and nonlinear) measures of synchrony, see (Peredaet al.2005).
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Figure 3.1. Left: Layout of a coherence graph (EEG frequency band 1-3Hz). Vertices rep-
resent electrodes, edges represent significant coherences between electrode signals, where the
significance threshold equals0.22 (corresponding top = 0.01). Edges are visualized as gray
lines, vertices as black dots. An edge is light gray if its value is in the range0.22< cλ < 0.37,
medium gray if its value is in the top 10% of the coherences (0.37≤ cλ < 0.91), and dark gray
if its value is in the top 1% (cλ ≥ 0.91). This corresponds to a common existing data-driven
visualization, showing cluttered edges.Middle: Histogram of the corresponding coherences
to illustrate the coherence distribution. Vertical lines (dash, solid, dot) indicate significance
thresholds associated with three probability levels (p = 0.10,0.05,0.01, respectively).Right:
Voronoi diagram with electrode labels in the corresponding cells. The convex hull of all elec-
trodes is shown as a boundary. To improve the readability, the Voronoi diagram is stretched
horizontally. Because the coherence computation is independent of distance, distances between
electrodes do not need to be preserved. However, spatial relationships between electrodes are
maintained.

3.3 Related Work

We discuss visualizations of functional brain connectivity obtained using the noninvasive neu-
roimaging techniques EEG, MEG, and fMRI. MEG commonly uses upto 512 SQUIDs to mea-
sure magnetic fields induced by electrical brain activity. Similar to EEG coherence, MEG coher-
ence is calculated between pairs of SQUID signals. fMRI measures time series of changes in
cerebral blood oxygenation levels in the brain. Often, fMRI researchers compute coherence (or
other similarity) values between mean time series for different ROIs which are commonly single
voxels or connected sets of voxels (Cordeset al.2002).

Although a comparison of the results obtained with different neuroimaging methods should
be made carefully (Horwitz 2003), the common underlying data representation for the differ-
ent types of connectivity is a graph. Therefore, we restrictthe comparison for the different
neuroimaging techniques to their graph visualizations andfocus on hypothesis-driven and data-
driven aspects. First, we consider EEG and MEG with typically up to 512 vertices, whose spatial
relations can be represented by a planar graph. Later, we consider fMRI with vertices commonly
representing thousands of voxels (Cordeset al.2002). The overview also includes general graph
drawing solutions.
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3.3.1 EEG and MEG

EEG and MEG coherence graphs have vertices representing electrodes and SQUIDS, respec-
tively. Most of the visualizations of EEG are applicable to MEG, and vice versa. For a two-
dimensional visualization of the vertices, often planar projections are used of the three-dimension-
al electrode or SQUID locations on the surface of a head, usually mapping vertices to a top view
of a head (e.g., Fig. 3.1, right), or sometimes to two separate side views of the left and right
hemisphere (Steinet al. 1999, Sarntheinet al. 1998). Such visualizations may suffer from a
large number of overlapping edges representing significantcoherences, resulting in a cluttered
visualization for multichannel EEG (e.g., (Kamińskiet al.1997, Steinet al.1999); Fig. 3.1, left)
or MEG (e.g., (Chenet al. 2003, Srinivasanet al. 1999, Tononi and Edelman 1998)). Exist-
ing solutions for the reduction of clutter involve an adapted visualization of the vertices and the
edges.

The layout of the vertices can be changed, e.g., by a force-directed placement (Fruchterman
and Reingold 1991). However, for EEG applications we prefer to maintain the spatial relation-
ship between the vertices representing electrodes, because electrodes have meaningful positions.
A different method uses an area dependent visualization of vertices of variable size (Archambault
et al.2006), but also does not preserve vertex positions. Other solutions vary (combinations of)
visual attributes of vertices and edges, e.g., transparency (Wong et al. 2003), color (Chenet
al. 2003, Srinivasanet al.1999, Achardet al.2006, Salvadoret al.2005b), saturation (Herman
et al. 2000), line width (Salvadoret al. 2005a, Hermanet al. 2000), and line style (Salvadoret
al. 2005a). Nevertheless, the presence of many overlapping edges maystill obscure other visual-
ization elements, or the superposition of differently colored lines might result in an undesired mix
of colors. Also the layout of the edges can be manipulated, e.g., by interactively curving away
edges from the focus of attention (Wonget al. 2003). This has the undesirable side-effect that,
in an already crowded field of view, the area which is out of focus will be even more crowded.
Moreover, to get a complete overview of the graph, every vertex (out of up to 512 vertices for
EEG coherence) has to be selected individually. Alternatively, elements (such as edges) can be
left out selectively (Chiricotaet al. 2003). Nevertheless, cluttered visualizations are even ob-
tained for restrictions to the top 5% coherences for only 66 MEG SQUIDS (Chenet al. 2003),
or the top 10% for 119 EEG electrodes (Fig. 3.1, left).

Existing analyses of multichannel EEG or MEG are hypothesis-driven. One method chooses
a regularly distributed subset of electrodes (Mauritset al. 2006), ignoring the majority of the
electrode signals. An MEG method divides channels into disjoint hypothesis-driven ROIs and
maps the average coherence within a ROI to a color (Bosboomet al.2006), ignoring coherences
between ROIs. A similar EEG method divides electrodes into four disjoint ROIs and studies
anterior-posterior connections between those ROIs (Sarntheinet al.1998). Another EEG method
divides (the majority of the available) electrodes into disjoint hypothesis-driven ROIs and studies
coherences between these ROIs across datasets (Gladwinet al. 2006), but it does not simulta-
neously visualize which electrodes are part of which ROI. However, the main disadvantage of
all these methods is the hypothesis-driven selection of thenumber and the positions of the ROIs
instead of a data-driven selection.

An existing EEG approach which is data-driven sets out up to 21 electrodes along both the
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rows and columns of a matrix as a tiled display (Kamiński et al.1997, Franaszczuket al.1994).
The result is a square contingency table showing coherence values for all possible electrode pairs.
Each table entry is a square in which coherence is displayed between the two corresponding
electrode signals as a function of frequency. By arranging the electrodes along the rows and
the columns of the matrix, the spatial relations are lost. Asa result, consecutive entries in the
table do not need to imply coherence between pairs of signalsrecorded at adjacent electrodes on
the scalp. Similarly, a square contingency table is createdfor 78 MEG SQUIDS sorted into four
hypothesis-driven ROIs (Srinivasanet al.1999) (left/right, anterior/posterior). Each table entryis
square with the coherence of the corresponding signals mapped to a color. A different data-driven
EEG approach first localizes dipoles corresponding to maximally independent components in
the data, and then calculates and visualizes coherence between dipole activities (Delormeet
al. 2002, Makeiget al.2004, De Vico Fallaniet al.2007). However, dipole source solutions are
not unique (Srinivasan 1999).

Another approach is restricted to local EEG coherence, which is defined as the coherence
between two spatially neighboring electrodes (Rappelsberger and Petsche 1988, Schacket al.
1999). It requires additional methods to study coherences between electrodes which are not
direct spatial neighbors. Another visualization creates amap of topographic submaps (Nolteet
al. 2004), with one submap for each electrode visualizing the coherence between itself and every
other electrode. It does not explicitly visualize coherence between electrodes by connecting lines.
As a consequence, every topographic submap (out of up to 512 submaps) needs to be studied
separately to obtain a complete overview. Another drawbackis that local coherences dominate
the visualization (Nolteet al. 2004). A subselection of two topographic submaps out of 128 is
made by Knyazevaet al. (2006), without providing a complete overview of all coherences.

3.3.2 fMRI

For fMRI coherence, usually a limited number of so-called seed (or reference) voxels is selected
on the basis of prior anatomical or functional information.However, the anatomy may be ab-
normal, and the choice of seed points may affect the results (Cordeset al. 2002). Nonetheless,
an individual seed point or a spatially connected set of voxels including a seed point is con-
sidered as a ROI having a (mean) time series. Vertices represent ROIs and can be visualized
three-dimensionally (Worsleyet al. 2005) or two-dimensionally. A two-dimensional visualiza-
tion uses, e.g., a planar projection of three-dimensional ROI positions or an approximation of
functional distances by graphical distances using metric multidimensional scaling (Salvadoret
al. 2005a). An edge represents a significant similarity between two ROI time series. The visual-
ization of edges as lines may lead to clutter (Achardet al.2006, Salvadoret al.2005b, Salvador
et al.2005a, Worsleyet al.2005).

Filtering edges may still lead to cluttered visualizations(Achardet al.2006). Other visualiza-
tions set out ROIs along the rows and columns, thus obtaininga square contingency table. Each
table entry is a square with a similarity value between the two corresponding signals mapped
to a color (Srinivasanet al. 1999, Achardet al. 2006). Existing data-driven graph clustering
algorithms include hierarchical cluster analysis (Cordeset al.2002) and independent component
analysis (ICA) (Delormeet al.2002, Makeiget al.2004, van de Venet al.2004). The result of
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hierarchical cluster analysis can be visualized as a dendrogram (Salvadoret al.2005a), showing
the ROIs as leaves of a binary tree, thus losing the spatial relations between the ROIs. Also, ROIs
can be visualized as colored volumes of interest (van de Venet al.2004) which may occlude each
other. For the same reason, we do not favor three-dimensional EEG visualizations. Alternatively,
ROIs can be visualized on anatomical slices (Cordeset al. 2002, Salvadoret al. 2005a, Sunet
al. 2004). However, a large number of two-dimensional slices isrequired to obtain a complete
overview of a three-dimensional volume. Sometimes, instead of an explicit visualization of the
connection between ROIs (e.g., with a line), all ROIs in one cluster are colored identically, with
different colors and/or separate slices for different clusters (Salvadoret al.2005a).

3.3.3 Conclusion

The overview of related work has concentrated on the requirements we posed on an EEG coher-
ence visualization: it should be (1) data-driven, (2) preserve electrode locations, (3) minimize
visual clutter, and (4) present an overview. Many of the discussed methods still suffer from vi-
sual clutter or relocate vertices and edges and therefore donot meet requirement (2) or (3). On
the other hand, existing methods which do meet requirements(2,3) are hypothesis-driven, thus
failing to meet our requirement (1). In summary, the method proposed in this chapter combines
a number of features which no single technique currently provides.

3.4 Data Representation

3.4.1 Experimental Setup

Here, brain responses from two groups of five younger (34±10 years, mean± standard devi-
ation) and five older (62±8 years) adults are studied, which were recorded using an EEGcap
with 119 scalp electrodes. During a so-called P300 experiment, each participant was instructed
to count target tones of 2000Hz (probability 0.15), alternated with standard tones of 1000Hz
(probability 0.85) which were to be ignored. After the experiment, the participant had to report
the number of perceived target tones. For each dataset, brain responses to 20 target tones were
recorded inL = 20 segments of 1s. EEG coherence is influenced by the choice ofreference. We
chose to use an average reference, which is a close-to-optimal approximation to a reference-free
recording in the case of 128 electrodes (Mauritset al.2006, Nunezet al.1997).s

A procedure from Neurospec was adopted to compute the coherence (www.neurospec.
org ). We first averaged over segments and then over adjacent spectral lines in predefined fre-
quency bands. Frequencies between 1 and 30Hz are typically studied clinically. We calculated
the average coherence within five EEG frequency bands (1-3, 4-7, 8-12, 13-20, and 21-30Hz),
because EEG synchrony varies with frequency (Mauritset al.2006, Nunezet al.1997). For 119
electrodes, in total 7021 coherence values were computed per frequency band. If the conduc-
tive gel accidentally connected two adjacent electrodes, very high coherences were measured.
Coherences higher than 0.99 were therefore ignored. Typically, this threshold value eliminates
approximately 0.01% of the coherences. Note also that usingEqn. 3.1 for determining signif-

www.neurospec.org
www.neurospec.org
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icance levels is a coarse approximation, since it does not take the number of spectral lines per
band into account. However, this approximation only overestimates the significance level, and
does not influence the visualization method itself.

3.4.2 EEG Coherence Graph

The data are represented by acoherence graphwith vertices representing electrodes. Coher-
ences above the significance threshold (Eqn. 3.1) are represented by edges, coherences below
the threshold are ignored. To determine spatial relationships between electrodes, a Voronoi dia-
gram is employed which partitions the plane into regions of points with the same nearest vertex
(Voronoi 1908). For EEG data, the vertex set equals the set ofelectrode positions (Fig. 3.1, right).
The vertices are referred to as (Voronoi) centers, the region boundaries as (Voronoi) polygons.
The area enclosed by a polygon is called a (Voronoi) cell. We call two cellsVoronoi neighbors
if they have a boundary in common. A collection of cellsC is calledVoronoi-connectedif for a
pair φ0,φn ∈C there is a sequenceφ0,φ1, ...,φn of cells inC with each pairφi−1,φi consisting of
Voronoi neighbors. Cells, vertices, and electrodes are interchangeable for the use with the terms
“Voronoi neighbor” and “Voronoi-connected”.

3.5 FU Detection

Whereas there are many unsupervised graph clustering methods, e.g., hierarchical clustering and
ICA (see Section 3.3), our choice is motivated by the type of cluster we desire. As a result
of volume conduction (Lachauxet al. 1999), multiple electrodes can record a signal from a
single source. Consequently, a spatially connected set of electrodes recording similar signals is
considered as a data-driven ROI (a cluster). Such a ROI is referred to as functional unit (FU) and
is represented in the EEG coherence graph by a clique consisting of a set of spatially connected
vertices.

Recall that larger ROIs are assumed to correspond to strongersource signals and are consid-
ered to be more interesting. Therefore, our first method for FU detection is primarily based on
the detection of maximal cliques (Bron and Kerbosch 1973, Tomita et al. 2006). We adapt this
method to detect spatially connected sets of vertices (ten Caatet al.2007d). Our second method
for FU detection is based on watersheds, an efficient method for detecting spatially connected
segments (Roerdink and Meijster 2000). We adapt this method to detected cliques in a greedy
way (ten Caatet al. 2007e). However, it does not avoid the oversegmentation problem well-
known for watersheds. A third method, also based on watersheds, reduces over-segmentation.

3.5.1 Maximal Clique Based (MCB) Method

Maximal Cliques

Bron and Kerbosch (B&K) (Bron and Kerbosch 1973) developed a method to detect all maximal
cliques in a graph. It first branches the problem, and bounds unsuccessful branches. Its recursive
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procedure maintains three dynamic vertex sets:

• the setcompsubcontains an increasing or decreasing clique;

• the setcandidatescontains vertices that are connected to all vertices incompsuband that
can be added tocompsub;

• the setnot contains vertices that are connected to all vertices incompsuband that were
added tocompsubpreviously.

At each call of the procedure, the first vertexv from the setcandidatesis selected, and
is added tocompsuband removed fromcandidates. Next, newcandidatesis the intersection
of candidatesand the neighborhood ofv. Similarly, newnotis the intersection ofnot and the
neighborhood ofv. If both newcandidatesandnewnotare empty, thencompsubis a maximal
clique. This procedure is repeated recursively with local setsnewcandidatesandnewnot, until
the candidate set is empty. In case the procedure is not repeated withnewcandidatesandnewnot,
the vertex most recently added tocompsub(vertexv) is removed fromcompsuband added to
not. If any vertex innewnotis connected to all vertices innewcandidates, then it is known that
this vertex will never be removed fromnot and this branch is bounded.

An alternative selection of vertexv is more efficient if there is a large number of overlapping
cliques (Bron and Kerbosch 1973). From the setcandidates, the vertexv∗ is selected that has
the largest number of connections with the other vertices incandidates. If there are more such
vertices, then one of these is randomly selected. Further, it is assured thatv∗ is not connected to
the vertex just added tonot.

The worst-case time complexity for detecting all maximal cliques isO(3n/3), with n the num-
ber of vertices, because 3n/3 is the highest number of cliques (Tomitaet al. 2006). In practice,
performance of maximal clique detection strongly depends on graph structure (Wood 1997).

Voronoi-Connected Maximal Cliques

We extend the B&K method such that it only detects maximal cliques consisting of Voronoi-
connected vertices. The three dynamic vertex sets are maintained, but the setcandidatesis split
into a setcurrentcandand a setcomplcand.

• The setcurrentcandcontains the candidates that are Voronoi neighbor of at least one ele-
ment incompsub; only these can be added tocompsubat the current step.

• The setcomplcandis the complement ofcurrentcandin candidates.

At each call, the element fromcurrentcandwhich has the largest number of connections with
the other candidates (currentcand∪ complcand) is added tocompsub. Let this element bev′.
The setnewcurrentcandis the intersection ofcurrentcandand the neighborhood ofv′ (in the
coherence graph), united with the Voronoi-neighbors ofv′ in complcand. The setnewcomplcand
is the intersection ofcomplcandand the neighborhood ofv′ (in the coherence graph), minus the
Voronoi-neighbors ofv′ in complcand. The set(new)notis maintained as before. This is repeated
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until newcurrentcandis empty. Ifnewnotis also empty, thencompsubis a Voronoi-connected
maximal clique.

Fig. 3.2 illustrates maximal clique detection with the B&K algorithm (A and B) and Voronoi-
connected maximal clique detection with the MCB method (C), for a graph with the adjacency
matrix shown in Table 3.1. The first B&K iteration has an emptynot set (A). One of the later
recursive iterations of the B&K method returns to the initialsituation with all vertices in the
candidatesset (not shown), puts the selected vertex labeledc in the not set (B1), and selects
the vertex with the highest degree in thecandidatesset (B2). Whereas the B&K method detects
maximal cliques which can consist of more than one spatial component (A5), the MCB method
detects spatially connected cliques instead (C4). (For the MCB method, the use of thenot set is
the same as for the B&K method and is therefore not explicitly illustrated.)

The following detailed description contains (row, column)references to Fig. 3.2.C5. Ver-
tex positions. Vertices are spatial neighbors if they are 4-connected (e.g., the spatial neighbors
of vertexd are verticesa, e, andg). A. Iteration of B&K maximal clique detection with empty
not set. It starts with all nine vertices in the set candidates (not illustrated).A1. Then the vertex
c with the highest degree (following Table 3.1) is first added to compsub; its adjacent vertices
are incandidates. (Vertices not part of any set are shown as a black dot.)A2-A4. At every
next step, the vertex with the highest degree incandidates, let us sayv, is added tocompsub.
(In the case of A3 and A4, multiple vertices have the highest degree and verticesg and f are
selected randomly, respectively.) Further, vertices not adjacent tov are removed fromcandidates
(the removed vertices are denoted byΓc(v)). This continues untilcandidatesis empty. AtA2,
v= b, Γc(v) = {d}; atA3, v= g, Γc(v) = {e}; atA4, v= f , Γc(v) = {h}; atA5, v= i, Γc(v) = /0.
Now,compsub= {b,c, f ,g, i} is a maximal clique, becausecandidates= /0 (andnot= /0). B. A later
iteration for B&K maximal clique detection returns to the situation preceding A1 with all vertices
in the candidates set, and puts the first selected vertexc into thenot set.B1. Vertexc which was
previously selected first (see A1) is now in thenot set.B2-B4.Similar to A2-A4.B5. Similar to
but different from A5, this leads to a situation withcandidates= {b, f ,g, i}, andnot = {c}. This
implies that the maximal clique{b,c, f ,g, i} has been found before.C. MCB Voronoi-connected
maximal clique detection with same starting point as A (withnot = /0). C1. The vertexc with the
highest degree is first added tocompsub; its adjacent vertices (see Table 3.1) are incurrentcand
if they are a spatial neighbor ({b, f}), or otherwise incomplcand. C2-C4. At every next step,
the element fromcurrentcandwhich has the largest number of connections with the other candi-
dates (currentcand∪ complcand) is added tocompsub. The spatial neighbors ofv′ in complcand
(denoted byΛ(v′)) are moved fromcomplcandto currentcand. Further, vertices not adjacent
to v′ are removed from bothcurrentcandandcomplcand(the removed vertices we denote by
Γc(v′)). This continues untilcurrentcandis empty. AtC2, v′ = b, Λ(v′) = {e}, Γc(v′) = {d};
at C3, v′ = f , Λ(v′) = {i}, Γc(v′) = {h}; at C4, v′ = i, Λ(v′) = /0, Γc(v′) = {e}. C4. comp-
sub= {b,c, f , i} is a spatially connected maximal clique, becausecurrentcand= /0 (andnot = /0).
Remaining vertices incomplcandare in the adjacency list of all vertices incompsubbut are not
a spatial neighbor of any vertex incompsub.
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Table 3.1. Adjacency matrix for verticesa throughi in Fig. 3.2 (1 (0) means (not) connected).
Diagonal entries are zero, meaning that vertices are not self-connected.

a b c d e f g h i
a 0 0 0 1 0 0 0 0 0
b 0 0 1 0 1 1 1 1 1
c 0 1 0 1 1 1 1 1 1
d 1 0 1 0 0 0 0 0 0
e 0 1 1 0 0 1 0 0 0
f 0 1 1 0 1 0 1 0 1
g 0 1 1 0 0 1 0 1 1
h 0 1 1 0 0 0 1 0 0
i 0 1 1 0 0 1 1 0 0

1 2 3 4 5

A

B

C
a b c
d e f
g h i

compsub
candidates

not
currentcand

complcand

Figure 3.2. Illustration of maximal clique detection with the B&K algorithm for an iteration
with an emptynotset (A) and an iteration with a non-emptynotset (B), and Voronoi-connected
maximal clique detection with the MCB method (C), for a graph with adjacency matrix as in
Table 3.1. For explanation, see text.

FU Labeling

Every vertex can be part of multiple (Voronoi-connected) maximal cliques. To assign a unique
label to every vertex, a quantitytotal strength Sfor an undirected (sub)graphG= (V,E) is defined
as the sum of all edge values (ten Caatet al.2007d):

S(G) = ∑
i, j
{c(vi ,v j) | vi ,v j ∈V : j > i}. (3.2)

This value is not normalized for the size ofE. Consequently, if two graphs have an equal average
coherence, the graph with more vertices has a higher total strength. Next, all cliques are queued
in decreasing order by their total strength. Then the following labeling procedure is repeated,
until there are no more cliques or until all vertices are labeled. The first clique is removed from
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the queue, and all its vertices are assigned a unique label and are removed from the other cliques.
If necessary, the changed cliques are separated into Voronoi-connected components. For all
changed cliques, the total strength is recomputed before they are put in the appropriate position
in the sorted queue. After completion of the labeling procedure, every set of identically labeled
vertices is an FU.

3.5.2 Watershed Based (WB) Method

As an alternative to the MCB method, we present a greedy methodapproximating maximal
cliques on the basis of the watershed transform (Roerdink andMeijster 2000). In the usual
watershed algorithm, a subset of all local minima is selected as markers. Markers are labeled
and are associated with basins. Basins contain vertices withthe same label as the correspond-
ing marker and are extended as follows, using the watershed implementation based on ordered
queues (Beucher and Meyer 1993). The first vertexv is removed from a queue of vertices sorted
in decreasing order of priority. Every unlabeled neighborv′ of v receives the same label asv and
is put into the queue with a priority depending on the value ofv′, but not higher than the priority
of v. This continues until the queue is empty.

Now we modify the usual watershed transform in order to obtain spatially connected sets
of electrodes, where all electrodes in a given set have recorded mutually significantly coherent
signals. This modification concerns two steps in the watershed transform: (i) choice of mark-
ers; (ii) use of an edge queue instead of a vertex queue. We explain these two points in more
detail.

First, we define a marker as an electrode recording a signal that is locally maximally coherent
with signals of its spatially neighboring electrodes. Because the EEG coherence graph has edge
values instead of vertex values, we first assign a coherence value to each vertex by computing the
average of the edge values between this vertex and all its Voronoi neighbors. Then, we select all
vertices which are local maxima as markers to be associated with basins, because those vertices
are locally maximally similar to their spatially neighboring vertices. Note that we chooseall local
maxima as markers, instead of a small subset as is usually done when the watershed algorithm
is applied to digital images. In our case the over-segmentation problem is less severe, because
the number of electrodes is an order of magnitude smaller than the number of pixels in an image.
If the number of basins (i.e., clusters) found is still too large, we can suppress basins below a
certain size in a post-processing step.

The second point concerns the type of queue we use. Whereas theusual queue-based im-
plementation of the watershed transform applied to digitalimages uses a vertex queue sorted in
increasing order of value (Beucher and Meyer 1993), we use an edge queue sorted in decreasing
order of coherence value. (The vertex values are only used for defining the markers.) In case
the coherence graph has multiple identical edge values (which did not occur for our datasets), an
ordered queue consisting of queues with identically valuedelements can be used, as for digital
images which usually contain multiple identically valued vertices (Beucher and Meyer 1993).

The WB method for greedy Voronoi-connected clique detectionmaintains the following dy-
namic vertex sets.
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• bsni contains a sorted list of the vertices in basini.

• L(v) contains the basin label of vertexv.

• adjCohBsni contains a list of vertices (sorted by vertex number) which are adjacent toeach
of the vertices inbsni in the coherence graph.

• queuecontains edges in decreasing order. When vertexv receives a label, an edgee =
(v,v′) is added toqueuefor each unlabeled Voronoi neighborv′ of v, provided that the
corresponding edge value exceeds the significance threshold (Eqn. 3.1).

(Step 1) The edge queue is initialized with edges (corresponding with a significant coherence)
between markers and their Voronoi neighbors. The first edge(v,v′) in this queue corresponds
to the highest similarity (coherence) between any vertexv′ outside and a Voronoi neighboring
vertexv inside a basin. Therefore, vertexv′ is the first candidate to be added to a basin.

(Step 2) The main procedure consists of the following steps.Remove the first edge, saye=
(v,v′) from queue. In case vertexv′ was also labeled between the insertion and removal ofe=
(v,v′), nothing is done and the procedure continues with a new edge.Otherwise (v′ is unla-
beled), there are two cases. (i) In casev′ ∈ adjCohBsnL(v) (ln. 19), v′ receives labelL(v) and
(ii) adjCohBsnL(v) is replaced by its intersection with the neighborhood ofv′ in the coherence
graph (ln. 21); (iii)v′ is added tobsnL(v) (ln. 22); (iv) queueis extended with the edges be-
tweenv′ and its Voronoi-neighbors (ln. 23-27), provided that corresponding edge values exceed
the significance threshold. In the other case, ifv′ /∈ adjCohBsnL(v), v′ is not labeled (yet). This
procedure is repeated untilqueueis empty. Each basin then corresponds to an FU.

The time complexity of the WB method isO(n2 logn), with n the number of vertices (ten
Caatet al.2007e), which can be seen as follows. Step 1 consists of creating a sorted edge queue,
so has complexitynlogn, because the order of the number of edges between Voronoi neighbors is
the same as the order of the total number of edges in a planar graph (which isO(n)). In step 2, the
following steps are executedO(n) times with sorted vertex sets of at mostn vertices: (i) binary
search for the presence of a vertex in a vertex set (O(logn)); (ii) binary search for the insertion of
a vertex into a vertex set (O(logn)); (iii) intersecting two vertex sets (O(n)); (iv) insertion of at
mostn edges into the sorted queue(O(nlogn)). Step (iv) has a higher time complexity than (i)-
(iii). Therefore, the time complexity for step 2 (O(n2 logn)) is higher than for step 1 (O(nlogn)),
which makes the total time complexity of the WB method equal toO(n2 logn).

3.5.3 Improved Watershed Based (IWB) Method

Over-segmentation is a potential problem of the WB method. Toreduce over-segmentation, two
spatially neighboring FUs are merged if their union is a clique in the coherence graph. To obtain
the improved watershed based (IWB) algorithm (Alg. 1) we insert lines 11-15 and lines 29-
42 in the pseudocode of the WB algorithm (see also (ten Caatet al. 2007e)). In words, the
difference between the WB and IWB method is the following. In case vertexv′ was labeled
between the insertion and removal ofe= (v,v′), nothing is done if the label ofv′ is equal to the
label ofv. Otherwise (L(v′) 6= L(v)), see line 29), the following steps are executed consecutively
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Figure 3.3. IWB FU map (EEG frequency band1-3Hz, dataset young 5). Top view, nose on
top. Left: A circle with a cross inside indicates the geographic center of all Voronoi centers
belonging to one FU and has the same gray value. The geographic center can be located in a
cell not belonging to the corresponding FU.Middle: The same FU map, but only with FUs
larger than5 cells. White Voronoi cells are part of smaller FUs.Right: Lines connect FU
centers if the inter-FU coherence exceeds the significance threshold (Eqn. 3.1). The color of
the line depends on the inter-FU coherence (see color bar, with minimum corresponding to the
coherence thresholdφ ≈ 0.22 for p = .01). Lines are drawn in the order from low to high
inter-FU coherence values.

(for notation purposes, defineψ asL(v′)): (i) check if all vertices inbsnL(v) are inadjCohBsnψ,
and vice versa (line 32). (ii) ReplacebsnL(v) by the union of itself withbsnψ, because their
union is a spatially connected clique in the coherence graph(line 33); (iii) all vertices inbsnψ
receive the labelL(v) (lines 34-36); (iv)adjCohBsnL(v) is replaced by the intersection of itself
with adjCohBsnψ (line 37); (v)bsnψ andadjCohBsnψ are made empty (line 38).

In the algorithm, the operationinsertEdgeSort(e(v,v′),queue)inserts edgee(v,v′) into the
appropriate position in a edge queuequeuewhich is decreasingly sorted by edge value; similarly,
insertVSort(v,vqueue)inserts vertexv into the appropriate position in vertex queuevqueuewhich
is decreasingly sorted by vertex number;dequeue(queue)returns and removes the first edge from
an edge queuequeue; intersect(.,.) gives the intersection of two sorted vertex sets;merge(.,.)
gives the union of two sorted vertex sets (without duplicates);setInSet(V ,V′) returns ‘true’ if the
sorted vertex setV is a subset of the sorted vertex setV ′, and ‘false’ if not. The size of a vertex
set is denoted by| . |.

One adaptation further improves the average performance inpractice. A matrixbsnMatis
created with the basins set out along the rows and the columns, and is initialized with only
ones (lines 11-15). If two spatially neighboring basinsbi andb j together are not a clique, then
bsnMat(bi ,b j) andbsnMat(b j ,bi) are set to zero (line 40). In that case, basinsbi andb j cannot
be merged later either, and lines 31-41 are skipped the next time thatbi andb j are candidates to
be merged.

The difference between the WB and the IWB method affects the time complexity as follows.
(i) line 32: the check to see if one sorted list is part of another has time complexityO(n). Each
of the next steps also has time complexityO(n) for sorted lists of vertices of at most length
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n: (ii) line 33: taking the union of two sorted lists, (iii) lines 34-36: labeling a list, (iv) line 37:
intersecting two sorted lists, (v) line 38: making lists empty. Steps (i)-(v) are executedO(n) times
(recall that the order of the number of edges between Voronoineighbors inqueueis O(n)). Thus,
the time complexity of the IWB adaptation isO(n2) and the time complexity for the complete
IWB algorithm is the same as for the WB method, i.e.,O(n2 logn).

3.6 FU Visualization

3.6.1 FU Map for Individual Dataset Analysis

FU Map Coloring

An FU map visualizes each FU as a set of Voronoi cells with identical gray value, with different
gray values for adjacent FUs. The problem of coloring the FUscorresponds to the coloring of a
plane graph, assigning different colors to adjacent vertices. Humans can detect one color among
a total of about five to seven different colors rapidly and accurately (Healey 1996), whereas there
can be more than five FUs. However, for any plane graph, four colors are sufficient (Robertson
et al.1996).

To find a four-coloring of the FUs, the FUs are sorted by their number of neighboring FUs,
from high to low. From a set of four available colors, each FU is assigned (one by one) a
color different from its neighbors. If there are already four different colors among its neighbors,
there is an impasse. To solve the impasse, we make use of ac-d Kempe chain, which is a
connected component of a colored graph with vertices colored c or d. Interchanging the two
colors in a Kempe chain is referred to as Kempe chaining (Morgenstern and Shapiro 1991). This
is executed randomly with neighbors of the impasse FU, untilthe impasse is solved. If this
does not terminate within a certain number of attempts, thenthe FUs are sorted randomly before
restarting the coloring procedure.

Instead of four different colors, we use four different graylevels (Fig. 3.3, left, middle).
Because larger FUs are considered to be more interesting, only FUs larger than 5 cells are con-
sidered. White Voronoi cells are part of smaller FUs.

FU Map Connections

Given the FUs, we define theinter-FU coherence c′ at frequencyλ between two functional units
W1 andW2 as the sum of the coherence values between one vertex inW1 and the other vertex in
W2, scaled by the total number of edges betweenW1 andW2 (ten Caatet al.2007d):

c′λ(W1,W2) =
∑i, j{cλ(vi ,v j) | vi ∈W1,v j ∈W2}

|W1| · |W2|
. (3.3)

Here, |Wi| indicates the number of vertices inWi. Note that coherences between any pair of
vertices are taken into account, to normalize for the size ofthe FUs.
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Algorithm 1 WB pseudocode with adaptations (ln. 11-15, 29-42) to obtain the IWB method.
INPUT: V is the vertex set;marker(i)= markeri; c(v,v′) = coherence(v,v′) = c(v′,v);

adjCohv = {v′ ∈V | c(v,v′) ≥ φ}; φ = sign. threshold; adjVorv = {v′ ∈V | v′ ∈ Vor.-neighborsv & v′ ∈ adjCohv};
{adjCohv, adjVorv are both sorted by vertex number}

OUTPUT: bsni is basini (i.e., an FU) sorted by vertex number
INITIALIZATION :
1: queue← /0 {queue of edges}
2: for all v∈V do
3: L(v)← 0 {L(v) = label of vertexv}
4: end for
5: for i = 1 to |marker| do
6: bsni ← marker(i); v← marker(i); L(v)← i; adjCohBsnL(v) ← adjCohv
7: for all v′ ∈ adjVorv do
8: insertEdgeSort(e(v,v′),queue)
9: end for

10: end for
11: for i = 1 to |marker| do
12: for j = 1 to |marker| do
13: bsnMat(i, j)← 1 {IWB modification}
14: end for
15: end for
MAIN :
16: while queue6= /0 do
17: e(v,v′)← dequeue(queue)
18: if L(v′) = 0 then
19: if v′ ∈ adjCohBsnL(v) then
20: L(v′)← L(v)
21: adjCohBsnL(v)←intersect(adjCohBsnL(v),adjCohv′ )
22: bsnL(v)← insertVSort(v′,bsnL(v))
23: for all v∗ ∈ adjVorv′ do
24: if L(v∗) = 0 then
25: insertEdgeSort(e(v′,v∗),queue)
26: end if
27: end for
28: end if
BEGIN IWB
29: else
30: if (L(v′) 6= L(v)) and (bsnMat(L(v′),L(v)) 6= 0) then
31: ψ← L(v′)
32: if setInSet(bsnL(v),adjCohBsnψ) andsetInSet(bsnψ,adjCohBsnL(v)) then
33: bsnL(v)←merge(bsnL(v),bsnψ)
34: for all w′ ∈ bsnψ do
35: L(w′)← L(v)
36: end for
37: adjCohBsnL(v) ← intersect(adjCohBsnL(v),adjCohBsnψ)
38: bsnψ = /0; adjCohBsnψ = /0
39: else
40: bsnMat(L(v),ψ)← 0; bsnMat(ψ,L(v))← 0
41: end if
42: end if
END IWB
43: end if
44: end while
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A line is drawn between FU centers if the corresponding inter-FU coherence exceeds a thresh-
old (Fig 3.3, right). We consistently choose this thresholdto be equal to the significance thresh-
old (Eqn. 3.1), as we already used this threshold to determine the initial graph.

3.6.2 Data-Driven Group Analysis

FU maps differ from individual to individual, making group analysis difficult. Therefore, we
develop a data-driven method for group coherence analysis which detects common features in
a collection of individual FU maps. Group coherence analyses are commonly based on group
means of coherences of interest. We show how our data-drivenROIs, i.e., the FUs, lead to a
data-driven selection of coherences of interest.

Group Mean Coherence Map

We define agroup mean coherence graphas the graph containing the mean coherence for every
electrode pair computed across a group, with vertices representing electrodes and edges contain-
ing coherence values. To obtain a data-driven coherence visualization for a group, the group
mean coherence graph is thresholded, maintaining only the edges with a value exceeding the
coherence threshold (Eqn. 3.1). Next, an FU map is created for the group mean coherence graph,
referred to asgroup mean coherence map.

Group FU Size Map

A group FU size map visualizes the average FU size for every electrode across a group, based on
the FU maps for every individual dataset. The average FU sizesof an electrodev is computed as

s(v) = ∑
all datasets

{|W| | v∈W}
#datasets

. (3.4)

with W the FU containingv in every FU map. The values for an electrode is mapped to the
gray value of its corresponding Voronoi cell, similar to a (gray scale) topographic map (ten Caat
et al. 2007c). Lighter gray is used for higher average FU sizes, as highervalues commonly
correspond to lighter gray in gray scale images.

Consequently, a light Voronoi cell indicates that the corresponding electrode is on average
part of large FUs.

3.7 Results

Throughout this section, we usep = 0.01. The corresponding coherence threshold isφ ≈
0.22 (Eqn. 3.1).
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3.7.1 FU Map

For a comparison of FU maps obtained with the three differentFU detection methods, see
Fig. 3.4. FU maps for the five datasets in each group and each ofthe five frequency bands
are shown in Fig. 3.5 to 3.8 for the MCB and IWB method.

FU detection with the (non-optimized) MCB method was faster for smaller FU sizes, taking
approximately 1s for datasets with small FUs, and up to 2h forthe dataset with the largest FU.
FU detection with the (non-optimized) WB method took around 0.04±0.02s (max. 0.14s) and
with the (non-optimized) IWB method around 0.05±0.04s (max. 0.25s). Consequently, the WB
and IWB methods are up to a factor of 100,000 times faster than the MCB method for this typical
multichannel EEG setting with 128 channels.

Because the MCB method is assumed to obtain the most interesting FUs corresponding to the
strongest source signals (Section 3.5), it is here considered as the gold standard. We compared
the WB and the IWB method with the MCB method, and made an illustrative selection of seven
(out of fifty) cases for a detailed discussion (Fig. 3.4). Theselection includes those settings (a
combination of participant and frequency band) which result in the largest difference between the
MCB, WB, and IWB method. The order of the seven illustrations is chosen such that it facilitates
the discussion.

i. The one anterior FU detected by the MCB method is represented by two (smaller) spatially
connected anterior FUs by the WB method, whereas the IWB methodmerges two anterior
FUs. Because the WB and IWB methods both follow a greedy approach, the anterior FUs
do not correspond exactly to the anterior FU of the MCB FU map. Because the IWB
method merges FUs during segmentation (and not afterwards,such as with hierarchical
watersheds (Schultzet al.2007)), the vertices in the large anterior FU of the IWB FU map
do not correspond exactly to the vertices that are part of thesmaller anterior FUs obtained
by the WB method.

ii. Although multiple anterior FUs are obtained with the WB method, they are smaller than
the minimum size and are therefore not shown, whereas the IWB method merges smaller
FUs into an anterior FU identical to the anterior FU found with the MCB method.

iii. This is one of the occurrences of the maximal absolute difference in the number of FUs be-
tween the MCB (6 FUs) and IWB method (3 FUs). Nevertheless, the connection between
an anterior and a posterior region which is visible in the MCB FU map is preserved in the
IWB FU map.

iv. This is one of the occurrences of the maximal absolute difference in the number of FUs
between the MCB (5 FUs) and WB method (10 FUs). Whereas the WB method shows
visually cluttered edges, the IWB method gives a better overview more similar to the MCB
method.

v. The significance threshold used is apparently too low, as onevery large FU is found with
the MCB method and two very large FUs are found with the IWB method. The WB
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Figure 3.4. Illustration of FU maps (top view, nose on top) obtained with the three FU
detection methods for seven (i-vii ) selected datasets and frequency bands.Left: MCB method
(see also Fig. 3.5 and Fig. 3.6).Middle: WB method with over-segmentation.Right: IWB
method with over-segmentation reduction (see also Fig. 3.7 and Fig. 3.8). Datasets:(i) young 1,
4-7Hz; (ii) young 1, 8-12Hz; (iii) young 3, 4-7Hz; (iv) young 5, 4-7Hz; (v) old 2, 1-3Hz;
(vi) old 4, 1-3Hz; (vii) old 4, 8-12Hz. For every dataset, the IWB FU map shows a number of
FUs and a number of inter-FU connections closer to the MCB FU maps than the WB FU maps.
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method, however, results in 6 FUs completely connected by 15lines and does not (directly)
make clear that the used threshold is too low.

vi. Both FUs found with the MCB and the IWB method are identical. The WBmethod has
more FUs in the same region instead.

vii. The large anterior FUs found with the MCB and the IWB method are identical. The WB
method has multiple FUs in the same region instead.

In all cases, the number of FUs and their size and locations are highly similar for the MCB
FU maps and the corresponding IWB FU maps (Fig. 3.5–3.8). The absolute difference in the
number of FUs between the WB and the MCB method is on average 1.8 with a maximum dif-
ference of five FUs (four occurrences). The same difference between the IWB and the MCB is
clearly smaller: 0.9 with a maximum of three FUs difference (two occurrences). Regarding the
connections between FUs, those found with the MCB method are generally also found in the
corresponding IWB FU maps. In particular, connections between a middle anterior and a middle
posterior FU are present in the MCB FU map if and only if they arepresent in the correspond-
ing IWB FU map, with one exception: for datasetold 5, 21-30Hz, the inter-FU coherence is just
above the threshold for the IWB method, contrary to the MCB method. For datasetsold 2and the
frequencies 1-3Hz, the connection between anterior and posterior regions is explicit in the IWB
FU map (Fig. 3.8) and implicit in the MCB FU map (Fig. 3.6: the fact that one large FU con-
sists of nearly all vertices implies that most anterior and most posterior vertices are completely
connected).

3.7.2 Group Analysis

Group mean coherence maps (Fig. 3.9) and group FU size maps (Fig. 3.10) were obtained as
extensions of the IWB FU detection method. They are shown for the two groups of younger and
older adults and the five frequency bands.

Individual FU Maps versus Group Mean Coherence Maps

The largest FUs for individual datasets of younger adults (Fig. 3.5, 3.7) are mostly located anteri-
orly and posteriorly in the middle. This feature is also preserved in the corresponding group mean
coherence maps (Fig. 3.9, left column). FU maps for older adults (Fig. 3.6, 3.8) usually show
more lateral FUs (at the sides of the head), which are preserved in the corresponding group mean
coherence maps (Fig. 3.9, right). For both younger and olderadults, the number of FUs usually
does not change much across frequency bands in the individual dataset FU maps (Fig. 3.5–3.8,
compare rows), as well as in the group mean coherence maps (Fig. 3.9, compare rows). In four
out of five frequency bands, inter-FU connections between a middle anterior and middle poste-
rior FU are present in the group mean coherence map (Fig. 3.9)if they are present in the majority
of the individual FU maps in the corresponding frequency bands (Figs. 3.5–3.8). The only ex-
ception is the 8-12Hz band, with anterior-posterior connections just above the threshold for a
majority of three (out of five) younger adults, and with anterior-posterior connections above the
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Figure 3.5. Standard MCB FU maps, younger adults. FU maps (|FU | > 5, p = 0.01)
for five younger adults for five frequency bands (1-3, 4-7, 8-12,13-20, 21-30Hz). Each FU
is visualized as a set of Voronoi cells with identical gray value, with different 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 significance threshold, with its color depending on the value
(see color bar, bottom right, with minimum corresponding to the coherence thresholdφ≈ 0.22
for p = 0.01; the color bar is the same for all FU maps). Above each group mean coherence
map, the number of FUs and the number of connecting lines between FUs are displayed.
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Figure 3.6. Standard MCB FU maps, older adults. Same parameters as in Fig. 3.5.

threshold for a minority of two (out of five) older adults (with one relatively high value). Thus,
generally the common features from the individual FU maps are preserved well in the group
mean coherence maps.

Group Mean Coherence Map: Comparison Between Groups

For all frequencies (1-30Hz), the number of FUs is lower for younger than for older adults in
the corresponding frequency band (Fig. 3.9, compare left with right column). This probably cor-
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Figure 3.7. Novel IWB FU maps, younger adults.Same parameters as in Fig. 3.5

responds to earlier findings (Mauritset al. 2006), indicating more, especially interhemispheric,
coherence for older than for younger adults. Similarly, thenumber of white cells (corresponding
to electrodes not part of any sufficiently large FU) is largerfor younger than for older adults
in every frequency band, again confirming the presence of more coherence for older than for
younger adults (Mauritset al.2006).

For lower frequencies, there is a connecting line between ananterior and a posterior FU
in most group mean coherence maps for younger adults (Fig. 3.9, 1-7Hz) and older adults
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Figure 3.8. Novel IWB FU maps, older adults. Same parameters as in Fig. 3.5.

(Fig. 3.9, 1-12Hz). This is possibly associated with the twomost important sources of brain
activity for this type of experiment, located anteriorly (known as P3a) and posteriorly (known as
P3b) (Comerchero and Polich 1999).

FU maps show more lateral FUs (located on both sides of the head) for older adults than
for younger adults in the same frequency band (Fig. 3.9, compare left to right column). This
may indicate more bilateral activation for older than for younger adults, as was also observed in
(Mauritset al.2006).
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Figure 3.9. Group mean coherence mapsfor younger (left) and older (right) adults, per
frequency band (from top to bottom). The line color depends on the inter-FU coherence
(see color bar, bottom right, with minimum corresponding to the coherence thresholdφ≈ 0.22
for p = 0.01; the color bar is the same for all FU maps). Above each group mean coherence
map, the number of FUs and the number of connecting lines between FUs are displayed.
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Figure 3.10. Group FU size mapsfor younger (left) and older (right) adults, per frequency
band (from top to bottom). The average FU size for each electrode, computed for the five in-
dividual FU maps of every group (see Fig. 3.9), is mapped to a gray value(see right bar, with
maximum equal to the maximum average FU size). A lighter cell indicates that the correspond-
ing electrode is on average part of larger and more interesting FUs. The gray scale range is
adapted per group FU size map, to be able to better distinguish between light and dark regions
in one FU size map.

Group FU Size Map: Comparison Between Groups

For younger adults (Fig. 3.10, left), average FU sizes are highest in a posterior region and an
anterior region, for all frequencies. The lateral regions on both left and right sides have the
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lowest average FU size.

Similarly, for older adults (Fig. 3.10, right), the highestaverage FU sizes occur in a posterior
and an anterior region, although for older adults those regions are more widespread than for
younger adults. Whereas the average FU sizes are lower on the sides than in the middle for both
younger and older adults (Fig. 3.10), the difference between lower and higher average FU sizes
is smaller for older than younger adults. This indicates more bilateral activation for older than
younger adults, in correspondence with (Mauritset al.2006).

Cells for younger adults are generally part of FUs with a loweraverage size than corre-
sponding cells for older adults (Fig. 3.10, compare color bars of the left and right column), once
more confirming the observation of higher coherence for older than younger adults (Mauritset
al. 2006). Moreover, the average FU size decreases with increasing frequency, in agreement with
the presence of simultaneous activity at a more global scalefor lower EEG frequencies and at a
more local scale for higher EEG frequencies (Nunezet al.1997).

Comparison of Hypothesis-Driven and Data-Driven Approaches

For the same type of data, a hypothesis-driven subselectionof 12 out of 119 scalp electrodes (Fp1,
Fp2, F3, F4, C3, C4, P3, P4, O1, O2, O3, O4; see Fig. 3.1, right) and 15 coherences was made
(Maurits et al. 2006). In contrast to this hypothesis-driven approach, FU maps together with
group mean coherence maps and group FU size maps all contribute to a data-driven selection
of electrodes of interest. In addition to the coherences studied in (Mauritset al. 2006), our
data-driven results suggest to include left and right temporal electrodes (e.g., T7 and T8), and to
include both intrahemispheric and interhemispheric connections between anterior and posterior
regions.

3.7.3 Threshold Effect

Two thresholds applied in the FU visualization are coherence thresholds. One concerns the initial
coherence graph, the other the inter-FU coherence. Both are chosen to be equal to each other and
are related to a valuep (Eqn. 3.1). A third threshold is the minimum FU size.

Threshold variation is illustrated by FU maps for one dataset and one frequency band, vary-
ing p and the minimum FU size (Fig. 3.11). Obviously, larger FUs are found for a higherp
corresponding with a lower coherence threshold. For the value p = 0.1, the highest inter-FU
coherence occurs between largest FUs which are located anteriorly and posteriorly. The same
is visible for the valuep = 0.001. Other significant inter-FU coherence appear between smaller
FUs located laterally on the left and the right side, for all values ofp.

For other datasets and frequency bands, we have generally observed a similar pattern. Across
different threshold values, the largest FUs remain in the same regions and the highest inter-FU
coherences remain between FUs in the same regions.
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Figure 3.11. Variation of the thresholdsp (horizontally) and the minimum FU size (vertically),
for one dataset (dataset young 5, 1-3Hz).

3.8 Discussion and Conclusions

EEG coherence analysis is the study of coherence between functional units. Most current
analyses use hypothesis-driven ROIs. Existing data-driven graph visualizations for EEG co-
herence commonly visualize vertices representing electrodes as dots and coherences as edges,
resulting in clutter for multichannel EEG with up to 512 electrodes. However, without a hypoth-
esis, all coherences should be considered. Therefore, we presented a data-driven visualization
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method for multichannel EEG coherence, which strongly reduces clutter and is referred to as
functional unit (FU) map. An FU is a spatially connected set of electrodes recording pairwise
significantly coherent signals, represented in the graph bya spatially connected clique. The vi-
sualization of an FU is a simplified representation of a spatially connected clique which does not
explicitly visualize all edges within a clique.

We developed three methods to detect FUs. One is the maximal clique based (MCB) method
(time complexityO(3n/3), with n the number of vertices) (ten Caatet al.2007d), another is the
watershed based (WB) method designed with an interactive visualization in mind (time com-
plexity O(n2 logn)) (ten Caatet al.2007e). Third, the improved watershed based (IWB) method
(time complexityO(n2 logn)) merges two spatially neighboring FUs if their union is a clique
in the coherence graph. We did not choose one of the common solutions for over-segmentation
which uses the concept of dynamics (Grimaud 1992), because dynamics are defined for vertex
values, whereas the EEG coherence graph has edge values. Moreover, the IWB method merges
FUs during segmentation (and not afterwards, such as with hierarchical watersheds (Schultzet
al. 2007)). FU detection with the WB and IWB method (taking about 0.04s and 0.05s, respec-
tively) is up to a factor of 100,000 times faster than the MCB method, and makes interactive
visualization of multichannel EEG coherence possible.

Comparing the methods, the greedy WB and IWB methods directly result in uniquely la-
beled electrodes contrary to the standard MCB method. Our three methods depend on the same
thresholds: one for the initial coherence graph, one for theinter-FU coherence, and one for the
minimum FU size. Threshold changes do not have a large effecton the most eminent FUs and
inter-FU coherences. The MCB, WB, and IWB methods find FUs in approximately the same
locations, and the inter-FU connections present in the MCB FUmaps are generally also present
in the WB and IWB FU maps. However, the average difference between the WB and the MCB
method regarding the number of FUs is 1.8 (for our parameters). The same difference between
the IWB and the MCB method has decreased to 0.9, for the case study that was presented.

Additionally, as an alternative to hypothesis-driven group analysis methods for multichannel
EEG coherence, we proposed two novel data-driven group mapsfor visual group analysis. They
are both extensions of the efficient IWB FU detection method. One is a group mean coherence
map, which is a data-driven FU map based on the group mean coherence. The other is a group
FU size map, showing for each electrode the average FU size across a collection of individual
FU maps. Both novel group maps represent common elements froma set of individual FU maps.

Because conventional data-driven multichannel EEG coherence analysis is cumbersome,
comparable conventional findings are rare. Nevertheless several conventional findings are con-
firmed by observations in the new data-driven visualizations. (a) Coherence is lower for younger
than older adults (Mauritset al. 2006). Accordingly, the number of FUs in group mean coher-
ence maps is lower for younger than for older adults for 1-30Hz, group mean coherence maps
show a larger number of white cells not part of any sufficiently large FU for younger adults than
older adults, and group FU size maps show larger average FU sizes for older than for younger
adults.(b) Older adults have more bilateral activation than younger adults (Mauritset al.2006).
In accordance, FU maps and group mean coherence maps displaymore FUs in lateral regions for
older than younger adults, whereas group FU size maps show that the average FU size is gen-
erally higher for older than for younger adults and that the difference between lower and higher
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average FU sizes is smaller for older than younger adults.(c) There is simultaneous activity at a
more global scale for lower EEG frequencies and at a more local scale for higher EEG frequen-
cies (Nunezet al. 1997). In agreement, group FU size maps indicate that the average FU size
decreases with increasing frequency.(d) The two most important sources of brain activity for this
type of data are located anteriorly (known as P3a) and posteriorly (known as P3b) (Comerchero
and Polich 1999). Accordingly, FU maps and group mean coherence maps show connections
between anterior and posterior FUs for lower frequencies.

Thus, the detection of data-driven ROIs for multichannel EEG coherence on the basis of the
IWB method results in similar information as the MCB method, and this information is found
to agree with conventional findings. Also, the two new data-driven group maps, referred to as
group mean coherence map and group FU size map, yield resultsin accordance with conven-
tional findings. Yet, our results suggest to expand an earlier selection of hypothesis-driven ROIs
(Mauritset al. 2006) with additional data-driven ROIs. This demonstratesthe usefulness of the
IWB FU map, and both new data-driven group maps.

FU maps, group mean coherence maps, and group FU size maps allcontribute to a data-
driven subselection of electrodes of interest (EOIs): the number of EOIs, their location, and their
region of influence can be derived directly from the combination of FU maps, group mean co-
herence maps, and group FU size maps. In other words, the novel IWB method together with
the two new group maps make a data-driven subselection of theavailable electrophysiological
signals possible. This can be used as a data-driven startingpoint for conventional quantitative
group analysis. Our methods are currently applied to a multichannel EEG coherence study of
mental fatigue (ten Caatet al.2007a) by researchers from the Department of Experimental Psy-
chology of the University of Groningen. In this study, the ROIs are obtained in a data-driven
way since no strong hypotheses can be formulated based on existing evidence. Our approach
overcomes the severe limitations of conventional hypothesis-driven methods and takes full ad-
vantage of all the available recordings. The presented visualization of (group) FU maps provides
a very economical data summary of extensive experimental results, which otherwise would be
very difficult and time-consuming to assess. Initial responses from the psychologists using our
visualization methods are very favorable.

The IWB method will be available inFUmaplabon
http://www.rug.nl/informatica/onderzoek/programmas/svcg/demos .

http://www.rug.nl/informatica/onderzoek/programmas/svcg/demos


Chapter 4

High-Density EEG Coherence Analysis
Using Functional Units Applied To Mental
Fatigue

Abstract

Electroencephalography (EEG) coherence provides a quantitative measure of functional
brain connectivity which is calculated between pairs of signals as a function offrequency.
Without hypotheses, traditional coherence analysis would be cumbersome for high-density
EEG which employs a large number of electrodes. One problem is to find themost rele-
vant regions and coherences between those regions in individuals and groups. Therefore,
a hypothesis-driven selection of regions of interest (ROIs) is commonlyapplied. As an al-
ternative, we previously developed a data-driven approach for individual as well as group
analyses of high-density EEG coherence. These data-driven ROIs are referred to as func-
tional units (FUs) and are defined as spatially connected sets of electrodes that record pair-
wise significantly coherent signals. We apply our data-driven approachto a case study of
mental fatigue. We show that our approach overcomes the severe limitations of conventional
hypothesis-driven methods which depend on previous investigations andleads to a selection
of coherences of interest taking full advantage of the recordings under investigation. The
presented visualization of (group) FU maps provides a very economical data summary of
extensive experimental results, which otherwise would be very difficult and time-consuming
to assess.

4.1 Introduction

A functional relationship between different brain regionsis generally associated with synchronous
electrical activity in these regions (Varelaet al. 2001). Higher-level cognitive mechanisms are
associated with activity at lower frequencies and more global synchronization; lower-level mech-
anisms are associated with activity at higher frequencies and more local synchronization (Nunez
et al.1997, von Stein and Sarnthein 2000). EEG coherence between signals recorded from pairs
of electrodes as a function of frequency might be used as a quantitative measure for this syn-
chrony (Hallidayet al.1995).
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Figure 4.1. Example of a layout of a coherence graph for 59 electrodes. An edge islight gray
if its coherence value exceeds the significance threshold, medium gray if itsvalue is in the top
10% of the coherences, and dark gray if its value is in the top 1%. This corresponds to common
conventional data-driven visualizations, showing visually cluttered edges.

EEG coherence is usually visualized as a two-dimensional graph layout. Vertices (drawn as
dots) represent electrodes and edges (drawn as lines between dots) represent significant coher-
ences between electrode signals (Fig. 4.1). For high-density EEG, this layout may suffer from
a large number of overlapping edges, resulting in visual clutter (Kamínski et al. 1997, Steinet
al. 1999). Regarding the analysis of high-density EEG coherence, one problem is to find the most
relevant regions (groups of electrodes) and the most relevant coherences between those regions.
Another problem is to compare coherences of interest acrossgroups.

One common approach for coherence analysis is the data-driven approach. This method
does not provide any spatial information; it assigns a quantity to a coherence graph as a whole.
Popular examples of such quantities are cluster index (level of clustering) and characteristic path
length (average path length) (Achardet al.2006, Salvadoret al.2005a, Sporns 2002, Watts and
Strogatz 1998). A graph with a high cluster index in combination with a low characteristic path
length is said to reflect small-world properties. Other quantities are local and global efficiency
which depend on path length (Latora and Marchiori 2003, De Vico Fallaniet al.2007). Although
a high cluster index is related to a global organization of local units (i.e., clusters, which may here
be interpreted as EEG sources), it does not provide information on the size or number of those
units (Sporns 2002), nor on their location. The other quantities do not provide this information
either.

Another common approach for EEG coherence analysis is the hypothesis-driven approach.
This usually makes a regular subselection of the available coherences (Mauritset al. 2006),
because coherence analysis of all electrode pairs would be cumbersome for high-density EEG.
A major drawback of this approach is that the majority of the coherences is ignored.

As an alternative to the hypothesis-driven approach, we earlier presented a method for data-
driven region of interest (ROI) detection taking into account spatial properties (ten Caatet al.
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Figure 4.2. Voronoi diagram of the electrode positions. To each electrode a ‘Voronoi cell’ is
associated, consisting of all points that are nearest to that electrode. Electrode labels are shown
in corresponding cells (top view of the head, nose at the top).

2007d, ten Caatet al. 2007e, ten Caatet al. 2007b). The data-driven ROIs were referred to
as functional units(FUs) and were defined as spatially connected sets of electrodes recording
pairwise significantly coherent signals. For individual datasets, FUs are displayed in a so-called
FU mapwhich preserves electrode locations. An FU map visualizes the size and location of all
FUs, and connects FUs if the average coherence between them exceeds a threshold (ten Caatet
al. 2007d, ten Caatet al.2007e, ten Caatet al.2007b).

Because there is much variation between individual FU maps, we additionally proposed two
types ofgroup analysis(ten Caatet al. 2007b). First, thegroup mean coherence map, which
preserves dominant features from a collection of individual FU maps. Second, thegroup FU
size map, which visualizes the average FU size per electrode across acollection of individual FU
maps.

In this chapter, our data-driven method for individual and group coherence analysis is applied
in a mental fatigue study. A task switching paradigm is used to induce mental fatigue and to
study its effect on cognitive control processes (Loristet al. 2000). We indicate how the data-
driven method leads to an FU selection, which may serve as a basis for subsequent conventional
quantitative analysis.

4.2 Methods

4.2.1 Participants and Task

Brain responses were recorded from a group of 5 healthy participants (3 women) between 19 and
24 years of age, using an EEG cap with 59 scalp electrodes (Fig. 4.2). A task switching paradigm
was used to study the effect of mental fatigue on cognitive control processes (Loristet al.2000).
Mental fatigue was induced by time on task (the time subjectsspent on task execution). During
task execution subjects were facing a color monitor on whicha square (4× 4 cm) subdivided
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I II

IIIIV

Figure 4.3. Switch task stimulus presentation. Colored letters are shown repetitively at the
positions I to IV in a clockwise order. The tasks for positions I and II and for positions III and
IV differ. Therefore, responses to stimuli are so-called switch trials at positions I and III, and
repetition trials at positions II and IV.

into four equal quadrants was displayed (coded I to IV, Fig. 4.3). Stimuli were red or blue letters,
randomly chosen from the set{A, E, O, U, G, K, M, R}, which were presented in the center of
one of the quadrants in a clockwise order, one by one.

Participants were instructed to make either a left or right hand response on each trial by
pressing a response button as quickly and accurately as possible. They responded (left/right) to
the color (red/blue) of the stimulus if it was presented in one of the two upper quadrants, and
to letter identity (vowel/consonant) for one of the two lower quadrants. Thus, subjects switched
between the color and letter tasks on every second trial. Therefore, responses to stimuli are
so-called switch trials for the upper left and lower right quadrants, and repetition trials for the
upper right and lower left quadrants. The time between the response and the next stimulus was
randomly chosen to be 150, 600, 1500, or 2400 ms.

The aim of our data-driven approach is to indicate ROIs and coherences of interest between
those ROIs when no strong hypotheses can be formulated basedon existing evidence. For sim-
plicity, we here restrict the analysis to the condition in which subjects were supposed to have
ample time to prepare for a task switch (i.e., 600ms response-stimulus interval). The switch
task was performed continuously for 120 minutes, a period which was divided into six blocks
of 20 minutes for subsequent analysis. Because effects of mental fatigue are supposed to be
more pronounced in conditions in which relatively high demands are placed on cognitive control
processes, analysis was further restricted to switch trials only. In these trials, cognitive control
processes are essential in order to adjust for changes in task requirements. Therefore, these trials
are supposed to be more vulnerable to mental fatigue (Loristet al.2000). To examine the effects
of mental fatigue, which is supposed to increase with time ontask, we compared responses from
the first and the last 20 minute block (blocks 1 and 6).

4.2.2 EEG Coherence

As a result of volume conduction (Lachauxet al.1999), multiple electrodes can record a signal
from a single source in the brain. Therefore, nearby electrodes usually record similar signals.
However, because sources of activity at different locations may be synchronous, electrodes far
apart can also record similar signals. A measure for this synchrony is coherence, calculated
between pairs of signals as a function of frequency. The coherencecλ as a function of fre-
quencyλ for two continuous time signalsx andy is defined as the absolute square of the cross-
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spectrumfxy normalized by the autospectrafxx and fyy (Halliday et al. 1995), having values in

the interval[0,1]: cλ(x,y) =
| fxy(λ)|2

fxx(λ) fyy(λ) . To calculate the coherence for an event-related potential
(ERP) withL repetitive stimuli, the EEG data can be segmented intoL segments. A significance
thresholdφ for the estimated coherence is then given by (Hallidayet al.1995)

φ = 1− p1/(L−1), (4.1)

wherep is a probability value associated with a confidence levelα (p = 1−α).
Brain responses for the first 40 trials with a correct responsewere selected for each block

(40 was the maximum number of correct responses that was available in each block for the
concerning trials). Disjoint segments ([−0.1,0.88]s around the stimulus) were used for further
analysis, consisting of responses for 20 trials at each switch. We used an average reference
which is suitable for coherence analysis of high-density EEG (Nunezet al. 1997, Mauritset
al. 2006), applied a high-pass filter (0.16Hz) and a notch filter (50Hz), and resampled from
500 Hz to 512 Hz (BrainVision Analyzer 1.05, Brain Products GmbH). Then data were trans-
ferred to EEGLAB (Delorme and Makeig 2004), running under Matlab (The MathWorks). A
procedure from Neurospec was adopted to compute the coherence (www.neurospec.org ),
using a custom-made script to compute coherences between all 1711 pairs of electrode signals.
We calculated coherence within the following EEG frequencybands: delta (1-3 Hz), theta (4-7
Hz), alpha (8-12 Hz), beta (13-23 Hz), lower gamma(24-35 Hz), and higher gamma (36-70 Hz).
Since conductive gel might accidentally connect two adjacent electrodes and thereby produce
very high coherences, coherences higher than 0.99 were ignored between signals corresponding
to two neighboring electrodes. The corresponding coherence threshold forp = 0.01 andN = 40
segments isφ = 1−0.011/(40−1) ≈ 0.11.

4.2.3 Individual Analysis: Functional Unit (FU) Map

The data for individual dataset analysis are represented bya coherence graphwith vertices
(points) representing electrodes. Coherences above the significance threshold (Eqn. 4.1) are
represented by edges (links), coherences below the threshold are ignored. To determine spatial
relationships between electrodes, a Voronoi diagram is employed which partitions the plane into
regions of points with the same nearest electrode (Fig. 4.2). The area enclosed by the boundaries
of a region is referred to as (Voronoi) cell.

Because multiple electrodes can record a signal from a singlesource, a spatially connected
set of electrodes recording similar signals is considered as a data-driven ROI, referred to as func-
tional unit (FU) (ten Caatet al. 2007d, ten Caatet al. 2007b). FU detection is motivated by
the assumption that larger FUs correspond to stronger source signals and are therefore more
interesting (ten Caatet al. 2007d, ten Caatet al. 2007b). Earlier we developed three FU detec-
tion methods: a maximal clique based (MCB) method which detects FUs which are as large as
possible (ten Caatet al. 2007d, ten Caatet al. 2007b); a watershed based (WB) method which
approximates FUs in a greedy way and is faster (ten Caatet al.2007e); and finally an improved
watershed based (IWB) method which merges neighboring FUs if their union is a clique in the
coherence graph (ten Caatet al.2007b). The IWB method is used here, because it is much faster

www.neurospec.org
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than the MCB method, and gives a better FU approximation than the WB method (ten Caatet
al. 2007b).

Given the FUs, theinter-FU coherence c′λ at frequencyλ between two FUsW1 andW2 is
defined as the sum of the coherence values between one vertex in W1 and the other vertex inW2,
scaled by the maximal number of edges betweenW1 andW2 (ten Caatet al.2007d):

c′λ(W1,W2) =
∑i, j{cλ(vi ,v j) | vi ∈W1,v j ∈W2}

|W1| · |W2|
. (4.2)

Here, |Wi| indicates the number of vertices inWi. Note that coherences betweenany pair of
vertices are taken into account, including those below the threshold.

An FU mapvisualizes each FU as a set of cells with identical gray value, with different gray
values for adjacent FUs (e.g., Fig. 4.4). A line is drawn between FU centers if the corresponding
inter-FU coherence exceeds a threshold. We consistently choose this threshold to be equal to the
significance threshold (Eqn. 4.1), as we already used this threshold to determine the coherence
graph. Because larger FUs are considered to be more interesting (ten Caatet al. 2007b), only
FUs of at least 4 cells are considered.

4.2.4 Group Analyses: Group Mean Coherence Map and Group FU Size
Map

FU maps differ from individual to individual, making group analysis difficult. For this reason we
previously introduced two group maps for data-driven groupanalysis (ten Caatet al.2007b).

First, agroup mean coherence graphwas defined as the graph containing the mean coherence
for every electrode pair computed across a group (ten Caatet al. 2007b). To obtain a data-
driven coherence visualization for a group, only the edges with a value exceeding the coherence
threshold (Eqn. 4.1) are maintained. Next, an FU map, referred to asgroup mean coherence map,
is created for this graph.

Second, agroup FU size mapvisualizes the average FU size for every electrode across a
group, based on the individual FU maps (ten Caatet al. 2007b). The average FU sizes of an
electrodev is computed as

s(v) = ∑
j∈all datasets

|FU j(v)|

#datasets
,

with |FU j(v)| the size of the FU containingv for datasetj. The values for an electrode is
mapped to the gray value of its corresponding cell, with lighter gray for higher average FU sizes,
similar to a (gray scale) topographic map (ten Caatet al. 2007c). Consequently, a light cell in
an FU size map indicates that the corresponding electrode ison average part of large FUs and is
therefore more interesting. (Recall that, on the contrary, white cells in FU maps and group mean
coherence maps are considered to be the least interesting, because they are not part of sufficiently
large FUs.)
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Freq Participants (non-fatigued condition)
(Hz) 1 2 3 4 5

1-3

1 FU(s); 0 sign. conn(s).

5

1 FU(s); 0 sign. conn(s).

1

6 FU(s); 9 sign. conn(s).

1

4
5

6

7 8

3 FU(s); 3 sign. conn(s).

2

4

5

1 FU(s); 0 sign. conn(s).

3

4-7

1 FU(s); 0 sign. conn(s).

1

1 FU(s); 0 sign. conn(s).

1

7 FU(s); 11 sign. conn(s).
1

2
3

6
7

9

10

5 FU(s); 7 sign. conn(s).

2 4

5

6

8

4 FU(s); 3 sign. conn(s).

12

5

7

8-12

2 FU(s); 1 sign. conn(s).

3

6

3 FU(s); 3 sign. conn(s).

1

23

5 FU(s); 1 sign. conn(s).

1

5

6

7

8

2 FU(s); 1 sign. conn(s).

2 4

4 FU(s); 3 sign. conn(s).

12

3

4

13-23

4 FU(s); 6 sign. conn(s).

23

4
6

5 FU(s); 9 sign. conn(s).

12

4

5 7

3 FU(s); 0 sign. conn(s).

5
6

7

3 FU(s); 0 sign. conn(s).

14

5

4 FU(s); 1 sign. conn(s).

1 3

4
5

24-35

5 FU(s); 6 sign. conn(s).

1

2

3

5

6

2 FU(s); 1 sign. conn(s).

1 3

3 FU(s); 1 sign. conn(s).

56

7

2 FU(s); 0 sign. conn(s).

13

4 FU(s); 1 sign. conn(s).

1 3

45

36-70

5 FU(s); 4 sign. conn(s).

12

3

4

6

2 FU(s); 0 sign. conn(s).

1 2

5 FU(s); 1 sign. conn(s).

24

56

7

1 FU(s); 0 sign. conn(s).

1

3 FU(s); 2 sign. conn(s).

1 2

4

 

 

0.2

0.3

0.4

0.5

0.6

0.7

0.8

Figure 4.4. Individual FU maps, block 1 (non-fatigued), for each participant (numbered 1 to
5), with p= 0.01and|FU| ≥ 4. Each FU is visualized as a set of cells with identical gray value,
with different gray values for adjacent FUs. White cells are part of FUswith a size smaller
than 4. A line connects FUs if the inter-FU coherence exceeds the significance threshold, with
its color depending on the value (see color bar, with minimum corresponding to the coherence
thresholdφ≈ 0.11 for p = 0.01; the color bar is the same for all FU maps).

4.3 Results

For all results, we setp = 0.01, corresponding to a coherence thresholdφ≈ 0.11.
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Freq Participants (fatigued condition)
(Hz) 1 2 3 4 5

1-3

1 FU(s); 0 sign. conn(s).

3

2 FU(s); 1 sign. conn(s).

1

2

4 FU(s); 4 sign. conn(s).

2

5

7
8

4 FU(s); 4 sign. conn(s).

2

34

5

4 FU(s); 6 sign. conn(s).

1

4

5
6

4-7

1 FU(s); 0 sign. conn(s).

1

3 FU(s); 3 sign. conn(s).

2 3

6

6 FU(s); 9 sign. conn(s).

2
3
4

5

8

9

4 FU(s); 3 sign. conn(s).

1 2

3

4

2 FU(s); 1 sign. conn(s).

2

5

8-12

3 FU(s); 3 sign. conn(s).

23

6

5 FU(s); 10 sign. conn(s).

1

3 4

5 6

5 FU(s); 5 sign. conn(s).
1

2
5

8

9

4 FU(s); 2 sign. conn(s).

1 2

4

6

5 FU(s); 5 sign. conn(s).

1 2

3

4 5

13-23

5 FU(s); 10 sign. conn(s).

1

2
3

5 6

5 FU(s); 7 sign. conn(s).

1 2

4

5 7

4 FU(s); 1 sign. conn(s).

1

5

6

7

2 FU(s); 0 sign. conn(s).

1 2

5 FU(s); 2 sign. conn(s).

1
2 3

45

24-35

6 FU(s); 6 sign. conn(s).

1

2

3

5

6 7

2 FU(s); 1 sign. conn(s).

1 2

4 FU(s); 2 sign. conn(s).

3

4

67

4 FU(s); 1 sign. conn(s).

1
2

4

5

4 FU(s); 3 sign. conn(s).

1 2

4 5

36-70

5 FU(s); 1 sign. conn(s).

12

3

4

6

2 FU(s); 0 sign. conn(s).

1 2

4 FU(s); 1 sign. conn(s).

2

4
5

6

3 FU(s); 1 sign. conn(s).

12

3

3 FU(s); 3 sign. conn(s).

2 3

4
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Figure 4.5. Individual FU maps, block 6 (fatigued). Same parameters as in Fig. 4.4.

4.3.1 Individual Analysis: FU Map

Individual FU maps for all participants were created for blocks 1 (non-fatigued, Fig. 4.4) and 6
(fatigued, Fig. 4.5). First, we comment on the general interpretation of FU maps before describ-
ing the FU maps for this particular case study. Cells within one FU correspond to electrodes
whose signals are all (pairwise) significantly coherent. Thus, if one FU covers an area including
left and right frontal electrodes (e.g., Fig. 4.4, participant 1, 8-12Hz), thenall coherences be-
tween electrodes in the left and right frontal area are significant. Alternatively, if there are two
separate left and right frontal FUs and they are connected bya line (e.g., Fig. 4.4, participant 1,
13-23Hz), then theaverageof all coherences between one electrode in the left and the other
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Freq. Switch trials
(Hz) Block 1 Block 6

1-3

1 FU(s); 0 sign. conn(s).

2

1 FU(s); 0 sign. conn(s).

3

4-7

1 FU(s); 0 sign. conn(s).

4

2 FU(s); 1 sign. conn(s).

1

2

8-12

6 FU(s); 10 sign. conn(s).

12

4

5

6

8

5 FU(s); 6 sign. conn(s).

1 2

4
5

6

13-23

5 FU(s); 3 sign. conn(s).

14

5

67

5 FU(s); 4 sign. conn(s).

12

4

5

6

24-35

5 FU(s); 3 sign. conn(s).

1 2

56

7

4 FU(s); 0 sign. conn(s).

12

46

36-70

3 FU(s); 0 sign. conn(s).

1 2

4

4 FU(s); 3 sign. conn(s).

1 2

4

6
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0.5

0.6

0.7

0.8

Figure 4.6. Group mean coherence maps for block 1 (non-fatigued, left) and block 6(fatigued,
right), with p= 0.01and|FU| ≥ 4. The line color depends on the inter-FU coherence (see color
bar, bottom right, with minimum corresponding to the coherence thresholdφ≈ 0.11; the color
bar is the same for all FU maps). Above each group mean coherence map, the number of FUs
and the number of connecting lines between FUs are displayed.

electrode in the right frontal FU is significant.

Within a participant, two FU maps from separate blocks are usually highly similar regarding
FU locations and connections between FUs. On the contrary, differences between participants
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are found to be large. Considering the FU maps per participant, FUs are generally largest for the
lowest frequencies (both in blocks 1 and 6). Simultaneously, the total number of electrodes in
FUs decreases for increasing frequencies in the range 1-35Hz. Above 35Hz, this number does
not continue to decrease. Further, the number of significantlonger-distance coherences (either
within one large FU, or between two smaller FUs) also decreases with increasing frequency.

Overall, the coherence between frontal FUs is significant inthe majority of the FU maps. Left
and right parieto-occipital FUs, sometimes part of one larger FU, occur in most cases. If frontal
FUs and lateral parieto-occipital FUs coexist, then the coherence between those FUs is usually
significant and often includes interhemispheric coherences. Further, left and right centroparietal
FUs occur regularly. Centrally located FUs are found occasionally.

In summary, differences between participants are generally larger than differences within
participants between blocks 1 and 6. Lower frequencies showa more global synchronization,
having larger FUs and a larger number of longer-distance coherences between FUs. For higher
frequencies, decreasing FU sizes and a reduction of longer-distance coherences indicate a more
local synchronization.

4.3.2 Group Analyses: Group Mean Coherence Map and Group FU Size
Map

The coherence data for block 1 (non-fatigued participants)is put in one group, and for block 6
(the same, fatigued, participants) in another group.

Group Mean Coherence Map

Group mean coherence maps (Fig. 4.6) were created for block 1(non-fatigued) and block 6
(fatigued). First, we comment on correspondences between group mean coherence maps and
the individual FU maps, and correspondences within the group mean coherence maps between
blocks 1 and 6.

As differences within participants are small between blocks 1 and 6, differences in the group
mean coherence maps are also small between these two blocks.The largest FUs occur generally
for the lowest frequencies (for both the non-fatigued and the fatigued condition). The number of
electrodes which are part of an FU and the number of significant longer-distance coherences (ei-
ther within one large FU, or between two smaller FUs) both decrease with increasing frequency.
Further, frontal FUs occur for both blocks 1 and 6 in the 1-12Hz range. For higher frequencies,
frontal FUs are smaller (or absent). As most individual FU maps have lateral parieto-occipital
FUs, every group mean coherence map also has such FUs. Significant anterior-posterior coher-
ences (between frontal and lateral parieto-occipital FUs)exist within one FU or between two
FUs in the 1-23Hz range for blocks 1 and 6.

Apparent differences in the group mean coherence maps between blocks 1 and 6 occur in the
two highest frequency bands (24-35Hz and 36-70), with anterior-posterior connections present
in one block but absent in the other. Those connections involve FUs with a size just above the
threshold (four cells). Other differences, between individual FU maps and group mean coherence
maps, involve central FUs, which are present in block 1 for 8-12Hz and in block 6 for 8-23Hz
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Freq. Switch trials
(Hz) Block 1 Block 6

1-3

0

5

10

15

20

25

30

0

5

10

15

20

25

30

4-7

0

5

10

15

20

0

5

10

15

20

8-12

0

2

4

6

8

10

0

2

4

6

8

10

13-23

1

2

3

4

5

1

2

3

4

5

24-35

1

2

3

4

5

1

2

3

4

5

36-70

0

1

2

3

4

5

0

1

2

3

4

5

Figure 4.7. Group FU size maps for block 1 (non-fatigued, left) and block 6 (fatigued, right).
Same parameters as in Fig. 4.6. The gray scale range is adapted per frequency band (see right
bars, with maximum equal to the maximum average FU size). A lighter cell indicatesthat the
corresponding electrode is on average part of a larger FU.

in the group mean coherence maps. Nevertheless, they are notpresent in the majority of the
individual FU maps for the corresponding frequency bands and blocks. However, there is no
significant coherence between a central FU and any other FU.
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Group FU Size Map

Group FU size maps were created for all participants for block 1 and block 6 per frequency band
(Fig. 4.7). Confirming the picture of the individual FU maps and the group mean coherence
maps, the maximum average FU size per electrode (cf. ‘color’bar) decreases with increasing
frequency for both blocks 1 and 6 in the frequency range 1-23Hz; for higher frequencies, the
maximum average FU size does not vary much. The maximum average FU size also does not
vary much between the two blocks, per frequency band.

The main difference between blocks 1 and 6 occurs for 1-3Hz. In this frequency band, the
highest average FU sizes occur in both anterior and posterior areas for block 1, and in a posterior
area for block 6. Further, there are no clear differences between blocks 1 and 6 for higher
frequencies. Large FUs are located for 4-7Hz in frontal and parieto-occipital areas, for 8-12Hz
in frontal areas, and for 13-70Hz in left and right parieto-occipital areas. The smallest FUs occur
for blocks 1 and 6 in similar areas. For 1-7Hz, the smallest FUs appear in lateral centro-parietal
areas. For higher frequencies, the smallest FUs are found incentral, centroparietal, and occipital
areas. Temporal FUs are generally small.

4.4 Discussion and Conclusions

Functional brain connectivity under mental fatigue was studied with EEG coherence. Our data-
driven method for high-density EEG coherence analysis based on functional units (FUs) was
applied to a case study for which no existing evidence was available to formulate strong hy-
potheses. Using a task switching paradigm, mental fatigue was induced by time on task.

Generally speaking, lower frequencies are associated witha more global synchronization and
higher frequencies with a more local synchronization (Nunez et al.1997, von Stein and Sarnthein
2000). Accordingly, both the individual FU maps and the group mean coherence maps found by
us have larger FUs and more longer-distance inter-FU coherences for lower frequencies. Further,
smaller FU sizes and a reduction of longer-distance coherences occur for higher frequencies. FU
map differences were generally large between participants, but small between the non-fatigued
and fatigued conditions.

Common features of individual FU maps were generally preserved in the group mean coher-
ence maps. Differences between the non-fatigued and fatigued condition appeared in the group
FU size maps for the lowest frequency band (1-3Hz), with the largest FUs located both anteri-
orly and posteriorly for the non-fatigued group, and posteriorly for the fatigued group. Because
mental fatigue is supposed to affect higher-level cognitive processes which are associated with
lower EEG frequencies, this may explain why the largest difference between the non-fatigued
and fatigued group occurs in the lowest EEG frequency band.

In summary, our method specifies the frequency band of interest and intrahemispheric, in-
terhemispheric, and homologous coherences. Especially interhemispheric coherences between
(left/right) anterior and (right/left) posterior areas have so far not been considered in hypothesis-
driven approaches, whereas our data-driven method identified those as interesting.

To conclude, our data-driven method for high-density EEG coherence analysis, employing
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FU maps and both group maps, can be applied to situations for which no strong hypotheses can
be formulated based on existing evidence. It overcomes the severe limitations of conventional
hypothesis-driven methods which depend on previous measurements and leads to a selection
of coherences of interest which takes full advantage of the actual measurement. Our method
distinguishes between local coherence (within an FU) and global coherence (between FUs). Al-
together, our visualization of (group) FU maps provides a very economical data summary of a
very extensive set of experimental results, which otherwise would be very difficult and time-
consuming to assess.
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Chapter 5

Discussion

5.1 Summary & Conclusions

Electroencephalography (EEG) is the oldest noninvasive functional neuroimaging technique and
is still going strong, despite the more recent development of magnetoencephalography (MEG)
and functional magnetic resonance imaging (fMRI). Since itsdevelopment in the 1920s, visual
inspection is most commonly used for EEG analysis. Traditional EEG visualizations are not tai-
lored for the two major technological improvements which lie at the basis of this thesis. First, the
number of EEG electrodes that can be attached to the human scalp increases, improving the spa-
tial resolution. Second, improving computers increase automated signal processing possibilities.
This thesis introduces new visualizations designed for theimproved EEG.

Chapter 1 provides background information on EEG and visualization. It briefly describes
how electrical brain activity leads to the measured scalp potentials referred to as EEG. Further,
it mentions how this brain activity can be influenced by external stimuli. In this thesis, EEG vi-
sualization is dedicated to the time domain and the frequency domain, which is restricted here to
time-varying multivariate data and relational (coherence) data, respectively. Basic visualizations
for those data types are discussed.

We introduce a visualization for time-varying multichannel EEG, referred to astiled parallel
coordinate (TPC) map, in Chapter 2. The novel TPC map employs a two-dimensional tiled orga-
nization of parallel coordinates which schematically preserves electrode positions, representing
one electrode by one tile. In our opinion, the power of the TPCmethod lies in the combination
of parallel coordinates with contextual (temporal and spatial) information.

The tiled parallel coordinate (TPC) map is assessed by both a qualitative evaluation and a
user evaluation. Contrary to other methods, the TPC map is able to visualize the combination
of a large number of electrodes and many time steps. Althoughthe TPC map does not have an
explicit natural time order, a linked view displays temporal information on a time axis. In a user
evaluation, identical tasks were performed with typical EEG assessment elements using both the
TPC method and an existing clinical EEG visualization method (standard method). Participants
were students, EEG researchers, and clinical experts. The TPC map was on average about 40%
faster than the standard method, without a loss of information, even though the TPC method used
a single page and the standard method four pages. Opinions onthe TPC map were positive and
generally agreed with opinions on the standard method. However, participants considered the
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TPC map to be more simple than the standard map. Further, especially symmetry assessment
was regarded to be easier with the TPC map. Interactivity wasa feature missing in both the TPC
map and the standard visualization.

Chapter 3 first discusses existing connectivity visualizations for the three noninvasive func-
tional neuroimaging techniques (EEG, MEG, and fMRI), mainlyconcerning graph layouts. For
both EEG and MEG coherence analysis, most approaches are hypothesis-driven, whereas exist-
ing data-driven approaches would not be suitable for the useof a large number of sensors. For
fMRI connectivity studies, graph clustering is commonly applied. Many graph visualizations
do not preserve vertex locations or lead to clutter. As an alternative to the hypothesis-driven
approach, we propose a data-driven visualization of multichannel EEG coherence based onfunc-
tional units (FUs). An FU is a data-driven region of interest (ROI) consisting of electrodes
recording pairwise significantly coherent signals. In a graph representing EEG coherence, an
FU is represented by a spatially connected clique, i.e., a spatially connected set of electrodes
recording pairwise significantly coherent signals. Three FU detection methods are employed.
Our first method, maximal clique based (MCB) FU detection obtains FUs as large as possible,
because larger FUs are associated with stronger EEG source signals. A more efficient method is
based on the method of choice for image segmentation in the field of mathematical morphology,
the watershed transform. Our watershed based (WB) method detects FUs in a greedy way. Its
oversegmentation problem is strongly reduced by our improved watershed based (IWB) method,
which merges FUs if they are spatially connected and if theirunion is a clique. The IWB FUs
are very similar to the MCB FUs which are considered as the goldstandard. Because the IWB
method is much more efficient than the MCB method, whereas the differences in FU clustering
between both methods is small, the IWB method is our choice forFU detection.

For individual dataset analysis, a so-calledFU mapvisualizes size and location of each FU
and coherence between FUs, while preserving electrode positions. In comparison with other
data-driven visualizations of EEG coherence, the FU map strongly reduces visual clutter.

Between individual datasets, FU maps may differ strongly. Therefore, two group maps are
employed. Agroup mean coherence mappreserves dominant features from a collection of in-
dividual FU maps. Agroup FU size mapvisualizes the average FU size per electrode across a
collection of individual FU maps. FUs in the group mean coherence map generally correspond to
FUs in the majority of the individual FU maps. Sometimes, an FU appears in an area in a group
mean coherence map without a corresponding FU in most individual FU maps. This is probably
due to a combination of high sub-threshold and super-threshold coherences in that area, which is
an effect inherent to group analysis. However, because suchan FU is generally not connected to
other FUs, it is considered to be less important for brain connectivity studies.

Our new multichannel EEG coherence visualization method for individual dataset and group
analysis is applied to two case studies. The first case concerns a study of aging, meant to illustrate
our method (Chapter 3). For this case, a hypothesis-driven approach was available from the liter-
ature. The second case concerns a mental fatigue study for which no strong hypotheses could be
based on related studies (Chapter 4). For both case studies, our method for individual and group
analysis shows decreasing FU sizes and a decreasing number of longer-distance coherences for
increasing frequencies. This is in accordance with the general finding that global coherence is
associated with lower EEG frequencies and local coherence with higher EEG frequencies. For
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the aging study (Chapter 3), younger adults have smaller FUs than older adults, indicating lower
coherence for younger adults than older adults, in agreement with conventional results. For the
mental fatigue study (Chapter 4), differences between non-fatigued and fatigued participants are
generally small. However, the area where the largest FUs reside is different for non-fatigued
and fatigued participants in the lowest frequency band. A difference between non-fatigued and
fatigued participants in the lowest frequency band is not surprising, because lower frequencies
are associated with higher-level cognitive processes, which are expected to be affected by mental
fatigue.

Contrary to hypothesis-driven approaches, our data-drivenmethod leads to a selection of FUs
and coherences of interest between these FUs which always matches the spatial resolution of the
actual data acquisition. Obviously, a hypothesis-driven approach may miss significant (average)
coherences, such as the interhemispheric anterior-posterior coherences of interest indicated by
our data-driven method for both case studies.Altogether, our FU method summarizes extensive
experimental results efficiently.

5.2 Perspectives

This thesis has discussed EEG visualizations for time domain and frequency domain EEG anal-
ysis, and some basic visualizations related to the corresponding data types. We presented two
new visualizations tailored for multichannel EEG. For timedomain visualization, we proposed
the TPC map. For frequency domain visualization, we introduced functional unit maps for indi-
vidual analysis, in combination with two group maps.

A future improvement of the TPC map would be an interactive visualization with linked tem-
poral and spatial brushing, as desired by the participants of the user evaluation. In fact, some
participants would prefer to have all available visualization components at their disposal, from
both the TPC map and the standard clinical visualization. Apparently, they appreciate ‘converg-
ing evidence’. Because it takes more time to study a larger number of different visualizations
and because the visual space on a screen is limited, a selection of visualization techniques should
be made carefully.

The combination of multiple methods is not only an issue in visualization. For EEG analysis,
a combination of multiple measures is also advocated for frequency domain (Nunezet al.1997)
and time-frequency domain (Zhanet al.2006) analysis. Our method for frequency domain anal-
ysis is not restricted to coherence, but is also suitable forother measures with similar properties.

Frequency analysis of EEG is often restricted to the generally recognized frequency bands,
even though there is no consensus on the boundaries of those bands (Section 1.1.4). Results
could improve when those frequency bands are refined in a data-driven fashion. If there are no
automated signal processing routines available for this purpose, an interactive visual adaptation
of the frequency band for coherence analysis can be accomplished on the basis of efficient FU
visualizations (Section 3).

Time-frequency domain analysis is not explicitly discussed, but can be considered as a tem-
poral sequence of frequency domain analyses (Section 1.1.6). To our knowledge, existing time-
frequency visualizations are straightforward combinations of other techniques described here.
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For example, a time-frequency plot for a single electrode istechnically the same as an EP image
(Fig. 2.5, p. 23), setting out frequency instead of EP trialsalong the rows of a tabular visualiza-
tion (with time along the columns). For multiple electrodes, time-frequency plots can be mapped
(schematically) to the corresponding electrode positions(Graimannet al. 2002), similar to the
organization of conventional time-series in a topographicarray (Fig. 2.4, p. 22).

As indicated before (Chapter 4), higher-level cognitive mechanisms are associated with ac-
tivity at lower frequencies and a more global synchronization, whereas lower-level mechanisms
are associated with activity at higher frequencies and a more local synchronization (Nunezet
al. 1997, von Stein and Sarnthein 2000). For the study of this synchronization, further research
may adopt a hierarchical approach across multiple EEG frequency bands.

Nowadays, it is also possible to simultaneously record fMRI and EEG. A fusion of both data
types is a future challenge, due to the different resolutions in space and time.

Apart from functional neuroimaging, other fields with a temporal and spatial data compo-
nent include seismology, meteorology, geographical information systems (GIS), astronomy, and
electrocardiographic imaging (ECGI). EEG visualization can benefit from new developments in
these areas as well.
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Samenvatting

Multikanaals EEG-Visualisatie

Elektro-encefalografie (EEG) meet de elektrische hersenactiviteit door middel van elektroden op
het hoofd. Multikanaals EEG verwijst naar een meting met eengroot aantal elektroden. EEG
heeft zowel klinische als wetenschappelijke toepassingen, onder andere op het gebied van neu-
rologie, psychologie, farmacie, taalkunde en biologie. Bestaande visualisaties van multikanaals
EEG data leveren niet altijd het gewenste inzicht op. Daarompresenteert dit onderzoek een
tweetal nieuwe multikanaals EEG-visualisatiemethoden.

Een techniek die beelden vormt van hersenactiviteit wordt ook wel een functionele neu-
roimagingtechniek genoemd. EEG (Fig. 5.1) is de oudste functionele neuroimagingtechniek
en bestaat sinds de jaren ’20 van de vorige eeuw. Andere bekende technieken zijn magneto-
encefalografie (MEG) en functionele magnetische resonantie imaging (fMRI). Hoewel de andere
technieken recenter zijn ontwikkeld, wordt EEG nog steeds veelvuldig toegepast.

20.65
+−

Scale
(µV)

15 16 17 18 19 20
  

T4
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C3
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Time (s)

Figuur 5.1. Conventionele EEG representatie. Gemeten potentialen (inµV) als een functie van
de tijd (in s), voor vijf elektroden (met labels T3, C3, Cz, C4, T4) gedurende een periode van
vijf seconden.

Algemene achtergrondinformatie over EEG en visualisatie staat in hoofdstuk 1. Elektroden
bevestigd op de hoofdhuid meten de gelijktijdige activiteit van grote aantallen neuronen (zenuw-
cellen). De positie van deze elektroden is belangrijk en is herkenbaar door middel van syste-
matisch toegekende labels (T3, C3, Cz, etc.). Dankzij recentetechnologische ontwikkelingen
is het mogelijk om EEG met meer elektroden en een grotere frequentie (bijvoorbeeld duizend
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keer per seconde) te meten. De duur van een EEG-meting varieert van minuten tot uren. Het
gemeten EEG laat ritmische activiteit zien. Computeranalysetechnieken bieden steeds meer mo-
gelijkheden om deze activiteit te begrijpen. Dit proefschrift onderscheidt daarbij analyses in het
tijdsdomein en in het frequentiedomein.

Tijdsdomein

Tijdsinformatie en ruimtelijke informatie zijn essentieel voor EEG-analyse. Bestaande tijdsdo-
meinvisualisaties kunnen de combinatie van een groot aantal tijdstappen met veel elektroden niet
goed aan en reduceren daarom de ruimtelijke informatie (hetaantal elektroden) of tijdsinformatie
(het aantal tijdstappen).

Tegelsgewijze Parallelle Cöordinaten (TPC) Afbeelding

Dit proefschrift presenteert voor het tijdsdomein een nieuwe EEG-visualisatie gebaseerd op pa-
rallelle cöordinaten (Fig. 5.2). Alle elektrodenposities en alle tijdstappen spelen een rol in deze
visualisatie, in tegenstelling tot bij andere methoden.

In een traditionele parallelle coördinatenrepresentatie wordt iedere dimensie vertegenwoor-
digd door een verticale as. Hier komt elke dimensie overeen met een elektrode. Elke tijdstap
correspondeert met een vector. Ieder element van een vectorcorrespondeert metéén potentiaal
gemeten oṕeén elektrode en wordt gepresenteerd door een stip. De stippen voor één vector
worden verbonden dooŕeén polylijn. Het nadeel is dat in het geval van veel tijdstappen de
aanwezigheid van een groot aantal polylijnen resulteert invisuele ruis.

T3 C3 Cz C4 T4

−3.5

3.1

0

µV

Figuur 5.2. Parallelle cöordinatenrepresentatie van twee vijf-dimensionale vectoren die elkéén
tijdstap voorstellen. Elke vector correspondeert metéén polylijn. De gegevens zijn gemeten met
vijf elektroden (met labels T3, C3, Cz, C4 en T4).

In de nieuwe visualisatie correspondeert iedere elektrodemet een tegel (Engels: tile). De
locatie van een tegel correspondeert met de positie van de corresponderende elektrode. Zo laat
de tiled parallel coordinate (TPC) afbeelding een schematische twee-dimensionale verdeling van
de tegels zien (Fig. 5.3). Een “minmax” grafiek visualiseertde minimale en maximale potentiaal
per elektrode op de corresponderende tegel. Een dichtheidsafbeelding laat de verdeling van
de andere potentialen tussen het minimum en maximum zien door middel van grijswaarden.
Polylijnen tonen de potentialen voor specifieke tijdstappen. Door de kleur van deze polylijnen
te koppelen aan een tijdsas wordt chronologische informatie behouden. Deze tijdsas laat de
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Figuur 5.3. Tegelsgewijze parallelle coördinaten (TPC) afbeelding, bovenaanzicht van 58 elek-
troden (neus boven). Elke tegel komt overeen met een elektrode. Tweepolylijnen correspon-
deren met twee geselecteerde tijdstappen. Deze zijn aangegeven op de tijdsas (onder) waarop
de globale veldsterkte (GFP) afgebeeld. In de linker TPC-afbeelding is de maximale variatie te
vinden aan de rechterzijde en de voorkant van het hoofd, in de rechter TPC-afbeelding aan de
linkerzijde en de voorkant. Voor een kleurenversie, zie Fig. 2.11 (p. 27).

globale veldsterkte (GFP) zien, een maat voor de totale variatie van het EEG. Locale maxima die
overeenkomen met grote variaties houden verband met grote veranderingen in hersenactiviteit en
zijn daarom relevant.

Resultaten

Tijdens een gebruikersevaluatie is de TPC-methode vergeleken met een standaardmethode (een
bestaande klinische visualisatie voor multikanaals EEG).Deelnemers waren studenten, EEG-
onderzoekers en clinici. De TPC-methode was voor dezelfde taak gemiddeld 40% sneller dan de
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standaardmethode. Hoewel de TPC-methodeéén pagina gebruikte tegenover de vier pagina’s die
nodig waren voor de standaardmethode, leidde dit niet tot informatieverlies. De meningen over
beide methoden waren in het algemeen even positief. Alleen wat betreft eenvoud waren de deel-
nemers duidelijk positiever over de TPC-methode. Voor de beoordeling van (links-rechts) sym-
metrie van EEG-activiteit werd de TPC-methode geschikter bevonden. Zowel de TPC-methode
als de standaardmethode zouden volgens de deelnemers voordeel kunnen hebben van de moge-
lijkheid tot gebruikersinteractie.

Frequentiedomein

Naar algemeen wordt aangenomen is synchrone activiteit op verschillende locaties in de hersenen
een indicatie is voor een functionele relatie tussen die locaties. Een maat voor deze synchroniteit
is coherentie, die gezien kan worden als correlatie van tweeEEG-signalen in het frequentiedo-
mein. Visualisatie van coherentie in het frequentiedomeinis het onderwerp van hoofdstuk 3 in
dit proefschrift.

Een typische visualisatie van EEG-coherentie is een netwerk (of graaf). Een knoop (of vertex)
representeert een elektrode en wordt weergegeven als een stip, een verbinding (zijde) represen-
teert een significante coherentie en wordt weergegeven als een lijn (Fig. 5.4). Een nadeel hiervan
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Figuur 5.4. Een coherentie-graaf. Knopen representeren elektroden, verbindingen represente-
ren significante coherenties tussen elektrodesignalen. Een knoop wordt getoond als een stip, een
verbinding als een lijn. Een verbinding is lichtgrijs als de coherentie significant is, middelgrijs
als de coherentie tot de top 10% van de coherenties behoort en donkergrijs als de coherentie tot
de top 1% behoort.

is de aanwezigheid van visuele ruis in de vorm van een groot aantal elkaar overlappende lij-
nen. Veel oplossingen om het aantal verbindingen te verminderen zijn hypothesegedreven. In dit
proefschrift wordt een datagedreven alternatief voorgesteld door het begrip functionele eenheid
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(Engels: FU = functional unit) in te voeren. Een FU is een ruimtelijke verbonden verzameling
van elektroden waarbij voor elk paar elektroden uit deze verzameling onderling significant cohe-
rente activiteit gemeten is.

Functionele Eenheid (FU) Visualisatie

Dit proefschrift presenteert drie verschillende manierenom FU’s te bepalen. De eerste ma-
nier leidt tot FU’s die zo groot mogelijk zijn, omdat deze corresponderen met de sterkste EEG-
activiteit. Deze manier is gedefinieerd als de standaard, maar het kan kan uren computertijd in
beslag nemen om deze FU’s te berekenen. Daarom zijn twee alternatieve methoden ontwikkeld.
De eerste daarvan leidt tot FU’s op vrijwel dezelfde locaties als de standaardmethode, maar deze
zijn veelal kleiner dan de standaard-FU’s. Het tweede alternatief voegt kleine FU’s zoveel mo-
gelijk samen tot grotere FU’s. Op deze wijze worden FU’s gevonden die sterk overeenkomen
met de standaard-FU’s, maar dan tot wel 100.000 maal snellerdan de standaardmethode voor
een typische multikanaals EEG-meting met 128 elektroden. Daarom is de tweede alternatieve
methode gebruikt voor de verdere analyse.

Vervolgens is een op FU’s gebaseerde visualisatiemethode ontwikkeld die bestaat uit een
techniek voor individuale metingen en een techniek voor groepsmetingen. Deze methode is
datagedreven, laat de ruimtelijke relaties tussen elektrodenposities intact, minimaliseert visuele
ruis en presenteert een overzicht van alle gemeten gegevens. Geen enkele andere bestaande
methode combineert deze eigenschappen.

Voor individuele metingen is er de FU-afbeelding (Fig. 5.5). Deze toont een FU als een
verzameling cellen met dezelfde grijswaarde. De cellen corresponderen met elektrodenposities.
FU’s die tegen elkaar aanliggen hebben verschillende grijswaarden. Een lijn verbindt FU-centra
als de gemiddelde coherentie tussen de betreffende FU’s statistisch significant is. De lijnkleur
geeft de grootte van de gemiddelde coherentie aan.

Een FU-afbeelding voor groepsmetingen toont de FU-verdeling voor de gemiddelde cohe-
rentie van de EEG-activiteit binnen de groep. Een FU-dichtheidsafbeelding toont voor elke elek-
trode de bijbehorende FU-grootte gemiddeld over de groep.

Toepassingen

Resultaten zijn verkregen voor een verouderingsstudie (hoofdstuk 3) en een vermoeidheidsstudie
(hoofdstuk 4). In beide gevallen vinden we met behulp van de FU-methode zowel grotere FU’s
als een hoger aantal verbindingen tussen FU’s voor lagere EEG-frequenties. Dit komt overeen
met de algemene bevinding dat lagere frequenties overeenkomen met globale hersenactiviteit en
hogere frequenties met locale activiteit.

Voor de verouderingsstudie zijn de resultaten in overeenstemming met conventionele hypo-
thesegedreven resultaten, die een lagere EEG-coherentie laten zien voor jongere personen dan
voor oudere. In aanvulling op conventionele resultaten geeft de FU-methode aan dat er mogelijk
meer informatie te winnen valt met deze nieuwe datagedrevenbenadering. In de vermoeidheids-
studie laten resultaten grote overeenkomsten zien tussen de situaties waarbij de proefpersoon
onvermoeid resp. vermoeid is. Echter, de resultaten verschillen enigszins voor de lagere EEG-
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Figuur 5.5. FU-afbeelding. Tegen elkaar aanliggende FU’s hebben verschillendegrijswaarden.
Een significante coherentie tussen FU’s onderling wordt gevisualiseerddoor een lijn met een
kleur die correspondeert met de coherentiewaarde. Voor een kleurenversie, zie Fig. 3.3 (p. 52).

frequenties. Mogelijk komt dit doordat lagere EEG-frequenties verband houden met hogere
cognitieve processen die naar verwachting gevoelig zijn voor vermoeidheid.

Kortom, de FU-methode gebruikt een datagedreven in plaats van een hypothesegedreven
aanpak en benut de gegevens van alle elektroden die gebruiktzijn bij de EEG-meting ten volle.
De methode maakt een onderscheid tussen locale en globale coherentie. Zo geeft de FU-methode
een duidelijke en beknopte samenvatting van een groot aantal experimentele gegevens.

Toekomstperspectieven

Dit proefschrift behandelt nieuwe visualisatiemethoden ten behoeve van EEG-analyse. De eerste
nieuwe methode is de tegelsgewijze parallelle coördinaten (TPC) afbeelding voor het tijdsdo-
mein. In tegenstelling tot bestaande methoden kan deze nieuwe methode de combinatie van een
groot aantal elektrodenposities en tijdstappen aan. In hetbijzonder is deze methode zeer geschikt
voor het bestuderen van de symmetrie van de activiteit in de linker- en de rechterhersenhelft.
Toekomstige tijdsdomeinvisualisaties kunnen verder profiteren van de interactieve combinatie
van een zorgvuldig gemaakte selectie van visualisaties.

De tweede methode is de nieuwe FU-afbeelding die door EEG-onderzoekers gebruikt kan
worden voor de analyse van multikanaals EEG-coherentie. Demethode is vooral geschikt wan-
neer op basis van eerdere experimenten geen hypothese beschikbaar is. De FU-methode is ont-
worpen voor zowel individuele als groepsmetingen en leverteen duidelijk overzicht van een
groot aantal coherenties op. Een toekomstige verbetering zou een datagedreven selectie van
frequentiebanden zijn.
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