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3V I S UA L A N A LY S I S O F E V O L U T I O N O F N E T W O R K
C O M M U N I T I E S E M P L O Y I N G M U L T I D I M E N S I O N A L
S C A L I N G

abstract

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

3.1 introduction

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

In many application domains, the relationship between objects in a
network changes over time, resulting in a dynamic network [51]. The
community structure (the partition of a network), as well as the corre-
sponding attributes (the composition of communities and the relation-
ships between communities) are then dynamically changing over time
[62, 75]. Visualizing the evolution of networks in dynamic networks
can facilitate the discovery of evolution patterns of communities and
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visual analysis of evolution of network communities via mds

can help researchers propose hypotheses to explain these patterns for
further study.

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

To visualize the evolution of dynamic EEG coherence networks,
Ji et al. proposed a visualization framework based on a timeline rep-
resentation [68]. This representation assists users in identifying the
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3.2 related work

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

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

Summarizing, our main contributions include:

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

• a color assignment method for communities;

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

3.2 related work

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

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

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

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

dimensional similarity of the temporal data [64]. This method is adapted
in this chapter to assign colors to communities to re�ect the evolution
patterns of relationships between communities.

3.3 method

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

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

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

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

3.3.1 Timeline-based Representation

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

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

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

3.3.2 Distance Function

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

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

(a)

(b)

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

di j =


ea (1−ei j ) − 1 ei j ≥ 0.2

ea (1−ei j ) − 1 + b else
(3.1)

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

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

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

3.3.3 Multidimensional Scaling

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

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

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

3.3.4 Color Space Selection

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

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

dition of Hue is setting equal to 1.

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

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

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

3.3.5 MDS Slice Flipping

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

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

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

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

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

∑
|Xi [t] − Xi [t − 1]| be-

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

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

3.4 method demonstration

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

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

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

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

(a)

(b)

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

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

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

3.5 conclusion

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

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