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ABSTRACT

In this work, we introduce EdgeMaps as a new method for integrating the visualization of explicit and implicit
data relations. Explicit relations are specific connections between entities already present in a given dataset,
while implicit relations are derived from multidimensional data based on shared properties and similarity mea-
sures. Many datasets include both explicit and implicit relations, which are often difficult to represent together
in information visualizations. Node-link diagrams typically focus on explicit data connections, while not incor-
porating implicit similarities between entities. Multi-dimensional scaling considers similarities between items,
however, explicit links between nodes are not displayed. In contrast, EdgeMaps visualize both implicit and ex-
plicit relations by combining and complementing spatialization and graph drawing techniques. As a case study
for this approach we chose a dataset of philosophers, their interests, influences, and birthdates. By introducing
the limitation of activating only one node at a time, interesting visual patterns emerge that resemble the aes-
thetics of fireworks and waves. We argue that the interactive exploration of these patterns enables the viewer to
grasp the structure of a graph better than complex graph visualizations.
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1. INTRODUCTION

An important goal of information visualization is to expose different types of relationships within abstract data.
Through interaction, the viewer can be enabled to find and understand connections between bits of information.
Relations can be explicitly present in a dataset as links that specifically connect information items or implicitly
by inferring relations based on similarity of attributes.

For both types of relationships—explicit and implicit—several visualization techniques have been proposed
and refined over the recent years. Two of the most popular techniques for visualizing relations are node-link
diagrams (NLD) and multidimensional scaling (MDS). On the one hand, NLD techniques are usually applied
to explicit relations or connections that are visualized as edges between nodes representing, for example, online
communities, computer networks, or linked web pages. On the other hand, MDS is typically used for more implicit
relations between documents or other types of multidimensional data. MDS spatializes attribute similarities
between items by placing more similar items in close proximity to each other and less similar items further apart.

While MDS and NLD are widely used, they both have significant limitations with regard to readability and
interpretability of the resulting visualization. Layout algorithms for NLD visualizations are typically optimized
for reducing edge crossings, with the side effect that node positions are not utilized as a visual variable. Fur-
thermore, as the number of edges increases, it becomes hard to distinguish directionality, if present, and identify
high-degree nodes. The resulting visualization of an MDS algorithm, on the other hand, lacks a guiding struc-
ture to put elements into context with each other, besides using position. It is often difficult to understand the
meaning of the positional proximity of elements. We argue that the limitations of both techniques could be
attributed to the fact that they are constrained to either explicit or implicit relations, yet, many datasets feature
both types of relationships.

In this paper, we explore how explicit and implicit relations can be visualized as EdgeMaps, an integrated
view that combines graph drawing and spatialization. EdgeMaps combine NLD and MDS techniques utilizing
both visual linkage and proximity for the representation of complex—implicit and explicit—relations between
items. The goal is to make effective use of visual variables that have been underutilized in MDS and NLD
techniques.
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Figure 1. Visualizing influence relations between philosophers using an interest map (left) and a time line (right).

As a case study for this paper, we have chosen a dataset of philosophers from the Freebase® data community.
While there are many biographical records associated with philosophers, a particular interesting aspect of this
dataset is the existence of influence connections between philosophers, which are a type of explicit relationship.
On the other hand, birthdates, interests, and professions can be seen as attributes that indicate implicit relations
between philosophers. We are particularly interested in these dimensions as they provide a compelling use case for
the visualization of explicit and implicit relationships. For example, visualizing influences between philosophers
as edges may communicate which philosophers had more impact, however, it is not possible with these links alone
to see the extent of the impact a philosopher had across time and interests. However, positioning philosophers
based on birthdates or interests can make the extent of influence much clearer (see Figure 1).

The remainder of the paper is structured as follows. First, we will provide a brief overview of prior work on
visualizing complex, multidimensional data (Section 2). Then we formulate our main design goals (Section 3) and
introduce the dataset used to exemplify the techniques introduced by this work (Section 4). Based on the design
goals and the example dataset, we introduce a method for visualizing explicit and implicit relations (Section 5).
We discuss novel ways for exploring complex data relations (Section 8) and critically assess limitations and open
questions of this work (Section 7), before we conclude this paper.

2. RELATED WORK

As visualizing relationships is at the heart of information visualization (infovis), our work builds upon many
previous contributions in the field of infovis, in particular with regard to the use of visual variables, graph
drawing methods, and casual visualization.

While not part of his visual information-seeking mantra (”Overview first, zoom and filter, then details-on-
demand”), Shneiderman notes the challenge of being able to explore relationships between information items.!
He stresses the importance of interaction for relating data entries, however, equally if not more important are
the appropriate visual representations of different types of relations. To think about representing relationships
visually it is worth considering the visual variables that are at our disposal. In Semiology of Graphics, Bertin
distinguishes between eight visual variables: size, value, texture, colour, orientation, shape, and the two dimen-
sions for the position on the plane.? MDS renderings use planar position as the primary visual variable, while
NLDs typically rearrange position in order to minimize edge crossings. Stone makes the case that colour can
make visualizations more effective and beautiful when used well.? She shows how colour can be used for labelling
and quantifying data, but she ignores the power of colour to convey similarity between items as a degree of
association or disassociation in Bertin’s terms.

* http://www.freebase.org



There has been extensive research on drawing and interacting with NLDs,* often with the goal of minimizing
edge crossings, which is one of several geometrical and graph-theoretical metrics for graph aesthetics.® Recent
additions to this research include EdgeLens, a technique for interactively exploring overlapping edges,® and Edge
Bundles, a method for combining edges with similar paths.” While these contributions significantly improve
the readability of large NLDs, we argue that we should de-emphasize the role of edges and acknowledge more
the contextual attributes of nodes. In an early work on computer network visualizations, it was shown how
the visualization of edge attributes (e. g., flow, capacity, utilization) could be more informative than the actual
network topology.® As part of a social network visualization it was shown how the visual representation of
number of friends, gender, and community structure enriches the NLD and allows for interactive filtering.”

While conventional NLD techniques focus almost entirely on explicit relations, MDS can be seen as a com-
plementary approach focussing on proximity as a visual representation of implicit relations or similarity. MDS
has been used for document visualizations with the goal to visually convey thematic patterns and relationships
of text collections.!® While the idea of spatializing document collections based on their similarities or differences
is promising, the resulting galaxies and themescapes still appear abstract and difficult to interpret. An approach
to making MDS more interactive focused on steering the algorithm, but did not look at using interactivity to
make the MDS view more comprehensive and accessible.!!

Besides connections and similarity, another important type of relation is based on the temporal dimension
and references between temporally structured items. Considering that time is linear, the challenge is to visualize
relations and references between items that are mapped onto a linear axis. Arc diagrams show cross-references
along a linear axis by adding visual semicircles to linear visualizations of documents, music pieces, and DNA
sequences.'? Further exploring the possibilities of such arcs, arcs have also been used to visualize email threads.!3
It was shown how the combination of arcs displayed above and below the main axis improved readability.

Several infovis contributions have looked at enriching and combining techniques for visualizing different types
of relations. For example, a visual document hierarchy was accompanied with arcs representing cross-references
between different sections.'* Furthermore, NLDs were made more readable by assigning nodes into multiple
regions and allowing for interactive edge filtering.'® Another approach suggests the three-dimensional juxta-
position of different visualizations on panes and linking corresponding nodes using edges between the panes.!'6
All these techniques underline that there is a need for integrating multiple types of relations and enabling their
interactive exploration.

3. DESIGN GOALS

The motivation behind this work is the multitude of datasets that feature both explicit and implicit relations.
For this work, we understand explicit relations as data relations that specifically connect data entities and are
already present in the dataset. As implicit relations we see data relations that are not defined in the dataset
and need to be inferred based on similarities between data entries. In the past the visualization of

Explicit linkage between items has been the mainstay of graph drawing research. On the other hand, there
are numerous implicit similarities based on different kinds of parameters and dimensions that can be used for
data spatialization. With this work we are exploring the space of integrating the visualization of both implicit
and explicit data relations in order to reveal previously unseen patterns. In particular, we aim at supporting
people in viewing complex datasets and exploring relationships between information entries in a pleasing and
engaging way. This translates into the following design goals:

e Integrate multiple relationships. Explicit and implicit relations should be visually represented as
linkage and layout in ways that mutually support each other.

e Show invisible data patterns. By integrating implicit and explicit data connections, the visualization
should provide novel, interesting patterns that were not visible before.

e Support serendipitous exploration. The visualizations should allow viewers to find unexpected insights
and easily follow their interests. The interactivity necessary should be effortless without requiring training.



e Display additional information. The interface should provide detail-on-demand operations allowing
the viewer to learn more about particular data entries and go back to the data source.

e Provide aesthetic visuals. The colours, shapes, and transitions used by the visualization should satisfy
both utility and visual appeal, making the interaction pleasant and evoking curiosity.

4. DATASET

We parsed data on philosophers from the Freebase website using their HT'TP-based APIs. Freebase offers
structured information about many entities. In the case of philosophers, Freebase provides data about interests,
professions, birthdates, influence connections, and other relations from Wikipedia. For the purpose of this
paper, we have constrained the dataset to philosophers that influenced at least one other philosopher, resulting
in 142 philosophers. For each philosopher we store the name, birthdate, description, an image, interests, and
professions. Furthermore, we store the directed influence links between philosophers, which we consider as explicit
relations. In contrast, we will use interests and professions for computing similarities between philosophers as
implicit relations. The birthdates can also be regarded as another type of implicit relation as it implicitly links
philosophers of similar epochs. For storing these records, we used a MySQL database that is easily accessible
from the server-side part of this visualization, which was written in PHP.

Using these attributes, several interesting dimensions can be inferred and explored. For example, we can
calculate the degree of influence as a measure of significance using the sum of outgoing influence. In other words,
the more philosophers a particular philosopher has inspired and influenced, the more significant this philosopher
is. Based on birthdates, philosophers can be grouped into similar epochs. Likewise, using the interests and
professions, philosophers can be grouped by their “trade”. Combining birthdates and interests/professions with
the influence connections, one can look at the impact of a philosopher across time and trade. So, for example,
as Nietzsche is still considered influential by many contemporary philosophers, his impact is probably one of
great temporal extent. Similarly, considering all the philosophers that were influenced by Hegel, it may be that
Hegel has impact across many interests and professions. These relations, however, are not easily accessible by
just looking at the tables provided by reference pages on Freebase or Wikipedia.

5. VISUALIZING EXPLICIT AND IMPLICIT RELATIONS

To develop a way of representing implicit and explicit relations, we introduce EdgeMaps as a visualization method
that integrates spatialization and graph drawing methods. EdgeMaps encode implicit relations as node position
and explicit relations as curved edges. Other visual variables are used to double-encode these data relations and
introduce additional information such as directionality and distinctness.

5.1 Implicit Relations as Layout

To represent the implicit relations, we designed two general layouts: an interest map and a timeline (see Figure 2).
While both visualization layouts represent philosophers as nodes and influences as links, as we will describe in
more detail later, the layouts differ in the way the position dimensions of the plane are utilized. The interest
map represents the similarity of philosophers based on their philosophical interests and professional occupations.
The timeline uses birthdates as an ordering criteria to arrange philosophers along a temporal axis.
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Figure 2. Layouts for philosopher visualizations based on common interests and professions (left) and on birthdates (right).



Interest map. The node positions for the interest map were computed using the MDS function of R,
a statistical software environment. Before that, interests and professions data had to be transformed into a
vector model for which the Euclidian distances could be used by the MDS algorithm. The result is a pair of x,y
coordinates for each philosopher, with each coordinate value between -1 and 1. Depending on the size of the
web browser window, these coordinates are then scaled to the actual display resolution. However, the aspect
ratio of the MDS output is not modified based on the browser window, since the proximity of the resulting plane
configuration is generated on the basis of similarity. Stretching the layout would confound the representation of
philosopher similarities, which are mapped to positions on the plane using their Euclidian distances. As there
may be philosophers with identical attributes, the MDS algorithm could return items with the same positions,
posing an occlusion problem. Considering that MDS is an approximation after all, the current layout method
positions overlapping nodes slightly apart so that they are still close but not occluding each other.

Timeline. The timeline layout is direct mapping of birth year to position on the plane. Initial trials with
a simple time axis failed, because there were dense clusters of philosophers in some epochs and very sparse or
empty periods during other times. For the 142 philosophers, we decided to neglect exact temporal lengths and
focussed on temporal sequences of philosophers instead. This still allows for relative temporal comparisons of
earlier and later philosophers and, at the same time, accommodate all philosophers along the axis. The result of
this ‘stringing’ of nodes along the axis has the effect that certain periods take up much more display space than
others. To convey this temporal folding, we added a “Years” legend on top of the time view.

5.2 Explicit Relations as Curved Edges

The layouts for topical and temporal similarities—interest map and timeline—represent only the implicit relations
between philosophers. In order to represent influences between philosophers as explicit relationships, edges are
drawn between the nodes. If all influence edges were to be shown for all philosophers, there would be far too
many edges to be actually readable, let alone interpretable. However, by activating only one philosopher at a
time, it is possible to read individual edges and differentiate between two types of influence:

e Incoming influence. The philosopher is inspired by the other philosophers and builds upon their work.

e Outgoing influence. The philosopher has affected other philosophers who build upon his/her work.
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Figure 3. With node B being selected, there are two types of edges: incoming (left) and outgoing (right).

To visually differentiate between these two types of edges, we used the following visual parameters: curvature,
directionality, shape, value, and colour (see Figure 3).

Curvature. Edges are curved depending on their distance between the connected nodes. In the interest map
this curvature is smaller than in the timeline view. Incoming edges are curved downward and outgoing edges are
curved upward. The idea is that incoming influence stands for the foundation upon which a philosopher builds
their work. For the outgoing influence, the edge is curved upward, as a visual depiction of outreach beyond
previous work. Taken together, both types of edges form a wave-like shape.

Directionality. Incoming and outgoing edges differ also with regard to how directionality is represented.
As we assume that only one philosopher is activated at a time, it is evident that this philosopher’s node will
have multiple incoming and outgoing edges, while all other philosophers will have at most two associated edges.
This means to represent edge directionality, there is much less clutter around the unselected philosophers that
are associated with the active philosopher. Therefore the incoming edges have arrow-like cuttings at their source
nodes, whereas the outgoing edges coming from the active philosopher have arrows at the destination nodes.
This way the edge endings at active philosophers are simple and thin allowing for many discernible edges.

t http://www.r-project.org/



Shape. An additional way to visually differentiate the edges is by their shapes. While there is no inherent
reason why incoming edges should be thicker than outgoing edges, giving them these two distinct shapes allows
for easy distinction with multiple edges displayed at the same time.

Opacity. To balance out the different visual weights resulting from thick and thin edges, the opacity of the
incoming edges is decreased. Using opacity instead of actual colour value for the incoming edges also reduces
the occlusion of other elements due to incoming edges.

Colour. Since the nodes representing philosophers have different colours, the outgoing influence edges take
on the colour of the active philosopher, and the incoming edges share the colour with the originating node. The
mapping of position to colour is discussed in the following.

5.3 Encoding Redundancy with Size and Colour

Besides showing influence connections for the active philosopher, the significance of a philosopher should be
immediately visible without any interaction. For this, we define significance as the relative degree of outgoing
influence, since a more significant philosopher arguably had more influence on their philosopher peers and
successors. To visually represent this measure, we encoded significance as the size of each philosopher’s node.
While we experimented with different types of glyphs, we decided that simple circles with varying sizes were the
most appropriate, with which additional clutter could be avoided.

Furthermore, we decided to use colour to double-encode similarity based on philosophers’ interests and
professions. Since the output of the MDS algorithm provides a spatialization of this relationship, we used it
in combination with the HSV (hue, saturation, value) colour space as the basis for the colour calculation (see
Figure 4, left). We decided to map broad interest regions to hue and the distance to the centre to saturation,
while keeping the value constant. The idea behind this encoding is that the further out a philosopher is located,
the more distinct this philosopher is from all other philosophers. Translating this notion of distinctness to a colour
space, it would seem intuitive that the more distinct items would be more saturated and the more common items
would be less saturated. However, keeping the value constant means that either the nodes in the centre would
be too bright or the nodes on the periphery too dark. Therefore, we took the distance-to-centre measure into
account for the value resulting in well-visible, grey-like nodes in the centre and more colourful nodes towards the
outside.
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Figure 4. Colours are derived from MDS positions using distance from the centre for saturation and the angle around the
centre for the hue (left). Outgoing edges share the colour of the active node, here beige, whereas incoming edges have
colours of their source nodes (right).

Based on this approach, every node receives a distinct colour, which is also used for the associated influence
edges. As shown in Figure 4 right, the active philosopher’s outgoing edges have the colour of this philosopher



and the incoming edges have the respective colours of their philosophers. This further helps to distinguish the
edge types and associate edges with their corresponding source nodes.
5.4 Yarn Balls vs. Fireworks and Waves

After having discussed the representation of implicit and explicit relations individually, we will discuss in the
following how these representations come together in novel formations.
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Figure 5. Displaying influence edges in the interest map for five philosophers (left) and one philosopher at a time (middle
and right). With a single activated philosopher, influence edges arguably resemble the shape of fireworks. Less influential
philosophers have sparser edge patterns (middle) than more influential ones (right).

As part of exploring design options, we explored the possibilities of activating multiple philosophers at the
same time. The result is an example of the “yarn ball” effect for complex NLDs, conveying neither overview nor
structure (see Figure 5, left). In contrast, displaying only the edges associated with one individual node opens up
novel possibilities (see Figure 5, middle and right) for graph visualization and interaction. As discussed before,
this way it becomes possible to actually distinguish between edge types and directions. Furthermore, considering
that the node size reflects the number of outgoing edges, one could argue that differing node sizes may be a more
effective way to convey general overviews over a dataset. Instead of displaying many edges that make it even
harder with increasing amount of nodes and edges, it seems to be more effective to use colour, position, and size
for nodes to provide context and overview.

An interesting structure emerges when selecting a philosopher in the interest map with incoming and outgoing
edges rendered in patterns of fireworks (see Figure 5). Less significant philosophers (e.g., Lacan) result in more
modest fireworks than the most influential philosophers, such as Kant. Besides the number of edges, the spatial
extent of edges conveys the topical scope of a philosopher’s incoming and outgoing influences.

In the temporal layout, the influence edges lead to distinct wave-like patterns (see Figure 6). The resulting
edge layout is particularly interesting as the waveform can also be seen as a representation of the entrenchment,
critique, and evolution of philosophical ideas. While in the interest map the spatial extent of edges stands for
topical scope, in the timeline the spatial extent of edges represents temporal scope both with regard to incoming
and outgoing influence.

5.5 Visual Presentation

In addition to the conceptual representation of multiple types of data relationships, it is important to consider
how the visual presentation can combine these with the display of additional information, such as the names of
philosophers, their biographical backgrounds, and visualization-related legends.

To reduce visual clutter, only the names of those philosophers that are currently active or associated with an
active philosopher are displayed. The nodes for the remaining philosophers are dimmed and do not have a label.
This allows the viewer to focus on the current selection, but it also alleviates a label-occlusion problem that
still occurs when many edges of associated nodes are displayed (see Figure 5, right). In the case of overlapping



Figure 6. In the timeline view, influence edges result in a wave-like form indicating the propagation of philosophical ideas
over many time periods. The more significant a philosopher is the larger and possibly wider is the resulting wave (below).

labels, it is possible to hover with the mouse over the corresponding nodes to make hidden labels visible. To
ensure aesthetic proportions between circles and labels, the font size is set relative to the size of the circles.
Furthermore, only the surname of the philosopher is used, which is typically unique and sufficiently known.

Immanuel Kant (IPA: [I'manuel kant]; 22 April 1724 —

12 February 1804) was an 18th-century German philosopher
from the Prussian city of Kénigsberg (now Kaliningrad,
Russia). He is regarded as one of the most influential
thinkers of modern Europe and of the late Enlightenment.
Kant created a new widespread perspective in philosophy
which influenced philosophy through the 21st Century. He
also published important works of epistemology, as well as
works relevant to religion, law, and history....

Figure 7. Detailed information for currently activated philosopher (left). Legend for node sizes and edge types (right).

To learn more about an individual philosopher, a detailed view is displayed in the lower right portion of the
window (see Figure 7, left). The beginning of the corresponding Wikipedia article is displayed and accompanied
with a visual depiction (e.g., photo, painting, sculpture) of the philosopher. The border of this background
display uses the colour of the corresponding philosopher.

Legends are displayed to summarize the different mappings that are used. For example, for the size of circles
and types of edges, a legend for both layouts is always displayed in the lower left of the screen (see Figure 7, right).
The two circle sizes displayed actually correspond to the smallest and largest nodes in the visualization, giving
a sense for the extent of significance between philosophers. In the timeline view, years indicate the temporal
distribution along the time axis. In both cases, the legends are drawn in shades of light grey to avoid distracting
from the information visualization.

6. INTERACTIVE EXPLORATION FOR COMPLEX RELATIONSHIPS

Allowing only one philosopher to be selected at a time can be seen as a limitation, but as argued before it
opens up interesting possibilities for visualizing different patterns and relationships. Furthermore, having only
one philosopher selected at a time has interesting implications for the interaction with NLDs and MDS-based
visualizations.



Selecting a philosopher draws the incoming and outgoing edges, highlights the respective nodes, and displays
their names. As these linked nodes are revealed, the viewer is more likely to follow the displayed edges and
activate one of the linked philosophers. In a sense, exploring philosophers along their influence edges becomes a
pivoting exploration from one philosopher to the next. It would be interesting to explore whether the structure
of networks is easier to comprehend by actively pivoting through it or by looking at a global overview with
possibly many overlapping edges.
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Figure 8. Exploratory pivoting along philosophers influences from Beauvoir over Deleuze to Nietzsche.

Consider starting out with the interest map layout and selecting, for example, the node of Beauvoir, which
is one of the smaller circles in the periphery of the visualization (see Figure 8, top). After having selected this
philosopher it is now possible to follow one of the philosophers that was influenced by her. In this case one could
select Deleuze (bottom right) and afterwards a philosopher with a larger and more saturated node, in this case
Nietzsche (bottom left). The path of exploration depends somewhat on serendipity, intuition, and interest, all
of which are affected by the overall node layout, the edges, and the colourings.

To change the layout, a button in the upper left corner triggers the transition between the interest map and
the timeline. As the colours are based on interest similarity it is possible to rediscover nodes from the interest
map in the timeline view. The transition between the views is intentionally animated to allow the viewer to
follow nodes between the views.

7. CURRENT LIMITATIONS AND FUTURE WORK

The presented design and implementation of EdgeMaps are a first step towards integrating implicit and explicit
data relationships. While this new approach of integrating NLD and MDS visualizations appears to be promising,



there are several limitations associated with our particular design and the general approach, which we will briefly
discuss in the following.

We have argued that displaying edges for only one node, i. e., philosopher, at a time allows for novel interaction
and visualization methods and solves some of the edge congestion problems of larger NLDs. However, it would
be interesting to see how techniques addressing edge congestion such as Edge Bundles” and EdgeLens® could be
integrated with the idea of combining a layout representing implicit relations with edges for explicit relations.
The differentiation between incoming and outgoing edges led to novel visual patterns in the time and interest
views; it would be interesting to consider other partitioning of edges and nodes to expose different data patterns.

While we used the MDS algorithm in the R environment, it would be interesting to explore its parameters
and, for example, consider rectangular planes, since most browser windows are wider than high. The difficulty to
interpret the meaning of position and proximity may be alleviated with the display of edges, yet, it needs further
exploration to find other techniques that make the output of MDS algorithms more accessible and meaningful.
One of the ideas that came up during this work is to label regions in the MDS plane based on representative
keywords that are more common among nodes that are positioned closer to each other. Besides the aim of making
the MDS layout more comprehensible, it would be interesting to create a flexible MDS algorithm allowing the
viewer to change how items are positioned. The great challenge for this would be to make this algorithm
interactive.

In this paper, we have argued that aggregating explicit relations with node sizes provides additional overviews
when edges are not displayed. Considering that the colour of a node is derived from the interest map view, we
have not yet considered how an additional visual variable could be used to represent additional information, such
as the temporal epoch of philosophers.

8. CONCLUSION

With the design and realization of EdgeMaps we have explored the visualization of implicit and explicit relations
on an example dataset of philosophers. The interactive visualization tool that we have designed and developed
represents implicit relations (time and interests) as the underlying layouts for node-link diagrams in which nodes
stand for philosophers and edges represent explicit influence connections between them. By constraining the
selection to one philosopher at a time, it is possible to visually distinguish between incoming and outgoing edges
particularly by their curvatures. Restricting selections to one philosopher at a time and visually distinguishing
influence edges led to novel visual patterns that resembled the aesthetics of fireworks and waves. In contrast to the
notorious yarn ball effect of some graph visualizations, we have suggested that an interactive pivotal exploration
along edges between nodes may better allow viewers to grasp network structure than complex overviews.
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