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Abstract—Small-world networks have characteristically low pairwise shortest-path distances, causing distance-based layout methods

to generate hairball drawings. Recent approaches thus aim at finding a sparser representation of the graph to amplify variations in

pairwise distances. Since the effect of sparsification on the layout is difficult to describe analytically, the incorporated filtering

parameters of these approaches typically have to be selected manually and individually for each input instance. We here propose the

use of graph invariants to determine suitable parameters automatically. This allows us to perform adaptive filtering to obtain drawings in

which the cluster structure is most prominent. The approach is based on an empirical relationship between input and output

characteristics that is derived from real and synthetic networks. Experimental evaluation shows the effectiveness of our approach and

suggests that it can be used by default to increase the robustness of force-directed layout methods.

Index Terms—Automatic parameter selection, adaptive edge filtering, graph simplification, force-directed layout, small-world networks,

network visualization
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1 INTRODUCTION

SOCIAL networks are often highly connected and exhibit
the so-called small-world property [1]. Networks with

this characteristic in general have a small average pairwise
shortest-path distance and a high local density. For Face-
book friendship graphs, for example, this means that any
person is connected by only a few intermediate connections
with every other person in the network.

Although visualization approaches such as force-directed
layout methods offer high quality results for many graphs,
their capabilities are limited for small-world graphs. The
resulting drawings are typically cluttered and look like a
hairball, in which the intrinsic graph structure is not visible.

This makes one of the most important tasks in social net-
work analysis [2], the discovery and visual exploration of
cohesive sub-groups and their relation to each other in
a network, very problematic.

The main problem of these layout methods is that they
try to directly translate pairwise graph-theoretic distances
to euclidean distances. Yet, if the variation of pairwise dis-
tances is low, as for the hairball graphs, the resulting layout
has low variation in euclidean distances too.

A large variety of approaches have been proposed to
reduce the clutter in drawings of hairball graphs.While geom-
etry-based visualization techniques, such as edge bun-
dling [3], are not likely to be of benefit when applied to
hairball drawings due to themissing variation in the distribu-
tion of nodes in the plane,modified layout algorithms seem to
be more promising as they allow to compensate for structural

effects in a graph. Boitmans et al. [4], for example, propose to
modify the pairwise distances in such a way that adjacent
nodes of high degree are placed further apart. This allows to
enlarge the core of the layout and is especially suited for
graphs with an extremely skewed degree distribution.
Another proposal that was made is to distort the layout [5] in
a manually selected area of interest. A different general
approach is to identify clusters in the graph and thenuse these
clusters for the visualization of the network [6], [7]. This
approach shifts the problem of visualization to the selection
of a clustering or community detectionmethod.

A different way of tackling this problem is graph simplifi-
cation, where the idea is to reduce the set of edges in a graph
to the most important ones. This sparser subgraph, the so-
called backbone, can then be used to layout the graph.

Simplification approaches which maintain specific prop-
erties of the graph, like spectra [8], cuts/connectivity [9], or
shortest-paths [10], [11], tend to maintain the small pairwise
distances as well, which means that the resulting backbones
are still hairball graphs.

The most promising simplification approach for the dis-
covery and visual exploration of cohesive sub-groups is to
filter out edges based on an embeddedness criterion [7],
[12], [13], [14], [15], which is determined based on the local
density around an edge.

All methods following this approach require as input a
threshold parameter according to which the backbone is
extracted, which in turn is laid out using standard force-
directed methods. Finding the right threshold parameter to
retrieve meaningful network visualizations is very costly
due to the non-linear influence of the parameter on the final
visualization. A small difference in the threshold value
might already change the layout completely. Consequently,
identifying the optimal threshold, for which the group
structure is most prominent in the layout, on a trial and
error basis is a very time consuming task, particularly for
large networks.
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For these methods we here propose a preprocessing tech-
nique which adaptively determines the threshold value for
which the group structure is most evident in the graph and
in the layout (as indicated in our experiments). Our tech-
nique quantifies for each possible threshold value the qual-
ity of the inherent groups in the resulting backbone using
the clustering coefficient.

Our contributions are:

1) A novel approach to quantify the impact of every sin-
gle threshold on the group structure of the backbone.

2) An efficient dynamic algorithm maintaining the clus-
tering coefficient under edge deletion, running in
OðaðGÞmÞ total time, where m is the number of
edges in the graph and aðGÞ the arboricity - mini-
mum number of spanning forests required to cover
the edge set of a graph G.

3) An extensive evaluation of the effectiveness of our
approach on a number of “real-world” as well as
synthetic networks.

To evaluate our preprocessing technique we use the
quadrilateral Simmelian backbone, as the experimental
study in [14] with various edge embeddedness metrics sug-
gests that it is very well suited for untangling hairball
graphs, while preserving the group structure. Especially for
multi-centered small-world networks it enables standard
force-directed layout techniques to strongly emphasize the
inherent group structure in the final drawing.

We start by giving an overview of the backbone layout
approach from [14] in the next section and explain our pro-
posed quantification measure for the adaptive filtering in
Section 3. In Section 4 we first evaluate how well this mea-
sure approximates the association with known clusters and
then investigate its influence on the network layout. Section
5 summarizes our conclusions.

2 BACKBONE LAYOUT APPROACH

The overall work flow of the backbone layout approach as
suggested in [14] is shown in Fig. 1. In the first step an edge
embeddedness metric which only relies on the graph struc-
ture is calculated. Based on these edge weights the filtering
step removes all edges that are below a given threshold value.

Since the connectedness is indispensable for force-
directed layout methods but might be destroyed through
the filtering step, the next step reinserts all edges from the

union of all maximum spanning trees based on the embedd-
edness metric ensuring that the backbone stays connected.
Note that the union is necessary to avoid arbitrary (non-
structure based) preference of an edge over another [11].

The computation of the structural edge embeddedness
itself can be divided into two parts. The first part calculates
an initial edge weight, the so called quadrilateral weight,
which measures how well an edge is integrated in its neigh-
borhood and is defined as

Qðu; vÞ ¼ qðu; vÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
qðuÞ � qðvÞp ; (1)

with qðu; vÞ being the number of quadrangles containing
edge ðu; vÞ and qðvÞ ¼ P

w2NðvÞ qðv; wÞ, for v 2 V and neigh-

borhood NðvÞ. Thereafter, a reweighting [13] is performed.
The motivation for the reweighting step is to account for the
fact that a relation e ¼ ðu; vÞ 2 E can be of different impor-
tance for u and v. While e might be the most important rela-
tion for u, emight be irrelevant from the perspective of v, for
example because vmight havemany othermore “important”
relations and therefore is willing to break tie with u.

For an edge ðu; vÞ the reweighting is performed by first
ranking the neighbors of u and v according to the initial
edge weight. Then k is chosen such that the Jaccard coeffi-
cient of the rank � k neighbors of u and v is maximized.
This maximum Jaccard coefficient can be seen as the agree-
ment of u and v on their ranked neighborhood and is used
as the embeddedness metric for the filtering step.

For the computation of the force-directed layout in the
final step we use stress minimization [16] initialized by Piv-
otMDS [17] as suggested in [14], [18]. This layout algorithm
finds node positions, such that the pairwise Euclidean dis-
tances match the graph theoretical distances. To find these
positions in each iteration of the algorithm every single
node is relocated as a function of all other nodes.

In the next section, we propose a metric that only relies
on the graph structure, but is nevertheless an adequate indi-
cator for the final layout quality.

3 ADAPTIVE FILTERING BASED ON LOCAL

CLUSTERING

In this section, our goal is to quantify the structural degree of
clusterability in networks, which should serve as an indicator

Fig. 1. The work flow of the backbone approach [14] is extended by a process which analyzes all possible threshold parameters with respect to the
group structure. This allows to point out interesting thresholds to the user as well as a fully automatic selection of this parameter.
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of how clear the cluster structure in the network is, but
without performing the actual clustering task. This quantifi-
cation then allows to give visual support for manual selec-
tion and a fully automatic parameter extraction.

Instead of performing clustering by choosing among the
vast amount of existing methods [19], [20], we measure an
often observed side effect of clusters in networks, namely a
high average clustering coefficient [21]. The clustering coeffi-
cient captures to which extent the neighborhood of a vertex
is connected amongst themselves.

In a series of backbones, with varying sparsification
parameter, the main assumption is that a backbone with a
high clustering coefficient is more likely to contain cohesive
groups than a backbone with a low clustering coefficient. If
the quantification using the clustering coefficient is effec-
tive, its highest value should point us to the sparsification
parameter, where the resulting backbone is most similar to
a predefined cluster graph [22] representing the underlying
group structure.

More precisely, we use the phi coefficient as a similarity
measure to evaluate the effectiveness of the clustering coeffi-
cient. The phi coefficient can be understood as a correlation
measure between the entries of two matrices, where the first
matrix is the adjacency matrix of the backbone graph and the
second one the block matrix of given cluster structure. Fig. 2
gives an overview of the overall process and shows the clus-
tering and phi coefficient for a synthetic network with a
planted partition, together with four laid out backbones with
varying sparsification thresholds (Figs. 2b to 2e). The cluster-
ing coefficient can be used as an indicator for cluster structure
and points us to the sparsification parameter which is very
likely to emphasize the grouping information.

3.1 Efficient Computation of the Clustering
Coefficient

Wenow investigate how the clustering coefficient can be com-
puted efficiently for every possible sparsification parameter.

The local clustering coefficient is defined as the percent-
age of closed triples at a vertex v:

CðvÞ ¼ �ðvÞ
tðvÞ ¼

jfðvi; vjÞ 2 Ej vi; vj 2 Nvgj
dðvÞ
2

� � ; (2)

with �ðvÞ being the number of closed triples (triangles) at v
and tðvÞ the number of connected triples at v. For NðvÞ � 1
we define the clustering coefficient to be zero, which pun-
ishes peripheral degree one vertices. The global (or average)
clustering coefficient is then

�C ¼ 1

jV j
X
v2V

CðvÞ: (3)

While Sun et al. [23] investigate efficient updating schema
for network statistics, their update scheme for the clustering
coefficient is not clear to us. They give a runtime ofOð<d> Þ
for updating the clustering coefficient, with <d> being the
average degree in the network. Considering the fact that the
average degree <d> can be much smaller than n ¼ jV j, it is
not clear to us how the update under deletion of a single
edge could be performed inOð<d> Þ timewhile the number
of local clustering coefficients having to be updated can be n
in the worst case. Such a case is given when the edge to be
deleted is contained in a triangle with each vertex in the
graph (for example e in the figure of Algorithm 1).

Fig. 2. Evaluating the effectiveness of clustering coefficient on quadrilateral Simmelian backbone for a synthetic network with a hidden group struc-
ture. Highest clustering coefficient (a) denotes the parameter, where the groups just start breaking apart (d), which is also the point where the result-
ing backbone is most similar to the ground-truth cluster graph. (e) Filtering removes more and more intra-cluster edges and destroys the relative
positioning of the groups.
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3.2 Iterative Computation

Let v : E ! R�0 be the edge weight reflecting a struc-
tural edge embeddedness, W ¼ fvðeÞje 2 Eg the set of
possible edge weights, and Gz; z 2 W the resulting
backbone.

To compute the clustering coefficient for a single graph,
we only need to know the number of triangles at each ver-
tex, which takes OðaðGÞmÞ time [24], [25], where aðGÞ is the
arboricity, or the minimum number of forests necessary to
cover all edges of a graph G. Practically, aðGÞ can be consid-
ered to be a small constant for social networks [14], [26]. Per-
forming this computation for each backbone individually

would take OðaðGÞm2Þ time, as the number of possible
backbones is in OðmÞ.

Algorithm 1 describes how this can be done more effi-
ciently by computing the clustering coefficient for the

original graph and iteratively updating the triangle statistics
for each edge which is being removed.

When an edge e is removed (Line 7), all of its triangles
(Tr½e�) are destroyed. As already observed by [23], for each
vertex in one of these triangles, its local clustering coeffi-

cient and thus its contribution to �C needs to be updated.

3.3 Correctness of Algorithm 1

From the definition of the clustering coefficient it follows that
�C is correct for the initial graph. It remains to show that after

each edge delection �C is properly updated. Thus, it suffices
to show that each local clustering coefficient C½v� is correctly
updated after an edge e ¼ ðu; vÞ is removed. The local coeffi-
cient changes only for vertices creating a triangle with e. All
triangles of e (Tr½e�) are also triangles at u and v (see the figure
below Algorithm 1). Since they are all destroyed, we need to
reduce �½u� and �½v� by jTr½e�j. For a vertex w in a triangle
with e, exactly one triangle is affected (Line 17 of Algorithm
1). By removing each triangle t from the triangle sets of the
other two edges (ðu;wÞ and ðv; wÞ), wemake sure that this tri-
angle will never be considered again. C½w� is thus correctly
updated. The degrees of u and v are also reduced correctly
by one, which allows to updateC½u� andC½v�.

3.4 Runtime of Algorithm 1

The running time of the first part of Algorithm 1 is domi-
nated by the triangle listing (OðaðGÞmÞ) and sorting routine
(Oðm logmÞ). In the second for-loop, each triangle is proc-
essed exactly once, and the required updates need constant
time. Since there can be at most OðaðGÞmÞ triangles, the
runtime of the second for-loop is in OðaðGÞmÞ.

4 EVALUATING THE EFFECTIVENESS

The sparsification of the original graph results in various
backbones, based on the chosen sparsification parameter.
For each of these backbones, we want to quantify how simi-
lar its structure is to a given set of inherent clusters.

Modularity is often used for cluster quality assessment,
but we do not use it, due to its counter intuitive behavior:
Even for a perfect partitioning of a graph, consisting only of
cliques as connected components, modularity can vary and
differ a lot from the optimal value of 1. We refer the reader to
[27] and [28] for amore extensive discussion on this behavior.

Instead, we measure the similarity of a backbone graph
with respect to a perfect partitioning, consisting of discon-
nected cliques, using the phi coefficient on the corresponding
adjacency matrices. The phi coefficient is a variation of
Pearson’s correlation coefficient, when applied on binary
variables [29]. Freeman also calls it Borgatti’s h [28].

The intuitive interpretation is that its value is large, if a
graph is similar to a given perfect partitioning and small
(towards 0) if the graph is dissimilar to this partitioning.

Since the pairwise shortest-path distances are translated
to euclidean distances by the force-directed layout, we com-
pute the average pairwise shortest-path distance to quantify
the expansion of the graph for a specific parameter. In addi-
tion to that, we evaluate the influence of the threshold
parameter on the final layout using the negated average
neighbor distance in Euclidean space as a local compactness
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measure. If the cluster structure is prominent for a specific
backbone then the local layout compactness should be high.

We now define the phi coefficient more precisely and
also give a concrete example. After that we explain the data-
set and graph models to finally discuss the results and
limitations.

4.1 Phi Coefficient

For a backbone graph G0 ¼ fV;E0 � Eg and a partitioning
C ¼ fC1; . . . ; Ckg of V , let CðvÞ 2 C denote the cluster of
v 2 V . Further, letX be the adjacency matrix of G0

Xij ¼ 1 if fi; jg 2 E0 or i ¼ j
0 if fi; jg 62 E0

�
(4)

and Y the adjacency matrix of the perfect graph on that par-
titioning

Yij ¼ 1 if CðiÞ ¼ CðjÞ
0 if CðiÞ 6¼ CðjÞ:

�
(5)

Loops are not important here, as long as their existence or
absence is defined consistently for X and Y . Since we are
only interested in boolean values for a vertex pair, the Pear-
son correlation reduces to the phi coefficient

fðX; Y Þ ¼ ad� bcffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiðaþ bÞðcþ dÞðaþ cÞðbþ dÞp ; (6)

where a, b, c, and d represent the frequencies of observation,
derived from the 2 x 2 contingency table:

Yij

Xij 1 0

1 a b
0 c d

An example of a similarity between a graph and a perfect
partitioning is given in Fig. 3.

Fig. 3. The graph G on the left is similar to a perfect partitioning (vertex
colors), as indicated by the high similarity between G’s adjacency matrix
X and the block structure of the perfect partitioning Y : fðX;Y Þ ¼
ð23 � 22� 2 � 2Þ= ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffið23þ 2Þð2þ 22Þð23þ 2Þð2þ 22Þp ¼ 0:84.

Fig. 4. Phi versus maximum clustering coefficient for the Facebook100
networks and PPM500 along all possible sparsification ratios. Labeled
networks were chosen for further analysis.

Fig. 5. Phi and clustering coefficient along the sparsification ratio for various networks (Facebook100+PPM500). Peak positions are very close if the
phi coefficient is high.
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4.2 Dataset and Models

For evaluation we use the networks from the Facebook100
dataset [30]. The networks are originally from Facebook and
contain social relations of students at 100 higher educational
institutes in the US. The network size varies from 762 to
41 K vertices and from 16 K to 1.6 M edges. Additional
attributes, such as gender, expected year of graduation, dor-
mitory, etc. are given as vertex attributes. Traud et al. [30]
argue that the dormitory has been important for the forma-
tion of social relations. Therefore, we use the dormitory
attribute as the partitioning C and thus for evaluation with
the phi coefficient. While the backbone and clustering coeffi-
cient computation consider all vertices of the graph, vertices
with a missing dormitory value are ignored when comput-
ing the phi coefficient. Thus, a high amount of missing
values can bias the phi coefficient as an evaluation criterion.

Note that although empirically many of the social rela-
tions correlate with homophilous attribute values, no
ground-truth group structure is available for Facebook net-
works. For this reason, we additionally generate artificial
networks with an underlying ground-truth group structure

using the planted partition model [31] (PPM) as described
in [14] and also the model by Lancichinetti et al. [32] (LFR).

4.3 Results and Discussion

First, we discuss the usefulness of the clustering coefficient
as a proxy for the phi coefficient. Then we evaluate whether
this behavior is also reflected in the final layout by looking
at the local layout compactness.

The results of the experiments are two curves for each
network, similar to those in Fig. 2a. Going from the left to
the right, more and more edges are removed, based on the
embeddedness measure. These curves typically have one
apex. Fig. 4 shows the clustering and phi coefficient value of
these apexes against each other.

Due to space constrains we cannot show the results for
all Facebook100 networks. Therefore, we picked the 11 Face-
book networks labeled with their names in Fig. 4. The selec-
tion criterion was coverage of different regions, reflecting
various properties of the networks.

Fig. 5 shows the curves of the clustering and phi coeffi-
cients for the selected networks. Maxima are highlighted
with a dashed line.

For the PPM500 network the peak of the clustering
coefficient is extremely close to the peak of the phi coef-
ficient, where further filtering of edges would start to
only thin out the clusters. If the phi coefficient is high,
e.g., for Auburn71, Caltech36, Lehigh96, or Smith60, then
the two maxima tend to be close to each other. This
means that the maximum clustering coefficient points us
to the filtering parameter, where the density is highest
for the inherent clusters. Auburn71 is slightly different
compared to the other networks, as its phi coefficient is
larger than the clustering coefficient on the first half.
Looking at Fig. 4, we can see that 80 percent of its edges
have missing values for the dormitory attribute of the
corresponding vertices. While the clustering coefficient
considers all vertices of the network, the phi coefficient
has to ignore the ones with missing values, since no par-
tition is known for them. Knowledge of these missing
values might change the shape of the curve.

Fig. 6. Graphs with ground-truth community structure and varying noise
level based on the LFR model [32]. Selecting the sparsification ratio
based on maximum clustering coefficient gives nearly the same results
as using the phi coefficient on the ground-truth.

Fig. 7. Networks generally have a sweet spot at which pairwise distances (gray curve) are increased but where the groups (blue curve) are compact,
as indicated by the clustering coefficient (red curve).
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We can see that for many of the other networks, the phi
coefficient does not increase, which might indicate that the
dormitories are not an explanatory variable for the inherent
groups. However, there is a clear peak for the clustering
coefficient, allowing us to identify an important global
aspect of the inherent group structure.

We also experimented with many weighted variants of
the clustering coefficient as, e.g., discussed by Opsahl and
Panzarasa [33], however we did not see an improvement of
accuracy over the unweighted one. The results were compa-
rable. We expect other variants, as the transitive ratio [34],
[35], number of triangles in the network divided by the
number of triples, to work as well.

Using the graph model of Lancichinetti et al. [32], we
generated networks with a ground-truth community struc-
ture.1 We varied the mixing parameter m from 0.1 to 0.8 in
0.05 increments, which increases the underlying noise and
blurs the group structure increasingly. Our practical experi-
ence using this model is that the group structure is hardly
existent anymore if the mixing parameter is greater than
0.6. Fig. 6 shows that the maximum clustering coefficient
suggests nearly the same sparsification ratio as the maxi-
mum phi coefficient using the ground-truth information.

This means that the maximum clustering coefficient is a
good proxy to identify the sparsification parameter for
which the group structure is most prominent in the result-
ing backbone.

4.3.1 Filtering Value

An interesting observation can be made when looking at
the threshold filtering value of the quadrilateral Simmelian
backbone for which the clustering coefficient is
maximal (Fig. 8). One can clearly see that the Facebook100
networks group around three different threshold values.
This suggests that the local community structure is similar
in these networks and that the density decay between dif-
ferent communities in a network is consistent (among these
groups). It would also be interesting to find out the size of the communities and see if they correlate with these

groups. Additional analyses using more information of the
institutions, e.g., infrastructural properties, might reveal
more explanation for this observed effect.

Fig. 8. Maximum clustering coefficient and its filtering value (quadrilat-
eral Simmelian) for Facebook100+PPM500. Grouping around three
threshold values indicates similar density decay among different inher-
ent communities.

Fig. 9. Drawings of networks from the Facebook100 dataset. Left: Origi-
nal force-directed layout, Right: Force-directed layout with our automatic
filtering on the quadrilateral Simmelian backbone.

1. LFR model parameters: -N 2000 -k 30 -maxk 200 -minc 10

-maxc 60 -t1 2 -t2 1 -on 0 -om 0.

1668 IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 22, NO. 6, JUNE 2016



4.3.2 Layout Quality

For the smaller graphs we computed the force-directed lay-
out for various increasing filter parameters and evaluated
the local compactness of that layout (Fig. 7). One can
observe that the local compactness curve is very similar to
the clustering coefficient. High compactness indicates that
the neighbors of a vertex in the graph are very close to this
vertex in the layout. Considering the fact that the layout is
actually expanding, as denoted by the monotonically inc-
reasing average shortest-path curve (Fig. 7 top), this means
that the underlying clusters are getting more and more com-
pact in the final layout based on the optimal clustering coef-
ficient parameter.

To see the impact of our adaptive filtering on graphs with
a very clear cluster structure, we apply our approach to the
PPM500 (25 percent) graph (Fig. 2d). Its curve of the cluster-
ing coefficient in Fig. 7 shows that the group structure
would be destroyed if many edges are removed. This indi-
cates that our approach can be applied even on non-hairball
graphs, leaving graphs with a clear group structure mostly
as they are.

4.3.3 Drawings

Looking at the resulting backbone drawings in Figs. 9, 10,
11, various clusters can be distinguished for Caltech36,
Rice31, Auburn71, and Smith60. Emphasizing the local den-
sity in networks with the backbone layout allows us to get
insights about the local graph structure in the global context
of the graph. The backbone drawings indicate that:

� Many strong communities exist.
� Communities are often highly overlapping.

� Many actors (or vertices) are not well integrated in
the strong communities.

A graph clustering (or community detection) method
following these suggestions should thus focus on strong,
possibly overlapping, communities together with a set of
actors, which are there but are not part of these strong com-
munities. Of course these actors could be assigned to their
most closest community on demand, e.g., if it is required by
the application.

The only exception among the analyzed networks is
Harvard1, where no local clusters are visible in the draw-
ing, see Fig. 9b. Its border position among the Facebook
networks in Fig. 8 indicates that it has different structural
properties compared to the other selected networks. This
might be a consequence of Harvard’s housing policy,
which offers students a dorm only in their first year.

Note that the backbone with the maximum clustering
coefficient emphasizes the group structure in its global con-
text. It might be necessary to filter out more edges to
observe the finer structure of the inherent groups.

4.4 Limitations

Our proposed techniques scale very well to large graphs in
terms of runtime. Nevertheless, our quantification of the
cluster structure is an aggregation over the whole network
and it therefore is not sensitive for single local details. It
would be interesting to extend this quantification in a more
finely graduated way, e.g., by computing it only for a subset
of interactively selected vertices. This would allow more
detailed analysis and visualization of particular regions of
interests in the graph.

Fig. 10. One of the larger networks from the Facebook100 dataset (Auburn71, jV j ¼ 18k, jEj ¼ 1M). Left: Original force-directed layout, Right: Force-
directed layout with our automatic filtering on the quadrilateral Simmelian backbone.
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As noticed in [14] the quadrilateral Simmelian backbone
is especially useful for multi-centered networks and less for
networks with a single center, i.e., core-periphery structure.
Our quantification metric can only be as effective as the
underlying edge embeddedness metric and it is thus very
likely that it has similar drawbacks when applied to single-
core networks.

5 CONCLUSION

We proposed the use of the clustering coefficient to quantify
the influence of sparsification ratios on the backbone
approach in terms of cluster structure. The experimental
evaluation using real-world and synthetic networks con-
firms its effectiveness when applied to the quadrilateral
Simmelian backbone, and the results are likely to extend to
other density based backbones as well. In addition, we
showed how to efficiently compute the clustering coefficient
for every possible threshold parameter.

This is especially useful when exploring and visualizing
large networks, where the selection of an appropriate spar-
sification level on a trial-and-error basis is very cumbersome
due to time-intensive layout recomputations.

While both the layout metric and visual inspection of
drawings suggest that clusters are indeed clearly pro-
nounced, a detailed user study along the lines of [2] would
have to show how significant this visual effect is for specific
tasks such as cluster selection.
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[12] G. Melançon and A. Sallaberry, “Edge metrics for visual graph
analytics: A comparative study,” in Proc. 12th Int. Conf. Informat.
Visual., 2008, pp. 610–615.

[13] B. Nick, C. Lee, P. Cunningham, and U. Brandes, “Simmelian
backbones: Amplifying hidden homophily in facebook networks,”
in Proc. IEEE/ACM Int. Conf. Adv. Soc. Netw. Anal. Mining, 2013,
pp. 525–532.

[14] A. Nocaj, M. Ortmann, and U. Brandes, “Untangling the
hairballs of multi-centered, small-world online social
media networks,” J. Graph Algorithms Appl., vol. 19, no. 2,
pp. 595–618, 2015.

[15] V. Satuluri, S. Parthasarathy, and Y. Ruan, “Local graph sparsifi-
cation for scalable clustering,” in Proc. ACM SIGMOD Int. Conf.
Manag. Data, 2011, pp. 721–732.

[16] E. R. Gansner, Y. Koren, and S. C. North, “Graph drawing by
stress majorization,” in Proc. 12th Int. Symp. Graph Drawing, 2005,
pp. 239–250.

[17] U. Brandes and C. Pich, “Eigensolver methods for progressive
multidimensional scaling of large data,” in Proc. 14th Int. Symp.
Graph Drawing, 2007, pp. 42–53.

[18] U. Brandes and C. Pich, “An experimental study on distance-
based graph drawing,” in Proc. 16th Int. Symp. Graph Drawing,
2009, pp. 218–229.

[19] S. E. Schaeffer. (2007). Graph clustering. Comput. Sci. Rev. [Online].
1(1), pp. 27–64. Available: http://dx.doi.org/10.1016/j.
cosrev.2007.05.001.

[20] S. Fortunato, “Community detection in graphs,” Phys. Rep.,
vol. 486, no. 35, pp. 75–174, 2010.

[21] D. J. Watts and S. H. Strogatz, “Collective dynamics of “small-
world” networks,” Nature, vol. 393, no. 6684, pp. 440–442, 1998.

Fig. 11. Smith60, jV j ¼ 3k, jEj ¼ 100k from the Facebook100 dataset.
Left: Original force-directed layout, Right: Force-directed layout with our
automatic filtering on the quadrilateral Simmelian backbone.

1670 IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 22, NO. 6, JUNE 2016



[22] R. Shamir, R. Sharan, and D. Tsur. (2004). Cluster graph modifica-
tion problems. Discrete Appl. Math. [Online]. 144(1-2), pp. 173–182.
Available: http://dx.doi.org/10.1016/j.dam.2004.01.007.

[23] J. Sun, J. P. Bagrow, E. M. Bollt, and J. D. Skufca, “Dynamic com-
putation of network statistics via updating schema,” Phys. Rev. E,
vol. 79, no. 3, p. 036116, 2009.

[24] N. Chiba and T. Nishizeki, “Arboricity and subgraph listing algo-
rithms,” SIAM J. Comput., vol. 14, no. 1, pp. 210–223, 1985.

[25] M. Ortmann and U. Brandes, “Triangle listing algorithms: Back
from the diversion,” in Proc. 16th Workshop Algorithm Eng. Exp.,
2014, pp. 1–8.

[26] D. Eppstein and E. S. Spiro, “The h-index of a graph and its appli-
cation to dynamic subgraph statistics,” J. Graph Algorithms Appl.,
vol. 16, no. 2, pp. 543–567, 2012.

[27] U. Brandes, D. Delling, M. Gaertler, R. G€orke, M. Hoefer,
Z. Nikoloski, and D. Wagner, “On finding graph clusterings
with maximum modularity,” in Proc. 33rd Int. Workshop Graph-
Theoretical Concepts Comput. Sci., 2007, pp. 121–132.

[28] L. C. Freeman. (2011). A well-behaved alternative to the
modularity index. CoRR, vol. abs/1108.4658 [Online]. Available:
http://arxiv.org/abs/1108.4658.

[29] O. B. Chedzoy. (2004). Phi-coefficient. in Encyclopedia of Statistical
Sciences. Hoboken, NJ, USA: Wiley. [Online]. Available: http://
dx.doi.org/10.1002/0471667196.ess1960.

[30] A. L. Traud, E. D. Kelsic, P. J. Mucha, and M. A. Porter,
“Comparing community structure to characteristics in online col-
legiate social networks,” SIAM Rev., vol. 53, no. 3, pp. 526–543,
2011.

[31] F. McSherry, “Spectral partitioning of random graphs,” in Proc.
42nd IEEE Symp. Found. Comput. Sci., 2001, pp. 529–537.

[32] A. Lancichinetti, S. Fortunato, and F. Radicchi, “Benchmark
graphs for testing community detection algorithms,” Phys. Rev. E,
vol. 78, no. 4, p. 046110, 2008.

[33] T. Opsahl and P. Panzarasa. (2009). Clustering in weighted
networks. Soc. Netw. [Online]. 31(2), pp. 155–163. Available:
http://dx.doi.org/10.1016/j.socnet.2009.02.002.

[34] R. D. Luce and A. Perry, “A method of matrix analysis of group
structure,” Psychometrika, vol. 14, pp. 95–116, 1949.

[35] S. Wasserman and K. Faust, Social Network Analysis: Methods and
Applications. Cambridge, U.K.: Cambridge Univ. Press, 1994,
vol. 8.

Arlind Nocaj received the BSc degree with major
in computer science in 2009, the MSc degree in
2011 from the University of Konstanz, and the PhD
degree from the University of Konstanz, in 2015.
He received a prize for the best master’s degree
(university wide). During the PhD degree, he did
an internship with Microsoft Research. With a
background in algorithmics, his main interests are
in network analysis and visualization. He is cur-
rently the lead programmer of visone, a software
for analysis and visualization of social networks.

Mark Ortmann received the BSc and
MSc degrees from the University of Konstanz with
a major in computer science in 2009 and 2012,
respectively. His research interests include net-
work analysis, graph drawing, and combinatorial
algorithms. He completed an internship under the
supervision of Dr. Der Tsai Lee at the National Tai-
chung University, Taiwan as part of his ongoing
PhD studies within the Algorithmics Group at the
University of Konstanz.

Ulrik Brandes received the diploma degree from
RWTH Aachen in 1994 and the PhD from the Uni-
versity of Konstanz in 1999. After the habilitation
degree 2002, he became an associate professor
at the University of Passau in the same year. He
is a professor for algorithmics at the University of
Konstanz since 2003. With a background in algo-
rithmics, his main interests are in network analy-
sis and visualization, with application to social
networks in particular. He is a member of the
board of directors of the International Network for

Social Network Analysis (INSNA), an associate editor of Social Net-
works, and area editor of Network Science. He was a member of the
Graph Drawing Steering Committee from 2007 to 2014, and is on the
editorial board of the Journal of Graph Algorithms and Applications.

" For more information on this or any other computing topic,
please visit our Digital Library at www.computer.org/publications/dlib.

NOCAJ ETAL.: ADAPTIVE DISENTANGLEMENT BASED ON LOCALCLUSTERING IN SMALL-WORLD NETWORK VISUALIZATION 1671



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


