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Abstract  Visual analysis of social networks is usually based on graph drawing algorithms and tools. However, social
networks are a special kind of graph in the sense that interpretation of displayed relationships is heavily dependent on
context. Context, in its turn, is given by attributes associated with graph elements, such as individual nodes, edges,
and groups of edges, as well as by the nature of the connections between individuals. In most systems, attributes of
individuals and communities are not taken into consideration during graph layout, except to derive weights for force-based
placement strategies. This paper proposes a set of novel tools for displaying and exploring social networks based on attribute
and connectivity mappings. These properties are employed to layout nodes on the plane via multidimensional projection
techniques. For the attribute mapping, we show that node proximity in the layout corresponds to similarity in attribute,
leading to easiness in locating similar groups of nodes. The projection based on connectivity yields an initial placement
that forgoes force-based or graph analysis algorithm, reaching a meaningful layout in one pass. When a force algorithm is
then applied to this initial mapping, the final layout presents better properties than conventional force-based approaches.
Numerical evaluations show a number of advantages of pre-mapping points via projections. User evaluation demonstrates
that these tools promote ease of manipulation as well as fast identification of concepts and associations which cannot be
easily expressed by conventional graph visualization alone. In order to allow better space usage for complex networks, a
graph mapping on the surface of a sphere is also implemented.
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1 Introduction

The motivation for the study of social networks is
varied, but the principle is common. There is a great
amount of information from human relationships in so-
cial networking sites and databases that can be used for
various purposes, such as to investigate preference pat-
terns to support commerce and production sectors, to
detect and investigate illegal activities, and to discover
new forms of communication among individuals.

The most common way to represent social networks
is using graphs, visually represented as diagrams con-
taining vertices and edges. Nodes are actors and edges
are their relationships. Communities are groups of in-
dividuals connected together, represented by connected
sub-graphs. Various algorithms for graph display exist,
and most of them are based on force-based strategy or
on cluster detection algorithms. These approaches have
the drawbacks of slow processing for large graphs and

social network, visual exploration, multidimensional visualization

of sensitiveness to local minima or maxima.

Several tools for visual analysis of social networks
use graph representation, as described in [1] and [2],
which highlight relations between actors and groups
of actors. However, data from social networking sites
have attributes in the vertices and edges, which can be
numerical, temporal or textual, and multiple relation-
ships between the vertices. Some of these characteris-
tics have received attention lately, but additional tools
are needed to support exploration of behavior patterns
affected simultaneously by the structure of the network
(the connections), the properties of individuals and the
properties of the communities. If the graph layout it-
self were capable of taking into account these attributes,
data exploration would benefit from better node distri-
bution regarding important data features.

In this paper, we propose and evaluate the concur-
rent use of two novel approaches that support data cen-
tered visual exploration of social networks. Taking the
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heterogeneous network as a starting point, in which ver-
tices represent both individuals and communities, the
goal is to promote easy visual location, in the layout,
of groups of nodes that are related by their properties.
The first approach places the network nodes on a plane
by projecting them onto the visual plane according to
similarities of their attributes, their connectivities, or
both. To fit the projection requirements, a solid stra-
tegy is devised to translate the various possible types
of attributes to numerical values. More than one view
of the same graph can be generated at once to provide
views of different contexts on the same data. In the sec-
ond approach, the resulting views can be coordinated
to crossly analyze attribute against structure in the so-
cial network, or even to associate properties of different
networks with shared individuals. Additionally, graphs
can be mapped onto a surface of a sphere, a view that
has some advantages in space occupation and on added
ability to interpret based on visual attribute mapping.

These approaches are implemented in a freely avai-
lable system that offers these and other functionalities
to ease exploratory analysis of social behavior. Results
have shown that nodes are well placed regarding their
properties, supporting focusing on regions of interest.
Users can quickly associate individual attributes and
similarities to their organization in communities, or as-
sociate content of their production to professional rela-
tionships. Besides being reflected visually on the lay-
outs, some of these claims are supported by a user eva-
luation procedure that we carried out, whose results are
also presented here.

This paper is organized as follows. Section 2 de-
scribes the work related to the visual analysis of so-
cial networks. The proposed approaches are detailed in
Section 3. Section 4 presents the results in the form of
case studies, user evaluation, and description of some
important functionalities of the tool PEx- Graph. Con-
clusions are presented in Section 5.

2 Related Work

Several papers have been published describing vi-
sual exploration methods for social network data. The
most intuitive and also the most common approach em-
ploys graphs to represent such data, since social net-
works have the intrinsic characteristic of being formed
by nodes and edges, where the nodes represent network
actors and the edges represent relationships between
them.

Some tools for analyzing various fields using such ele-
ments are described by Huisman and Duijn?!. Among
them are: NetDraw, able to visualize large social net-
works; StoCNET, MultiNet, UCINet and Agna, which
perform statistical analysis on social networks; Blanche
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and Condor, capable of simulating the network evolu-
tion. The paper also describes a library in R package
for statistical analysis in social networks. However, de-
spite the large number of existent tools, few have fea-
tures to represent the attributes of the vertices, and
those that have, merely change their visual properties,
such as shape, color and size.

Other approaches have been developed to analyze
specific areas. Heer and Boyd!! presented a tool, called
Vizster, which allows end users to identify patterns and
have a more comprehensive view of the communities to
which they belong. The positioning algorithm used is
based on spring forces. The approach also allows users
to modify the color of the vertices to reflect some at-
tribute of the network actors, and to identify commu-
nity structures from the edges.

MatrixExplorer®!, NodeTrix* and Tulip[® are three
interesting tools. The first one allows users to view the
network as a set of nodes and edges in coordination
with a matrix representation. The tool also creates a
view of connected components, where each component
is viewed as a compact rectangle whose size and color
reflect the number of vertices contained in the compo-
nent. The second tool represents the network as a set
of nodes and edges, in which nodes are shown as adja-
cency matrices. For instance, each node can represent
one community, the relationship between community
members is represented in the adjacency matrix and
inter-community relations are represented as edges of
the graph. The visual properties of the vertices and
edges can be modified to reflect attributes of the net-
work. The third tool is an information visualization
framework for the analysis and exhibition of relational
data. The framework enables the development of al-
gorithms, data models, interaction techniques, visual
encodings, and domain-specific visualizations.

Namata et all% also presented a tool, called Dual-
Net, capable of generating coordinated representations.
The tool treats the network as a set of sub-networks,
each of which can be viewed and manipulated indepen-
dently in different coordinated panels. The tool also
allows the modification of visual properties of the ver-
tices to reflect the attributes of the network.

A similar work to one of the approaches proposed
in this paper is described by Shen et all”l. The tool
developed by them, OntoVis, displays heterogeneous
networks, that is, networks in which vertices represent
more than one type of object. From an ontology graph,
containing the different types of objects, users can con-
struct a derived graph from the original graph by in-
cluding only nodes whose types are selected in the on-
tology graph. The size of the vertices may reflect some
measure, as node degree or centrality, and the color
indicates the type of the vertex.
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Perer and Shneiderman!®! described a system, called

SocialAction, that uses attribute ranking and coordi-
nated views to help users examine a number of social
network analysis measures. Users can iterate through
visualizations of measures, aggregate networks using
link structure, find cohesive subgroups, and focus on
communities of interest, as well as separate networks
by viewing different link types individually, or find
patterns across different link types using a matrix
overview.

Aris and Shneiderman® developed the Substrate
Designer, a tool for users to specify attributes for group-
ing nodes into non-overlapping regions, and attributes
for placing them within regions. Users can specify the
placement algorithm and decide on additional visual
parameters, facilitating many network analysis tasks.

Li and Lin[* proposed a mechanism for egocentric
information abstraction in heterogeneous social net-
works. They extract a set of features from a given
ego node based on linear combinations of its relations,
and calculate statistical dependency measures between
these features and the ego node. After filtering, they
generate a condensed feature graph representation as
the abstraction of the given ego node.

A few social network analysis tools have been con-
cerned with displaying nodes according to attributes or
similarities, a proposal similar to ours. One approach is
described by Gloor et al.l'!l, which aims at visualizing
social networks as a graph in which the positioning of
the vertices is based on the similarity of the content of
the messages exchanged by the actors. Velardi et al.['?]
also presented an approach to grouping nodes based on
the content of the messages exchanged by the actors
of the network. Graphdicel’ employs various multidi-
mensional visualizations in support to visual analysis of
social network, including one type of projection. Here,
we suggest the use of other types of projection that
are meant to organize the display by similarity, which
can be calculated from various types of attributes, in-
cluding connectivity, and in this way contrasts and is
complementary to their strategy. In our strategy, the
dimensions themselves are transparent to the users at
positioning, though driving the display.

Smith et al.l'¥ proposed an approach based on at-
tributes to computing a degree of similarity between
actors. For each attribute, a network can be genera-
ted in which the weight of the edges reflects the de-
gree of similarity calculated for that attribute. Other
approaches to representing graphs based on data con-
tained in the vertices and edges are described by Pre-
torius and Wijk['®], and Archambault et al.l'6l. Those
approaches define a hierarchical structure based on the
attributes to view the network.

The work of Wattenberg!™ uses a scatterplot, in

which the axes are determined by the dimensions of a
query summarization. All the actors who take the same
values for both axes are grouped into a single node, and
its size reflects the amount of grouped actors.

One of the approaches presented in this paper uses
multidimensional projection to position the vertices of
the network according to a similarity measure calcu-
lated using either a measure of adjacency or all the
attributes of the actors simultaneously, which may in-
clude the relations between actors. Furthermore, this
work also proposes to coordinate the multidimensional
projection view with a heterogeneous network view.
While the heterogeneous network view facilitates the
process of identifying relationship patterns established
by the network itself, the multidimensional projection
view promotes the placement of the nodes according to
a similarity criterion based on the attributes of the ac-
tors.

By combining both strategies, we believe it is possi-
ble to increase the power of analysis of social networks
that have attributes. We make available a tool that is
capable of exploring social networks using these new ap-
proaches and also general network interaction features.

In next sections, we detail these new presentation
strategies, as well as further strategies, functionalities
and examples.

3 Multidimensional Framework for Visual
Exploration of Social Networks

The approaches proposed in this paper allow 1) the
visualization of networks with different types of vertices
(see Subsection 3.1); 2) the visualization of networks
based on multidimensional projection of the vertices
when they are described by an array of attributes — in
this case, the proximity between the nodes is an indica-
tive of the similarity between them (see Subsection 3.2);
3) the visualization of network graphs based on connec-
tivity similarity, whose drawing strategy includes a first
step that projects, using a similar strategy as in 2), the
nodes that have similar connectivity close to each other
(see Subsection 3.2); 4) simultaneous analysis of related
networks and projections of their contents via coordi-
nation (see Subsection 3.5).

These approaches were implemented in a tool named
PEx-graph, an extension of a previously existing open
source tool for projection-based visualization, the Pro-
jection Explorer — PEx!'8!. Various graph exploration
features were also added, such as the possibility to
change the visual attributes of vertices, the generation
of egocentric networks and various others.

3.1 Heterogeneous Networks

A heterogeneous network is a graph in which the
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vertices represent more than one type of object. With
this graph, it is possible to represent, for instance, re-
lational data, such as n-m database tables. Fig.1(a)
presents a graph whose vertices represent authors and
edges co-authorship. Fig.1(b) shows a heterogeneous
network in which the circle-shaped vertices represent
the authors, the square-shaped vertices represent the
papers, and the edges represent the relationship be-
tween authors and papers.

Fig.1. Co-authorship networks. (a) Only authors. (b) Authors

and papers.

In this case, the user can choose to view the edges
that connect vertices of the same type, as well as those
edges that connect vertices of different types. When the
graph represents individuals and communities (e.g., a
paper can be seen as a community of authors), one can
also explore individuals and their organization in a sin-
gle display.

By using this graph along with typical interaction
features in social network analysis, it is possible to do a
much broader and more efficient exploration, according
to the needs of the user. Ome of the most interest-
ing features in this context is the ability to create the
egocentric network of a vertex, which filters the view
keeping visible only the vertex of interest and those
which are connected to it. Furthermore, it is important

JPalmeiras
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to modify the visual properties of the vertices, such as
shape, color and size, to represent the attributes of the
data.

To illustrate this and the next approaches, we used a
dataset of the Orkut social networking'?). The dataset
contains a table of individuals, consisting of an iden-
tifier, and the attributes “gender”, “marital status”,
“birthday” and “age”, a table of communities formed
by an identifier and an attribute “name”, and a table
that associates the individuals to the communities to
which they belong.

Fig.2 displays a heterogeneous network generated
with the Orkut dataset, where the circle-shaped ver-
tices represent communities, the square-shaped vertices
represent male individuals, the single triangle-shaped
vertex represents one female individual, and the edges
connect individuals to their communities.

The positioning of the vertices was generated ran-
domly and adjusted with a spring algorithm. For
this example, the egocentric network of community
“Palmeiras desde Criancinha” was initially generated
(Palmeiras is a soccer team, and the community name
in English is “Palmeiras Since Childhood”). This pro-
cedure allows us to identify that this community con-
tains only one female individual. Later, the egocentric
network of this individual was added to the previous
network.

In our particular case, the network will include both
individuals and communities in a single representation.

3.2 Multidimensional Projections

Each individual in a social network, typically repre-
sented as a vertex in a node-link diagram, can be de-
scribed by an array of attributes, that is, as a vector in
a high-dimensional space. This is known as the vector

Fig.2. Heterogeneous network generated with the Orkut dataset, in which vertices represent individuals or communities and the edges

connect individuals among themselves and to their communities.
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space model, well known for text2?) and also widely
employed for other unstructured data such as image,
mostly in data mining and visualization applications.
The multidimensional projection process reduces the
number of dimensions of the dataset by mapping them
into a low-dimensional space, generally two or three di-
mensions, while preserving as much as possible the dis-
tance relations between individuals. Here, we propose
to employ the strategy for network data, particularly
heterogeneous social network data.

The purpose of employing multidimensional projec-
tions is to place, on the visual layout, individuals that
are highly related to one another close. The closeness
criterion is usually given by a dissimilarity (or distance)
relationship calculated on node attributes. When a net-
work is the target object, nodes are highly related when
they have similar attributes, or when they are similarly
connected (that is, connected to the same nodes), de-
pending on the perspective of the analyst. In either
context, there are levels of similarity.

Attribute similarity will help locate profiles of sub-
nets and is more appropriate for homogeneous net-
works, since different types of nodes have widely dif-
ferent attributes. Connectivity-based similarity, on the
other hand, should support placing nodes with similar
connections next to each other, which, in turn may help
divide the graph into regions of highly connected nodes.
That helps prevent arbitrary crossing of edges and im-
prove display. Using multidimensional projection, it is
possible to achieve this layout in one pass, that is, with-
out resorting to graph analysis or force-based displays,
which can be slow and more sensitive to small distur-
bances in the data.

In order to apply multidimensional projections to
position nodes in a plane, each one must be defined
by a series of numerical attributes. On top of that,
a similarity relationship between individuals must be
defined. The result is a distance matrix, from which
a multidimensional projection can perform a similarity
placement on a visual (2D or 3D) space.

In this work, we employed two ways to create the
similarity relationship from node properties. One of
them is based on the individuals’ connectivities. The
other is based on their attributes. The idea is to pro-
mote, on the layout, a favorable placement of the nodes,
where neighborhoods on the display reflect similarity ei-
ther in terms of their neighbors on the graph (connec-
tivity) or in terms of sharing similar properties. Next,
we describe how we code these two types of similarity
as input to projection techniques.

3.3 Connectivity-Based Projection

The basic procedure that we adopted to produce a

final (dis-)similarity matrix from node connectivity fol-
lows two steps. As mentioned before, a valuable form of
node distribution via projection is by employing their
connectivity as a means to calculate their similarity.
The connectivity of the network, that codes relation-
ships between nodes, can be seen as a node attribute.
Thus, a distance matrix can also be calculated that re-
flects similarity between node connectivities.

The graph is built from the data by employing, as
weights on the edges, the strength of their connections.
Between the community and individual, weight is 1.
Between individuals, it relates to the number of com-
munities in common. Finally, between communities,
it is the number of individuals in common. Naturally,
this type of weight actually corresponds to similarity
between the nodes. To reflect distance, it has to be re-
versed.

We have implemented two forms of calculation of an
attribute distance matrix for connectivity. We call it
relationship matrix, where:

1) the matrix contains the shortest path, on the
graph, between each pair of nodes.

2) a modified adjacency matrix is calculated. In
the adjacency matrix, each weight a; ; is replaced by
mazweight — a; j, where mazweight is the largest weight
in the network.

This idea comes from the observation that the weight
between nodes, once reversed, should in principle gene-
rate neighborhoods on the display, that is, similar con-
nectivity should be reflected as proximity on the layout.

The example in Fig.3, in a smaller scale, illustrates
the utility of the projection based on connectivity us-
ing the relationship matrix. This example is a hy-
brid network involving scientific papers and their au-
thors. The connections are author-author (representing
co-authorship), author-paper (representing authorship)
and paper-paper (representing authors in common). In
this case, a paper is a community of authors. The
dataset is the bulk of published scientific production
in the field of visualization in Brazil, for a period of 7
years (2003~2010).

The network layout of Fig.3(a) confirms the pre-
viously observed fact that there are two large groups
of researchers working on the theme: one in the south-
east (top of the larger subgraph) and one at the south
(bottom of the larger subgraph), with just one author
cooperating between them in papers (in the middle
part, the circle in the portion highlighted by color).
Furthermore, the display is done only by placing the
nodes, using IDMAP (interactive document map)?!,
then connecting them with relationships edges. What
the connectivity-based does is to prioritize the largest
connected component, since there is a large difference
in connectivity between that and the smaller connected
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Fig.3. Relationship-based projection of a paper co-authorship network. Circles are authors and squares are papers. (a) Layout using

IDMAP[2 projection only. (b) Application of very few steps of force-based layout on the graph in (a). (c¢) Conventional force-based

layout.

components. The smaller components are concentrated
on only a couple of spots.

Projecting nodes directly onto the layout prevents
local minima from derailing force-based placements.
When a force strategy is applied after projection of the
distributed nodes, there is less likelihood of large groups
of connected nodes crumbling together on the layout as
it would happen with a conventional force-based place-
ment with random initial layout. Section 4 will offer
numerical evaluation of that property. Even a force-
based placement, whose weight on the edges is given
by connectivity calculation, cannot produce such sepa-
ration effect. We have employed various graph layout
software packages changing the decision on edge weights
without being able to approach this type of node dis-
tribution. Fig.3(b) shows the result of force-based al-
gorithm applied from the initial projected positions.

In the layout of the larger graph of Fig.3, the papers
are placed around their authors, whereas the co-authors
are placed in the same region. Close examination of this
graph shows other interesting patterns. For instance,
it is easy to observe that supervisors are laid out in
the skeleton of the graph, and their supervisees in the
surrounding region; a large amount of papers with the
various common authors tend to clutter in the skeleton
and push the authors out. These types of patterns are
recurrent, so the approach will help users look for them
when examining various exemplars of the same type of
network.

Additional force-based movements of the nodes in
Fig.3(a) reveals, to the left of the larger subgraph, a
sizeable number of smaller graphs, representing indi-
viduals or smaller groups of researchers working iso-
lated from other groups in the subject of visualization
(see Fig.3(b)). The priority for the larger graph au-
tomatically caused by the projection allows subgraphs
of smaller number of nodes to be quickly located and
separated, so space is left to spread highly connected

nodes. On the layout by force after projection (see
Fig.3(b)), these smaller graphs are spread in one side
of the viewframe and do not cause clutter at all. On
the layout that is based on force placement only (see
Fig.3(c)) these nodes are initially mixed with others and
sometimes a large number of iterations is necessary to
separate them, causing the larger graphs to clutter. As
for interpretation, in this example, as in most graph-
based bibliography analysis, there is a large connected
component due to propagation of cooperation between
researchers and the smaller graphs are smaller sets of
papers, in isolated components, of research groups in
other fields with explorations in that particular area,
or of newly formed research groups. Both strategies for
relationship matrices mentioned above lead to similar
results of node distribution. We present further exam-
ples and numerical results in Section 4.

3.4 Attribute-Based Projection

The basic procedure that we adopted to produce a fi-
nal (dis-)similarity matrix from node attributes follows
two steps:

1) create a distance matrix for each attribute of the
dataset. Each of these individual distance matrices con-
tains a dissimilarity value, for each pair of vertices and
for one of their attributes.

2) combine individual attribute distance matrix into
one distance matrix representing the dissimilarity be-
tween every pair of nodes.

Step 1 of this procedure requires every attribute to
be numerical. Next, we give an example of how this
can be done for a number of sample attributes. In
Step 2 of the attribute distance matrix creation, in-
dividual matrices are normalized between 0 and 1, and
then summed up.

In order to create the individual attribute distance
matrices shown in the example, it is necessary to
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translate all attributes into numerical values.

The translation of node attributes to numerical val-
ues occurs as follows: 1) for string attributes, the Leve-
nshtein distance(?? is used; 2) for numerical attributes,
the difference between them is calculated; 3) for dates,
the difference in milliseconds is calculated; 4) for tex-
tual entries associated with nodes, we use conventional
word count strategies!?3] for larger text entries or Nor-
malized Compression Distancel?¥! for smaller text.

Table 1 shows an attribute matrix, in which each col-
umn is a data item representing a node of the network,
and each line is an attribute.

Table 1. Data Matrix

Node 1 Node 2 Node 3
Attribute 1 23 18 32
Attribute 2 2 3 6
Attribute 3 0 0 1
Attribute 4 Male Female Female

Table 2 shows the individual distance matrices calcu-
lated from each attribute of the dataset. For the three
first attributes, translation was done employing rule 2)
above, and for attribute 4 rule 1) above was used.

The distance matrices are summed up in Step 2.

As user’s choice, the connectivity attribute matrix
(see Subsection 3.3) may or may not be summed to the
other attribute distance matrices, that is, it may be
used isolated or in addition to the other attributes to
contribute to node placement in the projection.

Using similarity matrices calculated in such form,
any multidimensional projection technique can be used
to layout nodes on the plane. However, some are more
adequate in certain cases. For instance, for textual en-
tries (e.g., when nodes are documents in co-authorship
networks), LSP (least square projection)?® has been
shown to produce good grouping of highly related indi-
viduals for connectivity-based data.

However, for most cases we need a projection that
separates groups but spreads them around the avai-
lable area, decreasing cluttering. Various projection
techniques?®27] have been developed lately that aim
at improving point placement regarding similarity re-
lationships, while performing in real time. They are
preferable to classical techniques, such as PCA (prin-
cipal component analysis)ps], particularly due to the
high number of attributes.
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Fig.4 illustrates the projection based on the simila-
rity matrix calculated with the summed attribute ma-
trix of the Orkut dataset. The projection technique is
called IDMAP2. The two images represent the same
projection, but each one is colored according to one at-
tribute. In Fig.4(a), the color represents gender: blue
for male, red for female. In Fig.4(b), the color rep-
resents marital status: red for married, green for sin-
gle, yellow for committed, blue for open marriage, cyan
for open relationship. The projection by attribute has
clearly grouped individuals by their attribute profiles,
which may help investigate connections, when edges are
drawn according to shared community preferences.

Attribute-based projection, such as the one proposed
here, supports the analysis of social networks as well
as other data. However, organizing node layout in a
network by attribute similarity does facilitate finding
relationships (edges) that may be reflected by such at-
tributes, as shown in some examples of Section 4.

One point must be made clear regarding attribute
mapping. Regardless of the normalization or standardi-
zation algorithm employed for attribute transformation
needed for the purpose of projections, it is a fact that
the large difference in variation of some attributes can-
not always be smoothed. Although the differentiation
procedure explained above helps soften influence of at-
tributes with smaller sets of valid values, binary or cate-
gorical attributes will influence the layout differently
than continuous or largely varying attributes. That
property may actually help interpret the layout based
on that particularly influencing attribute. For instance,
if one has an attribute such as category and uses it to
map data, that can clearly support the segregation of
nodes on the layout based on that attribute. This helps
find both other trends related to category and find ex-
ceptions, which would be the individuals in a category
that do not fall close to the others in the same category.
One example of that is given in Section 4.

To relieve the influence of binary or categorical at-
tributes, it is possible to work with application-based
attribute weighing or even to remove exceedingly in-
fluential attributes and re-map the data for analysis
without influence of that particular attribute. In a pre-
processing step, the system allows the user to choose
what attributes should be kept or removed from their
mappings.

Another possibility is to map based on connectivity,

Table 2. Distance Matrices for Each Attribute

Attribute 1 Attribute 2 Attribute 3 Attribute 4
Node 1 Node 2 Node 3 Node 1 Node 2 Node 3 Node 1 Node 2 Node 3 Node 1 Node 2 Node 3
Node 1 0 5 9 0 1 4 0 0 1 0 2 2
Node 2 5 0 14 1 0 3 0 0 1 2 0 0
Node 3 9 14 0 4 3 0 1 1 0 2 0 0
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Fig.4. Multidimensional projection of the summed attribute ma-
trix of the Orkut dataset. Color represents the attributes. (a)
Gender. (b) Marital status.

using a target attribute as weight on the graph edge.
Fig.5 exemplifies the projection from connectivity val-
ues of the Orkut dataset, with connectivity indicating
whether two individuals belong to any common commu-
nity. Weight is the number of communities in common.
The projection technique is called IDMAPPU. In this
case, the vertices represent only individuals.

In the dataset, there are individuals in three different
communities related to Peugeot cars. Vertices are col-
ored according to the number of communities related to
Peugeot to which the individuals belong. In this case,
individuals who are not member of any of these com-
munities appear in white.

As it is possible to see, the vertices representing
those who belong to communities related to Peugeot
are projected onto a different region than those who do
not. The result allows the exploration and identification
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Fig.5. Multidimensional projection of individuals using the re-
lationship matrix of the Orkut dataset, where color indicates to

how many communities related to Peugeot individuals belong.

of other communities to which these groups of indivi-
duals belong and will prevent excessive crossing when
the edges are shown, since all individuals that share
the same communities also share the same region on
the map.

3.5 Identity and Relational Coordinations

The third proposed approach uses an identity coor-
dination mapping between different views created us-
ing the previous approaches. The identity coordination
technique creates a link between the same vertices on
different visual representations.

When a vertex or a set of vertices is selected in one
visual representation, the same vertices are highlighted
in the other representations. Thus, it is possible to
identify groups of individuals by both object similarity
(considering their attribute-value tables) and the con-
nections of the network (considering the relationships
between objects).

Fig.6 shows a coordination between two views

Fig.6. Coordination between two views created using the de-

scribed approaches, where the members of the community “I hate
Fiat!” were highlighted.



Rafael Messias Martins et al.: Multidimensional Projections for Visual Analysis of Social Networks 799

created using the previous approaches. From the hete-
rogeneous network view on the left, it was created the
egocentric network of the community “I hate Fiat!!”,
where the circle-shaped vertex indicates the community
and the square-shaped vertices represent individuals.
In the multidimensional projection view on the right,
the color is the same as in Fig.5, that is, it indicates
to how many communities related to Peugeot the in-
dividuals belong. In this case, selecting the members
of the “I hate Fiat!” community in the heterogeneous
network view, they were highlighted in the multidimen-
sional projection view, allowing users to check that none
of them belong to any community related to Peugeot.
The relational coordination technique creates a link
between vertices on different visual representations
based on relational information. For instance, it is pos-
sible to create two visual representations, one of mem-
bers and the other of communities, and then associate
the members to the communities to which they belong.

4 Results

This section describes the results obtained by apply-
ing our methodology, including case studies, numerical
results, functionalities of the tool and implementation
issues, and a user study that was carried out.

4.1 Case Studies

The following subsections present two case studies
for social networks and, associated with them, the vari-
ous analysis capabilities of the techniques are presented
here.

4.1.1 Netlog

For this case study, data were collected from
members of two groups of the Netlog social
networking?®!.  The groups are “arsenal_fanz” and
“Manchester_United_til_I_die”. The attributes of the
members are “sex”, “country”, “age” and “birthday”.
The groups of each member were also collected.

Fig.7 shows a heterogeneous network of the Netlog
dataset. The groups are represented as green circle-
shaped vertices, the female users as red square-shaped
vertices and the male users as blue square-shaped ver-
tices. The initial placement was random and then repo-
sitioned with a force-based placement algorithm!(3l.

The two main groups (“Arsenal fanz” and “Manc-
hester_United_til I_die”) in Fig.7 are marked with la-
bels that identify them. By passing the mouse over
the groups, a label displaying the group name appears.
Various investigations are favored by this approach,
such as common members of both communities, mem-
bers exclusive to one of them, and other communities
these members belong to.

Fig.8(a) displays a subset of the groups at the center
of Fig.7, some of them marked with a label. Some of the
groups common to the members of both are: “ITALY”,
“Salva L’Amore”, “FRIENDS 4 U”, “Linkin_Park” and
“Al Pacino”. Fig.8(b) displays the groups of which
the members of “Manchester_United_til_I_die” are part.
In addition to various groups directly related to the
Manchester United football team, there are also two
communities dedicated to the player Cristiano Ronaldo
and others as “Top Gear” and “Nirvana”. The groups
related to the members of the “Arsenal Fanz” are shown
in Fig.8(c).

Just as in the previous case, there are several groups
related to the Arsenal football team, others related to
football in general (“ACMilan” and “World Football”)
and others as “Final Fantasy”.

Combining heterogeneous representation with mul-
tiple view coordinations, users can quickly switch be-
tween group interpretation — in terms of groups of
members and of groups of similar communities — and
interpretation of individual groups. The fact that the
nodes are displayed based on similarity of connecti-
vity allows for that type of interpretation. Although
a conventional force-based view allows similarly con-
nected neighborhoods to be reconstructed, such type
of view would not be possible, since the large connec-
tion between many nodes would cause the graph to be
cluttered by balanced forces between similarly weighted
edges.

Fig.9 shows a multidimensional projection of the
users considering both their attributes and their rela-
tions, which reflect the number of common groups be-
tween members. In Fig.9(a), the members are colored
by country and, in Fig.9(b), the members are colored
by age. Members on the left are male, and on the right,
female.

It can be noted that there are many more male mem-
bers than female. In addition, there are many members
of the United Kingdom, as might be expected, since the
groups are dedicated to football teams of that country,
as well as members of Iran and Saudi Arabia. It is
also possible to observe that most of the members are
young.

Regarding the edges, a slider can control the display
by weight; in this case, the weight reflects the number
of common groups between members. Fig.10 shows the
relations between the members with at least 10 groups
in common. It is easy to see that the majority of the
members who fit this case are from Iran and Saudi Ara-
bia.

Analyzing other sets of users from other countries in
more detail, including the United Kingdom, it is possi-
ble to see that the number of groups in common does
not exceed 4.
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Fig.7. Heterogeneous network of the Netlog dataset.
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Fig.10. Multidimensional projection of the Netlog dataset users
displaying the edges between members with at least 10 groups in

common.

From analysis based on attribute, it is possible to
explore even reasonably large networks trying to find
associations between those attributes and the way that
individuals connect. For example, attributes such as
gender tend to separate clearly the individuals allowing
to find other trends in attribute values and in connec-
tion values that may be related to that.

Since string similarity is available, one type of segre-
gation clearly possible is to separate groups of members
by tags they share and associate that with both their
connections and their other attributes. This can be
very useful for various applications such as tag-based
recommendation®).  An important point to note is
that, if the user wants to remove the trend of a particu-
lar attribute from his or her analysis, all that needs to
be done is to remove that particular attribute and the
segregation caused by it will disappear.

Using the identity coordination feature, when select-
ing the users from Iran in the multidimensional projec-
tion view, they were highlighted in the heterogeneous
network view, allowing to identify that most of them
are part of the “Manchester United Til I Die” group,
as shown in Fig.11.

4.1.2 Orkut

Using another subset of the Orkut dataset presented
in Subsections 3.1, 3.2 and 3.5, we explored the profile
of the members belonging to the communities that had
the themes Peugeot and Volkswagen in the title.

Fig.12 shows a heterogeneous network projected us-
ing the adjacency matrix of the dataset. The relation-
ships connect members who belong to at least 10 com-
munities in common, communities which have at least
10 members in common, and members to the commu-
nities to which they belong.

Fig.11. Coordination between the heterogeneous network view
and the multidimensional projection view. The users from Iran
were selected in the multidimensional projection view and they

were highlighted in the heterogeneous network view.

Fig.12. Heterogeneous network of the Orkut dataset.

The groups are represented as gray circle-shaped ver-
tices, the female users as red square-shaped vertices and
the male users as blue square-shaped vertices. It is
possible to see that most of the female members are
grouped at the bottom, along with the communities to
which they belong.

Fig.13(a) shows the egocentric networks of the three
Volkswagen communities, and Fig.13(b) shows the ego-
centric networks of the two Peugeot communities. We
can observe that the communities related to Volkswa-
gen have only male members, while the communities
related to Peugeot have both male and female mem-
bers.

Furthermore, the members of the communities re-
lated to Peugeot also belong to more romantic com-
munities, such as “Carpe Diem”, “Nothing happens by
chance”, “I love music” and “Lost”, while the members
of the communities related to Volkswagen also belong to
more material communities, such as “Barbecue”, “We
want Coke 20 liters” and “The Simpsons”.

Fig.14 shows a projection of the summed attribute
matrix of the members. The color reflects their marital
status.
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Fig.14. Multidimensional projection of the summed attribute

matrix of the members for the Orkut dataset.

Figs.15 and 16 show a relational coordination be-
tween this projection (on the left) and a projection
of the relationships matrix of the communities (on the

J. Comput. Sci. & Technol., July 2012, Vol.27, No.4

right). Thus, when we select a group of communities on
the right projection, only their members remain visible
on the left one.

Fig.15. Relational coordination between the projection of the
members and the projection of the communities. The communi-
ties related to Peugeot are selected on the right projection, and

only their members remain visible on the left one.

Fig.16. Relational coordination between the projection of the
members and the projection of the communities. The communi-
ties related to Volkswagen are selected on the right projection,

and only their members remain visible on the left one.

In Fig.15, the communities related to Peugeot are se-
lected and, in Fig.16, the communities related to Volk-
swagen are selected. As we would expect, members of
the communities related to Peugeot appear more scat-
tered, while members of the communities related to
Peugeot appear closer. This could give an indication
for Volkswagen to target a new branch of customers.

Such mappings, that allow fast location of trend
in community participation, can benefit many analy-
sis tasks, such as product trend and location of novel
behavior patterns for individuals or group of individ-
uals.

4.1.3 Authorship Networks

The analysis of networks representing interactions
among researchers and their research subjects is an
application useful for several purposes, such as under-
standing the evolution of a subject area and evaluating
impact, influence or performance from a certain point
of view. This example is meant to illustrate the nature
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of displays and types of analysis provided by connec-
tivity based projections.

The dataset, recovered from [32], is the collection of
all references of two major journals in area of computer
graphics, the IEEE Transaction on Computer Graphics
and Applications (TVCG) and Computer Graphics Fo-
rum (CGF). The full graph comprised 2471 papers and
3841 authors. The modified adjacency matrix was the
criterion to perform the projection, via IDMAP, based
on connectivity. Fig.17 shows various resulted graph
views.

Fig.17 shows the first presentation given by the pro-
jection. The graph in Figs.17(a) to 17(d) was built
using the cosine distance metrics over the modified ad-
jacency matrix. What happens in this case is that the
distance compensates the size of the graph, highlight-
ing the larger connected subgraph. The small point on
the left in Fig.17(a) is actually the projection of all the
other subgraphs. In this case, the graph nodes were

Min = — Max

colored by degree, highlighting, in colors away from
red towards blue, the nodes with larger degree. If one
looks at the projection behind the display, shown in
Fig.17(b), it becomes clear that highly connected au-
thors and papers are groups, even when they share con-
nections with other individuals or groups, promoting
useful local explorations. Also, that picture shows the
coloring by a centrality measurement (betweenness),
highlighting nodes (in colors green and blue) that are
connectors between subgraphs across the whole graph.

In order to access the structures and sizes of the
smaller subgraphs, it suffices to apply a force-based al-
gorithm over this view. That was done in Fig.17(c). It
can be seen that the relations change. The other graphs
move toward occupying the larger portion of the lay-
out. That is characteristic of force-based algorithms,
though in this case a simplified version was used, mov-
ing nodes in small increments based on the distance
between them.

Fig.17. Paper-author network for all papers from TVCG and CGF journals composed of 6312 nodes (2471 articles). (a) Large

connected graph corresponds to 3692 nodes, where color represents the graph degree. (b) Result of projection, where color means

betweenness. Transparency helps detect density. (c) Result after applying force to the graph in (a), where color represents journal. (d)

Result of separating the larger graph from graph in (c), with topics of the top smaller subgraphs. (e) Display of the same graph using

Euclidean distance, where peripheral nodes are the most connected nodes and color is year of publication.
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Force-based movement of nodes also offers another
perspective of the larger graph of Fig.17(a). That
can be observed in Fig.17(d), which would be approxi-
mately the same result as applying a basic force-based
graph layout. In that picture, we also employ another
feature of our tool, the topic detection strategy. It is
calculated from the words that co-occur most frequently
in that set of nodes. It is possible to observe, on the
top of Fig.17(d), two subgraphs related to book reviews
and perception-based radiosity.

An interesting feature of our approach is seen in
Fig.17(e). It illustrates the result of employing Eu-
clidean distance to the same connectivity data as
Figs.17(a)~17(d). By just projecting (via IDMAP)
and connecting the edges, we get a star-like display of
the graph, with layered nodes, that still highlight the
groups of papers and authors and places the most con-
nected nodes (in this case, naturally authors) in the
outer layers. Such a star configuration is usually very
slow to calculate using any other method. This layout
lends itself to still another set of possible observations
starting by the most connected individuals at the bor-
ders. It does not immediately shows the aspect of a
larger subgraph as the previous layout, but that can
be obtained by applying force and generating another
display with spread out subgraphs, such as the one in
Fig.17(c).

Next, we present evidence of point positioning by
projection based on connectivity distributing the nodes
on the display in a favorable way.

4.2 Analysis of Point Positioning

For the following tests, we employed three datasets
of co-authorship networks. One of them (eurovis) in-
cludes all papers and authors of the proceedings of the
EuroVis Symposium (and its precursor VisSym) from
1990 to 2010. The second dataset (vis) includes all
papers and authors of proceedings of the conferences
IEEE Visualization and IEEE InfoVis from 2001 to
2010. The third dataset (agric) includes papers and
authors of a company that does research in agriculture
from 2009 to 2011. All were fed into the system from a
bibtex file of the papers.

Table 3 summarizes the sizes of the graphs formed.
The last column is the percentage of nodes that belong
to the larger connected component.

From the connectivity matrix calculated as defined
in Subsection 3.3, initial tests lead to the decision of

Table 3. Testing Datasets

Dataset Nodes Edges % Largest Component
Eurovis 1285 4838 59.1
Vis 4435 21175 72.2
Agric 6178 30965 73.2
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using cosine-based dissimilarity, since it was more suc-
cessful in capturing the notion of two subjects being
similarly connected.

Then, we generated the layout of the graphs, and,
from that, extracted a number of measurements in or-
der to establish what layout was favorable for disposing
all the points in the available visual space, concerning
the optimization of three criteria: distribution based on
connectivity, number of line crossings, and capability of
reconstructing clustered neighborhoods on the final vi-
sual space. Since the layout is dependant on the size of
the visual space and number of iterations of the force-
based algorithm, line crossings were counted with the
same window size on the computer screen and the re-
sults averaged after 5 runs for each dataset and for each
layout.

All measurements were taken from the force-based
views, that is, the two most similar views were selected
for analysis. One of them is the conventional force-
based placement (force) and the other is the projection-
based placement followed by minimal force displace-
ment (proj-force), to confirm the improvement in posi-
tioning promoted by initial projection-based mapping.
Two of the measurements were plotted and can be seen
in Figs. 18 and 19.

One of the measurements executed is neighborhood
preservation (npres) plot. Based on the attribute ma-
trix for connectivity given in Subsection 3.3, the neigh-
borhood preservation measures the percentage of neigh-
bors on the layout that are the same neighbors as given
by the connectivity matrix. The neighborhood preser-
vation plots average for all nodes on the layout. Clearly,
reproducing neighborhood in graph layout is not an
easy task since no ideal placement can be met for highly
connected graphs. But the plots in Figs. 18(d), 19(b)
and 19(d) show that the layouts preceded by projec-
tions increase the possibility of points with similar con-
nectivity being in the neighborhood of each other for
all datasets.

Figs. 18 and 19 also show the advantage of project-
ing points before force placement when looking at the
other measurement, the neighborhood hit (nhit). For
calculating that precision measurement, first we clus-
ter the points using a distance-based clustering method
(k-means). Then, we count, for each node, the number
of neighbors that fall into the same group of that note.
The plot displays the average for all nodes. The colors
in Fig.18 correspond to k-means clusters of the dataset.
For all datasets, neighborhood based on groups of sim-
ilarly connected nodes is improved when projection is
performed prior to point positioning.

The top values for both nhit and npres are not
large. The largest group reconstruction is 0.83 and
neighborhood preservation is, at best, 0.425. The main
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Fig.18. Point placements for eurovis dataset and their corresponding precision plots. (a) Force-based placement of nodes from random

positions (force). (b) Projection followed by force-based placement (proj-force). (c¢) and (d) Neighborhood hit plot and neighborhood

preservation plot for both layouts, respectively.
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Fig.19. Precision plots for vis and agric datasets.
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(a) and (b) Neighborhood hit and neighborhood preservation for vis dataset,

respectively. (c¢) and (d) Neighborhood hit and neighborhood preservation for agric dataset, respectively.

reason, besides the impossibility of reproducing neigh-
borhoods for large graphs, is the boundaries between
neighborhoods after averaging these values.

The plots in Figs.18 and 19 show a prevalence
of force-based placements after initial placement by

IDMAP. Similar results were, however, obtained em-
ploying the projection technique LSP as initial place-
ment.

For each of the line plots in those pictures, we also
calculated the significance of the difference between nhit
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and npres curves. We employed a simple statistical ¢-
test, with resulting p-values for each plot above, shown
in Table 4. They demonstrate the growing significance
of the advantages of projection as an initial step as the
number of nodes grows. The same table also shows
the number of line crossings of the display, and the fi-
nal number of groups used to calculate nhit. All these
measurements confirm the advantages of node place-
ment by multidimensional projection distribution prior
to application of force-based placement.

4.3 User Evaluation

A user test was conducted with 30 users in order
to verify the degree of difficulty relating attribute with
relationships in our tool. Users were first-year under-
graduate students with no knowledge on information
visualization. None of the users knew the tool in ad-
vance.

Using the Orkut dataset, the test consisted in finding
some relationship between the communities and their
member attributes, first by coordinating the projection
of the members and the projection of the communities,
as seen in Figs. 15 and 16, and then using the hetero-
geneous network of members and communities, as seen
in Fig.12.

A brief explanation (of about 10 minutes) of the test
and basic functionality of the system was given at the
start of the test. Then, the test was executed in three
stages. At the start of each stage, the user initiated
the filling of an answer form, at which point the start-
ing time was recorded. At the end of each stage, the
ending time was also recorded.

In the first test, users attempted to associate com-
munities related to famous trademarks with gender and
marital status using the coordinated views. In this test,
all users could associate at least one trademark with
gender and 11 users could associate at least one trade-
mark with marital status. A total of 8 trademarks were
freely found by users to be associated with gender or
marital status.

In the second test, given a set of community names,
the users attempted to discover whether these commu-
nities consisted predominantly of men, women, or none,
using the heterogeneous network view.

Fig.20 shows a graph containing the results of the
second stage of the test. As it is possible to see, the
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users could unanimously identify that communities 1
and 5 consisted predominantly of men (which they
were), and 90% of the users could identify that commu-
nity 2 consisted predominantly of women (which they
also were).

30 [] Male [ ] Female ?Z Undefined
-~ 7 v

1
00 1 HA} ol_J 00

Community

Fig.20. Graphic result of the second test. The bars indicate the
number of users that classified the communities as being predomi-
nantly male, female, or undefined. Community 1 refers to “I love
my Honda Civic”, community 2 to “I seem snobbish, but I’'m
cool”, community 3 to “I believe in love”, community 4 to “No
one can take away what is destined to be ours”, and community

5 to “Car tuning”.

For the final test, users were prompted to freely use
the tool to find any other relationship between commu-
nities and members based on their attributes or asso-
ciations, using the heterogeneous network view. They
provided written answers of the associations found, and
whether that association was what they expected.

Users found various new associations. Most of them
could see that communities related to cars have many
members in common, as well as communities related to
feelings. However, the former is predominantly male,
and the latter is predominantly female.

Additionally, they also found that communities re-
lated to drinks and games are predominantly male.
Various users reported being surprised because the
community “I believe in love” comprised both men and
women, while they expected it would be predominantly
female.

Subjects performed the test in a computing labora-
tory, where they stayed at most 45 minutes. The time
to finish stages 1, 2 and 3 of the test were, in average,
11 minutes, 8 minutes and 7 minutes, respectively, sug-
gesting that the tool allows fast identification of asso-
ciations and quick learning.

Table 4. Comparison Values for Proj-Force and Force Plots

Dataset nhit p-value npres p-value Edge Crossings Proj-Force Edge Crossings Force Number of Clusters
Eurovis 0.25 0.16 45600 54 500 10
Vis 0.17 0.17 1620 000 2900 000 10
Agric 0.0013 0.029 4000 000 7900 000 15
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Finally, at the end of the test, users were required
to rate (0~5) how easy, comfortable, and useful they
found the tool. The results are shown in Fig.21.
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Fig.21. Ratings by users. (a) Ease of use. (b) Comfort. (c)

Usefulness.

Users also classified the tool as useful to find inte-
resting associations between members and communi-
ties, and they gave suggestions on how to improve the
interface. A large media analysis company, that pro-
vided the Orkut data, also gave feedback on these so-
lutions finding them useful.

4.4 Further Functionality and the PEx-Graph
Tool

One way to employ PEx-Graph to analyze a social
network is to build a visual display from a graph with
nodes and edges, as well as their attributes, stored ei-
ther in a VNA formatted filel33] or in a BibTex filel34].
The system has a wizard that supports defining spe-
cific layouts for the graph, based on connectivity, at-
tribute, or simply a force-based layout from random
initial points.

Users can generate views with or without edge infor-
mation and coordinate variety of them together. There
are also options to display content, that is, node at-
tributes, remove nodes, split the graph and select re-
gions.

Additionally, the system can calculate centrality
measurements on the graph (such as degree, close-
ness, betweenness and clustering coefficient) and dis-
play them using visual attributes such as color or size
of the nodes.

Nodes pointed by the mouse have their labels shown,
and any of the attributes can serve as labels. Any dis-
play can be re-arranged by a simplified force-based al-
gorithm subject to the weights of the edges (or values
of distances when weights are not available), offering
further views for exploration.

From the various functionalities available, two are
worth highlighting. A very convenient functionality
builds a co-authorship social network as well as a
content-based projection of papers from a BibTex file.

Co-author, co-paper and heterogeneous (author-paper)
networks are built and, for the author-paper network,
various sets of weighted edges are generated: author-
author (weight is the number of papers in common),
paper-paper (weight is the number of authors in com-
mon) and author-paper. A slider can decrease the num-
ber of edges depending on weight. Tools are provided
to meet each of the requirements indicated in [3].

We have mentioned that multidimensional projec-
tions can be used and are suitable for analyzing various
types of data with multiple attributes, from text to im-
age collections. In PEx-graph, as illustrated before, it
is possible to coordinate a view of the network with
a view of individual data points projected using their
content.

In the particular case where some or all of the nodes
are text documents, users can explore, with the co-
ordination function, document contents together with
document networks, such as in a co-authorship social
network.

Fig.22 gives an example of a heterogeneous co-
authorship network having, in one side, a network of
a small subset of papers and authors in the visualiza-
tion field and, on the other side, a map of the article
contents.

Similar papers are supposed to be mapped to neigh-
boring regions using a previously available technique in
the underlying software platform!?®. That type of mul-
tiple viewing of the dataset can be pre-assembled by the
user in VNA and correspondence files, or automatically
generated by PEx-Graph given any BibTex file.

Another tool that is bound to increase analysis per-
formance is the sphere mapping available. In Fig.23, we
show an example created in PEx-graph of the same co-
authorship network, however, in this case, authors and
papers are mapped onto the surface of a sphere, the
former as rectangular boxes and the latter as smaller
spheres.

The positioning algorithm is based on multidimen-
sional scaling projection method in [35], where a stress
measure is minimized. Stress is computed as the dif-
ference between the distances of points on the surface
of the sphere and their original dissimilarities. Author
attribute (in this picture, how many papers he or she co-
authors) is represented with both color (from dark blue
to red) and size of the nodes. Edge attribute (in this
case, how many papers two authors have in common)
is represented by color and thickness. Sphere mapping,
besides offering an alternative of node distribution, can
help augment the available space, therefore, decreasing
clutter and line crossing.

The tool that implements these strategies, as well as
supporting multidimensional visualization techniques,
is made publicly available!3¢l.
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Fig.22. Network and content projections automatically built from a .bib file. Highlighted nodes in the network of papers (spheres) and

authors (cubes) in (a) correspond to papers on graph visualization, circled in (b).

Fig.23. Sphere MDS Mapping of the co-authorship heterogeneous

network.

5 Conclusions

The proposed approaches represent new alternatives
for visual exploration of social networks. As suggested
by some of the above examples, attribute layouts tend
to place individuals with same attribute profile in the
same region, while connectivity layouts tend to place in-
dividuals with similar connectivity distribution in the
same region.

The results demonstrate that heterogeneous net-
works mapped using connectivity-based projections
support query-driven exploration processes as well as
general overview of the worlds within the network.
When used to map nodes onto the visual plane prior to
the execution of force-based layout, the achieved results

are shown to present better node distribution when
compared to conventional force-based graph drawing.
There are fewer edge crossings, fewer force iterations
are necessary to separate connected components on the
layout, and node distribution according to their neigh-
borhoods is also benefitted. We have compared the
layouts numerically with support of simple statistical
significance testing. The larger the graph, the better
the benefit of pre-positioning by multidimensional pro-
jection.

Multidimensional projections also provide overview
and detail views of communities and individuals based
on their attributes and associations. Coordination
helps the user associate both types of representation
to find relationship patterns not directly expressed by
either.

When considering a social network, key actors, as
well as their roles and positions, must be identified.
Embedded in how individuals connect to others and
what the themes are of those connections is a large
variety of indirect useful information. The techniques
presented here support for revealing such embedded fea-
tures. Regarding the roles and positions of the actors,
the multidimensional projection approach groups indi-
viduals according to the similarity between their at-
tributes.

By exploring the multidimensional projection, it is
possible to see that individuals at the center belong
to more communities, being similar to a large number
of other individuals sharing some of their communi-
ties. Therefore, the positioning of the multidimensional
projection reflects, to some extent, how an individual
is central and how his or her themes relate, provid-
ing valuable information for various applications, such
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as marketing, criminal investigation and knowledge do-
main analysis.

Although the projection utilized in most examples
here is O(n?), it is faster than other algorithms con-
cerned with finding subgraphs in otherwise cluttered
views. Additionally, the approach decreases the prob-
lem of locality, which sometimes hampers force-based
layout, impairing location of groups of interest. Two
strong points of our approach are its support for focus-
ing on regions of highly related entities and its immed-
iate adaptation with other forms of content-based visual
data analysis.

The software behind this initiative is made freely
available[®d] for general users.
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