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 Abstract 
Recent advances in technology have allowed people to 
shift many of their communication practices online.  
These practices, such as email, IM, VoIP, and video 
conferencing, can be archived to serve as digital 
artifacts from which social information, such as social 
networks, can be extracted.  Social network analysis 
has emerged as a powerful method for understanding 
the importance of relationships among people.   

Visualizing social networks can allow analysts to make 
structural discoveries about the networks and 
individuals within.  However, interpreting these 
visualizations is challenging because: (1) it is difficult to 
comprehend the characteristics and structure of 
networks when there are many edges and nodes, and 
(2) current systems are often a medley of statistical 
methods and overwhelming visual output which leaves 
many analysts uncertain about how to explore in an 
orderly manner.  This results in exploration that is 
largely opportunistic.  The contribution of our work is 
an interface that supports systematic analysis of social 
networks.  Our approach uses a rank-by-feature 
framework that enables users to better understand the 
structure of networks and the social groups within. 
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Introduction 
Social network analysis has emerged as an important 
research perspective because it focuses on the 
importance of relationships among interacting 
individuals. The social network analysis model allows 
researchers to conceptualize structure as patterns of 
relationships, witness “flow” of information between 
individuals and their relational ties, and understand 
how an individual is influenced by a structural 
environment [5].   

Social networks can be inferred from many of our daily 
communication habits.  For instance, networks can be 
constructed based on to whom we send emails, which 
people we list on our Blogrolls, or who we publicly 
articulate as our friends on networking sites like 
Friendster and MySpace.com. 

The unit of analysis in social networks is not the 
individual, but instead a collection of individuals and 
the ties between them.  As the number of individuals 
and ties increase, so does the difficulty in interpreting 
the network.  The networks can be measured 
quantitatively using techniques from both sociology and 
graph theory.  However, current systems that provide 
such measurements are often a patchwork of statistical 

methods with overwhelming visual output.  The 
interaction between these two is often not interlinked 
and impedes exploratory data analysis. 

Our contribution is a tool that supports orderly analysis 
of social networks so analysts can make measurable 
and systematic progress when exploring the networks.  
When we use the term “orderly analysis”, we mean an 
approach that allows different analysts to arrive at 
similar discoveries.  

Analyzing Social Networks 
Constructing visual images of social networks has 
provided analysts with insights about the structure of a 
network, as well as being an aid for communicating 
network phenomena [1].  However, as network 
complexity increases, illegibility of networks increases 
as well.  Much attention has been devoted to drawing 
networks in an aesthetic manner so that humans can 
cognitively perceive the structure.  However, even with 
the most advanced graph layout algorithms involving 
force-directed or spring-embedded models to reduce 
edge crossings, the networks become impossible to 
discern without interactive operations on the nodes, 
such as filtering or manual placement. 

Our approach to improve the ease of analysis is to 
employ a rank-by-feature framework [3].  In a rank-
by-feature framework, users can select an interesting 
ranking criterion (also called a “feature”) and all nodes 
and relationships are ranked according to that criterion. 
Seo and Shneiderman followed this framework to 
create a successful tool for exploring multidimensional 
data called Hierarchical Cluster Explorer (HCE), which 
biologists have used to understand gene activity from 
microarray data [3].  Data analysts were able to 

Figure 1.  A ranked list of nodes, 
ordered by betweenness centrality. 

Figure 2.  The selected node above is 
highlighted and its edges are colored in 
decreasing opacity to illustrate the 
feature. 
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interpret the many dimensions by selecting a feature 
that interested them, such as correlation, gaps, or 
outliers, and finding important data points or clusters.   

We have built a brand new tool inspired by the success 
of HCE to improve analysis for social networks.  We 
illustrate several scenarios here: 

Entity Rankings 
Analysts can quickly apply a ranking on every node or 
edge in the network to see the distribution across the 
network. For example, Figure 1 shows a ranking of all 
nodes by their betweenness centrality. Analysts might 
choose this ranking feature if they were interested in 
finding gatekeepers in the network. This measure is 
based on the number of shortest paths between nodes 
that pass through it.  Features such as this are 
complicated statistical measures, so the system can 
highlight the network to provide a visual explanation. 
For instance, in Figure 2, a selected node is highlighted 
in blue.  All of the minimum paths that pass through 
this node are colored according to the length of the 
route, with the edge’s opacity decreasing for each level 
of distance.  This coloring scheme explains the 
betweenness calculation without need for a formula.  
Even for analysts with intimate knowledge of these 
features, the visualization allows users to find nodes 
that fit the patterns they are looking for by quickly 
iterating through the list. 

Relationship Rankings 
Since the primary units of analysis in social networks 
are relationships, and not individual entities, our 
system displays each dyadic relationship in a two-
dimensional matrix.  In Figure 4, a matrix is shown with 
its dimensions equal to the number of nodes present in 

the network.  Since this network is undirected, only half 
is shown.  In this example, the “shortest path” feature 
is selected, so each cell in the matrix is colored 
according to the length of the shortest path between 
each pair of nodes.  The coloring ranges from red for 
short paths to black for long paths, and white if no such 
path exists.  Visual explanations are also featured here, 
so when the user selects a cell, the shortest path is 
highlighted (e.g. Figure 3).  Just as a large network 
becomes visually overwhelming, so will a matrix, as its 
size increases quadratically with each new node.  To 
address this issue, we provide the user with the ability 
to analyze subgroups of the network. 

Cohesive Subgroups 
We provide interactive procedures for merging nodes 
into cohesive subgroups.  Users can select a feature, 
such as components in an unconnected network, a 
community algorithm based on link structure, or 
attributes of the node.  In Figure 5, a community 
algorithm is selected and users can interactively adjust 
the parameter by dragging a slider and seeing the 
subgroups update in real time, an approach inspired by 
[2] and [3].  Once users are comfortable with the 
subgroups displayed, the 1D and 2D ranking displays 
can be reduced to only show the nodes and edges of a 
selected subgroup, or shrink an entire subgroup to be 
seen as one entity.  This allows analysts to both 
understand the relationships inside a group of interest 
and compare subgroups with one another. 

Ego-Centered Exploration 
Analysts can also explore a network by focusing on one 
node, the node’s neighbors, and the ties among them. 
An ego network of depth 2 is shown for a selected node 
in Figure 6.  Users can interactively increase the depth 

Figure 4.  A matrix colored based on length 
of the shortest path for each dyadic 
relationship in the network.  A half-matrix is 
displayed here because the graph is 
undirected. 

Figure 3.  When a cell is selected in the 
relationship matrix, the feature is visually 
explained.  In this case, the shortest path 
between two nodes is displayed. 
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of the neighborhood by dragging a slider bar.  The 1D 
and 2D ranking displays can be reduced to show only 
the nodes and edges of the ego network. 

Social network visualizations were designed to uncover 
two kinds of patterns:  social positions (nodes linked in 
the network in similar ways) and social groups (nodes 
closely linked to one another) [1].  We believe our 
rank-by-feature approach allows analysts to discover 
both of these patterns in a systematic way, making our 
system more effective than a standard node-link 
visualization system. 

Future Work 
We are working with sociologists to develop and 
append this tool to ensure it supplies useful measures 
of social networks.  By making sociologists an integral 
part of an iterative design process, we will keep our 
focus on supporting analysts to uncover the important 
information in networks.  These partners are also 
experts in the most popular systems used for social 
network analysis today, which can act as a barometer 
to measure our system against. 

Social network analysis is a serious research effort and 
cannot be replicated easily in the form of small user 
studies.  We intend to run a series of longitudinal case 
studies with sociologists to evaluate the effectiveness of 
our system. 

Conclusion 
By visualizing social networks, analysts gain the 
opportunity the opportunity to discover new structural 
insights and communicate their findings [1].  However, 

social network visualizations with many nodes and 
edges can be very challenging to interpret.  In this 
paper, we suggest that a rank-by-feature framework 
improves the ability for exploratory data analysis on 
social networks.  By providing an orderly process for 
navigating social networks, we believe we improve the 
opportunities for discovering insights and allow 
different analysts to reach the same conclusions.  
Furthermore, we believe that the rank-by-feature 
framework will provide similar benefits for other types 
of social visualizations. 
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Figure 5.  Colored bubbles surround the 
subgroups of the network.  For a 
community feature, the user can 
interactively expand and shrink the groups 
by moving a slider bar.  This allows the 
explorer to interactively set the parameter 
of the algorithm that fits the network best. 

Figure 6.  The ego network of a selected 
node with depth 2.  The nodes’ saturation 
decreases as distance increases from the 
ego.  A user can expand or shrink the 
depth of the network by dragging a slider 
bar.  All other nodes fade to gray and can 
be removed. 


