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Abstract 

The popularity of social media across the Internet re-
sults in people-centric data sources that users can po-
tentially leverage for relationship discovery tasks.  In 
this paper, we describe SaNDVis, a visual system that 
supports tasks like expertise location, team building, 
and team coordination in the enterprise. By integrating 
social position, evidence, and facets into SaNDVis, we 
demonstrate how users can reflect on existing relation-
ships as well as build new relationships in an enter-
prise setting. 

Introduction   

As the use of online social media continues to grow, rich 
data sources become available that can potentially be lever-
aged to support tasks in the enterprise.  For instance, people 
may wish to locate experts or build teams seek to find peo-
ple relevant to their interests so they can build new rela-
tionships.  Furthermore, people may wish to reflect on ex-
isting relationships to understand how information flows 
through their company and how much people collaborate.  
We refer to these people-centric tasks as relationship dis-
covery tasks because they are tasks in which users are ex-
amining or creating new relationships. 
 In this paper, we focus on extracting a social graph from 
data inside the enterprise.  Such data includes online social 
media, like blogs, bookmarks, and communities, as well as 
traditional media like papers, patents and organizational 
charts.  In order to help users manage this complex multi-
dimensional information, we present SaNDVis, a novel 
relationship discovery tool that helps users accomplish real 
enterprise tasks.  SaNDVis not only represents the social 
graph, but also highlights evidence for why relationships 
exist as well as linking to related documents. 
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Related Work 

Relationship discovery is related to various research areas 
previously studied.  Social matching systems have various 
motivations for people searching for other individuals: da-
ting, pursuing shared interests, addressing community is-
sues, solving technical problems, or even just having a 
good conversation (Terveen and Mcdonald 2005).  
 Expertise location systems are typically approached as 
social matching systems with respect to a certain topic. 
These systems allow the user to enter a search query and 
output a list of potential experts e.g., (Reichling et al. 
2005).  There are a variety of motivations for expertise lo-
cation in a large organization, including the most common 
ones: “getting answers to technical questions” and “finding 
people” (Ehrlich and Shami 2008). The visualization in this 
work is based on retrieving the top people related to a 
search query, and thus can be viewed as an enhanced ex-
pertise location system. 
 Several expertise location systems incorporate social 
network information in addition to matching person pro-
files to queries e.g., (Jarvenpaa and Leidner 1999). Exper-
tise Recommender filters expert search results based on two 
elements of the user's social network: organizational rela-
tionships and social relationships gathered through ethno-
graphic methods such as interviews (McDonald et al.  
2001).  
  Visualizations have been used as aids for understanding 
social networks since the 1930s, typically represented as 
node-link diagrams (Freeman, 2000). There is a body of 
research focusing on visualization of personal networks 
e.g., (Fisher and Dourish 2004), (Heer and boyd, 2005), 
(Perer and Shneiderman, 2006), (Viegas et al. 2004). 
 There have been several works studying social networks 
around a specific topic. For example, an algorithm for de-
tecting the most authoritative and sociable individuals in 
social networks has been described in (Chen et al. 2009). 
SmallBlue is a social networking application, which allows 
searching for experts and analyzing social paths among 
them (Lin et al. 2008).  
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SaNDVis 

SaNDVis is a people-centric visual interface for supporting 
relationship discovery tasks. The SaNDVis UI was imple-
mented to run in a standard web browser using Adobe’s 
Flash framework.  To begin using the interface, users enter 
a topic in the textbox at the top of the interface.  After a 
topic is entered, three components of the interface are 
populated with results: 1) a social graph visualization of 
top-ranking people that match the query, 2) an evidence 
overview of the documents and tags associated with the 
people who match the topic, and 3) a facet overview of the 
attributes of the matching people. 

The Social Graph View 
As people are the focus of relationship discovery, the larg-
est component of SaNDVis is the social graph view.  The 
top n people related to the user’s topic are displayed (by 
default, n=25).  However, in this view, people are not simp-
ly represented as a textual list but instead displayed using 
social graph visualization.  While such a display is more 
complex to comprehend than a list, the visualization high-

lights a pivotal type of information relevant to relationship 
discovery:  social position. 
 Social position is important because users will typically 
be unfamiliar with most of the people who match their que-
ries.  However, by seeing how those people connect to 
themselves, their peers, or known individuals, users can 
gauge which people are better suited for their relationship 
tasks.  Social position can also be a barometer for judging 
whether or not a matched person might be willing to com-
municate with the user. For instance, prior work shows that 
‘social software participation’ is a significant signal of like-
lihood of contact (Shami et al. 2009).  Finding a matched 
person with few social connections may be adequate but 
finding a well-connected individual might better meet the 
user’s needs. 
 Social position, as shown in Figure 1, is conveyed via a 
social graph visualization.  Nodes represent each of the top 
people matching the user’s topic, and edges represent the 
types of relationships that connect various people.  Each 
node features the person’s name and image.  As there can 
be multiple categories of relationships connecting two indi-
viduals, bands are added for each edge representing each 

Figure 1.  The SaNDVis UI contains three views relevant to relationship discovery task.   
A) On the left, a social graph view allows users to interpret the social position of the results of a topic query.  
B) On the top right, an evidence view allows users to examine the documents, tags, and people associated with the query.   
C) On the bottom right, a facet view allows users to get an overview of the categories with histograms and allows users to 
filter out any irrelevant categories.  
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category – producing a “rainbow” when multiple categories 
are present.  Thus, the thickness of an edge is relative to the 
overall relationship score. 
 While social graph visualizations have a tendency to be 
complex, sometimes derisively compared to hairballs or 
spaghetti, SaNDVis’s design attempts to maximize visual 
legibility.  Nodes and links are positioned using an ad-
vanced force-directed, stress majorization algorithm to 
minimize node overlaps and edge crossings.  The number 
of nodes is, by default, kept to only 25 so the visualization 
is optimized to the design guidelines for achieving “NetViz 
Nirvana” (Dunne and Shneiderman 2009), but users can 
increase this number.  

The Evidence View 
In order for users to understand why people are connected 
in the social graph, users need access to all available infor-
mation, including people, documents, and tags.  In 
SaNDVis, it is possible for users to freely pivot from one 
data type to another to find the information they need.  This 
functionality is powerful, as providing only a list of names 
is often not enough to be of practical use when results in-
clude people the user is unfamiliar with.  By providing co-
ordinated evidence that the user can explore, users can be-
come acquainted enough to judge whether or not the person 
is a useful result. We organize the three types of infor-
mation into three separate tabs in the evidence view.  
 Initially, the tag tab is shown which presents a tag cloud 
of all of the tags related to the people in the social graph.  
The size of each tag is proportional to the number of people 
on the left that are associated with that tag.  As shown in 
Figure 1, users can mouse-over a tag (in this case, ‘connec-
tions’) and the people associated with that tag are high-
lighted in blue on the left.  Conversely, users can mouse-
over a specific person in the social graph view and see all 
of the tags associated with that person.  Users can also click 
on a tag to filter the view to include only those people that 
are highlighted.  This allows users to drill-down to interest-
ing subcomponents of their initial results.  
 Clicking the documents tab, users are provided with a 
table of the top documents associated with the matched 
people and the query.  Users can inspect these documents 
by double-clicking to navigate to them in the web browser. 
Users can inspect the documents associated with a specific 
person and the topic query by clicking on the correspond-
ing node. These documents serve as “evidence” for why the 
top people were associated with the query. Additionally, 
users can inspect the documents connecting two individuals 
by clicking on the edge that connects them. These docu-
ments serve as the “evidence” for the corresponding rela-
tionship and may include papers or wikis that both individ-
uals have co-authored, communities they are co-members 
of, web pages they have both bookmarked, and so on.   
 The people tab gives users the option of viewing the list 
of people in a more traditional table.  While such a table 
view does not directly show relationships, the table is coor-
dinated with the social graph so users can highlight and 
pivot to specific people in either view.  This view can be 

useful if users want to sort the list of people by an attribute 
to quickly find a node of interest. 

The Facet View 
SaNDVis allows users to use facets to filter down results to 
the types of people they care about.  Attributes of the peo-
ple relevant to users' tasks should be accessible and filtera-
ble.   For instance, in an enterprise scenario, a user may 
wish to build a local team in China and analyzing matched 
people in the USA would not be relevant to the task at 
hand.  Similarly, if the user is looking for experts to answer 
a technical question, sales people may not be appropriate.  
 SaNDVis currently allows filtering nodes by two facets 
related to relationship discovery in the enterprise:  location 
and division.  For each unique type of category (e.g., USA 
or Research) in the results, a histogram and checkbox ap-
pear, as shown in Figure 1.   The histogram represents how 
many nodes of that type appear in the search result.  Users 
can remove nodes of this type by unselecting the checkbox.  
Each type of facet is also given a unique color, and all of 
the nodes that fall into that category are colored the same in 
the social graph view.   
 Furthermore, users can also filter edges, where filtering 
can be done according to the two dimensions. The user can 
choose to filter to familiarity-only or similarity-only rela-
tionships (default includes both), and independently use the 
checkboxes next to each of the six categories of relation-
ships to include only categories of interest. For example, in 
cases where the original graph is very dense, the user can 
choose to focus on familiarity relationships based on org 
chart and friendship only.   
 When users filter according to facets, animation is used 
to maintain the user’s mental model for the transition be-
tween states.  The system also optimizes screen real estate 
by automatically fitting the nodes.  So if the user filters out 
a certain class of nodes, the system will zoom-in automati-
cally on the remaining nodes.  By default, filtering edges 
will not rerun the force-directed layout procedure as this 
can easily disrupt user’s mental model, even with anima-
tion.  Users can manually initiate a re-layout at any time. 

Data Sources 
SaNDVis uses SaND to mine, aggregate and crawl public 
information from multiple services within the enterprise 
(Ronen et al. 2009). SaND generalizes and extends 
SONAR, a system previously introduced to aggregate so-
cial network information (Guy et al. 2008).  The fact that 
the mined information is public allows for the presentation 
of all the underlying relationships without exposing infor-
mation to which the user does not have access in their orig-
inal service. Moreover, the fact that SaND is based on pub-
lic information allows a high level of transparency, by pre-
senting “evidence” for each relationship.  
 In this work, the following enterprise services are mined: 
• A blogging system with 16,300 blogs, 144,200 entries, 

121,750 comments, 70,000 overall users and 357,000 
tags (Huh et al. 2007) 
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• A wiki system with 6,150 public wikis, 13,000 editors 
and 24,450 tags 

• A social bookmarking system with 1.1M bookmarks by 
68,000 users with 3M tags (Millen et al. 2006) 

• A file sharing system with 46,700 public files used by 
31,800 users and tagged with 86,000 tags (Muller et al. 
2009)  

• A community system with 9,400 online communities, 
each including resources such as feeds and forums, 
with an overall of 226,000 members and 32,500 tags 

• An organizational chart including nearly 450,000 em-
ployees 

• An enterprise SNS that allow users to reciprocally con-
nect to each other, with an overall of 250,000 connec-
tions between 99,000 users (DiMicco et al. 2008) 

• A patent database with 132,000 patents authored by 
31,500 users 

• A publication database that includes 28,950 papers au-
thored by 3,200 users 

• A projects wiki that includes 1,980 projects with 1,260 
members and 2,450 tags (Danis and Singer 2008) 

• An open source project system with 1,860 projects and 
11,850 total members 

• A forum system with 2,590 forums, 466,300 threads and 
53,000 users 

• A people tagging application that allows users to tag 
each other, with 9,300 users who tagged 50,000 other 
individuals with 160,000 public tags (Farrell et al. 
2007) 

From these sources, almost 450,000 people and over 73 
million relationships were mined. 
 To allow users to better leverage this data, we categorize 
the relationships into six categories: organizational, friend-
ing, tagging, commenting, co-authorship, and co-
membership. We also distinguish between relationships 
that are likely to reflect familiarity between two individuals 
(e.g., tagging each other or having a common manager) and 
relationships that are likely to reflect similarity between the 
individuals (e.g., using the same tag or commenting on the 
same blog entry). 

Conclusion 

In this paper, we have demonstrated a system that supports 
relationship discovery in the enterprise. By integrating so-
cial position, evidence, and facets into a visual interface, 
SaNDVis, users can leverage existing social media behav-
ior to assist them in their relationship discovery tasks, in-
cluding expertise location, team building, and personal re-
flection. 
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