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ABSTRACT

Employees depend on other people in the enterprise for rapid
access to important information. But current systems for finding
experts do not adequately address the socia implications of
finding and engaging strangers in conversation. This paper
provides a user study of SmallBlue, a socia-context-aware
expertise search system that can be used to identify experts, see
dynamic profile information and get information about the
degrees of separation or social distance to the expert, before
deciding whether and how to initiate contact. The system uses
an innovative approach to privacy to infer content and dynamic
socia networks from email and chat logs. We describe usage of
SmallBlue and discuss implications for the next generation of
enterprise-wide systems for finding people.

Categories and Subject Descriptors
H.5.3 [Group and Organization Interfaces]: Computer-
supported cooperative work, Evaluation/methodol ogy

General Terms
Management, Human Factors

Keywords

Socia Network Analysis, Social Networks, Expertise Location,
Collaboration, Communication, CSCW

1. INTRODUCTION

It is well established that we rely on a persona network of
friends and colleagues to get trusted information [25], [7] to
help filter, interpret and make sense of information [14] and as
brokers who introduce or refer us to new people [5]. According
to an analyst report employees get 50 - 75% of their
information directly from other people [9]. Though personal
networks are invaluable for getting quick answers, they are not
always sufficiently large or diverse to reach everyone directly
who has the right information. The limited reach of a personal
network is especially pronounced for new hires who have not
had the time to build a network or for people who have recently
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assumed new or different roles that require a different set of
connections than the ones they have..

Researchers have argued for some time that personal networks
should be augmented with technology, called expertise locator
systems, to help find the right person (e.g. [1, 3, 21]). Existing
systems have focused on search agorithms or methods of
acquiring data that can be searched (see [4] for a review). But
searching for peopleis not like searching for documents. People
operate in an organizational and social context which
circumscribes what they know and how they know it [8].
Moreover, while companies vary in their tolerance for “cold
cals’, even internally, someone receiving a reguest for
information is more likely to respond positively to the request if
it comes from a friend rather than a stranger. Thus, expertise
locator systems should reflect the social contexts in which
people are embedded [13] to help evaluate potential experts but
also to facilitate the path to conversation. In earlier research,
Ehrlich [13] argued that people balance several socia and
organizational factors before deciding who is the most suitable
and responsive person to approach. Because these factors and
their significance vary according to the searcher and the context
of search, expertise locator systems should provide sufficient
information for the user to make the determination of suitability
and responsiveness.

Lin [19] proposed an enterprise socia networking system, called
SmallBlue, that unlocks the valuable business intelligence of
‘who knows what? and 'who knows whom? residing in an
organization, without requiring explicit involvement of
individuals. The am of SmalBlue is to find experts,
communities, and networks in large companies through data
mining, information retrieval and socia network analysis
techniques. SmallBlue helps users manage their persona
networks, and reach out to their extended network (the friends
of their friends) to find and access expertise and information. In
SmallBlue, expertise search is utilized through Google-like
keyword searches with a returned ranked list of top N experts of
the keywords. The network structure is also used to determine
the shortest path from the user to the selected expert. In
addition to the requisite search interface, the system addresses
issues of interpretation and responsiveness through two
additional features we have called Social Distance and Expertise
in Context. Socia distance provides explicit, personalized
information about the shortest and alternate paths that link the
user to the seeker. Expertise in context provides additional
information about selected experts drawn from their
participation in open forums, communities, blogs and social
bookmarking systems.



The purpose of this paper is to provide user studies of
SmallBlue system. Before describing SmallBlue we review
relevant research and present a brief summary of a study that
motivated some of the design decisions. Then, we briefly
introduce the SmallBlue system, which has been deployed
within IBM. It was adopted by over 1700 people within 6
months of availability and can be used to search for the
expertise and socia network of more than 150,000 employees.
In Section 5, we describe the results of a preliminary user study
of SmallBlue and then conclude with discussions on future
directions.

2. PREVIOUS RESEARCH

Expertise location has often been approached as a socia
matching or recommender systems e.g. [21, 26, 29] which
derives information about experts from data provided by the
user, typicaly in the form of profiles, or from mined data. One
approach typified by systems such as HelpNet [20] asks usersto
provide the information by filling in profiles which they then
have to maintain. Another approach found in systems such as
NASA's Expert Finder [6] process employees published
documents such as resumes and corporate newsletters to create
expertise profiles. There are aso hybrid approaches such as the
systems described in [16] in which basic contact information
and reporting structure are created and maintained from
personnel records but optionally supplemented with information
provided by the individuals.

A different approach creates systems that are more like extended
personal networks. Some of these systems e.g. ContactMap
[32] maps a person’s own network in a way that makes
important demographic factors such as geographic or
organizational affiliation or interest group more salient. This
method of display helps people manage their network of
contacts to be more aware of people who are important but
contacted infrequently. The value of these systems lies in
providing visualization and other features to help people
manage their existing contacts rather than in identifying the
experts who are outside the user’s personal network.

Other systems go beyond the personal network — the people
known personally to the user — to combine expertise location
methods and socia networks. For example, Referral Web [18]
combines socia networks and collaborative filtering to create
personalized recommendations and personalized referral paths
from the user to the designated expert. This system helps
identify people who will respond to requests but it doesn’t
necessarily provide users with enough information to make their
own determination of the expert’'s likely responsiveness to a
request for information.

Other systems have used graph-based ranking algorithms to
extract both social network and expertise rankings [10]. These
systems facilitate expertise finding. However, users till need to
manually update their profiles which make it hard to build
scalable systems that can also be easily maintained over time.

CommunityNet [27] integrates automatic email content and
social network analysis to find out how experts collaborate and
to recommend experts to users within their own personal
network. Initial experiments using the Enron email dataset of
nearly 0.5 million emails showed promising results in finding
experts. However, CommunityNet did not look beyond the

personal ego net for expert finding. Song et al. proposed using
dynamic graphs called ExpertiseNets [28] to model the
relational and evolutionary expertise for mining, retrieval and
visualization [28].

Although a few systems incorporate socia network data, many
have shied away from presenting whole socia networks that go
beyond the user's direct connections, principally because of
difficulties gathering the data and privacy concerns. This is
unfortunate because social networks contain a rich set of data
about “who knows who” not just “who knows what” which is a
critical for general knowledge sharing. Previous research has
revealed the importance of the underlying social network
structure for understanding patterns of collaboration and
information sharing [7, 12, 17].

3. PRELIMINARY STUDY

Analysts have argued that people in professional services are a
key target group for expertise locator systems [11]. To gain a
better understanding of how people in professional services
might leverage their social network to get information we
conducted a series of interviews with 7 project managers who
worked in a global consulting practice. The data from these
interviews were synthesized to identify the major elements of
the work environment and how searches are conducted. We
validated the initia findings with an additional focus group of
15 project managers. We focus here on some of the comments
we received that pointed to when and how this group went to
their personal networks for information.

3.1 Work Environment

Consulting practitioners have little free time and are under
pressure to execute, often in full visibility of the client. Their
focus is firmly on delivery activitiess. When faced with
information or a knowledge gap they take what they feel is the
most expedient route to filling it and getting the job done. They
want relevant, useful, easy to access content, quickly, and will
reject sources that are cumbersome or time consuming to use
unless they have to use them. Consequently, they rely heavily
on persona networks and their hard-drive as primary sources of
information, assets and resources.

3.2 Importance of personal networks

It was readily apparent from the interviews that when it came to
searching for information, people were a primary source of
knowledge / asset sharing

"... It really comes down to knowing who knows what and being
ableto get hold of them.".

Our findings revealed that typically the first port-of-call for
sourcing content is through personal networks rather than going
online.

"...You need to look through 100s docs to get the useful
material ."

"...You spend effort wading through documents when you know
a 2 minute conversation with an expert would point you in the
right direction."



3.3 Limitationsin building personal

networks

Access to expertise is particularly important for getting specific,
differentiating information on delivery activities, for accurate
timescales and project estimates. Our study revealed several
challenges with getting access to the right expertise. As projects
become larger and longer term, practitioners’ personal networks
were not growing as fast as they had when projects had a shorter
cycle.

“... your network does diminish if you don't actively try and
move around on projects...”

A persona connection or introduction to a peer better ensures a
timely response.

“

. You tend to need a way into speaking with somebody,
maybe ‘so and so recommended you and said you might be able
to help out with this usually gets a fairly quick response”.

When it came to searching for people, we heard stories about
needing to go through 3, 4 or even 5 connections before
reaching the right person. One person told us of going to
someone they knew who then gave them a name of another
person who further introduced them to a third person and so
forth. As each new person was contacted there was a delay in
reaching them further impacting the timeliness of the resulting
information. While our informants could tolerate some
indirection, when it got to the 4™ new contact or beyond, the
time delay was unacceptable.

Although this was an informa study it reinforced the
importance of using other people as a source of information, of
engaging the other person in conversation not just getting an
answer, and of the extreme time pressures of their work.

4. OVERVIEW OF SMALLBLUE

SmallBlue proposed by Lin [19] is an expertise search and
socia network analysis suite that automatically captures and
visualizes socia networks. It enables users to find people with
specific knowledge or skills in an enterprise. The current paper
provides a high level overview. A more detailed description of
SmallBlue including the architecture and design can be found in
[19].

SmallBlue is made up of the SmallBlue socia sensor system
and a suite of 4 web based user tools:

¢ SmallBlue Ego tool displays the user's personal network
(not described in this paper)

e SmallBlue Find tool provides an interface to a relevance
ranked list of people who match the search terms. Millions of
search terms are currently indexed in SmallBlue.

e SmallBlue Reach tool provides dynamic profile information
similar to Fringe [16] to help see the expert’s knowledge in
context to assess their suitability

e SmallBlue Net tool which displays the socia network of the
top experts matching the search term or the social network of
any group/community of people within company

The SmallBlue social sensor analyzes outgoing email and chats
on users machines and creates information search indices and
personal socia network indexes which are sent to the SmallBlue
Server for large-scale network and search indices aggregation.

4.1 Dataacquisition

Expertise locator systems acquire data by having individuals fill
out profile information or by extracting the information or
deriving artificial intelligence algorithms from existing sources.
Those sources could be “public’ such as co-authored
documents, patents or user-generated from blogs, wikis and
socia tagging systems. Data can also be acquired from private
sources such as email, chat, calendar entries which contribute
semantic information as well as socia network data. In deciding
which data source to use, we quickly ruled out user authored
profiles because it would have taken too long to build a critical
mass of information, would not have included the social
network information we needed. These data sources run into
problems of currency when users don’t update their information
frequently enough.

The issue of whether to use public or private data sources was
more complex. Private data such as email logs contain rich
information from which information about what one knows and
who one knows can be derived. These data also address issues
of (a) coverage — everyone uses email so data can be collected
from everyone not just the people who have authored documents
or other data; (b) maintainability — new email is constantly
being generated; (c) ease of use — people are aready using email
so other than asking users for permission to use their data there
is no additional work required by the user. The disadvantage of
using private data is that capturing and using the data may
violate privacy. There is some evidence suggesting that the
majority of users are willing to share some private data under
the right circumstances [2]. However, it can be challenging to
get people to provide private data and systems must provide
clear and enforceabl e safeguards to that data.

In SmallBlue the decision was made to use email and address
the privacy issues, in part, because our initia target audience of
consulting professionals did not have sufficient user generated
data to create a viable system. We also believed that if we could
address the privacy issues, SmallBlue was going to be easier to
scale over the long term because of the better coverage of email
data, SmallBlue developed a strong set of policies that restricted
what data could be collected, how data could be used and what
information was available to users; see Lin et a [19] for a
detailed description. It relied on aggregated and inferred
information which prevented any user from ever seeing a direct
relationship between any person in SmallBlue, their email and
the information being displayed. In other words, the system
never kept or displayed any information about who
communicated with whom about what. Privacy and rights of
users are critical to the success of the SmallBlue system.
Without adequate attention to these privacy issues users will
quickly stop using the system which will dry up the pipeline of
data for searches and the system will lose value.

Data were only collected from people who had opted into
SmallBlue after reading our privacy policies. There was no
requirement or coercion to join; users could opt out at any time
and have all their dataremoved. New users could try SmallBlue
at any time before opting in. When a user opted in, they only
had to specify the location of their email archives and chat
history — users could include one or the other or both -- and our
tool would extract and index the data. The real email or chat
data never left the users' machine.



4.2 Search

SmallBlue Find is a search engine which returns a relevance
ranked list of people by interpreting a search string and mapping
it onto related keywords. The search engine aggregates the
results for all the keywords and ranks them based on relevance
weighting and aggregated social network structure. SmallBlue
then generates a list of people who best match the search terms.
Only the top100 people are displayed, with 10 people per page.
The display shows the person’s picture along with their job title,
role, and online status. Users can aso filter a search within a
business division, a country, a community, a group, or/and a
specific socia distance. These filters are turned off by default
and the search engine returns the name of anyone within the
company.

Consider the case of someone who has been asked by their
manager to gather information about second life, the 3D virtual
environment that has been creating buzz on the internet and
business press. Entering “second life” into the search window
would bring up the display shown in Figure 1 which shows 6 of
the 10 people from the first page, along with their picture and
other information. To the right of each picture there is text in
red which shows the degrees of separation between the person
displayed and the user. The two examples in bold say “My
collaborator or contact” indicating a personal contact and “Ask:
Vicky” indicating that | can reach the person indirectly through
Vicky. This information is personalized for each user. Anyone
entering the same search term at approximately the same time
period would see the same set of names in the same order. The
specific degrees of separation as well as the names of the
intermediate people, would be different.

Figure 1. Relevance ranked search results and personalized
degrees of separation for the search term “second life”

4.3 Social Distance

To increase the likelihood of the user contacting someone new,
and having that person respond, SmallBlue made the socia
paths to each person visible as a form of “six degrees of
separation” [22, 31]. That is, SmallBlue displays the minimal
number of intermediate people to reach the person. Paths of
three or less were shown in the initial relevance ranked display
with the line, “Ask <person>" or “Ask <personl> =>
<personz>.

Most expertise location systems do not provide information
about how to reach someone through existing contacts. Yet as

we saw in our preliminary study and from existing literature,
personal networks are the most common method for reaching
experts. When it comes to doing a “cold call” to someone new,
even in the some company, it helps to have some context. In
some companies it is a recognized and accepted practice to call
other people to get information that is needed for a project or
assignment. And aslong asit is areciprocated practice — that is
anyone can call and be called by anyone else — it works well.

Information about social distance also appears in another tool
within SmallBlue, called Reach described below. From the Find
page, users can click on a name or picture to navigate to the
Reach page, which Expertise in Context

We have argued that an expertise locator system should provide
users with information to help them make their own
determination of the appropriateness of a candidate’s expertise,
and likely responsiveness. In our case, this information is
provided through SmallBlue Reach and SmallBlue Net..

4.3.1 SmallBlue Reach

SmallBlue Reach (Figure 2) displays current public information
about a person selected from the Find page. This information
includes alist of the shortest paths to reach that person and up to
16 alternate paths up to 6 degrees of separation. The page aso
displays information about the expert’s interests and activities,
drawn from a variety of data sources that are public within the
enterprise. This information can help a user assess the suitability
of a candidate by seeing what they might have authored in a
blog, what social tags they have used or which pages they have
bookmarked.

Figure 2. Sample Reach page displaying shortest path and user
generated data for a selected expert

Formal Groups Recommended job
and altemnate connection paths | | description

Informal Grouss

Blue Groups

CommunityMap BlogCentral - |
posts

Dogear Tags
Forum
Posts

On the |eft side of the page shown in Figure 2 the Blue Groups
and CommunityMap indicate the communities the expert has
joined. Community membership is voluntary. So, assuming the
names are meaningful, the list provides cues to the person’s
interests and perhaps their expertise. If someone were a member
of a community called “Second Life” we might infer that they
had enough interest in virtual worlds to make the effort to join
the community. The Dogear tags displays any tag the expert has
used more than 3 times in an enterprise social tagging system
called Dogear [23]. This information can provide useful cues to



the expert's potential interests aong with their actual
bookmarks which are displayed on the page but not shown in
Figure 2. The list of communities and tags are links that when
clicked will take the user to a page showing the social network
of all the members of the selected community or the selected
tag. We describe the social network view below under
SmallBlue Net.

On the right hand side of the page, the job description shows the
person’s formal role which is a good indication of how they
might be using their knowledge. For instance, a manager might
be seen as having less practical knowledge of a technical area
than a subordinate who is actively applying their knowledge. In
IBM, anyone can post a blog at Blog Central or a comment at
one of the many Forums that are available. SmallBlue picks up
this information and displays the title of the 5 most recent
postings along with the posting date. Since this is entirely
voluntary, the topic of the posts can be quite informative of the
expert’s current interests. Beneath the list of Blog and Forum
entries are the actual pages that someone has bookmarked and
beneath that is the person’s self-described expertise. This
information about expertise is provided voluntarily by any
employee as part of their Blue Pages entry. Blue Pages is a
corporate directory that contains standard employee information
such as job title, location, contact information, reporting
structure which is mostly sourced from employee records.
There are also some additional fields which the employee is at
liberty to fill out. The self-described expertise is one of these
optional fields. It can provide information that is highly
informative of a person’s expertise and credentials, somewhat
informative or completely absent. Because this information is
provided voluntarily and generally not updated, it is not a
reliable single source for expertise determination.

4.3.2 SmallBlue Net

SmallBlue Net displays the social network of people associated
with a topic or the people in a community/group. Although we
conventionally think of an expert as someone who has the most
knowledge of a particular topic, sometimes we want to find the
person who knows the expert rather than the expert themselves
or we want to find the person who others think is the expert
which is associated with the person at the center of the socia
network for atopic..

For these reasons, it is sometimes useful to see the whole social
network. Figure 3 displays the social network of the same 100
people that were found by the Find tool in response to the
search term, “second life”. Mousing over one of the thumbnail
pictures in SmallBlue Net brings up the same information about
role and business unit as displayed in SmallBlue Find. In
addition to the traditional network clustering view, the interface
provides a map view which displays the geographic location of
all the people in the network (not shown in Figure 3).

Figure 3: Social network for “second life” from SmallBlue Net
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There are several ways of viewing the data For instance,
instead of seeing the nodes displayed as pictures, users can see
the nodes color coded by business unit. This is an especialy
useful way to see how information is getting shared and
propagated in the organization and provides insight into the
structure and cohesiveness of emergent communities. Users also
have the option of seeing who is the hub of the network and who
is providing a bridge between separate clusters.

Figure 4: Socia Network for “second life” showing key hub

Figure 4 displays the business code view with the hub
highlighted by a thumbnail picture. The hub is often but not
necessarily the same as the person ranked 1 in SmallBlue Find.
He or sheis, however, the person most connected to the top 100
people associated with the search term, When the hub is also the
most highly ranked person it means that the community agrees
with the inferred designation of expertise. When the hub is not
the most highly ranked expert it might be indicate of someone
who is connected with lots of experts and therefore in an
important role as intermediary or broker to those people.



5. USER FEEDBACK

We explored the usage of an early version of SmallBluein three
ways: (1) interviews conducted about a month after the system
had been released, (2) log data collected after the system had
been in use for about 3 months and (3) data from an online
survey administered at 3-4 months. We addressed severa key
questionsin the evaluations:

e How rapidly are people adopting SmallBlue? Getting rapid
adoption is crucia for building up enough data to create a
reliable, robust system.

o Were users satisfied with how SmallBlue dealt with privacy.
If users are satisfied with privacy this would indicate that it is
feasible and practical to build an expertise locator system by
extracting content and social network from communication
dataand to do so at alevel that can scale.

e Were people realy using SmallBlue or just downloading it
out of curiosity? This is difficult to assess because the real
need for SmallBlue is unpredictable and highly variable
across users

o Were users satisfied with SmallBlue in general and with the
accuracy and usefulness of the responses

5.1 Adoption

The data were very encouraging. Users were enthusiastic about
the tool and recognized the value of its direction and purpose.
We got comments such as, "This has enormous potential” , and
“| like this because | am now starting to see people | know".
The tools were regarded as especially useful by people who
were in new roles and who had an on-going need to build up a
new social network of contacts. For instance, one person
commented, "l would use it to find people in other development
teams that | need to interact with e.g. to find someone on
another team with specific expertise”". People were also using it
to find people in areas of interest outside their main job. For
instance, one person who was interested in healthcare
applications told us that he could never have found the people or
communities without the tool. Another person who was looking
at new job opportunities in the company used the tool to find all
the people in common with a potential future manager who
could then is used for references, she got the job. Another
person, who had been using SmallBlue for several weeks said,
“ It has already helped me find some SMEs | couldn't have found
otherwise.”

It was important to the overall usage of SmallBlue that we get
enough people to sign up early for us to build a large enough
corpus of data for our inference engine and create meaningful
searches for the users. Building the initial data set is a challenge
for any expertise locator systems

SmallBlue was made available in October 2006 through email
invitations and demos to targeted groups of consulting
practitioners and friendly users to make sure that SmallBlue was
behaving reliably and that we had ironed out the technical
problems. This resulted in about 150 people signing up.
SmallBlue was then made available to a general audience in
November through an internal early adopter program. Figure 5
shows the number of people who opted into SmallBlue over the
first 6 months. The total number of people who are indexed in
SmallBlue comes from two sources. A. Each new volunteer

brings in their direct connections. B. In addition, the data from
each person’s email is updated regularly which can add
additional new people. As more people volunteer, the rate of
new, unique people they bring in declines. In the first month or
so of usage, there was a ratio of around 112 names added to
SmallBlue from both sources, for every new volunteer. By the
end of April that number had dropped to around 94.

With nearly 700 people signing up in November alone we had
enough data to feed the inference engine and build the
aggregated store of information that would disguise individual
data. Aside from a few additional presentations in January,
there was no overt promotion so aimost al the interest came
through word of mouth and curiosity. By May 2007 over 1600
people had opted in — that is alowed us to mine their email —
and more than 150,000 people were indexed. In addition, we
offered a ‘free trial’ where people could use SmallBlue without
signing up and several hundred people did so. We take this rapid
adoption as indicative of the need for an expertise locator tool
and as something of an endorsement of SmallBlue we had built.
Currently, there are about 4~5 million of unique email and chat
indicesin SmallBlue.

Figure 5. Number of volunteers and total number of people
indexed
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5.2 Interviews

We conducted semi-structured phone interviews with 11 people
who at that point had been using the tools for only a few weeks
to get an early assessment of whether we were headed in the
right direction. The interviews included questions on general
background such as tenure in the company and in their present
job as well as their motivation for trying SmallBlue. Most
people indicated that they were trying it out of curiosity. But
one of the people we interviewed told us that she had just started
in anew job. We also asked how often they needed to find new
people. 30% said daily, 40% said weekly and another 30% said
monthly or less. In other words, finding people is not a daily
activity for these people.

A principal goal of the interview was to assess the perceived
accuracy of responses. To get at this, we asked each of our
interviewees to enter a query on atopic they were familiar with
and provide comments and feedback on what they found along
the way. When the results came back, we asked them to tell us



how many people they knew on the first page of 10 names and
their perception of the quality of the results. We also asked
them how likely they were to go to one of the people they didn’t
know and what they would need that weren't already in the
system, to help them contact the person. Users were prompted
for feedback on features or comments in addition to spontaneous
comments that the users themselves made. Most people
responded that they knew 6 or 7 out of the 10 displayed on the
first page which was a good indication of accuracy. When
asked to comment on the accuracy most people indicated
satisfaction with the results as far as they could ascertain.

After the exercises, users were asked to rate “their level of
satisfaction” on a 5 point scale (5 high) with the different parts
of the system and to answer how they anticipated using it in the
future. At that time of the interviews, the Reach feature had not
yet been implemented. The mean ratings are shown below in
Table 1.

Table 1: Level of satisfaction with the tools where 1 = Very
Dissatisfied and 5 = Very Satisfied (N = 11)

Mean SD
Search 4.10 0.74
Social Networks 3.70 1.06
Overall Accuracy 3.35 0.71
Installation and Documentation 3.27 101
Overall 3.93 0.17

Although informal, these ratings provide some additional
support for our system. The level of satisfaction with the
accuracy of the system was lower than we had hoped. However,
during the interviews, several people commented that they could
not evaluate the accuracy of the system for people they did not
know. They were not disturbed by the number of unknown
names that appeared just unable to evaluate them. We aso asked
each person to indicate their level of comfort with how we had
addressed privacy issues. No-one expressed concern. Indeed
several people indicated that the importance and value of
sharing information and knowledge overrode issues of privacy
in this setting.

5.3 LogData

About 3 months after the system had been deployed there were
1255 unique users who had done at least one search. Of these,
323 (26%) people used the system for 2 or more days. These
people also conducted a number of searches (Figure 6); 145
(45%) of this group had 10 or more searches. These data point
to an interesting usage pattern. Where the majority might just
be trying out the system, as is typical with a new technology,
the people who used it more than 2 days were conducting
multiple searches. We didn’t collect sufficient data on the
reason for search, but we believe that some people are looking
for people to contact but others are just looking to develop
awareness, familiarity with others in the organization.

Figure 6 . Frequency of search for people who used SmallBlue
2 or more days
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It was also interesting to see whether SmallBlue was used once
or over an extended period of time (Table 7). The majority of
people (74%) did use SmallBlue for only one day. But there
were still alarge number of people who continued to use it over
the 3 months in which we collected usage data. We explored the
usage patterns further and found that although most of the multi-
day people used SmallBlue for consecutive days, there were
several instances when there was an elapsed time of 40 days or
more from first to most recent use, during which time they
would use the system occasionally. These observations suggest
that at least for some users, searching for people was an
occasional and also unpredictable activity.

Figure 7 . Number of people who used SmallBlue for 2 or more
days
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The Reach tool was added after the system was initidly
deployed. Nevertheless, there were 455 people who used it an
average of 5.6 times each. One person said, “ The paths are
really helpful ... you can see who your personal nodes are” .
This person found the network view of all of the paths an
especially helpful feature for identifying the key connectors in
her extended network. Another user also told us that the way she
would use the Reach feature was to say to the person she wanted
to contact, “ You don’t know me but | found your name in the
system where | see that you are a colleague of <personl> who
works with <person2> who knows <person3> who | know.”
These users also emphasized the importance of seeing
themselves in the social network maps. One user described the
maps as similar to the “You are here’ marker on the map in a



shopping mall or other large public space. In general, the social
network view was less well understood or used than the other
features although some users found it to be an invaluable way to
get insight into how knowledge was distributed in the
organization.

5.4 Surveys

We collected data from 42 early adopters who completed an
online survey that ran for about 5 weeks in January and
February 2007. The main purpose of the survey was to provide
us with general feedback on the system and point the way to
further improvements. The results were generally encouraging.
74% had used the system more than once and 36%, were using
it every couple of weeks. 69% agreed or strongly agreed that
they would continue using the system beyond the trial period.
One of the key questions was whether people would really use it
or only install the software and play around with it. A good
indicator of real usage was whether users would actually contact
someone since that would mean that they found a person who
could be useful and they found a way to reach them. Of the
people who responded to the survey 34% indicated that they had
contacted at |east one person.

On the important question of privacy, only 3% of the
respondents reported any level of dissatisfaction with the way
the system handled privacy. This was an important finding and
provided strong evidence that systems based on email mining
can be adopted.

One of the key questions was whether people would really use it
or only install the software and play around with it. We saw in
the log data that there were a substantial number of people who
used the system over several days and even over an extended
elapsed time. The results of the survey data provided additional
support for real usage. Of the people who responded to the
survey 34% indicated that, in the past 3 months, they had
contacted at least one new person as a result of using the
system.

6. DISCUSSION

The goal in designing SmallBlue was to provide a robust,
scalable system that would provide people with visibility and
insight into expertise beyond the horizon of their own personal
networks. We were faced with several challenges — balancing
privacy and utility, creating something that is flexible to lots of
different ways of working yet robust enough to accommodate
growth, making something that is easy and simple while also
having a rich set of features, and, using technology to create a
system that mimics and supports the subtle social nuances of
human communication.

SmallBlue addressed these challenges by designing a system
around the principles of good search, socia context and
approachability that together define a new approach to expertise
location that places emphasis on the social context of use [15].
These principles resulted in a set of search and visualization
tools that relied on a combination of public profile information
and dynamic private communication data to infer socia network
relationships and expertise. Results from an early deployment
of the system indicated that a large number of people had been
using the main features to find people, but also to gain insight
and awareness of others in the organization as well as follow
through to contact new people.

Any expertise locator system is only as good as the quality and
especidly, the quantity, of data that goes into it. We were
fortunate to have had a large number of people volunteer their
communication data soon after SmallBlue was released. This
was an important achievement because it validated the
willingness of people to contribute their data and it meant that
users joining the system would have people they could search.

There have been many previous approaches to building
expertise locator systems. Those systems which incorporate
social network data (e.g. [18, 21] do so primarily to filter the
choices given to users. SmallBlue extends the design elements
of previous research with respect to novel approaches to
privacy, additional context and visibility into the distribution of
knowledge and the formation of communities, and social
distance

6.1 Content and privacy

SmallBlue used stored communication records and basic
directory information to extract expertise and relationship data.
These data sources are representative of a broad population and
readily available but hardly accessible for privacy reasons.
Where many expertise systems fall short, however, is in not
adequately representing peoples interests and activities. We
include access to output that users have created using the new
social software tools such as blogs, wikis and social tagging.
Until we understand how this kind of information contributes to
a determination of expertise and socia distance, we have
provided it “asis’ to users.

One of the main challenges of SmallBlue was to reliably extract
and reveal content and social network data from communication
logs in a private and secure manner. The privacy solution
adopted by SmallBlue [19] only extracts data from people who
have explicitly opted into the system and takes the unusual
approach of only using content that has been authored by the
volunteer. It also disguised attribution to any data source
through aggregation and inferencing the data. We don’t know
whether it was this approach or for another reason, but since the
system has been launched we have received no complaints about
privacy either directly from our users or in any of the feedback
even though there were opportunities to voice concern. There
has been a steady rate of people signing up and volunteering
their data, coming almost entirely from word of mouth. We
don’t believe that users would recommend the system to others
if they had a serious concern about privacy.

6.2 Whoisthe expert?

Although we have talked throughout this paper of “finding
experts’ in fact, SmallBlue is much more about finding people
than identifying the real experts in an organization. Those
people who are broadly regarded as experts, might not in fact,
be that hard to find. It isthe individual who has some small but
important knowledge who is harder to locate. SmallBlue helps
to identify those people by showing people associated with a
search term in a social context as well as in a relevance ranked
search list. Moreover, we distinguish between those people
“who know what” and the people “who know who" [14]. The
latter are very important in an organization because they can act
as brokers or gatekeepers who can filter out information and



people who are not relevant or protecting people who may get
overloaded with requests [5].

Sometimes we want to find the person whose expertise is
defined by what they know, other times by the person who is
central in anetwork. In many casesthisis the same person. But
as we used the system and observed the kind of search terms
others used, we found severa instances where the person who
appeared as the most centra in the social network, was not the
highest ranked in and vice versa. Moreover, we could also see
which people were acting as brokers and linking between groups
or sub-groups. These people were sometimes in the top 6
ranking but could also be further back. The value of these
differences is that there is not necessarily just one kind of
expert. Depending on the circumstances and the need, users may
sometimes want to seek out the person who has the most
knowledge, in other cases seek out the person who is best
connected in the community of knowledge and in yet other
cases reach out to the person who is brokering and connecting
people.

6.3 Fostering collaboration and community
As noted by Ackerman et a, [4] the goal of sharing expertise
has value beyond the immediate need to find a particular person.
Awareness of “who knows what” in an organization is key to
fostering the collaboration and knowledge sharing that drives
growth [12]. It can be especialy hard to build awareness of
people from other parts of an organization, geography or
specialization even though these people are especially important
for globally distributed teams [24]. One of our users said it best
when she told us that contemporary work environments often
feel like being at a party where someone has turned out &l the
lights. You have a sense that there are other people in the room
but you can't see them and so you don't know who to turn to.
We hope to see more systems that will illuminate the other
people in the room.

Following earlier research [30], we observed a variety of social
network patterns that are indicative of emergent community
structures.  One common pattern was a visualization showing
small clusters of people who were largely defined by business
unit and mostly disconnected from each other. Another common
pattern was an intact community with a very dense core group
of people in the middle but from multiple business units. We
have not yet undertaken a systematic study of these and other
patterns.  But they provide fascinating insights into the
underlying organizational structure reminiscent of the patterns
seen by social network theorists and practitioners [12].

6.4 Limitations

Prior methods of finding people are inadequate especially for
the consulting professionals who were a part of our target
audience. When they needed to find someone who could help
supply information in connection with client work, they would
initially turn to someone they knew in their own network.
However, they frequently were unable to find the right person
either in their network or through a recommendation from their
network. In part this reflects the growing diversity of
information that is applied to client work but it is aso
symptomatic of the time it takes to build a broad enough
personal network to tap into the right sources. Although any
expertise locator cannot address al the queries someone might

have it should fill the gap between the limitation of personal
networks and the inadequacy of simple corporate directories.
Even though SmallBlue was able to index a large number of
people in a relatively short amount of time, one of the most
common drawbacks we heard from our early adopters was that
there were insufficient people in the system. SmallBlue was
deemed insufficient if a search returned too few people from a
sought after business unit or if there was no good path from
them to the expert. Thisis primarily a problem of diversity. We
chose to focus on the needs of the consulting professional as our
target user, we made the system available to anyone in the
company which covered a very broad range of knowledge,
business and geography. As more and more diverse users join
the system, we believe the search results will also improve.

6.5 FutureWork

A lot of work remains to be done including improving aspects of
the user interface to clarify the concepts and usefulness of the
different types of information we present. There is clearly much
more research to understand the reasons how and why people
might use technology to find experts rather than rely solely on
their personal network. One of the things that surprised us from
the user feedback was the relative infrequency with which
people actually contacted someone new as a result of using
SmallBlue yet still found the system to be of value. We are
curious to explore how much systems like SmallBlue are merely
augmenting personal networks by promoting awareness of
people beyond the personal network and how much they are
needed to actually find people, who might be friends or
strangers. We believe the approach taken by SmallBlue [19]
represents a new avenue into technology mediated relationships.
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