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Abstract

Organizations are becoming more creative in incorporating technologies to aid their businesses,
for example, by building collaboration networks with customers for innovative ideas and by
utilizing online communities to mobilize knowledge among their employees. In my dissertation,
I examine how such networks among employees or customers empowered by information
technology influence the way organizations learn and innovate. My dissertation consists of the

following three essays.

The first essay empirically examines whether knowledge flows within or across
boundaries and how such tendencies dynamically change as a knowledge provider gains more
experiences in an internal online knowledge community. Although the previous literature has
suggested that geographic and social boundaries disappear online, I hypothesize that they remain
because participants prefer to share knowledge with others who share similar attributes, due to
the challenges involved in knowledge sharing in an online community. Further, I propose that as
participants acquire experience in exchanging knowledge, they learn to rely more on expertise
similarity and less on categorical similarities such as location similarities. As a result, boundaries
based on categorical attributes are expected to weaken, and boundaries based on expertise are
expected to strengthen, as participants gain experience in the online community. Empirical
support for this argument is obtained from analyzing a longitudinal dataset of an internal online

knowledge community at a large multinational IT consulting firm.

The second essay investigates the complementarity of individuals’ activities between two
crowdsourcing communities: a customer support community and an innovation crowdsourcing
community. A tie formed between a helper and a help-seeker at a customer support
crowdsourcing community represents valuable information flow for new product ideation
because: (a) it represents a flow of solution information from a helper to a help-seeker, and (b) it
represents a flow of a help-seeker’s information about his/her needs to a helper. By utilizing a
natural language processing technique, I construct each individual’s information network based
on their helping activities, and examine how the structure of their information network, in terms

of breadth and depth, affects their new product ideation outcomes at an innovation



crowdsourcing community. My analysis reveals that helping activities at a customer support
community help individuals to create better quality ideas at an innovation community.
Specifically, generalists, who have provided solutions on diverse problem areas, are likely to
create more original ideas. Yet, those generalists who have only shallow knowledge across
diverse domain areas do not perform significantly better than non-generalists in their ability to
create ideas that are later implemented by a company. Only those generalists who possess expert

knowledge in at least one domain area tend to outperform non-generalists.

In the third essay, I examine membership dynamics in online knowledge communities.
This essay extends the first essay by examining whether individuals’ decision of how much to
contribute to an online knowledge community is based on the decisions of other participants in
her/his ego-network (beyond a dyadic relation studied in the first essay). Humans have intrinsic
tendency for consensus: people want to follow what others do. I propose that individuals have
stronger motivation to get engaged in online community activities if their virtual neighbors, with
whom they have interacted over an online community, are active. In addition, I propose that this
herding tendency become stronger if their virtual neighbors are geographically proximate to
them. I empirically test this conjecture, and discuss the impact of such herding behavior on the

design of an online community and on the evolution of an online community population.
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Chapter 1.

Introduction

Organizations are becoming more creative in incorporating technologies to aid their businesses,
for example, by building collaboration networks with customers for innovative ideas and by
utilizing online communities to mobilize knowledge among their employees. Organizations are
also utilizing online communities (e.g., Facebook, Twitter) as a marketing channel. Despite its
prevalence, our understanding on the implications of such social media use in formal
organizations is limited. In this dissertation, I attempt to advance our knowledge by examining
how such networks among employees or customers empowered by information technology

influence the way organizations learn and innovate.

This dissertation consists of three essays. The setting of the first and the third essays is
an internal online knowledge community. I use proprietary data of a large multinational
consulting firm’s internal online knowledge community where employees exchange knowledge
virtually. The setting of the second essay is an organization-hosted innovation crowdsourcing
community in which customers propose new product ideas and comment on the ideas of others.

I constructed a dataset from a telecommunication company’s online crowdsourcing communities.
These data are analyzed first by identifying networks among people and extracting information
exchanged over such networks through machine-learning techniques, and then by conducting
econometric analyses to identify the factors that influence the creation and sharing of knowledge.

The following sections briefly overview the three essays in my dissertation.
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The First Essay

The first essay, entitled “Knowledge Sharing in Online Communities: Learning to Cross
Geographic and Hierarchical Boundaries,” empirically examines whether knowledge flows
within or across boundaries and how such tendencies dynamically change as a knowledge

provider gains more experiences in an internal online knowledge community.

Information technology opens opportunities for organizations to make the most of their
existing knowledge base. The great opportunity comes from the theoretical potential of
information technology to bridge boundaries and to connect otherwise unconnected people. Due
to this potential, organizations are increasingly utilizing electronic networks to promote
knowledge sharing among their employees. According to a survey by McKinsey, more than
50% of surveyed firms have adopted some type of social networking tool to facilitate knowledge
sharing, compared to only 28% in 2009. One of the most popular social technologies adopted so

far is an online knowledge-exchanging community in the form of a discussion bulletin board.

Mobilizing knowledge across boundaries has been touted as an advantage of online
knowledge communities. An online knowledge community is expected to break physical
knowledge silos because the Internet can eliminate spatial distance. Further, an online
knowledge community is also expected to reduce social boundaries. Because participants do not
interact face-to-face, less social information (e.g., about appearance or status) is available. The
reduced level of social information can shrink the social distance among dissimilar people,
resulting in increased interaction among them. Even though technology provides affordances
that promote boundary-spanning knowledge sharing, whether this occurs is an empirical question

whose answer depends on how employees use the technology. This essay aims to advance our
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understanding of whether online communities promote boundary-spanning knowledge flow by

empirically investigating knowledge sharing dynamics in a firm-hosted online community.

Building upon the theories of experience-based learning, common ground, and diversity,
I propose and empirically test a theory about how individuals choose knowledge-sharing partners
in an online knowledge community. I argue that participants tend to choose similar others who
are within boundaries, because interpersonal similarity increases attraction as well as common
ground, which reduces the risks and challenges associated with sharing knowledge. Likewise, I
argue that as participants learned about others’ expertise by observing their knowledge-sharing
behaviors for extended periods of time, participants will favor those who are similar in expertise

over those who are similar in categorical attributes.

Empirical support for this argument is obtained from analyzing a longitudinal dataset of
an internal online knowledge community at a large multinational IT consulting firm. Consistent
with my predictions, I found that individuals prefer to share knowledge with similar others.
Moreover, I found that as individuals learn about others’ expertise information by observing their
extended interactions, they increasingly favor those who are similar in expertise and decreasingly
favor those who are similar in categorical attributes as knowledge-sharing partners.
Consequently, categorical boundaries weaken, whereas boundaries around expertise strengthen

as participants accumulate more experience in an organizational online knowledge community.
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The Second Essay

The second essay, entitled “Jack of All, Master of Some: Knowledge Network and Innovation,”
investigates the complementarity of individuals’ activities between two crowdsourcing
communities: a customer support crowdsourcing community and an innovation crowdsourcing

community.

With advancement of information technology, many organizations such as Starbucks,
BMW, and Dell are now inviting their customers to suggest new product ideas through a practice
called ‘innovation crowdsourcing.” Through an innovation crowdsourcing community, users can
propose new product or service ideas directly to a company. Most innovation crowdsourcing
communities also have a separate customer support crowdsourcing community within the same
platform. At a customer support crowdsourcing community, users can help each other to try to

figure out solutions to the problems that they are facing.

A handful of previous studies have documented characteristics of successful individuals
at innovation crowdsourcing communities. This essay extends prior work by examining the
complementarity of individuals’ activities between two crowdsourcing communities: how
individuals’ helping activities at a customer support community influence their new product
ideation outcomes at an innovation crowdsourcing community. I focus on helping activities
because a tie formed between a helper and a help-seeker at a customer support crowdsourcing
community represents valuable information flow for new product ideation. (a) It represents a
flow of solution information from a helper to a help-seeker. (b) It represents a flow of a help-
seeker’s information about his/her needs to a helper. By utilizing a natural language processing

technique, I construct each individual’s information network based on their helping activities,
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and examine how the structure of their information network, in terms of breadth and depth,
affects their new product ideation outcomes at an innovation crowdsourcing community. Here,
breadth refers to the scope of information one has and depth refers to the level of understanding

one has in a domain area. Deep knowledge implies that the individual has expertise.

I propose that individuals who have engaged in helping others on broader problem areas
(generalists) are more likely to create original ideas in an innovation crowdsourcing community
because diverse information is available for them to recombine in novel ways. When there are
diverse ingredients, it is more likely that the resulting recombination is new. In addition, I
propose that the quality of ideas that generalists create is likely to vary: some of their ideas
would be extremely high quality while other ideas would be low quality. Whereas diverse
information increases the upside potential of idea quality by improving novelty aspect of ideas, |
expect that it may also increase the downside potential of idea quality because individuals are
less likely to effectively utilize information as the number of pieces of information grows. As a
result, I finally propose that, only those generalists who possess expert knowledge in at least one
domain area are likely to outperform non-generalists. In other words, without any expertise, I do
not expect that generalists are superior to non-generalists in their ability to create ideas that are

later implemented by a company.

At an innovation crowdsourcing community hosted by a British telecommunication
company, | empirically tested the theory by evaluating 8,110 new product ideation “projects” in
a real world setting. My analysis reveals that helping activities at a customer support community
help individuals to create better quality ideas at an innovation community. Specifically,
generalists, who have provided solutions on diverse problem areas, are likely to create more
original ideas. Yet, those generalists who have only shallow knowledge across diverse domain
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areas do not perform significantly better than non-generalists in their ability to create ideas that
are later implemented by a company. Only those generalists who possess expert knowledge in at

least one domain area tend to outperform non-generalists.

The Third Essay

In the third essay, I examine membership dynamics in online knowledge communities. This
essay extends the first essay by examining individuals’ contribution decision based on the
decisions of other participants in her/his ego-network (beyond a dyadic relation studied in the

first essay).

Humans have intrinsic propensity for consensus. When people make decisions they tend
to refer to the decisions made by previous decision makers, which results in behavior patterns of
herding. It has been found that people tend to mimic others to make purchase decisions,
investment decisions, product rating decisions, and an organ transplant decisions. Despite its
prevalence, we have a limited understanding on how such herding tendency might affect
individuals’ contribution decision to online communities. In this essay, I explore whether
participants of online communities also exhibit this propensity to “follow” others when they

decide how much to contribute to online communities.

I propose that individuals are likely to contribute more if their virtual neighbors, with
whom they have interacted over an online community, are active. I suggest that an individual’s
benefit from an online community is tightly linked to the activities of one’s virtual neighbors.
Participants are the core assets of online communities because community contents are generated
by participants. One’s virtual neighbors are likely to have resources that an individual need

because virtual ties are formed based on common interest. In other words, if an individual’s
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virtual neighbors are active in the community, there is higher chance that the individual can get

access to the resources he or she needs.

Additionally, I propose that this herding tendency become stronger if their virtual
neighbors are also geographically proximate to them. As the Internet brought possibilities to
easily connect over distance, propinquity (geographic proximity) seemed to lose its role in
human interaction, at least in virtual settings. Nonetheless, I argue that individuals will be
motivated to contribute more if their active virtual neighbors are also geographically proximate
because they regard other participants who are physically proximate more socially important. It
is expected that reputation from virtual neighbors is more valuable if virtual neighbors are also
geographically proximate because one can reasonably expect that his or her online reputation can
spill over to offline. Further, the desirability of actively engaging in online communities is not
certain to individuals. Activities of virtually and geographically proximate others are expected to
send more accurate signal to individuals regarding the desirability because geographical

proximity adds more commonality such as cultural and subunit similarities.

Using field data from an enterprise online community, I empirically tested this
conjecture. Consistent with my predictions, the results show individuals’ herding tendency to
virtual neighbors in an online community. Further, the results show that this herding tendency
becomes stronger if one’s virtual neighbors are geographically proximate. I discuss the
implications of such herding behavior on the online community design and on the evolution of

online community population.
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Chapter 2.

Knowledge Sharing in Online Communities: Learning

to Cross Geographic and Hierarchical Boundaries®

2.1. Introduction

The ability to utilize existing knowledge is critical for an organization’s success (Argote 2012,
Grant 1996, Zander and Kogut 1995). Knowledge, however, is often insulated by boundaries that
make it challenging to locate, acquire, and assimilate. By boundary, we mean a border that
divides one group from another. The boundary could be geographic. For instance, many firms
are organized on a geographically distributed basis, where considerable knowledge is developed
and accumulated locally, which can result in knowledge silos demarcated by a physical
boundary. The boundary could also be social. Individuals share information more with members

of their own social group than with members of other social groups (McPherson et al. 2001).

The web plays a role in knowledge management as a solution for bounded knowledge
sharing. According to a survey by McKinsey, more than 50% of surveyed firms have adopted
some type of social networking tool to facilitate knowledge sharing, compared to only 28% in
2009 (McKinsey 2013). One of the most popular social technologies adopted so far is an online
knowledge-exchanging community in the form of a discussion bulletin board. An online

knowledge community is also known as a knowledge forum, a social question and answer

' This essay is a joint work with Param Vir Singh and Linda Argote.
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(Q&A) forum, or a community Q&A site. An online knowledge community is a virtual space
where information needs can be presented in the form of natural language (Shah 2010). Most
online knowledge communities offer text-based, interactive, and asynchronous communication

and rely on the voluntary participation of users to generate content.

Mobilizing knowledge across boundaries has been touted as an advantage of online
knowledge communities. An online knowledge community is expected to break physical
knowledge silos because the Internet can eliminate spatial distance (Friedman 2006). An online
knowledge community can also reduce social boundaries. Because participants do not interact
face-to-face, less social information (e.g., about appearance or status) is available. The reduced
level of social information can shrink the social distance among dissimilar people, resulting in

increased interaction among them (Kiesler et al. 1984, Sproull and Kiesler 1986, 1991).

The availability of electronic communication technologies, however, does not guarantee
that knowledge will be shared (Alavi and Leidner 2001, Orlikowski 1996). Technology provides
affordances that enable knowledge sharing, but the effects of the technology depend on how it is
used (Zammuto et al. 2007). Technology makes it easier for employees to share knowledge
across boundaries, but whether this occurs is an empirical question whose answer depends on
how employees use the technology. Our research aims to advance understanding of the dynamics
of knowledge sharing by empirically examining knowledge sharing in a firm-hosted online

community.

Online knowledge communities are interesting to researchers. One stream of research on
online knowledge communities studies individual motivations to contribute (Constant et al.

1996, Faraj and Johnson 2011, Jeppesen and Frederiksen 2006, Tausczik and Pennebaker 2012,
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and Wasko and Faraj 2005). For example, Faraj and Johnson (2011) examined how diverse
individual-level motivations aggregate into network exchange patterns and found that direct
reciprocity and indirect reciprocity govern network exchange patterns in online communities.
Another popular stream of research focuses on developing algorithms that automatically locate
experts within online knowledge communities (e.g., Pal et al. 2011, Riahi et al. 2012, Zhang et
al. 2007). Researchers have also conducted studies that examined community-level constructs,
such as the effect of membership size on the sustainability of an email-based online community

(Butler 2001) and the impact of co-membership on online community growth (Wang et al. 2013).

Scholars have also explored the effects of various forms of similarity on online
interactions. In an experimental study using video conferencing and instant messaging, Bradner
and Mark (2002) found that people are more likely to deceive, be less persuaded by, and initially
cooperate less with communicating partners whom they believe to be far away. Likewise,
interest similarity was found to predict future interactions in an online knowledge collaboration
site (e.g., Wikipedia) and an online blog portal (e.g., LiveJournal) (Crandall et al. 2008, Lauw et
al. 2010). Similarities in various sociodemographic attributes (e.g., ethnicity, religion, age,
nationality, and marital status) were also found to predict friendship ties in social networking
sites such as MySpace and Facebook (e.g., Mislove et al. 2010, Skopek et al. 2011, Thelwall
2009). In contrast, Bisgin et al. (2012) found that interest similarity had only a marginal effect on
tie formation in an online blog portal (i.e., BlogCatalog) and a social networking site (i.e.,
Last.fm). Ludford et al. (2004) even found a negative relationship between opinion similarities of
group members and their participation rates in an online movie discussion forum. These mixed

results of previous studies suggest that different types of similarities (e.g., similarities in interest,
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demographics, opinions) might have different effects on interpersonal interactions in online

communities.

We extend this prior work by examining how different dimensions of similarity
simultaneously affect knowledge sharing in a firm-hosted knowledge community and how the
effects change dynamically as participants gain experience in the system. We apply theories of
common ground, experiential learning, and diversity to examine whether participants share
knowledge with similar or dissimilar others. Furthermore, we examine how knowledge-sharing
behavior—the act of providing an answer to other participants—changes as participants acquire

experience exchanging knowledge in the online community.

We propose that participants prefer to share knowledge with others with whom they have
common ground, and we use joint characteristics with their communicating partners to assess the
level of common ground. In particular, we examine how different kinds of dyadic similarities
(categorical and expertise) affect the dyad’s likelihood of sharing knowledge in an online
knowledge community. By categorical similarity, we mean that participants belong to the same
category. The two categories we investigate are geographical location and hierarchical status. By
expertise similarity, we mean the extent to which participants’ expertise about technical matters
addressed in the community is similar. We propose that both categorical and expertise
similarities drive knowledge sharing, because similarities reduce the risks and challenges
associated with sharing knowledge. Moreover, we hypothesize that the effect of categorical
similarity (location and hierarchical status) on the likelihood of knowledge sharing decreases
while the effect of expertise similarity increases as a knowledge provider accumulates more
experience in the system. Provider experience is expected to substitute for categorical similarity,

because the familiarity and common ground obtained through experience substitute for the
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familiarity and common ground provided by membership in the same category. By contrast,
experience enables participants to learn about others’ expertise and identify those with whom
they have mutual knowledge. Thus, experience complements expertise similarity. We test our
hypotheses on a longitudinal data set from an online knowledge community at a global IT

consulting company.

2.2. Theory and Hypotheses

2.2.1. Risks of Sharing Knowledge in an Online Knowledge Community

In an online knowledge community, geographically dispersed employees can ask for help from a
broad audience without the barriers of time and space. In principle, any employee can offer
solutions to questions posed in the online system. We investigate whether knowledge sharing

spans geographical and social hierarchical boundaries in practice.

Enhancing one’s reputation is a major individual motivation to contribute to online
knowledge communities (Constant et al. 1996, Lerner and Tirole 2002, Wasko and Faraj 2005):
individuals want to establish a positive reputation and gain approval from others. This motivation
is particularly crucial in career-related online knowledge communities, because the quality of
community participation has direct consequences for participants’ careers: high quality
contributions can lead to better job prospects (Lakhani and Wolf 2005, Oreg and Nov 2008).
Lakhani and von Hippel (2003) found that participants, due to such motivation, strive to provide

intelligent answers in open source software development projects.
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Despite the desire to provide intelligent answers, it can be challenging to offer an
adequate, not to mention an intelligent, answer in an online knowledge community. Further,
postings to the online community are visible for all participants and are retained in the system,
which increases the costs of a poor response. A major challenge to knowledge sharing in online
communities is the “mutual knowledge problem.” Mutual knowledge is knowledge that
participants share in common and know that they share (Krauss and Fussell 1990). Increased
mutual knowledge leads to higher levels of common ground, which is vital for effective
communication (Cramton 2001). When a knowledge seeker and a knowledge provider share
common ground, the provider can craft his or her response according to what the seeker does and
does not know and thereby increase the response’s effectiveness. By contrast, when a knowledge
seeker and provider do not share common ground, misunderstandings and problems are likely to

occur.

Establishing common ground in online communities is challenging for several reasons.
First, participants in an online knowledge community might not know each other. Without
knowing a knowledge seeker’s background knowledge, a knowledge provider might misinterpret
a question and/or inadvertently use terminologies that a knowledge seeker cannot understand.
Second, in face-to-face settings, we use interactive back-channel feedback (e.g., head nods, facial
expressions) to gauge the effectiveness of knowledge exchanges. However, this interactive
feedback is limited in online knowledge communities. Hence, it is hard to obtain cues about
whether the offered solution is understood and appropriate. Third, because of the asynchronous
nature of communication (i.e., the time lapse between postings), it is difficult to resolve

confusion that arises in the process of knowledge exchange.
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Several mechanisms have been identified as facilitators of common ground: direct shared
experience, interactional experience, and category membership (Krauss and Fussell 1990,
Cramton 2001). Direct shared experience and experience interacting with individuals provide
information about what individuals do and do not know and, thus, increase common ground.
Membership in various social categories such as professional status or location also provides
information about what individuals are likely to know. In addition, membership in social
categories can increase liking because individuals like others who are similar to them (Byrne

1971).

2.2.2. Interpersonal Similarity as a Facilitator of Online Knowledge Sharing

We propose that individuals prefer to share knowledge with similar others because interpersonal
similarity increases common ground and comfort and reduces the risks and challenges of
knowledge sharing. Although much information about communicating partners (e.g., voice tone,
appearance) evaporates online (Sproull and Kiesler 1986), some information remains. For
instance, categorical information (e.g., office location, hierarchical status) is publicly disclosed
as user profile information. Another type of available information is expertise information. In an
online knowledge community, participants interact by posting questions and answers. By
observing others’ knowledge-sharing behavior, participants can learn who is good at what,

because providing an answer signals that the answer poster has expertise on the question area.

We examine the interpersonal similarities of a knowledge-sharing dyad (i.e., a pair of a
knowledge provider and a seeker) in two dimensions, based on information available in the
online community: (1) categorical similarity and (2) expertise similarity. By categorical

similarity, we mean co-membership in categories. The two categories that are part of
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participants’ user profiles in our empirical context are geographic location and hierarchical
status. Membership in these categories provides diffuse information about what individuals are
likely to know (Bunderson 2003). On the other hand, expertise similarity provides fine-grained
information about what individuals know. By observing participants’ postings to the system,
users can glean information about whether other participants have expertise on diverse technical

areas that are discussed in the knowledge community.

Interpersonal similarity is a fundamental source of interpersonal connection in face-to-
face settings (McPherson et al. 2001). Physical as well as social distance regulates opportunities
to meet: people are more likely to interact with nearby colleagues than with distant ones, because
people who are in close proximity have more chances to meet, which in turn increases the
probability of forming ties. Moreover, maintaining relationships with people who are farther
away requires considerable effort (Zipf 1949). Previous studies have found that factors such as
the arrangement of streets (Hampton and Wellman 2000), dormitory halls (Festinger et al. 1950),
gender (Moore 1990), age (Fisher 1982), school grade (Shrum et al. 1988), and status (Cohen
and Zhou 1991) affect the likelihood of forming relationships. Scholars have found that in
organizational settings, interpersonal similarity among managers leads to linkages across intra-
as well as inter-organizational boundaries (Brass 1995, Brass et al. 2004), which enhance
information flow across organizational units (Borgatti and Cross 2003, Hansen 1999, Makela et

al. 2007, Markus 2001, Monteiro et al. 2008, O’Leary 2014).

Yet, once connected to the Internet, everyone has equal chances to interact (Hollingshead
and McGrath 1995, Friedman 2006). For example, no extra effort should be required to provide
an answer to a knowledge seeker who is located 5,000 miles away compared to one who is

collocated. Hence, it has been argued that geographical distance does not constrain interactions
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in online knowledge communities. In addition, social dissimilarity, such as differences in status,
has been suggested to carry minimal weight in electronic communication (Siegel et al. 1986,
Sproull and Kiesler 1986). In face-to-face communication, people signal their social category
through various cues (e.g., appearance, eye contact, voice tone, gestures, and office size), which
lead to more distinctions across social attributes and less interaction across socially dissimilar
people. In online knowledge communities, however, most social cues are missing or significantly
reduced because communicating partners are not physically co-present. Such reduced social
context cues have been found to result in more equalized participation in experimental studies
comparing face-to-face and computer-mediated communication in small groups (Kiesler et al.

1984, Sproull and Kiesler 1986, 1991).

Despite the unique contextual characteristics of online communities (e.g., elimination of
physical distance, reduced social context cues) that could encourage more equalized interactions
across physical as well as social boundaries, the reduced contextual cues may, paradoxically,
amplify individuals’ preferences toward others who belong to the same category. According to
Reicher (1984), individuals tend to associate more strongly with a group identity when they are
de-individuated (i.e., separated) because they cannot observe differences among in-group
members. Following Reicher (1984)’s line of reasoning, Lea and Spears (1991) argued and
empirically demonstrated that individuals tend to overattribute a few available social cues to
judge others when using electronic communication. For example, in an experimental study using
computer-mediated communication, Lea and Spears (1991) found that individuals perceived a

stranger more positively if the stranger belonged to the same social category.

Similarly, we propose that participants in an online knowledge community are likely to

identify themselves with similar others based on information available through the community.
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Further, participants are expected to be more willing to share knowledge with similar others than
with dissimilar others for several reasons. First of all, people feel more comfortable and safer
when they interact with similar other people because interpersonal similarity reduces uncertainty
(Brewer and Brown 1998, Hewstone et al. 2002). For example, Cross and Sproull (2004) found
that people feel more comfortable asking dumb questions to explore unknown areas when their

communicating partners are similar than when they are dissimilar.

Second, people are more attracted to similar others (Byrne 1971) and feel more positive
about individuals who are like themselves (Byrne et al. 1966, Byrne and Nelson 1964, Singh and
Tan 1992, Tajfel et al. 1971). Information is perceived as more credible if it comes from similar
people (O’Reily 1983). The tendency to be more attracted to similar people than to dissimilar
people leads to more interaction among similar individuals. Scholars, who often refer to this
tendency as the homophily principle, have found that a tie is more likely to exist between similar
people than between dissimilar people. Empirical support of the homophily principle in face-to-
face interactions has been documented across various categories, such as status, gender, race,
kinship, nationality, and religion (e.g., Allen 1977, Brass 1995, Cohen and Zhou 1991, Ibarra
1993, Galegher et al. 1990, McPherson et al. 2001, McPherson and Smith-Lovin 1987, Pelled

1996).

Third, interpersonal similarity increases the common ground between knowledge-sharing
dyads. Having common ground with knowledge-sharing partners improves the odds of providing
useful knowledge, because individuals with common ground are more likely to have a shared
language and skills and an understanding of what others know. The higher the level of common
ground, the more successful (understood as intended) communication is (Clark and Marshall

2002). Scholars have documented, primarily in laboratory studies, that communicating partners
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who have common ground are more successful in sharing knowledge than those who lack

common ground (e.g., Fussell and Krauss 1992, Horton and Keysar 1996).

Knowledge-sharing partners in an online knowledge community typically do not have
common ground. Intermittent interaction with the same partner and limited availability of
interactive feedback (i.e., nodding, expressions such as “uhuh”) impede the establishment of
common ground. Also, any confusion due to the lack of common ground can remain unresolved
in online knowledge communities because of the asynchronous nature of communication. This
is why it can be challenging to offer an adequate, not to mention an intelligent, answer in an
online knowledge community. With shared language and skills, a knowledge provider can use
prior mutual knowledge as a building block of new knowledge. Without shared language and
skills, a knowledge source might use terminology that the corresponding seeker cannot
understand, based on incorrect assumptions about a seeker’s background knowledge. Therefore,
we propose that participants in an online knowledge community respond to others who are
similar to them because mutual knowledge helps them to provide useful information:

consequently, their efforts to enhance their reputations are not wasted.

In sum, we suggest that knowledge flow in online knowledge communities occurs within
categorical and expertise boundaries because individuals are more willing to share knowledge
with similar others in order to reduce the risks and challenges associated with sharing
knowledge. Categorical and expertise similarity increase common ground and enable more
effective knowledge sharing. Therefore, we expect to replicate the effect of similarity observed

in face-to-face groups online and hypothesize that:
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Hypothesis 1. Greater categorical and expertise similarity with a knowledge seeker

increases the likelihood of knowledge sharing.

2.2.3. Shifting from Categorical to Expertise Similarity with Experience

Although we expect that participants generally prefer to share knowledge with similar others as
proposed in Hypothesis 1, we additionally expect that the relative strength of different types of
similarities changes as a function of a knowledge provider’s experience in the online knowledge
community. Specifically, we expect that the effect of categorical similarity on knowledge sharing
becomes weaker and that of expertise similarity becomes stronger as a knowledge provider has
more experience exchanging knowledge in the online community. A knowledge provider gains

more experience in the system each time he or she posts or answers a question.

As participants become more experienced in seeking as well as sharing knowledge in an
online knowledge community, they feel more comfortable in offering knowledge because of
increased familiarity with the system and other participants. Previous research on the
interpersonal effects of computer-mediated communication (CMC) reveals that, with extended
interactions, CMC can promote positive relationships among participants. The increased
familiarity, comfort, and liking toward other participants established through extended
interaction in an online knowledge community are expected to substitute for participants’ need to

look for comfort from others who belong to similar categories.

Experience also enables participants to acquire information about other participants in an
online knowledge forum. Information differs in its accessibility and interpretability: some
information is easier to obtain and interpret than others. Research on diversity has proposed that

individual characteristics reside at different levels: some are on the surface and others are at a
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deeper level (Harrison et al. 1998, Harrison et al. 2002, Jackson et al. 1995, Jehn et al. 1999,
Williams and O’Reilly 1998). Characteristics of individuals that are readily detectable, generally
immutable, and easily measurable are considered to be surface-level features. Categorical
characteristics such as gender, location, and hierarchical status are examples of such individual
characteristics. On the other hand, certain individual attributes take more effort to discern.
Characteristics that are more “subject to construal and mutable (Jackson et al. 1995; 217)” than
categorical attributes are considered to be deep- level features. Common examples of deeper
level characteristics are a person’s attitudes, values, knowledge, and skills. Because such deep
information can only be learned little by little, by observing behavioral patterns, extended

interactions are required to acquire deep-level information.

In online knowledge communities, expertise information is harder to obtain and interpret
than categorical information and thus is an example of a deep-level feature. While only one click
is enough to acquire user categorical information such as location, participants need to observe
others’ numerous knowledge-sharing interactions in order to gather information about who has
expertise on which topics. The behavior of offering a solution signals that the solution provider
possesses expertise in the area. The measure of others’ expertise formed through the traces of
actions (i.e., the number of answers in a topic area) has been found to reflect the actual expertise
of participants reasonably well. In a large-scale public online knowledge-exchange community
(Java Forum), Zhang et al. (2007) found that expertise rankings based on the number of answers
were highly correlated with the expertise ratings by human raters (p = 0.77). Because participants
gather information about others’ expertise by observing which knowledge others are sharing, the

experience of exchanging knowledge in an online knowledge community offers participants
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more opportunities to acquire knowledge about who knows what. Hence, more experience

engaging in an online knowledge community increases information about others’ expertise.

Expertise information is also not as easily measurable as categorical information.
Categorical information usually has a straightforward meaning: the meanings of a job title and
office location are apparent to most participants (i.e., most participants’ interpretations of the
information would be the same). In contrast, expertise information is more nuanced and latent
and requires more effort to interpret. Participants need to observe patterns of knowledge-sharing
behavior for an extended period of time in order to obtain information about the topics on which
a given participant has expertise. By contrast, interpretation of categorical information is more

straightforward and does not require experience.

Previous studies on diversity in face-to-face settings have shown that people tend to form
their initial perceptions of others based on surface-level features and adjust those perceptions as
they obtain deeper information about others through extended interaction (Amir 1969, Byrne and
Wong 1962, Harrison et al. 1998, Stangor et al. 1992). For example, stereotypes formed by
categorical information are replaced by more accurate knowledge as individuals obtain deeper-
level information through extended interaction (Amir, 1969). Scholars have proposed that this
shift from surface-level to deeper-level happens because deeper-level information tends to be
more informative than surface-level information, which makes categorical information less

relevant as people collect deep-level information (Jehn et al. 1999).

Similarly, in an online knowledge community, we expect that as participants have more
opportunities to acquire information about others’ expertise, participants place more weight on

expertise similarity and less weight on categorical similarity when choosing with whom to share
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knowledge, because experience serves as a substitute for categorical similarity. The familiarity
and common ground provided by experience takes the place of the common ground provided by
categorical similarity. By contrast, experience complements expertise similarity: the more
experience participants have, the more they learn about each other’s expertise and identify those
with whom they share common ground. The opportunity to collect expertise information
increases as a knowledge provider has more experience exchanging knowledge through an online
knowledge community. The key difference is that interpretation of categorical information is
more straightforward and does not require experience, but experience does increase participants’
knowledge of others’ expertise. The familiarity and common ground provided by experience
substitute for the familiarity and common ground provided by membership in the same
categories. In contrast, experience enables participants to learn about others’ expertise and
identify those with whom they have mutual knowledge. Thus, experience complements expertise

similarity. We therefore hypothesize that:

Hypothesis 2a. The effect of categorical similarity on knowledge sharing becomes weaker

as a knowledge provider’s experience with the online community increases.

Hypothesis 2b. The effect of expertise similarity on knowledge sharing becomes stronger

as a knowledge provider’s experience with the online community increases.

Furthermore, the opportunities for a knowledge provider to discern a specific seeker’s
expertise increase as the seeker offers more knowledge in the online forum. In order to capture
the different level of opportunities offered by knowledge seekers’ past knowledge-sharing
activities, we incorporate seeker visibility in our model. Seeker visibility captures the amount of

answers a seeker has provided to the online knowledge community. These answers provide
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information about the areas in which a seeker has expertise — about what he or she knows.
Hence, we predict that the proposed interaction effects in hypotheses 2a and 2b become stronger
as a corresponding seeker’s visibility increases. That is, we predict that as seeker visibility and
provider experience increase, the effect of categorical similarity decreases and the effect of
expertise similarity increases. In other words, for a given dyad of a knowledge provider (i) and a
knowledge seeker (j), we expect that i will shift his or her attention from categorical to expertise
similarity more quickly if j was more active. The more active a knowledge seeker is (higher

Seeker!Visibility,.), the more opportunities a knowledge provider has to learn about the

seeker’s expertise. Therefore, we hypothesize that:

Hypothesis 3a. The negative interaction effect of categorical similarity and a knowledge
provider’s experience becomes stronger as a corresponding seeker is more visible in the

online knowledge community.

Hypothesis 3b. The positive interaction effect of expertise similarity and a knowledge
provider’s experience becomes stronger as a corresponding seeker is more visible in the

online knowledge community.

2.3. Methods

2.3.1. The Research Context

We tested our hypotheses in an online knowledge-exchanging community in a Fortune 500
company. The organization is a leading information-technology (IT) consulting company that

helps its customers to plan, develop, deploy, and manage their IT systems. Project teams of the
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organization reside on clients’ sites across the globe and conduct tasks such as data
management/migration and software development. The majority of project team members are
software developers. Because project teams perform similar tasks, knowledge created in one

project is useful to other project teams.

Recognizing that knowledge can be utilized across projects, the organization set up an
internal online knowledge community to facilitate knowledge sharing among its dispersed
employees. First launched in April 2006, the online knowledge community supports text-based,
peer-to-peer, and asynchronous knowledge exchanges. The community is focused mainly on
assisting the organization’s technical employees (e.g., software developers) in sharing technical
knowledge such as Java, .Net, and database queries. The online knowledge community is part of
a project management application that the organization has developed to manage its software
development projects. It is located at the top-right corner of the project management application.
Because all technical employees submit their code and report task progress using the application,

postings to the online knowledge community are visible to its target users.

The online knowledge community offers basic functions. It is structured as a single
community without any embedded sub forums. Employees post technology-related questions and
indicate the topics of their messages by choosing one of the 114 pre-specified topic tags (e.g.,
Net, Java, Database, Cobol) from a drop-box menu. Nicknames are used as a main identifier of a
message poster, and some personal information such as real name, job title, and office location is
available in a public user profile, which can be accessed by clicking usernames. There are no
personalizable features, such as automated mailing, or priority settings, which specify which
messages should be displayed on top. Nor are there any functions that distinguish the quality of

messages (e.g., thumbs up/down) or message posters (e.g., badges). Participation in the online
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knowledge community is completely voluntary, and the organization does not track how much
employees contribute, nor does it provide extrinsic rewards for contributions. The participants do

not take leadership roles in maintaining or managing the online knowledge community.

2.3.2. Data

The organization provided us two sets of data: public user profile information and knowledge-
sharing data. The data cover the period from April 2006 to August 2007. Each knowledge-
sharing instance provided information about who posted the message, when it was posted, and
which topic the message addressed. Using a unique thread identifier, we identified who shared
knowledge with whom on which question. Similar to that of other online communities, posting
activity was not evenly distributed in the online knowledge community. Some active participants
posted many messages, whereas others posted only a few. The distribution of number of posts
per individuals was skewed to the right with an average of 95.95 total posts and a median of 62
posts during our observation window. About half of the total messages were posted by
approximately 20% of participants. However, whereas previous studies find that many
participants adopt roles as either askers or answerers (Wesler et al. 2007, Zhang et al. 2007), the
majority of participants in our research context posted both answers and questions in a balanced

way. Finally, we found no spamming or trolling behavior in the online knowledge community.

In order to examine whether a knowledge provider is more likely to offer an answer to a
knowledge seeker if both parties have the same category attributes or possess similar expertise,
we analyze the data at a dyad level. A dyad is a social unit of two actors. Here, a dyad consists of
two individuals, a knowledge provider and a knowledge seeker. In order to systematically

estimate the effects of dyadic similarities on the likelihood of knowledge sharing, we constructed
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a dataset that included dyads that shared knowledge as well as dyads that did not. If we only
considered the dyads that shared knowledge, our model would produce biased estimators due to

sample-selection issues (Greene 2011).

We used the following procedures to construct our longitudinal dataset. First, we
excluded a portion of knowledge-sharing data in the early period due to little activity. As we
observed from our data, significant activity started during the 16™ week. Therefore, we
constructed dyad-level data using the knowledge-sharing activities that took place after 16 weeks
so that we have meaningful expertise profiles of participants during our observation window.
The activity in the first 16 weeks of data is still incorporated to construct the expertise profiles of
each participant. Second, for each question posted, we created all potential dyads in order to
observe which dyads shared knowledge and which did not. For example, where n denotes the
number of participants during our observation window, (n-7) dyads were constructed for a
question k posted by employee j because all the other participants except for the question poster j
could potentially provide an answer to employee j’s question k. Figure 1 illustrates how we
constructed our dyad-level dataset. The unit of analysis of this study is person (7)-person (j)-
question (k) level where i refers to a knowledge provider, j refers to a knowledge seeker and k&
refers to the question j posted. During our observation window (46 weeks), we identified 586
participants and 25,412 questions. Consequently, 14,866,020 dyads were constructed and used as
our observations (25,412 questions x 585 potential knowledge providers for each question).

Among them, 42,047 dyads actually shared knowledge.
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FIGURE 2. 1. Dyad-level dataset construction
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Assuming that there are in total n participants, (n-/) participants can potentially
offer an answer to each question. In order to examine whether interpersonal
similarities increase the likelihood of knowledge sharing, we constructed (n-17)
number of dyads for each question k.

2.3.3. Measures

Our research examines whether knowledge providers take into account dyadic similarities with a
question poster when they decide whether to provide an answer in an online knowledge
community. For any information to be considered, it should first be available. So, we constructed
our dyadic similarity variables using the information that is available to participants through the
online knowledge community. Our explanatory variables were created based on the data
available before a focal question was posted, while our outcome variable was constructed using

the data available only affer a focal question was posted. Constructing independent and
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dependent variables using data in different time periods addresses the reverse causality issue.

Figure 2 illustrates how we separated time periods to construct our dataset.

FIGURE 2. 2. Timeline of dataset construction

* Categorical similarity |

* Expertise similarity I
Moderating variable

* Provider Experience Dependent variable

* Seeker Visibility ;, * Share

N
,
f

| | T

I

| Explanatory variables |
|

[

Launch of Emplovee | End of
the online knowledge community posts a question k observation
window

Knowledge sharing The dependent variable of this study is whether participant i shared
knowledge with participant j for question k& (! 1 1"'#..,). We consider that knowledge was shared
if participant i posted at least one reply to participant j’s question k. In order to verify that reply
messages were actually answers to the corresponding questions, we randomly sampled 200
questions and examined whether the replies to the question were actual answers. There were 367
answers to the 200 questions. Among them, only a very small number (= 1%) of replies were
follow-up questions. We further found that those participants who posted follow-up questions

also posted actua