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Continuance in Expertise-Sharing
Networks: A Social Perspective
Amrit Tiwana and Ashley A. Bush

Abstract—As engineering firms, R&D groups, and technical organizations recognize the centrality of their engineers’ expertise to
their performance, they are widely investing in knowledge management (KM) initiatives. Contemporary KM initiatives increasingly include expertise-sharing networks that help answer questions about who knows what. These systems allow organizations to
locate and leverage the specialized engineering and technical expertise that is held in the minds of dispersed individuals. However, stories of such expertise-sharing networks that languish from
under-use and abandonment abound and the issue of continuance
has received very little attention in prior research. In this paper,
we explore this understudied issue. We develop a model of expertise-sharing network system continuance through a four-year observational study of 418 users of two such systems and then empirically test it using multiperiod data collected from 122 users of four
such systems. The concept of irretrievable investments was used to
guide theoretical development in the initial observational phase of
the study.
The study makes several unique theoretical contributions. First,
it develops a model that illustrates how irretrievable postadoption
investments (sunk costs) by individual users of expertise-network
systems increase continuance. We empirically show that the model
explains approximately half of the total variance in continuance
intention. This model advances continuance beyond the traditional expectation-satisfaction model of initial adoption to more
advanced postadoption stages of use and theoretically incorporates the network-specificity aspect of postadoption investments
in explaining continuance. Specifically, we show that individual
users’: 1) reputation among peer users of a system increases
continuance; 2) system-mediated relationships with other users
of the system increase continuance; and 3) investments in personalization of a system initially diminish continuance. Another
notable contribution is the development and validation of several
new measures for expertise-sharing network constructs.
Index Terms—Expertise networks, information systems continuance, knowledge management (KM), knowledge networks, peer-topeer, personalization Siemens ShareNet, reputation, sunk cost.

“Between 60 percent and 80 percent of value-added we
generate is linked directly to knowledge—and the proportion is growing.”
Heinrich von Pierer, President and CEO, Siemens AG
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I. INTRODUCTION
ECOGNITION of knowledge as a critical asset [1], [18],
[62] is encouraging many engineering firms, R&D groups,
and technical organizations to pursue knowledge management
(KM) initiatives [58].1 Since much engineering and technical
expertise is held tacitly in the minds of individuals, firms are
increasingly developing expertise-sharing networks to complement library-like knowledge repositories.2 An expertise-sharing
network is defined as an information system that allows dispersed individuals to both locate and share individually held
expertise.3 The motivation behind such expertise-sharing networks is that individuals can exploit the distributed expertise
and skills of their peers without them having to formally codify
such knowledge in knowledge repositories. A fundamental
advantage offered by a network over repository-oriented KM
system is that it provides opportunities for finding and exploiting diverse and potentially novel information, advice,
insights, pointers, and ideas among individuals who might not
previously know each other [15], [80]. This simultaneously

R

1Knowledge is defined as actionable information [63] and the term “expertise” refers to the largely tacit facets of such knowledge. Although the precise
distinctions between information and knowledge remain an unresolved debate
among scholars, we follow Nonaka’s [63] pragmatic definition of knowledge as
actionable information. Information is inactionable when the recipient is unable
to utilize it or act on it, such as due to its cognitive complexity for the recipient
or the ambiguity associated with interpreting it. Others have used the term information to refer to knowledge that can be codified and readily expressed and
knowledge to refer to actionable information that is largely tacit and, therefore,
difficult to codify in written form or in artifacts [52]. Therefore, in the remainder
of this paper, we use the term individual expertise to refer to individually held
actionable information.
2Expertise-sharing network systems differ from library-like repositories that
collect explicit knowledge in forms such as databases, reports, presentations,
and documents. Expertise-sharing networks attempt to tap into the tacit knowledge, especially when it is globally dispersed across individuals in various
locations, functions, and departments. Unlike repository-oriented systems that
aggregate codified knowledge (i.e., documents, files, instructions, and other
knowledge artifacts) in a central repository, expertise-sharing networks facilitate knowledge application through collaboration, interaction, and relationships
among individual users [4], [44]. Unlike technical libraries and knowledge
repositories, expertise-sharing networks allow person-to-person exchange of
expertise. They connect individuals seeking knowledge to others who possess
it and facilitate sharing of only partially codifiable knowledge primarily
through pointers, conversations, hyperlinks, and multimedia. The objective of
such systems is to facilitate the flow of individually held knowledge among
peer users of the expertise-sharing network system. Moreover, in industries
that are rapidly and radically evolving—telecommunications in the case of
Siemens—technical knowledge in repository-like KM systems can rapidly
become obsolete. Expertise-sharing networks are less prone to the problem of
accidentally relying on obsolete knowledge stored in a knowledge repository.
Expertise-sharing networks, therefore, complement other types of KM systems.
3Unlike communities of practice this conceptualization of expertise-sharing
networks: 1) is entirely electronic and completely system-facilitated and
2) members are not necessarily within the same narrow professional domain.
In this sense, expertise networks can be viewed as a subset of communities of
practice.
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solves two particularly difficult problems that KM initiatives
face—the disinclination of individuals to make their expertise a
“public good” (e.g., by posting it on a Web site or database) and
the difficulty of representing complex expertise in database-like
repositories [29]. Such a system addresses two aspects that
make it difficult to leverage existing but dispersed expertise:
First, it helps answer the question about “who knows what,”
i.e., locate the individual(s) who possess the needed expertise
and second, it facilitates sharing that expertise.4
A prominent expertise-sharing network of this type is the
ShareNet system used by Siemens (a leading global engineering organization) that allows Siemens’ 19 000 technical
specialists in 190 countries to help each other in solving
technical problems both by providing technical advice and
suggestions, as well as engaging in collective problem-solving.
It facilitates exploitation of expertise and solutions across sales
regions, projects, and markets in an environment where expertise sharing and contributing was voluntary, and the level of
formality in use was low. Three instances of recent engineering
contracts won by Siemens through effectively locating and
dispersed expertise illustrate how an expertise-sharing network
goes beyond traditional collaborative information systems and
knowledge repositories.
• In one case, in Switzerland, Siemens won a $460 000
contract to build a telecommunications network for two
hospitals even though its bid was 30% higher than a
competitor’s. The clincher: via ShareNet, colleagues in
Holland provided technical data to help the Swiss team
prove that their system would be more reliable.
• In another case, in Malaysia, ShareNet helped land a
$3 million contract for a pilot broadband network. Using
ShareNet, the Malaysian team discovered that a team in
Denmark had completed a nearly identical project. Using
the Danish group’s experience, the Malaysian team won
the job.
• In yet another case, one project manager in South America
was trying to find out how dangerous it was to lay cables
in the Amazon rain forest in order to determine the type
of insurance his project needed. He posed the question on
ShareNet and within hours a project manager in Senegal
who had encountered a similar situation responded. Getting the right, actionable information before the cables
went underground saved the company several million dollars in insurance costs.
These examples illustrate the value of being able to locate and
exploit expertise that is ordinarily out of sight so that potential users are simply unaware of it. They also illustrate that expertise exchanges between particular individuals in expertisesharing networks—while valuable—might be a onetime only
interaction.
While such systems are valuable, they are costly to develop.
Instances of organizations that have enthusiastically implemented such expertise-sharing systems but have been unable
to sustain their use are widespread [e.g., [3], [14], and [73].
4Addressing the first aspect while ignoring the second is likely to mitigate
expertise sharing, largely because of the limited incentives that might exist for
a far-flung colleague to take the time and expend the effort of sharing his or her
expertise with another individual.

The results are what McDermott [59] describes as information
junkyards: massive collections of context-less and inactionable
information. Integral to the success of an expertise-sharing
network is retaining existing users past their initial adoption of
the system because their value rests largely on their widespread
use. Continued use, however, remains an elusive design objective, especially as organizations continue to use information
management tools and information management concepts
to design KM systems [59]. Sustaining system use requires
successfully building a thread of temporal persistence for each
individual user across discrete—even onetime—interactions
with multitudinous individuals so that benefits cumulatively
accumulate to an individual user from expertise sharing in
discrete exchanges over time.5
Initial adoption models such as technology acceptance model
(TAM) barely shed light on how to sustain their use because
continuance occurs at a more advanced postadoption stage.
The factors that drive continued use emerge from the use of the
system but do not exist before its initial adoption.6 Moreover,
understanding user continuance behavior requires viewing
expertise-sharing networks as technology-facilitated social networks—which few prior studies have even attempted [5], [75].
The issue of what predicts continued use of expertise-sharing
networks, therefore, remains woefully understudied. In this
study, we address the following research question surrounding
this gap in the literature:
What are the key factors that emerge after the initial
adoption of an expertise-sharing network system that
influence its continuance at the individual level?
Given the lack of in-depth prior research on continuance but
recognizing the potential complementarities with some prior
literature in the collaborative systems realm, we adopted a
multimethod approach, sequentially combining the richness
of in-depth observations over four years with the parsimony
of quantitative survey data. We develop a theoretical model
based on detailed observations in the field over an extended
period of four years (1998–2002). We then empirically test this
model using multiperiod data collected from 122 users of four
expertise-sharing networks. Our results provide strong support
for the proposed model, albeit with some surprising findings.
The key contribution of this study is the development of an expertise-sharing network continuance model (Fig. 2) that shows
how factors that emerge through irretrievable investments by individual users after initial adoption influence continuance. The
model advances continuance beyond the traditional expectationsatisfaction model of initial adoption to more advanced postadoption stages of use and explains approximately half of the
variance in continuance intention. To preview the insights offered by our results—individual users’ perceptions of: 1) their
own reputation among peer users of a system increases continuance; 2) system-mediated relationships with other users of the
5Ebay provides an example of such aggregation. Although an individual seller
might interact with one buyer only once, the feedback from each such discrete
transaction aggregates over all such onetime transactions. This aggregated feedback profile provides a thread of persistence across seemingly unconnected individual transactions.
6The factors that predict the continued use of previously adopted expertisesharing networks will likely differ from those identified in the well-accepted
TAM because they emerge only after their initial adoption [10].
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Fig. 1. Overview of the research approach.

system increase continuance; and 3) investments in personalization of a system counter intuitively initially diminish continuance but later increase it. Another notable contribution is the
development and validation of several new measures for expertise-sharing network constructs.
The rest of the paper proceeds as follows. In Section II, we
provide an overview of the sequential multimethod research
approach that was used for theory construction (i.e., how the
observational phase led to the model tested in the survey phase).
In Section III, we describe the observational phase of the study
(Phase 1). In Section IV, we describe survey phases of the
study (Phases 2 and 3), followed by the analysis and results
in Section V. Section VI explores the implications of these
results for theory and practice. We summarize our conclusions
in Section VII.
II. OVERVIEW OF THE MULTIMETHOD RESEARCH APPROACH
A two-pronged, sequential multimethod approach [60] was
used for this study, where the observational phase (Phase 1)
was used to inductively develop a testable theoretical model,
which was empirically tested in Phase 2. Fig. 1 provides an
overview of this research approach, which is described in detail in Appendix B. A multimethod approach is defined as “a
combination of methods, embodying different paradigms, developed specifically for the task [60].” This approach was appropriate in this study for three reasons. First, prior research has
not identified the factors that contribute to postadoption continuance in expertise-sharing networks. Based on observations
of two expertise-sharing networks over a period of four years,
we were able to identify the factors and patterns that led to the
continued use of these systems. The concept of irretrievable investments theoretically guided the conceptual model development. Second, observation of the actions and interactions of participants of these expertise-sharing networks provided a richer
understanding of postadoption continuance that was not possible with a single method approach. Third, our study builds up
to a theoretical explanation of postadoption continuance using

the variables that emerged from our observations to develop a
testable model, which was subsequently tested in the study.
III. THEORETICAL MODEL DEVELOPMENT (PHASE 1)
In the following sections, we discuss the conceptual and theoretical foundations of systems use continuance, the integration
of our systematic observational data with the guiding notion of
irretrievable investments by individuals, and the inductive development of a research model for subsequent empirical testing.
Throughout our theory development, we focus on the individual
rather than the organization as the unit of analysis.
In Phase 1, we collected qualitative observational data on
418 users of two expertise-sharing networks from 1998 to 2002
to inductively identify patterns that drove their continued use
(Table I). This allowed triangulation of insights by combining
observations of multiple researchers (two in this case) and multiple data sources (two expertise-sharing networks in the observation phase, four in the subsequent empirical phase). Although
the qualitative phase was theoretically informed by the notion
of irretrievable investments, the theoretical explanation of the
phenomenon of interest emerged from the observations in the
field. In that respect, our approach was inductive, model-development oriented, but theoretically informed [60]. The observational phase helped us discover the beliefs and expectations
of individuals within the expertise-sharing networks, as well as
the relevant social practices and norms. Using the observational
data, measures for the key new constructs were developed which
were used to empirically test the model in the latter phases, as
elaborated by Mingers [60]. The insights from the observational
phase and their development into a testable model are described
next.
A. Continuance Intention in Expertise-Sharing Networks
We define continuance intention as an individual user’s
intention to continue using an adopted expertise-sharing network system [10]. Technology adoption and continuance are
temporally and conceptually distinct constructs because the
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psychological motivations that predict the latter emerge after
the initial acceptance of a system. Continuance is, therefore, an
ex post reconfirmation of the initial adoption decision. Is there
really continuance in the use of expertise-sharing networks?
In an expertise-sharing network—especially one that is larger
in size—the knowledge exchanges between two individuals
might be a discrete, one time event. Various case studies have
observed that although organizations have enthusiastically
implemented such networks, their early abandonment by individual users has led to their disuse before any observable
benefits materialize from such investments [e.g., [3], [14],
and [73]. Clearly, implementing even a well-conceived piece
of technology does not necessarily lead to its continued use.
Theoretical models such as the technology acceptance model
(TAM [10] and TAM-2 [84]) that focus on the initial adoption
of such systems do not sufficiently explain how their usage
can be sustained in the more advanced postimplementation
stages of adoption. It is here that the subtle differences between
the antecedents of information sharing and expertise sharing
surface. Unlike information sharing, expertise sharing has a
competitive side to it because individuals tend to safeguard
and protect their knowledge, especially when it cannot readily
be observed or codified [23]. Since expertise-sharing network
systems are costly to build, understanding their continued use
by individual users is critical to deriving value from them. This
requires an understanding of what motivates individual users to
share their expertise using expertise-sharing networks.
B. Using Irretrievable Investments as a Theoretical Lens to
Predict Continuance
The guiding conceptual lens that we used for our theoretical
development emerged from sunk cost theory—the concept
of irretrievable investments. The underlying premise of sunk
cost theory is that individuals tend to persist in activities in
which they have already invested considerable irrecoverable
resources [6]. The purpose of using this as a theoretical lens
is to parsimoniously organize and interrelate the patterns observed in the observational phase of the study. Irretrievable
investments are defined as any irrecoverable prior investment
of resources, time, effort, attention, or money through the
use of an expertise-sharing network [6]. Such investments
are irretrievable if they have high network specificity, i.e., the
benefits derived from them cannot readily be transferred to
another expertise-sharing network. We focus on the nonmonetary irretrievable investments made by individual users of an
expertise-sharing network after its initial adoption.7 We looked
for patterns in which the value of postadoption investments
by users was manifested through the use of the system, with
high levels of network specificity. This core idea theoretically
informed and helped parsimoniously interpret our observations. This approach for using the sunk cost theoretical lens to
7Arkes and Blumer [5] have cautioned that research attention to monetary
sunk costs should not obscure the fact that there are numerous nonmonetary
sunk costs. Nonmonetary sunk costs implicitly under grid prominent theories
of individual commitment to a variety of personal and social associations [49],
[72]. For example, empirical studies on the “investment model” have shown that
irretrievable investments of time and effort enter individuals’ continuance decisions such that high investments increase individual continuance commitment
[49], [72].

integrate interrelated concepts in the theoretical model is an
appropriate use of the underlying theory (see [83] for a detailed
discussion on how inductive theory construction can be theoretically informed). The underlying premise is that individuals
tend to persist in activities in which they have already invested
considerable resources, i.e., such irretrievable investments act
as barriers to discontinuance of use of the system.8 In this vein,
Schultze and Liedner [75] have observed in their literature
review that individuals exhibit a tendency to use KM systems
in ways that increase their power in the network of other users;
thus, they are likely to exhibit continuance intention after
making value-enhancing irretrievable investments.
In our observational data, we found that users invest considerable time and individual effort in developing close interpersonal
relationships with peer users of the expertise-sharing network
system, building a reputation among them, and customizing the
system to their personal preferences. As a result, they develop
goodwill, trust, a sense of identity, and a reputation among their
peer users which, in turn, enhances the value that they derive
from using the system. It is only after an individual user has invested the necessary time and effort that expertise-sharing network-based interactions with other users become more coherent
and valuable [17], [27].
A key consideration in our theoretical development is that
these investments must have high network-specificity and
must largely be irretrievable. Commitment to continue using
the system emerges as individuals take into consideration
such irretrievable investments in deciding whether to continue
using the system. Although relationships and individual user
reputation are valuable and durable in the networks in which
they are developed [67], they are rarely transferable nor easily
replicable in a different network. Individuals who have developed a reputation among their peers, built close working
relationships, and extensively invested in customizing a system
will be predisposed against walking away from the personal
irretrievable investments of time and effort. Therefore, perceptions of postadoption network-specific investments of time
and effort by individual users act as discontinuance barriers
for individual users of an expertise-sharing network system
even when viable alternatives exist.9 They do so, because users
accumulate network-specific benefits that they inherently value.
In order to separate the concepts that drive continuance in
our model from those that are known in prior research, the latter
8This tendency—labeled the sunk cost effect—is manifested in a wide variety
of personal and business decisions [6]. Although both classical economic theory
and normative decision theories suggest that individuals’ continuance decisions
ought to be based solely on incremental gains or losses, prior research has consistently shown that prior investments enter individual continuation decisions
[35], [36], [72]. This effect is further accentuated when individuals’ investments
are made publicly or are difficult to measure [45], [78]. Individuals then rationalize continuing on a chosen path of action if the costs of abandoning prior
investments are perceived as being high [35], [50], [74].
9This perspective provides retrospective insights into discontinuance behaviors that have been observed in first-generation collaborative information systems. For example, Konstan et al. [55] found that many users abandoned the
collaborative information filtering system GROUPLENS before ever receiving any
benefits from it because they perceived their rating efforts were without rewards.
However, users who invested time in using the system were likely to continue
using it. Goldberg et al. [40] similarly found that users of the collaborative filtering system, TAPESTRY, viewed the system as being more useful when it allowed them to draw recommendations from peer users.
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TABLE I
ELEMENTS

OF IRRETRIEVABLE INVESTMENTS IDENTIFIED IN THE QUALITATIVE OBSERVATION
THEIR ROLE IN THE THEORETICAL DEVELOPMENT OF THE RESEARCH MODEL

must be taken into account. Satisfaction with a system is recognized as an important predictor of users’ intention to continue
using it [9]. Beyond satisfaction with a system, individuals’ continuance is also influenced by the perceived costs of discontinuance [59]. Following the theoretically informed approach that
we used in this study, we posit that the perceived costs of leaving
the network of peer users enter individuals’ assessments about
continuing to use the expertise-sharing network system. For example, Siemens engineers considering discontinuing use of the
ShareNet system are likely to consider the costs of severing ties
to their network of peers with whom they exchange knowledge
through the system. As individual users begin to consider their
irretrievable investments following their adoption of a system,
these costs come into play as predictors of continuance.
Next, we discuss three key variables that persistently emerged
through the use of the system in our systematic observations
during Phase 1 of the study that appear to influence continuance in expertise-sharing network systems. We describe each
variable, how our observations in Phase 1 led to it, the irretrievable postadoption investments associated with its development,
and why it influences continuance intention. We use the guiding
lens of irretrievable investments to interpret these observations
and formulate a theoretical model that we subsequently tested
empirically.
A summary of the observational analysis appears in Table I.
This table illustrates the progression from the observational insights in Phase 1 (column 1), related constructs in the literature

PHASE

AND

(column 2), the underlying theoretical concept that encompasses
the observations illustrated in column 1 (column 3), its definition (column 4), and whether it met the two criteria suggested by
the theoretical lens that was used to coherently summarize the
observational data in Phase 1: derivation through irretrievable
investments (column 5) and network-specificity (column 6).
C. Reputation
Reputation refers to an individual user’s recognition as a valuable member among the peer group of users of the expertisesharing network [34]. This conceptualization captures three important elements of reputation: 1) it is a characteristic ascribed
to an individual by others in the group [80]; 2) it is a measure of
an individual’s standing relative to others in the group [9]; and
3) it is socially constructed over time [76].
Many of the visible cues through which reputational information is conveyed in face-to-face interactions are nonexistent
in electronic networks. Reputation in electronic networks is accumulated over time based on the interactions of an individual
[8] through contributing ideas, information, and advice that are
consistently recognized as being useful, valuable, and helpful
by other users. In our observations, we found that an individual
user can build a reputation by:
• contributing high quality ideas or knowledge artifacts
(e.g., documents, directions, and reports) to the peer user
network [28], [70];

90

IEEE TRANSACTIONS ON ENGINEERING MANAGEMENT, VOL. 52, NO. 1, FEBRUARY 2005

• revealing the depth of their expertise in answering questions posed by others [57];
• being personally identified with a valuable or clever idea,
solving a difficult problem, or being accepted as a thought
leader [46], [79].
Why should individual users of an expertise-sharing network
value their reputation?10 An individual derives future benefits
from developing a strong reputation within an expertise-sharing
network by gaining easier access to other users’ knowledge, increased credibility for oneself [16], [46], [77], and legitimacy
among peer users [26]. Interactions among individuals with no
history of collaboration occur in the shadow of their inability
to assess others’ past behavior [54]. Individual reputation then
influences future exchanges and interactions by lending credibility to the user [22], [51], although developing a reputation
might also be an end in itself for some users. For this reason,
individuals prefer collaborating with individuals of known reputation [42]. In the networks we examined, individuals could remain completely anonymous; user names, profiles, and personalization did not necessarily reveal an individual user’s location,
actual name, or positional status in the real world. So, reputation
was largely a result of interaction through the system and investments in developing a reputation have high network-specificity
because reputation carries limited value outside the expertise
network in which it is developed [15]. Therefore, the cost of
foregoing future benefits from the irretrievable investments in
establishing a reputation enters an individual’s decision to discontinue use of a system.
Because building reputation takes both time and effort, and is
valuable for individual users, they exhibit reputation-preserving
behavior. Such a tendency to safeguard and preserve developed
reputation has been observed among Ebay users [6], as well
as members of e-mail groups [66]. A comment by a ShareNet
user captures this idea: “Getting recognition for how much our
daily job is appreciated is the most important thing. That’s what
counts and motivates us.” Therefore, we expect that individuals
who have developed stronger reputations among their network
of peer users of the expertise-sharing system are less likely to
discontinue its use. This leads to our first hypothesis.
Hypothesis 1: Individual users’ reputation among peer
users of an expertise-sharing network system
is positively associated with their continuance intention.
D. Relational Capital
Relational capital refers to the level of trust, respect, and tie
strengths that characterize the relationship of an individual with

peer users of an expertise-sharing network system [50]. Relational capital resides in an individual’s relationships with the
rest of the peer user group, which are created through a history
of irretrievable investments of personal time and effort.
These close working relationships with other users provide
individuals access to new information, knowledge, and opportunities that are embedded in the network of peer users [28],
[38], and in turn, enhance the value of the expertise-sharing
network for an individual user. Trust, respect, and tie strengths
that characterize relational capital facilitate privileged access
to such resources. Specifically, trust promotes cooperation and
provides access to information that would otherwise lay hidden
from view [51], and as an attribute of the relationship (in contrast to trustworthiness which is an attribute of an individual) is
not easily transferable out of the relationship network in which
it is developed. Besides, the quality of the relationships of an
individual with other peers influences their willingness to share
valued information [53]. The costs of sharing knowledge among
individuals who are connected by strong interpersonal ties are
lower than for those who are connected by weak relationships
[43]. By virtue of these attributes, relational capital affects the
extent of knowledge sharing, disclosure, and screening of information contributed by the individual.
Relational capital, however, is a network-specific asset that
cannot be transferred from one expertise-sharing network to another because is developed through a history of interaction and
exchange with other users [13], [19]. It loses its meaning and,
therefore, its usefulness outside of the social network in which it
was developed. The network-specificity of the investments that
led to its development increases the opportunity costs of discontinuing use of the system. Furthermore, frequent interaction by
itself produces attachment wherein an individual user’s association with the group becomes a valued object itself and there is a
positive association between an individual’s perception of his or
her relationship with the peer group and the individual’s intention to remain in the group [56]. Therefore, as higher levels of
relational capital are cumulatively developed by an individual
through ongoing irretrievable investments, it is likely to influence the decision to continue using an expertise-sharing network system. In summary, our expectation that relational capital
will increase individual users’ continuance intention leads to our
second testable hypothesis.
Hypothesis 2: Individual users’ relational capital among
peer users of an expertise-sharing network
system is positively associated with their
continuance intention.
E. Personalization

10The

centrality of individual reputation to the functioning of collaborative
networks of various types is also apparent in the design of earlier generations
of collaborative systems such as recommendation systems [55], collaborative
filtering systems [40], reputation aggregators [69], reputation management systems in referral networks [51], and rating profiles in transactional electronic
networks such as eBay [7]. Although reputation management mechanisms have
been proposed in previous systems, their design has largely been guided by observational insights and has lacked empirical validation [see, for example, [27]
and [79]. Moreover, reputation in these systems is largely implicit and conveyed
by aggregated proxy information such as peer user opinions, ratings, or recommendations.

Personalization refers to customizing an information system
to an individual user’s preferences. Users invest in personalizing
an expertise-sharing network system when they have relatively
high expectations of benefiting from doing so or when they have
unique needs that cannot be met by the default configuration of
the system [61], [64]. Morrison et al.’s [61] study of the OPAC
library information system—perhaps the most detailed account
of personalization in prior research—showed that users locally
modified or customized their installations of the system to meet
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their idiosyncratic needs, largely motivated by the expectation
that they would derive additional value in use by doing so.
In expertise-sharing networks, we found that individual users
derive additional value through personalization by: 1) reducing
the costs associated with projecting persistent social cues and
2) filtering peer contributions based on personal preferences.
The former is valuable because many social cues that are the
norm in face-to-face interactions are difficult to convey in electronic interaction environments [31]. The motivation underlying
this is to persistently project socially salient cues that their peers
can use in governing their interactions [27]. The latter is motivated by the desire to cope with information overload [8].
In the observational phase of our study, we found several patterns through which personalization was manifested in expertise-sharing networks. Examples of these include pictures (or
avatars) attached to usernames, signatures that are automatically
appended to contributions, use of memorable, personality-projecting personal usernames, creation of “buddy lists,” and customization in the software preferences for what contributions
the user sees, in what order, and when (e.g., preferential ordering
of new contributions).
In summary, personalization of an expertise-sharing network
system requires investments of individual time and effort. Individuals are unlikely to be able to directly transfer these investments to another system, thus rendering them expertise-sharing
network-specific. Therefore, we expect that as individuals invest
in increasing personalization of an expertise-sharing network
system, they are less likely to discontinue using the system. This
leads to our third hypothesis.
Hypothesis 3: Individual users’ investments in personalization of an expertise-sharing network system
are positively associated with their continuance intention.
F. Rival Explanations and Variables From the TAM
To separate our lens of irretrievable investments from competing theoretical explanations and build on prior research, we
identify satisfaction with the system as an alternative explanation for continuance intention, and control for individual history
of using the system and the extent to which the system is used as
other variables that are known from prior research to influence
continuance. Recall that we focus only on individual level variables since that is the unit of analysis of the proposed model;
no organization-level controls are, therefore, used. Although it
is conceptually plausible, prior empirical research found no significant effects from the key variables in the preadoption TAM
model such as ease of use and perceived usefulness on continuance intention [10]. Instead, prior research found that their influence is mediated by satisfaction. Therefore, ease of use and
perceived usefulness are not included in the model.
Satisfaction is defined as postacceptance affect given preadoption expectations about a system [10]. An individual is likely
to be satisfied with a system if it confirms his or her preacceptance beliefs about its use. Based on Bhattacherjee’s [10] recent empirical findings of a strong, positive association between
satisfaction and continuance intention, we control for satisfaction as an alternative explanation for continuance. Nevertheless,

Fig. 2.
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Research model.

users who are dissatisfied with a system might still perceive a
loss of their investments of time and effort in developing a reputation, building relational capital, and personalizing the expertise-sharing network system if they discontinue its use. Elsewhere, in the context of interpersonal relationships, studies have
shown that if individuals perceive the costs of discontinuance as
being high, they are likely to remain committed to a relationship
even if they are dissatisfied with it [48]. This leads to our final
hypothesis.
Hypothesis 4: Irretrievable investments associated with an
individual user’s reputation, relational capital, and personalization of the system induce
continuance above and beyond satisfaction
with an expertise-sharing network system.
Support for this hypothesis would suggest that our proposed
model of continuance theoretically extends our ability to predict continuance above and beyond previously existing models.
Control Variables: All else being equal, the length of time
that an individual has used a system (tenure) and the extent to
which the individual uses a system (usage) are likely to be positively associated with continuance intention. Our expectation
that tenure is positively associated with continuance is grounded
in Rothaermel’s [71] expectation that individuals’ transactions
with their peers are positively influenced by how long they have
belonged to that network. Likewise, individuals who exhibit
higher levels of participation in an expertise-sharing network are
more likely to be committed to continue [24]. Therefore, tenure
and usage are modeled as control variables. Fig. 2 summarizes
the resulting research model, which was derived inductively as
described in the preceding sections.
IV. SURVEY METHODOLOGY (PHASES 2 AND 3)
The study followed a sequential multimethod approach, as
summarized previously in Fig. 1. A testable theoretical model
emerged from the observational phase of the study (Phase 1 is
described in Section II). This model was then empirically tested
in two subsequent phases, as described in the following sections.
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TABLE II
SUMMARY OF THE FOUR EXPERTISE-SHARING NETWORKS IN THE SAMPLE

A. Description of the Research Setting
The observational phase of the study involved systematic in-depth observation of two expertise-sharing networks
from 1998–2002, as described in Section II. This was followed by a survey with cross-sectional data collected in four
expertise-sharing networks at two different points in time. Four
expertise-sharing networks that allow users to electronically
access, share, and contribute information, insights, suggestions,
and ideas about pricing information on various products and
services were chosen for the study. The back-end, server-side
software of each of these networks is a database-driven,
pull-based system that tracks each individual’s contributions
and usage behavior. The front-end, user-side interface is
Web-based requiring only a Web browser to access the expertise-sharing network’s functionality. Knowledge exchanges
occur in the form of ongoing “threads” of conversations, each
initiated by an individual who has a potentially interesting
nugget of knowledge to share or seeks other users’ expertise
in answering a specialized question. (Specific details of the
individual expertise-sharing networks cannot be revealed for
confidentiality reasons.) Three attributes of this portfolio of
expertise-sharing networks made them particularly suitable to
this study: 1) they used the same underlying software system
(FuseTalk Virtual Meeting); 2) the content and scope of each
was of a directly comparable nature; and 3) use of these systems
by individuals was completely voluntary. The key characteristics of the four expertise-sharing networks in our study are
summarized in Table II.
B. Data Collection for the Empirical Test of the Model
1) Phase 2—Survey Data Collection and Empirical Analysis: In Phase 2, we administered a survey to a random sample
of users of four different expertise-sharing network systems via
a secure Web-based questionnaire which prevented the same respondent from answering the survey more than once. We were
able to track the total number of times the request for participation was viewed in each expertise-sharing network, so we used
a novel approach to compute the response rate. We equated the
number of views with the number of mailings in traditional mail
surveys, assuming that each “hit” or view was generated by an
independent user reading our request for participation. Then, we
computed the response rate as the ratio of the number of actual
responses we received to the number of times our message had
been viewed (no reminders were allowed). We received 122 responses, of which two were unusable because of missing data.
The overall response rate was 20.6% (122 responses/593 views).
(See Table III for a breakdown.)
2) Phase 3—Survey-Based Temporally Lagged Continuance
Intention Assessment: In the third phase of data collection

TABLE III
SUMMARY OF RESPONSE RATES ACROSS
ALL FOUR GROUPS OF RESPONDENTS

conducted three weeks after completion of Phase 2, we collected time-lagged data on continuation intention. The purpose
of this step was to mitigate the threat of mono-methods bias
(see [30] for an elaboration on this approach). We contacted
all respondents from the Phase 2 who had voluntarily provided
their e-mail addresses and received 30 responses from the 42
e-mail requests (71.4% response rate).
C. Construct Operationalization
Five main constructs were measured for the empirical test
of the model developed in Phase 1: expertise-sharing network
continuance intention, satisfaction, reputation, relational capital, and personalization. The unit of analysis is the individual;
therefore, all constructs are operationalized at the individual
level. Reflective measures for these constructs were adopted
from existing studies where possible, while some were developed beginning with similar constructs in preexisting literature
but operationally refined using the observational data collected
in Phase 1 of the study. All new and adapted scales were pilot
tested with 18 users before the survey data were collected in
Phase 2. Based on the results of the pilot test, scale items were
refined for clarity and the number of items in the initial pool
for the new scales was reduced to five or six items each. The
full text of these scale items is reproduced in Appendix A. (See
Table IV for a summary.)
Continuance intention was measured using Bhattacherjee’s
[10] three-item Likert information systems continuance intention scale.11 Satisfaction was assessed using Bhattacherjee’s
[10] four-item semantic differential scale with bipolar anchors.12 Reputation was measured using five items that were
derived from the observational phase of the study. We specifically captured individuals’ perceptions of their reputation and
operationalized the measure based on patterns of reputation
11The first two items in this scale assessed the respondents’ intention to continue using the expertise-sharing network or using an alternative one. The third
was a reverse-scored item that assessed overall discontinuance intention.
12This scale, unlike other satisfaction measures used in previous information
systems research (e.g., [25] and [47]) had the advantage that it measured satisfaction as an affect toward the system rather than through beliefs about the
quality, timeliness, and reliability of the information provided by it. This is advantageous because we were interested in users’ assessments of the system itself
rather than the quality of the content and information provided by the system.
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TABLE IV
OPERATIONALIZATION OF KEY CONSTRUCTS

development that we observed in the two networks examined
in the initial observational phase of the study: the extent to
which they perceived that their peer expertise-network system
users considered their expertise contributions as being valuable, helpful, useful, and important.13 Since reputations are
subjectively constructed by the individuals who rely on them
[12], the construct is best assessed using a subjective measure.
The scale for relational capital was adapted from Kale et al.’s
[49] five-item measure for individual perception of relational
capital among individuals in organizational collaborations.14
The anchors of this scale were adapted to reflect the ways in
which relational capital is manifested in expertise networks,
based on our observations in Phase 1 of the study. Scale items
to measure personalization were based on patterns identified
in the observational data collected in Phase 1 of the study, as
summarized in Table I. The final scale consisted of five items
that tapped into the amount of time and effort that a respondent
had invested in choosing a user name, creating a detailed
personal profile, creating a personalized footer, choosing a user
icon, customizing preferences for the system, and an overall
item that assessed their investment in customizing their system
settings. The two control variables were self-reports on the
total number of hours per week that the respondent used the
system (usage) and the total number of months that the respondent had used the system (tenure). All demographic variables
including educational level, profession, age bracket, and the
total number of contributions were self-reported.
13We used Pierce et al.’s [68] organization-based self-esteem scale as the
starting point for developing a measure for reputation but adapted the items to
reflect the specific context of this study, i.e., ways in which reputation is manifested.
14Although Kale et al.’s study was in the context of interfirm-alliances, their
measure was strictly at the individual level. We adapted the overall anchor statement for the scale to fit this study’s context, and based on feedback received
during the pilot study. The adapted scale items assessed the extent to which
the respondent’s overall relationship with the peer user group was personally
friendly, mutually trusting, respectful, reciprocal, and close.

V. STATISTICAL ANALYSES AND RESULTS
We used the partial least squares (PLS) structural equation
modeling approach to validate the construct measures (the measurement model) and to test the hypothesized relationships (the
structural model) in the proposed theoretical model. PLS-Graph
3.0 was used for the analysis. Our choice of PLS was motivated
by two considerations. First, two constructs in this study used
newly developed scales. PLS allowed us to assess the measurement model in the context of its theoretical model. Second, unlike covariance-based approaches to structural equation modeling such as LISREL, PLS makes no apriori assumptions about
the normality of the data [20].
A. Measurement Model Assessment
The first step in assessing a PLS model is to assess the measurement model. This step tests whether the construct scales exhibit sufficient discriminant and convergent validity. Convergent
validity is assessed in two ways: 1) the internal consistency reliability (ICR) estimate for each construct must exceed 0.7 [32]
and 2) measurement items must exhibit statistically significant
loadings on their respective constructs with path coefficients of
0.7 or larger. As Table V shows, all items loaded significantly on
their constructs at the 1% level, and with the exception of one
item for reputation, all items met the recommended threshold
of 0.7. The ICR values for all constructs also exceeded the 0.7
threshold. To assess discriminant validity, we first performed
exploratory factor analysis using the data on all items for the
various construct scales. As shown in Appendix A, the analysis revealed five underlying factors corresponding to the five
main constructs in our study. The overall factor solution has
an acceptable loading pattern and explained 74.9% of the total
variance. The eigenvalues for each of the factors exceeds unity.
In the PLS measurement model, two other conditions must be
met to ascertain discriminant validity: 1) the indicators should
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TABLE V
COVARIANCE MATRIX AND PSYCHOMETRIC PROPERTIES OF KEY CONSTRUCTS

load higher on their own constructs than on other constructs and
should
2) the square root of the average variance extracted
exceed the correlations between constructs. The first condition
is met if the ratio of the variance in the indicators for a construct relative to the total amount of variance exceeds 0.5 [32].
As shown in Table V,
for each construct exceeds 0.62, well
above the recommended threshold of 0.5. The second condition
is met if the diagonal elements representing the square root of
exceed the off-diagonal elements in the construct correlation matrix. An examination of the shaded diagonal elements in
the correlation matrix in Table V reveals that each of these exceeds the corresponding off-diagonal elements. Overall, these
results suggest that our measurement model exhibited sufficient
convergent and discriminant validity to proceed to the assessment of the structural model.
Descriptive Statistics and Sample Characteristics: The
median age of our respondents was 26–35 years. The typical
respondent had completed four-year college, although our
sample included a diversity of educational levels that ranged
from less than high school through doctorates. Our respondents had a variety of professional backgrounds including
engineers, programmers, lawyers, functional specialists (marketing, MIS, human resources), chemists, and sales staff. On
average, the respondents had actively used their respective
systems for over 11.9 months (s.d. 9.2 months, minimum 1
month, maximum 38 months). The level of user contributions
to the expertise-sharing networks was high, with a mean
value of 542 contributions by each respondent (s.d. 1710).
On average, each respondent reported spending 7-1/2 h/week
using that expertise-sharing network (s.d. 8.43 h). To test for
nonresponse bias, we compared early respondents and late
respondents. We found no significant differences in the age
value
or in the educational levels
value
in our T-tests comparing the
first 15 and last 15 respondents.
B. Structural Model Assessment
A PLS structural model represents the relationships among
the hypothesized model’s constructs. Path coefficients in this
model are interpreted as standardized regression weights and the
loadings on each construct as loadings in principal component

analysis. We used a bootstrapping procedure with replacement
using 1000 subsamples to estimate the statistical significance of
the parameter estimates. The results of the PLS structural model
assessment are summarized in Fig. 3.
Reputation had a significant, positive effect on continuance
value
, supporting
intention
Hypothesis 1. Relational capital also had a significant, positive effect on continuance intention
value
, supporting Hypothesis 2. Personalization had a significant but negative effect on continuance
value
.
intention
Although the relationship predicted in Hypothesis 3 was
significant, its direction was opposite to that hypothesized.
To test Hypothesis 4, we first assessed the relationship between satisfaction and continuance intention. Satisfaction had
a significant, positive relationship with continuance intention
value
. Of the total
variance explained by our model, 29.6% was explained by
satisfaction. An additional 15.1% was explained by reputation, relational capital, and personalization, lending support
to our fourth hypothesis. For the control variables, tenure
had a positive and significant relationship with continuance
intention
value
. The
relationship between usage and continuance intention was
in the expected direction but was marginally nonsignificant
(
value
ns). We took several additional steps to mitigate the threat of common-methods bias
that commonly plague survey-based field studies.15 Table VI
summarizes the results of the hypothesis tests.
The explained variance
% and predictive relevance score
for the model suggest that it predicts
15We computed the stability of these results by comparing the continuance intention data from the second phase of the study (T ) with continuance intention
measures collected from 30 respondents three weeks after the first round of data
collection (T ). This time-lagged remeasurement approach has previously been
used by Fichman and Kemerer [30] to mitigate the threat of bias in cross-sectional designs by measuring the dependent variable at two different times, and
then assessing whether it is reasonably stable for every respondent across T
and T . We ran a separate model to test the correlation between the continuance
intention item scores at T and T for the 30 respondents who participated in
both phases. In estimating the correlations between the two time-lagged measures, we found that continuance intention at T was significantly and positively
correlated with that at T ( = 0:196; T value = 1:974; p < 0:05). Although the sample size at T was too small to reestimate the complete model,
this relationship suggests that our data reliably captured continuance intention
and that common-methods bias is not a serious threat to our findings.

0
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Fig. 3. PLS estimates for the structural model.

continuance intention reasonably well, and above and beyond
prior explanatory models of continuance.16
VI. DISCUSSION AND IMPLICATIONS
The motivation of this study was to better understand the
understudied problem of individual usage continuance in electronic expertise-sharing networks. Given the scant research in
the area of continuance, we followed a multimethod approach
16The predictive quality of our model can be assessed in two ways: (1) percentage of the total variance in continuance intention explained by it (R ) and
(2) its redundancy-based predictive relevance score (Q ). Our model explained
47.2% of the total variance in continuance intention (no competing models were
hypothesized). Of this, 29.6% was accounted for by satisfaction. An additional
15.1% of the variance was explained by reputation, relational capital, and personalization. (The change in R-square was assessed by estimating the model
without satisfaction and then reestimating the model after adding satisfaction.)
The two control variables accounted for the remaining 2.5% of the variance.
This suggests that the model predicts continuance intention reasonably well.
The second test involves computing the predictive relevance score Q . This
computation involves a blindfolding procedure that omits part of the data for
a given block of indicators and then attempts to estimate the omitted part based
on existing parameter estimates [37]. We reestimated the model using omission
distances of 11, 23, and 31 (all prime numbers). The Q estimates obtained were
0.310, 0.269, and 0.254. The average Q value across all three runs was 0.278,
which suggests high predictive relevance. Together, the R and Q values suggest that the model predicts continuance intention reasonably well.

in which an in-depth, four-year observational study of 418 users
of two such networks was followed by two surveys in which
the model developed in the observational phase was empirically
tested using data collected from 122 and 30 users, respectively.
The key idea was that reputation, relationships, and personalization that are developed through irretrievable investments in the
use of expertise-sharing networks influence a user’s intention to
continue using the system. The subsequent tests showed that the
proposed model predicted over half of the variance in continuance intention. The following section discusses these results of
the tests of the hypothesized relationships and their implications
for both theory and practice.
A. Implications for Research
We identified three elements through which postadoption irretrievable investments of time and effort by individual users of
expertise-sharing network systems manifest themselves through
the use of the system: reputation, relational capital, and personalization. The implications of the tests of the relationships
between each of these predictors and continuance intention are
discussed next.
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TABLE VI
SUMMARY OF HYPOTHESIS TESTS

Reputation: We hypothesized that an individual user’s reputation among peer users of an expertise-sharing network system
will increase continuance intention. A strong, positive relationship between individual users’ reputation and continuance intention suggests that individual users who develop a reputation
among peer users of a system are less likely to discontinue its
use. Building a reputation requires investments of time and effort in the form of active participation in an expertise-sharing
network, and such reputation provides future benefits to an individual user. If an individual with a developed reputation discontinues use of a system, these associated benefits no longer remain available. The theoretical implication of this finding is that
individuals value their perceived reputation among peer users of
an expertise-sharing network system.
Relational Capital: Our finding of a strong, positive relationship between relational capital and continuance suggests that
an individual user’s relational capital in an expertise-sharing
network will increase continuance. Like reputation, individuals
develop close and trusting relationships with other users of the
system through considerable investments of time and effort.
Such relationships provide privileged access to new information, knowledge, and opportunities that are embedded in the
network of peer users. Individual users’ continuance intention
is influenced by their irretrievable investments in developing
such relationships. An important theoretical insight that can
be drawn from this finding is that individual users value the
relationships that they foster through the use of a system. Once
developed, these portfolios of system-mediated relationships
are powerful inducers of continuance.
Personalization: Our third hypothesis predicted that an individual user’s investment in personalizing an expertise-sharing
network system will increase continuance intention. The relationship between personalization and continuance intention was
significant but in a direction opposite of that hypothesized. One
interpretation for this finding is that investments in personalization, unlike reputation and relational capital, are readily transferable from one system to another. In other words, investments in
personalizing a system might not be entirely irretrievable. Once
a user has identified the optimal ways to customize her implementation of the system, the identified preference set can plausibly be replicated in a similar system elsewhere. Further, since
individual investments related to personalization are not made as
publicly, they might not invoke sunk cost rationalization to the
same degree as the other variables in our model. Caution is necessary in interpreting this point because, unlike other variables
in the model, personalization was measured in terms of the ef-

Fig. 4. Sensitivity analysis reveals a U-shaped relationship between
personalization and continuance.

fort expended in personalizing the system (which in itself might
negatively influence continuance intention). Prior research has
presupposed that features of expertise-sharing networks that reduce the costs of contributing knowledge to the system will reinforce adoption of a system [41]. However, this finding cautions that notwithstanding the adoption stage benefits of such, it
may trigger postadoption discontinuance of the system. We further explored this curious result by testing whether the relationship continuously remains negative. As Fig. 4 illustrates (and a
curve-fitting model verified), the relationship between personalization and continuance intention appears to be U-shaped. This
suggests that although personalization initially reduces continuance, beyond a threshold, its effect reverses direction. Drawing
on the TAM literature, one interpretation for this reversal in direction is that once sufficient personalization has been done on
the system by an individual user, the system’s ease of use might
increase. Hence, the result is an increase in the intent to continue using the system. Another interpretation is that there exists
an upfront minimal investment in initial personalization until
which no benefits are perceived (corresponding to the negative
slope of the curve). After this point, benefits of personalization
begin to materialize, hence, the positive relationship with continuance intention. This puzzling pattern of results requires more
careful examination in future research.
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Relative Importance of Predictors: The relative importance
of the predictor variables (indicated by their path coefficients)
in our model provides another set of important theoretical insights. Personalization had the largest path coefficient of all the
predictor variables in our model. Postadoption satisfaction was
the next key predictor with a path coefficient of 0.269, which
is strikingly consistent with Bhattacherjee’s [10] earlier study
of IS continuance. The third largest path coefficient was relational capital followed closely by reputation. While this pattern
of findings reinforces the importance of postadoption satisfaction with a system, the results demonstrate the three variables
with which irretrievable postadoption investments are associated further explain continuance. These findings directly address questions raised in previous research about how to design
effective virtual networks for knowledge sharing [11], and about
mechanisms that can help sustain their use [11], [17], [34]. Our
model explains almost half of the total variance in continuance
intention.
B. Implications for Practice
Our results offer several tactical implications for designers
of expertise-sharing systems. The key insight for practice offered by our findings is that user perceptions influence continuance intention. Developers of such systems must: 1) make
careful design choices about which cues to reveal or suppress
and 2) implement features that maintain visibility and persistence across discrete exchanges that an individual has with other
users. Revealing and emphasizing cues about reputation and relational capital that an individual user has developed and suppressing cues about personalization are likely to enhance continued use of such systems.
First, incorporating reputation tracking mechanisms into
the design of systems is one way to reinforce continued use
of the system. These mechanisms should be persistent and
visible system-enabled indicators that track an individual
user’s reputation over time. System designers should consider
incorporating publicly visible cues such as: number of user
posts, length of membership, and membership status. This also
requires providing users comparative feedback on their participation, usage, and contributions; or by comparing them to their
peer users. In the case of Siemens, individual reputation for
contributing knowledge to peer users seemed to have prompted
active continued use of the ShareNet expertise-sharing network
system. Here, details of individual ShareNet users including
all their contributions and their perceived level of usefulness
can be viewed by everyone using the system. Amazon.com’s
successful feedback system utilizes a similar approach wherein
the top 100 reviewers are publicly recognized and each review
can be rated by peer readers. The aggregated feedback profile is
then publicly displayed, plausibly with the intention to motivate
thoughtful reviews.
Second, a system should enhance the emerging and developed
relationships of participants by increasing user awareness of the
relational portfolios that develop through the use of the system.
For example, system features such as “buddy lists” and personal
person-to-person messaging/chat allow users to develop closer
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ties with each other. Yet another system feature that conveys
relational capital is the ability for users to both rate and view
the value of others’ contributions. In turn, features such as these
reduce the likelihood that users will transfer to other similar
systems because they are more aware of their relationships with
other users of the current system.
Third, system designers must exercise caution in providing
extensive personalization capabilities to users. Systems should
give users the ability to select unique user names, identify
themselves with individualized user icons, include personalized
footers with posts, and filter system content. However, these
features should not overwhelm users to the point that they
inhibit their ability to use the system immediately following
their adoption. Personalization appears to be a more complex
construct than we initially envisioned and clearly requires
further, finer-grained research.
C. Limitations and Suggestions for Future Research
Limitations: This study has six limitations that must be
considered before generalizing its findings. First, caution
must be observed in generalizing these findings because the
sample might not be sufficiently representative of other types
of expertise-sharing networks. Second, our model measured
continuance intention rather than actual continuation. Third,
our model did not include ease of use, thereby limiting direct
comparability to earlier studies based on the TAM model.
However, we believe that this does not pose a persuasive threat
to our findings because: 1) another recent study in a similar
context (electronic commerce sites) found no significant relationship between ease of use and users’ intent to return (which
is conceptually close to continuance intention) [57] and 2) our
respondents had sufficient experience using Web browsers (the
primary access interface to all four expertise-sharing networks)
as suggested by their average usage history of almost one year.
Nevertheless, our model is not exhaustive and other factors
such as the absence of an alternative system, cost of learning to
use the system, and subjective norms might explain additional
variance in future research. The mediating role of an explicitly
measured irretrievable investments construct should also be
empirically tested in future work. This approach was not taken
in this exploratory study since the irretrievable investments
perspective was used as a theoretical lens and the constructs
themselves were measured reflectively (i.e., their observed
level was a result of higher levels of irretrievable investments).
Fourth, sunk cost theory was used as a theoretical lens in the
observational phase of the study, but not in operationalizing
the measurement scales in the survey phase (e.g., personalization was not measured as the whole cost of personalizing the
system). Finally, alternative systems can compete for the scarce
attention of individual users. A limitation of the current study
is that it did not assess how strongly these predictors of continuance hold when viable alternative systems exist. Finally, our
model does not explore the distinction between the two aspects
of usage—providing advice and receiving expertise, which
will likely have differing antecedents. Explicitly distinguishing
such directionality of expertise flows is a limitation of the study
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and remains an important issue for future research. Although
the threat of this limitation cannot be ruled out in this study, the
voluntary use nature of the studied systems suggests that individuals were using them by choice rather than by mandate. In
this regard, we expect that systems that make the contributions
of a user appear indispensable will likely encourage knowledge
contribution and those that engender credibility of expertise to
other users will encourage usage.
Suggestions for Future Research: Our findings point to two
promising areas for future research: 1) how do the technical
features of an expertise-sharing network system influence individual continuance behavior and 2) how do the theories of
individual behavior in group settings inform the design of expertise-sharing network systems? Our results indicate that individual perceptions of irretrievable investments associated with
the use of a system are important predictors of continuance. This
is especially important because perceptions are amenable to manipulation through system design interventions [2]. A promising
avenue for future research is to explore how systems can be designed to manipulate (accentuate or deemphasize) user perceptions and awareness of their irretrievable investments. This area
is also ripe for laboratory experiments in which the effectiveness of different types of perception manipulations in a system
can be compared with a control group.
The second avenue for future research is to draw on the vast
body of research on individual behavior in group settings and on
technology cooperation to better understand how such expertise-sharing networks can be designed to be more “effective.”
Three research questions in this area beg attention. First, the
level of interdependence among users of the system should be
incorporated into the model. Second, complementary theoretical lenses on individual continuance commitment such as social exchange theory and relational cohesion theory can be used
to identify additional variables that are associated with expertise-sharing network continuance. Interdependence and institutional theories can likewise be useful conceptual lenses for extending this work to the organizational level of analysis.

of the system. Based on this observational phase, we developed a testable theoretical model. Subsequently, we empirically
tested the model through two time-lagged surveys in four such
networks. The resulting model explained over half the variance
in continuance intention, suggesting a significant contribution
to our understanding of the construct.
This study directly answers calls for research for developing
effective technology-facilitated social network systems that
help users locate and communicate with knowledgeable people
in their area of interest, instead of trying to explicitly capture
tacit knowledge [59], [75]. The key contribution of this study is
the development of an expertise-sharing network continuance
model that shows how factors that emerge through irretrievable
investments after initial adoption influence continuance. A
model was derived from a four year observational study of 418
users and empirically tested through two surveys of 122 and 30
users. The model advances continuance beyond the traditional
expectation-satisfaction model of initial adoption to more
advanced postadoption stages of use. Specifically, we showed
that individual users’ perceptions of: 1) reputation among peer
users of a system increases continuance; 2) system-mediated
relationships with other users of the system increase continuance; and 3) investments in personalization of a system initially
diminish continuance. Together with the satisfaction construct
identified in prior research, our model explains over half the
variance in continuance intention. Another contribution is
the development and validation of several new measures for
expertise-sharing network constructs.
While this study provides a necessary first-step in examining
this phenomenon of contemporary interest, the model is by no
means complete. The use of irretrievable investments as a theoretical lens for the observational phase but its limited use in the
survey phase should be considered in interpreting our findings.
Further development of a model of the antecedents of continuance from a socio-technical perspective can provide insights
into how organizations can design and implement expertisesharing network systems that contribute sustainable value to organizations in the long run.
APPENDIX A

VII. CONCLUSION
As engineering and technology firms begin to implement networks for expertise-sharing among individual employees, their
sustenance hinges on the continued use of such systems. Unfortunately, the observed trends present a bleak picture: Firms enthusiastically implement costly KM systems that languish from
underuse by individual users. The motivation of this study was
to understand how individual-level usage continuance in expertise-sharing networks can be improved. Given the limited research in this area, we developed a model using a sequential
multimethod approach in which an in-depth, four-year-long observational phase was followed by two time-lagged surveys. The
theoretical concept of irretrievable investments guided the observational phase of the study. We looked for conceptual explanations that were manifested through patterns of postadoption investments by users that simultaneously had high network
specificity, were valuable, and were developed through the use

Please see Table VII.
APPENDIX B
AN OVERVIEW OF THE MULTIMETHOD RESEARCH APPROACH
In this paper, we used a sequential multimethod design [60]
(summarized in Fig. 1). A multimethod design refers to an approach where two different research methods are used in a sequence with results from one feeding into the later one. Such
an approach is advocated over a more common mono-method
approach by Mingers [60], who suggests that a multimethod
approach helps both prior theories and the research situation
as experienced by researchers build on each other rather than
play a mutually exclusive role. This sequential progression of
qualitative to quantitative methods across different phases of
a study allows for a much richer and grounded understanding
of the research phenomenon. In this study, we began with an
in-depth qualitative observational phase (Phase 1) followed by
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TABLE VII
SURVEY INSTRUMENT AND FACTOR ANALYSIS

two quantitative phases (Phases 2 and 3) where the theoretical
model developed in the observational phase was empirically
tested using multiperiod survey data. The goal of the qualitative observational phase was hypothesis-generation leading to
empirical testing in the subsequent phases [81].
The strength of this multimethod approach comes from
its ability to draw on existing theoretical perspectives, while
remaining open to new ideas that emerge from a grounded
approach to theoretical development. In Phase 1, we collected qualitative observational data on 418 users of two
expertise-sharing networks from 1998 to 2002 to inductively
identify patterns that drove their continued use. This allowed
triangulation of insights by combining observations of multiple
researchers (two in this case) and multiple data sources (two

expertise-sharing networks in the observation phase, four in
the subsequent empirical phase). Although the qualitative
phase was theoretically informed by the notion of irretrievable
investments, the theoretical explanation of the phenomenon
of interest emerged from the observations in the field. In that
respect, our approach was inductive, model-development oriented, but theoretically informed [60].
This overlapping observation-analysis-theorizing approach
to theory-building follows the logic recommended by Miles
and Huberman [82]: Begin with an initial set of inductively
derived hypothesized ideas that become increasingly explicit
and grounded as they are evaluated against further observations.
(This progression from observations to a testable model is summarized in Table I.) Using this approach, we began formulating
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a tentative model for continuance by identifying similarities and
differences across individual user’s histories and scrutinizing
emerging hypotheses against newer observations. This iterative
cycle was repeated until theoretical saturation was reached—the
point at which additional observations generate no additional
persistent patterns or constructs within the guiding perspective
of irretrievable investments that conceptually circumscribe our
theory development endeavor [39]. As recommended by Glaser
and Straus [39], we combined the inductive concepts generated
from the observational phase of the study with existing formal
theory to develop a testable theoretical model, an approach
adopted in earlier studies that combines inductive concepts
generated from field observations with insights from existing
formal theory (see [65]). The observational phase helped us
discover the beliefs and expectations of individuals within
the expertise-sharing networks, as well as the relevant social
practices and norms. Using the observational data, measures
for the key new constructs were developed which were used to
empirically test the model in the latter phases, as elaborated by
Mingers [60].
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