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Online discussion communities play an important role in the devel opment of relationships and the transfer of
knowledge within and across organizations. Their underlying technol ogies enhance these processes by pro-
vidinginfrastructuresthroughwhich group-based communication can occur. Community administrator soften
make decisions about technologies with the goal of enhancing the user experience, but the impact of such
decisions on how a community devel ops must also be considered. To shed light on this complex and under-
researched phenomenon, we offer a model of key latent constructs influenced by technology choices and
possible causal paths by which they have dynamic effects on communities. Two important community charac-
teristicsthat can be impacted are community size (number of members) and community resilience (member-
ship that is willing to remain involved with the community in spite of variability and change in the topics
discussed). To model community devel opment, we build on attraction—sel ection—attrition (ASA) theory, intro-
ducing two new concepts: participation costs (how much time and effort are required to engage with content
provided in a community) and topic consistency cues (how strongly a community signals that topics that may
appear in the future will be consistent with what it has hosted in the past). We use the proposed ASA theory
of online communities (OCASA) to develop a simulation model of community size and resilience that affirms
some conventional wisdom and also has novel and counterintuitive implications. Analysis of the model leads
to testable new propositions about the causal paths by which technology choices affect the emergence of
community size and community resilience, and associated implications for community sustainability.
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Introduction I

Online discussion communities are groups of people with
shared interests who communicate over the Internet through
a common platform (e.g., Butler 2001; Ridings and Gefen
2004). They first appeared with the widespread adoption of
integrated computing and communication technologies
(Rheingold 1993) and have become important channels for
facilitating group discussionswithin and across organizational
boundaries (Baldwin and von Hippel 2011). Through com-
munity platforms such as forums, newsgroups, bulletin
boards, wikis, and blogs, onlinediscussion communitieshave
been used to support knowledge management initiatives (Hall
and Graha 2004), promote brand loyalty (e.g., Bagozzi and
Dholakia 2006; Schau et al. 2009), and enable buyers and
sellers to form trading groups (Kollmann and Krell 2011).
Their continued evolution in form, function, and underlying
technol ogies offers researchers and practitioners new oppor-
tunitiesto explore and understand their structures, processes,
and impacts (Zammuto et a. 2007).

Asl Sprofessional shave made choi ces about thetechnol ogies
that enable online discussion communities, they have dis-
covered that the emergent nature of such communities makes
them challenging to devel op, manage, and sustain over time.
Two key characteristics of communitiesthat relate directly to
their sustainability are community size (the number of
members?) and community resilience (the extent to which a
community’ smembershipiswilling toremaininvolvedinthe
face of variability and change in topics discussed). Commu-
nity size provides an indication of resources available to
members; in order to generate net benefits for members,
communities must attract a critical mass of memberswho are
willing to engage even if every single interaction does not
produce value for them personally (Butler 2001; Wasko and
Farg] 2005). Many communities stall because they cannot
attract enough membersto sustain themselves (Cummings et
al. 2002), even when organizations invest significant
resources in building amember base (Worthen 2008). Com-
munity resilience can also be problematic, with many
members never returning after their first post (Arguello et al.
2006; Ducheneaut 2005), perhaps because they formed
inaccurate judgments about the community’s value to them
(Jinaetal. 2010). Over time, communitiesthat lack resilience
may collapseif discussion topics change significantly. How

2We define membershi p asengaging with acommunity in such away that an
individual isexposed to the communication activity and resources generated
by other members. This behavioral definition is useful despite its omission
of psychological aspects of community involvement (Blanchard and Markus
2004) as many of the benefits of communities (e.g., knowledge transfer,
social support, information awareness) are predicated first and foremost on
the assumption that individuals, at the very least, are exposed to the com-
munity’ s activities.
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choices about the technologies through which a community
operates may—intentionally or not—affect the size and
resilience of its membership remains a critica and un-
answered question for IS researchers and professionals.

In the remainder of this paper, we propose atheory to explain
how discussion communities evolvein ways that are more or
less sustainable. Following established best practices for
developing theory using simulation methods (Davis et al.
2007), webuild on attraction—sel ection—attrition (ASA) theory
(Schneider et al. 1995), introducing two new concepts:
participation costs (how much time and effort are required to
engage with content provided in a community) and topic
consistency cues (how strongly acommunity signals that the
topics that may appear in the future will be consistent with
what it has hosted in the past). Our goal isto better explain
how technology choices that change users participation
experiences may also affect community sustainability. We
examine the proposed theory using a simulation model that
we calibrate and validate using data from 192 listserv-based
communities. We usethe model to conduct aseries of virtua
experiments and derive a number of propositions, and then
discuss the implications of these propositions for the study
and practice of online community design.

Theoretical Background I

Whether their purpose is to share knowledge, provide rela
tional support, facilitate professional practice, or develop a
market for a product, online communities rely on members
continued involvement to generate benefitsfor each other and
for the community asawhole (Butler 2001; Wasko and Fargj
2005). Although some communities are able to build large,
engaged member bases, most do not (Preece 2001). Many
struggle to attract and retain members (e.g., Cummings et al.
2002; Joyce and Kraut 2006; Ren et al. 2012), which limits
their sustainability (Butler et al. 2007). Because a commu-
nity’s ability to generate benefits depends on maintaining a
sufficiently largeand engaged membership pool (Butler 2001,
Wasko and Fargj 2005), its success depends on whether it can
attract members who want to remain (e.g., Arguello et al.
2006; Ma and Agarwal 2007; Ransbotham and Kane 2011).
As described in detail below, community size and resilience
aretwokey indicatorsof community sustainability that reflect
how effective a community has been at building such a
member base.

Outcomes related to community size have often been cast as
proxiesfor the successof an onlinecommunity (e.g., Arguello
et a. 2006; Lazar and Preece 2003; Ma and Agarwal 2007).
Online communities providevery limited valueif their sizeis



too small (Blanchard and Markus 2004; Peddibhotla and
Subramani 2007; Ridings and Gefen 2004) because members
derive benefit from the contributions made by other members
(Farrell and Saloner 1985; Katz and Shapiro 1985). Indeed,
by some estimates, the value a community can provide its
membership isexponentially related to thesize of itsmember-
ship (Spagnoletti and Resca 2012). Community adminis-
trators understand the importance of community size
(Johnston 2007) as a proxy for the resources available to a
community for accomplishingitscollectivegoals(Butler etal.
2007). Large size can signal to both members and non-
members that a community is active and vibrant (Markus
1987) and canimplicitly affirmitsvalue (Bateman, Gray, and
Butler 2011; Ren et a. 2012).

Researchers have recommended that communities display
information related to community size, such as public
acknowledgment when a new member joins or showing a
running tally of membership size (Kraut and Resnick 2011,
Resnick et al. 2011). Consistent with theliterature on incen-
tivesand group size (e.g., Zhang and Zhu 2011), membersare
more likely to contribute to a community when they believe
they are addressing a large audience (Burke et a. 2009),
although theimpact of size on contribution rates may depend
in part on personality characteristics (Nov and Arazy 2013).
However, design interventionsthat positively affect message
contribution may not increase community size (e.g., Choi et
al. 2010). Increasesin community size can actualy have a
negative effect on an individual’s willingness to contribute
(Jones et a. 2004; Kraut and Resnick 2011). For these
reasons, itisimportant to investigate other causal connections
by which technology features might impact community size
(Renet d. 2012).

If community size is a proxy for the benefits a member can
obtain (Butler 2001; Butler et al. 2007), then providing
members with indicators of community size is likely to
facilitate membership growth and sustainability only when
community sizeis sufficient—that is, when there are enough
membersto contribute valuable content (Resnick et al. 2011).
In addition to providing an adequate pool of informational
benefits (Spagnoletti and Resca 2012), a sufficiently large
pool of members is also necessary to develop the social
structures and norms that frame interactions, roles, contribu-
tion expectations, and community governance (Choua et al.
2010; Kaneet a. 2009). However, community size cannot be
directly controlled; rather, it is a result of many individua
choices based on members' beliefs about the benefits of
participating (Butler et al. 2007). Playing an important role
in a community’s long-term viability, community size is,
therefore, an emergent characteristic that is driven by the
interplay between technological features, member activity,
and individual choice.
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In addition to identifying the important role of community
size, prior research also suggests that devel oping a member-
ship base that iswilling to remain engaged is key to commu-
nity success (Bateman, Gray, and Butler 2011; Ren et al.
2012). However, online communities are often characterized
by considerable membership instability (Ransbotham and
Kane 2011), which negatively impacts acommunity’ s ability
to provide benefits to its members (Jina et a. 2010). Online
communities are unlike traditional organizations, where the
occasiona arrival or departure of membersgradually changes
the organization’s make-up, focus, and benefits (Kuk 2006).
Instead, online communities might best be seen as “fluid
objects’ (Farg et a. 2011) in which tensions around the
aignment (or misalignment) of members' interests drive
never-ending cyclesof change. Discussiontopicsthusevolve
as new individuals join and old members leave (Kim 2000),
as controversies erupt and subside, and as external events
createinterest intopicsthat later fades (Hummel and L echner
2002).

A resilient membership takes such topic variation in stride
(Kraut and Resnick 2011), with enough members remaining
engaged even asdiscussion topicschange. Among successful
communities, these constant changes produce no real dis-
continuity (Law and Singleton 2005) as members adapt their
attention and interests to that of the collective (Farg et al.
2011). However, communities that lack aresilient member-
ship may suffer as the benefits they can offer may be little
more than the contributions of the newest members (Kane and
Alavi 2007), which can dissolve into nothing more than
randominteractions (Fargj et al. 2011). Community mortality
can increase, either gradually or suddenly (Farnham et al.
2000), when amembership is not sufficiently resilient. This
often creates difficult challenges for community adminis-
trators, as community resilience is not subject to direct
intervention; rather, it emergesfrom the membership’ saggre-
gated and i nterdependent communi cation behaviors, expecta-
tions, and choices, which are themselves situated within and
influenced by the technological structures through which a
community functions.

A range of literature has touched on the issue of enhancing
community sizeand community resilience without the benefit
of astrong underlying theory base. For instance, practitioner-
oriented guides have provided advice about how to craft the
features of a community to increase members' likelihood of
joining and remaining (Kim 2000; Preece 2000). Researchers
have provided rich descriptions of the characteristics of dif-
ferent online communities, and of member reactionsto design
features (Beenen et a. 2004; Lazar and Preece 2003; Phang
et al. 2009; Rashid et a. 2006; Shen and Khalifa 2009).
While beneficial, such sources of guidance generally lack
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coherent theories to explain or predict how changes to
community platforms affect the devel opment of asufficiently
large and resilient membership at a community level (Ren et
a. 2012).

One stream of research has made solid theoretical contribu-
tions to the literature by narrowing complex community
phenomena into problems that are tractable at an individual
level of analysis. Studies have identified many reasons why
individualsparticipatein onlinecommunities, including being
attracted to community benefits(Blanchard and Markus2004;
Ridings and Gefen 2004), enjoying being perceived as a
member (Lakhani and von Hippel 2003), and having adesire
to help the community (Constant et al. 1996; Wasko and Faraj
2000). Participation may also be driven by deeper needs,
beliefs, or dispositions, including a sense of reciprocity (Hall
and Graha 2004; Wasko and Faraj 2005), atruism (Lakhani
and von Hippel 2003; Wasko and Faraj 2005), empathy
(Preece 1999), a desire for friendship (Ridings and Gefen
2004), or sense of connection with the community (Bateman,
Gray, and Butler 2011; Renetal. 2012). Casting participation
as a decision that is driven by individual-level cognitions
made by each member hasled to important contributions, but
primarily at anindividual level of analysis. Community-level
outcomes such as size and resilience have been, for the most
part, theoretically neglected.

Prominent online community researchers have pointed to the
need for research that models the emergent properties of
onlinecommunities, reflecting how interestswithin acommu-
nity change and how such fluctuations impact the direction,
focus, and flow of members (Fargj et al. 2011). While such
community dynamics have been of theoretical interest in
previous research (Butler 2001; Farg) and Johnson 2011; Oh
and Jeon 2007), the role of community platform charac-
teristics has not been well theorized. Although some studies
have sought to explain why sustainable online communities
are able to survive and succeed (Butler 2001; Jones et al.
2008; Joneset al. 2004), they offer littleinsight into questions
of how technology choices may affect emergent community
outcomes (Benbasat and Zmud 2003). Community re-
searchers (Zammuto et a. 2007) have called for more
research to explore and theorize the “black box” of tech-
nology in acommunity context, recognizing the intertwining
between technology, individual member decisions, and
higher-order community characteristics. Othershave pointed
to the need for better understanding of the relationship
between emergent online community characteristics and the
technological platformsby which communitiesoperate (Faraj
et al. 2011). To provide a strong conceptual foundation for
moving thiswork forward, we propose atheory and develop
a model that explains how online community size and

4 MIS Quarterly Vol. X No. X/Forthcoming 2014-2015

resilience can be parsimoniously explained through member
attraction, selection, and attrition.

An ASA Theory of Online
Communities I

Online communities are in some ways quite different from
traditional organizations, but both evolve as afunction of the
constantly changing cast of charactersthat aretheir members.
Attraction—sel ection—attrition (A SA) theory (Schneider 1987,
Schneider et al. 1995) model stheemergenceof organizational
characteristics as a function of three processes that reflect
members’ decisionstojoin, remainin, and ultimately leavean
organization. Our proposed A SA theory of onlinecommunity
dynamics (which we term OCASA) begins with the premise
that these same three processes are central to the emergence
of discussion community characteristics.

Attraction

Prospectiveemployeesareattracted to organi zationsbased on
organi zational characteristicsthey infer but cannot fully know
in advance (Turban and Keon 1993). Depending ontheinfor-
mation they can gather, some will be more likely than others
to concludethat an organization is attractive (Schneider et a.
1995). Differencesin perceived attractivenessare aso influ-
enced by individuals' varied preferences regarding employ-
ment conditions, job characteristics, and organizational
features (Judge and Bretz 1992; Vroom 1966). Alignment
betweenindividuals' interestsand the organi zational informa-
tion they obtain from published sources and interpersonal
contacts makes an organization more attractive to them. As
aresult, they are more likely to seek to join it (Rynes et al.
1991).

Analogous processes operate in the online community eco-
system. Potential members are attracted to a community by
their expectations of congruency between their personal
interests and the community’s topics, goals, and activities
(e.g., Ridings and Gefen 2004; Wasko and Farg 2005).
Much depends on what we term initial fit expectations, or the
expected degreetowhich anindividual believesthat hisor her
interests match a community’ s discussion activity. Potential
members may develop such expectations by reading formal
descriptions of a community (e.g., “About Us"), official
documentation (e.g., FAQSs), or prior communications (e.g.,
archived discussion posts). When initia fit expectations are
high, potential members believe that they will benefit from
joining a community. Because their decision to join hinges



critically on theanticipated benefits of doing so, thosewho do
become members arrive with positive expectations that the
content of community discussions will match their interests
(Levine and Moreland 1999; Wanous et a. 1992), even
though they may in fact have madeincorrect inferences about
the truefit with their interests (Joyce and Kraut 2006; Turner
et al. 2005).

Selection

The selection process picks up after individuas join an
organization and involves ongoing eval uation of congruence
between their interests and the organizations based on actual
experience (Ryan et al. 2000). Thingslikework assignments,
enacted values, and work climate provide new information
that cause membersto reeval uate congruence. This continual
reassessment may change how each individual engages with
the organization. A good person—organization fit is asso-
ciated withincreased job satisfaction and commitment (Cable
and Judge 1996). Conversely, perceived incongruence in
interests or values can lead to dissatisfaction, reeval uation of
the person—organi zation relationship, and, ultimately, turnover
(Posner 1992).

A similar selection processtakes placein online communities
as members direct exposure to discussions after joining
changes their fit expectations. Consistent with work on
individual—group socialization, these expectations evolve as
a function of the benefits individuals believe they stand to
gain by engaging a group (Moreland and Levine 1982). A
range of benefits may be derived from message-based
discussions, including access to information (Galegher et al.
1998), support (Ridings and Gefen 2004), and access to
expert advice (Lampel and Bhalla2007). In accordance with
genera theories of benefit evaluation and belief updating
(e.g., Brinthaupt et al. 1991; Carley 1991; Turner 1988),
members’ first-hand exposure to a community’s discussions
leads them to update their expectations about the future
availability of such benefits.

Although members' initial decisions to participate are influ-
enced by the value of the benefits they expect to obtain, their
intention to remain in the community is influenced by the
fulfillment of such expectations (Jinaet al. 2010). However,
members’ initial fit expectations may differ from these
updated post-joining expectations, in part because initia
expectationsare necessarily based onincompleteinformation
(Ransbotham and Kane 2011). Further, the focus of online
discussions continually emerges as the membership changes
(Figallo 1998; Rheingold 1993). Asaresult, content-related
benefits that are valued by a member may fade or disappear
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over time. Observations of past messages, therefore, provide
inherently imperfect indicators of future benefits. Members
exposure to current discussion activity leads them to update
their expectations about the likelihood of obtaining benefits
by remaining engaged. Becauseindividualsinasocial setting
do not remember every instance of discussion activity, they
form generalized expectati onsthat becomeweaker or stronger
asthey are exposed to disconfirming or supporting evidence
(Wasserman and Faust 1994). Thus, members continually
updatetheir overall evaluation of thefit between acommunity
and their interests even though they do not remember every
message they have encountered.

Attrition

Theattrition processrefersto an employee’ sdecisiontoleave
an organi zation because of a mismatch between their expec-
tations and that organization’s characteristics (Bretz et al.
1989; Ryan et a. 2000). Employees may leave for a wide
range of reasons, but ASA considers the misalignment be-
tween what they want and what organizations provide as
central (Schneider 1987; Schneider et al. 1995). Attrition
means forgoing the benefits associated with membership—
perhaps an appealing alternative when those benefits no
longer matter toanindividual. Regardless, employees’ depar-
tures reduce organizational size and, therefore, reduce the
resourcesavailableto perform organizational activities. Over
time, attrition reshapes an organization asawhol e (Schneider
et al. 1995) in ways that alter the benefits it can provide to
those who remain.

Individualswill leave an online community when they expect
that the community’s future discussions will not align with
their own interests (e.g., Andrews 2002; Ransbotham and
Kane 2011; Ridings and Gefen 2004). Attrition aters com-
munity size and changes community characteristics; when
membersleave, they cease contributing, and discussiontopics
shift toward the interests of the remaining members. These
changes, in turn, influence other members' ongoing evalua-
tions of a community, producing follow-on departures and
even more topic changes. Together, such changes signifi-
cantly alter acommunity’ slong-termtrajectory by alteringthe
benefits available to members, thereby affecting a commu-
nity’ s viability over time (Spagnoletti and Resca 2012).

ASA theory provides a useful foundation for modeling com-
munity emergence as a function of members participation
decisions that are driven by their expectations of fit. How-
ever, it provides little help in understanding how technology
choices affect community size and resilience because it is
missing key theoretical constructs and processes that can be
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directly influenced by technology. Because the rapid evolu-
tion of community technologies limits the impact of research
that theorizes specific technical features, we instead theorize
constructs that can be affected by a range of technical fea-
tures, but are not featuresthemselves. A feature-based model
might, for example, consider the direct impact of aparticular
search interface or certain content preview functionality on
community size and community resilience. But, as techno-
logical advancesintroduce new features and make older ones
obsolete, such feature-specific findings might quickly fade
from relevance. Our goa is instead to produce a more
flexible and robust theoretical model by following what
Orlikowski and lacono (2001) term a “proxy view” of tech-
nology, providing a foundational theoretical model that
capturesan essential impact of I T that could beinstantiated in
many different ways by different technological features. We
follow this approach in order to provide a general theoretical
framework upon which future theoretica and empirical
studies (including feature-oriented studies) can build, and
through which such studies can be integrated. In what
follows, we extend ASA theory by articulating the causal
connections through which a community’s technological
features can influence ASA processes by affecting partici-
pation costs and topic consistency cues.

Participation Costs

Members derive benefit from discussion communities by
navigating, searching, and reading messages (e.g., Welser et
al. 2007), but these actions take considerable time and effort.
Communities with large message volumes may be active and
vibrant, but the costs of attending to and processing many
messages are often significant deterrents to member engage-
ment (Jones et al. 2004). A larger message volume means
that members must both invest more time to keep up with
discussions and also sort through more irrelevant content to
find the messages that are of interest. When members expect
these participation costs to be high in the future, they are
more likely to disengage from the community (Bateman,
Gray, and Butler 2011; Kuk 2006; Millen et a. 2002).

As members become involved in acommunity, they observe
the number and frequency of messages that are typically
exchanged (Kim 2000), and form volume expectations—the
level of discussion activity anindividual believesistypical in
a particular online community. Volume expectations influ-
ence both individuals’ initial decisions to join a community
and their continued involvement (Jones et al. 2004; Lakhani
and vonHippel 2003). Together with fit expectations, volume
expectations affect their perceptions of the costs and benefits
of continued membership.
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Community technology choices can significantly change the
impact of discussion volume on perceived participation costs.
Community technical featuresaffectindividuals' behaviorshy
providing affordances that facilitate, or hinder, the perfor-
mance of activitieswithin acommunity (e.g., Andrews 2002;
Kim 2000). These affordances raise or lower the costs of
participation—that is, they change the relationship between
the volume of discussion activity within acommunity and the
costsincurred by members. For example, some technologies
make it easier to find and consume content (Arguello et al.
2006; Viegas et a. 2007), develop and maintain personal
profiles (Boyd and Ellison 2007), or monitor and add to
ongoing discussions (Majchrzak et al. 2013). Features such
as discussion threading and filtering may drastically reduce
the costs of dealing with messages of interest, thereby
reducing average participation costs. Other features, such as
ratings, voting, and other message-level community manage-
ment mechanisms can increase the impact of discussion
volumeon participation costs by adding visual and procedural
complexity to community content. Whether they make it
easier or harder for members to handle larger message
volumes, technology choices alter the impact of discussion
volume expectations on future engagement with acommunity
by changing members’ assessments of participation costs.

Increased participation costsoffset individuals' perceptionsof
the benefits to be obtained when their interests fit well with
the discussion activity within a community. Importantly,
although there may be variation across membersin how they
appropriate such technologies (e.g., Dennis et al. 2001), the
presence or absence of atechnical featurewill have ageneral
effect across all individuals participation costs and their
evaluation of the implications of continued membership.
Individuals' assessment of net benefits (benefits less costs)
therefore provides an important theoretical channel by which
to conceptualize the impact of technology choices on emer-
gent community-level outcomes such as size and resilience.

Topic Consistency Cues

Animportant difference between traditional organizationsand
online communities is the extent to which they provide con-
sistent benefits to members over time. Traditional organiza-
tions often have considerable inertia (Hannan and Freeman
1984) dueto slow-changing aspects such asformal structures,
processes, routines, contracts, hierarchiesof decision making,
and labor arrangements (Scott and Davis 2007). Members of
many traditional organizations can often safely assume that
the activity they experience—and hence the benefits they
receive—tomorrow will be very similar to what they
experienced today, because these slow-to-change aspects are
visible, interlocking, and intended to produce continuity.



Members of online communities have fewer such assurances
of continuity becausethe activity they experience arisesfrom
the voluntary actions of individuals who have more tenuous
relationships with a community (Bateman, Gray, and Butler
2011), who areinconsistent intheir participation level s(Joyce
and Kraut 2006), and who are often invisible even when
“present” (Bateman, Pike, and Butler 2011). Individualscan
quickly enter acommunity, contribute to a discussion (even
dominate it), and leave without any indication of their depar-
ture. Discussion topics may explode onto the scene and then
just as quickly disappear. Sometimes these are short-term
bursts, but other times they are the beginnings of a major
change in direction in the topics discussed in a given com-
munity (Farnham et al. 2000). When dedling with this
unavoidable uncertainty, members must make judgments
about the degree to which recent discussion activity isrepre-
sentative of future activity. These judgments can range from
compl ete confidencethat future topicswill be similar to those
currently discussed to significant skepticism that recent
conversation topics will be continued into the future. Ulti-
mately, such expectations affect decisions about continuing
membership because they affect the degree to which current
activity impacts individuals' developing expectations about
thefuturefit between community discussion activity andtheir
interests.

Many technological features available in a community can
provide topic consistency cues that affect how individuals
experiencethecommunity’ sdiscussion activity (Beenenet al.
2004; Ludford et al. 2004). For instance, visualization fea-
tures and interface functionality can emphasize or deempha-
size parts of acommunity’s discussion history (Donath et al.
1999). Featuressuch asmember profilesand post ratings may
strengthen others’ beliefs that current topics are more likely
to be discussed in the future. Other features, such as thread
view counts and thread reply counts, can affect topic con-
sistency cues by hel ping members see whether or not topics
are broadly interesting to others. Communities may signal a
lack of topic consistency whentechnical featuresprovidelittle
contextualization of discussion content, no cues about the
growth and trajectory of a discussion topic, and little or no
information about the people involved and their history with
the community. In thisway, community platforms may lead
individuals to place less weight on recent discussion activity
asanindicator of futurefit. Whileindividualswill naturally
vary intheir topic consistency expectationsfor many reasons
(e.g., personality, experience using communities), community
technol ogy features provideimportant cuesthat will influence
those expectations systematically for all members. Ulti-
mately, topic consistency cuesinfluence community resilience
by affecting whether acommunity’ s membership will remain
engaged in the face of changing discussion topics.
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Taken together, the attraction, selection, and attrition pro-
cesses framed by traditional ASA theory produce a series of
feedback effects that ater the topics discussed and the
potential benefits acommunity can offer members, whichin
turn affects individual-level decisionsto join, stay, or leave.
By extending ASA theory to account for participation costs
and the somewhat ephemeral nature of online communities,
we provide a foundation for examining and explaining the
link between individuals beliefs about a community, their
behaviorswithin acommunity, and ultimately, aswe will see
below, the emergence of community characteristics such as
size and resilience.

Methodology I

Simulation hasbhecomeanintegral part of scientificinvestiga-
tion, fueled in part by increasingly powerful computers
(Hamming 1997). Simulations are simplified computational
models of some, but not all, characteristics of real-world
processes, systems, or events (Law and Kelton 1991), in
which theoretical logic is instantiated in executable code
(Davis et a. 2007). The input parameters of a simulation
model are calibrated to reflect observed conditions (Lave and
March 1975) and can be manipulated to represent other
possible conditions, allowing researchers to conduct virtual
experiments (Carley 2001) whose results can be analyzed to
better understand the implications of a theory instantiated in
the model (Bratley et al. 1987; Chen and Edgington 2005).
Thismakessystematicinvestigation of proposed rel ationships
possible, yielding propositions that can be used to inform
future theorizing and guide empirical work.

As a theory development method, simulation affords
researchers a controlled and consistent way of examining a
theory’ s premises and exploring itsimplications. Simulation
can enhance theoretical precision, improve internal validity,
and guide theoretical elaboration (Carley 2001). Some theo-
retical understanding of the focal phenomenais necessary to
construct a simulation model, but its true value “depends on
anincomplete theoretical understanding such that fresh theo-
retical insightsare possiblefrom the precision that simulation
enforces and the experimentation that simulation enables”
(Davis et a. 2007, p. 483). Simulation is well suited for
identifying assumptions and implications of the logic at the
heart of developing theories (Carroll and Harrison 1998;
Kreps 1990). It isa particularly useful tool for developing
theory around complex phenomena (Zott 2003) such asthose
involving feedback |oops, nonlinear processes, or high-order
indirect effects (Burton and Obel 1995; Oh and Jeon 2007).
Simulation researchers can explore multiple scenarios, ana-
lyze complex systems before their creation, and conduct
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research that would be too costly or disruptive using other
methods (Bapnaet a. 2003). Classic simulation studieshave
propelled research in new directionsin areas such asdecision
making (Cohen et al. 1972; March 1991), organizational
evolution (Herriott et al. 1985; Morecroft 1985), and organi-
zational learning (Lant and Mezias 1990).

This study applies simulation as a theory-building strategy.
We model the ASA processes by which complex and higher-
order community phenomenaemerge from individual behav-
iors, thereby extending theories that provide only a partia
explanation of discussion community dynamics. We imple-
ment amodel and use it to conduct a series of virtual experi-
ments to explore emergent consequences that are not posited
in the original theory and not formally tested to date. The
higher order outcomes (community sizeand resilience) arenot
direct results of specified parameters, but are instead the
output of complex interactions among elements of the model.
Our simulation model thus providesabridge between process
explanations of community development (e.g., Ridings and
Wasko 2010) and variance models of community outcomes
(e.g., Butler 2001; Jones et a. 2004).

Daviset al. (2007, p. 482) prescribe amultistage approach for
developing theory through simulation. Following their
approach, we (1) articulated a research question (how can
technol ogy choi cesinfluence community sizeandresilience?)
and (2) identified a“simple theory”* to be the foundation for
understanding the phenomena of interest (attraction—
selection—attritiontheory). Inthefollowing sections, we con-
tinue the process by (3) describing our simulation approach;
(4) creating a computational representation based on the
specifications of the model; (5) verifying the computational
representation by calibrating and validating the model; and
(6) experimenting to build novel theory, through the analysis
of simulation results and developing propositions.

Simulation Specification

To develop the OCASA theory, we implemented an agent-
based model, a type of computational model well suited for
studying how actions and interactions of autonomous agents
affect emergent characteristics of a larger system (Carley
2001). To examine the feedback loops and higher order ef-

®Davis and his colleagues suggest that the parsimony afforded by simple
theory providesfocus and precision valuableto theorizing. A simpletheory
is one that involves only afew constructs, with some empirical or analytic
grounding but that is limited by incomplete underlying theoretical logic. It
often includes concepts from well-known theories, especialy when the
research focuses on their interaction.
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fectsimplied in the OCASA theory, we combined the agent-
based model with a discrete event simulation that modelsthe
passage of time as a series of distinct periods. This approach
was selected because it alows for the modeling of emergent
outcomes arising from simultaneous actions of autonomous
agents without the computational resource requirements and
design complexity of true parallel execution (Law and Kelton
1991).

In our model, an online community consists of two types of
agents: a platform and autonomous individuals. A platform
isapassive agent that enablesindividual sto access messages
from, and disseminates messagesto, other members. A com-
munity hasasingle platform through which memberscommu-
nicate. Individual sareactiveagentswho may join, contribute
messages to, receive messages from, and leave a community
by interacting with its platform. Through these interactions,
community sizeand community resilience emerge. Below, we
describe how OCASA theory is instantiated in the capa-
bilities, characteristics, and interactions of individuals and a
platform.

Modeling a Platform

In the model, platforms have two capabilities (membership
tracking and message management) and two characteristics
(participation cost and topic consistency cues) (Table 1).
Membership tracking refers to a platform’s ability to pas-
sively maintain a community membership list in response to
individuals' joining and leaving requests. An individua
choosing tojoin acommunity informsitsplatform andisthen
added to the community, gai ning accessto the communication
capabilities of the platform (message creation, dissemination,
and access). Likewise, an individual who chooses to leave
informs the platform and is removed from the community.

Message management is a platform’s ability to accept mes-
sages from members and disseminate them to others in the
community. Each message is modeled as having a single
topic (represented by a real value between 0 and 1 inclu-
sively), but the same topic may be the subject of multiple
messages. During each time period, a platform alows, but
does not require, each member to submit asingle message on
a topic of their choice. After all members have had an
opportunity to submit a message, the platform distributes the
messages to all members.

Participation costs (PC) refer to the time and effort that an
individual must expend in order to derive benefit from the
discussion activity within an online community. Because
members are sensitive to the volume of activity within an
online community (Butler 2001; Jones et al. 2004; Ridings
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Table 1. Platform Capabilities and Parameters

. The ability to identify community members based on two passive methods:
Member Tracking - . .
Platform accepting new members and removing departing members
Capabilities The ability to collect submitted messages from and distribute messages to
Message Management .
current community members
Within the community platform, the ratio of the per-message processing cost
Participation Cost (PC) over the average benefit provided by a message deemed interesting (Range:
Platform [0,1])
Parameters _ , : - - -
Topic consistency cues | The degree to which a community platform signals that current message
(TCC) content is indicative of future content (Range: [0,1])

and Wasko 2010), we base PC on a per-message cost that is
incurred by each member as they receive and attend to each
message. Specifically, we express PC as aratio of the per-
message processing cost and the average benefit provided by
amessage deemed interesting.* Thisallowstwo unobservable
parameters (PC and per-message benefit) to be collapsed into
one, simplifying calibration, validation, and analysis. The
result is avalue ranging from O to 1° that captures the degree
to which processing a message is more (or less) useful than
the benefit obtained from doing so. While individual differ-
ences might lead to variation in participation costs, we expect
these idiosyncrasies will be randomly distributed within a
population. The use of a common parameter for al indi-
viduals alows for a tighter examination of the impact of
community technology attributes on community outcomes.
This approach is particularly useful when, asis the case in
this study, the focusis on devel oping theory related to emer-
gent phenomena (Burton and Obel 1995).

A second aspect of community technology that is central to
community development in the proposed OCASA theory is
topic consistency cues (TCC). Message topics will change
over time, and members must decide whether changes signal
that acommunity will belessinteresting to themin thefuture,
or are merely momentary fluctuations that have no future
implications (Farnham et al. 2000). Community technologies
profoundly affect how members experience discussion
activity and are likely to have systematic effects on the con-
clusions members form about whether current discussion
activity is representative of future communication activity.
To capture this characteristic of community life, we model
topic consistency cues as how strongly a community’ s tech-

Value is arbitrarily set to 1 to facilitate interpretation of the model and
results.

5PC values can mathematically exceed 1, but in such asituation individuals
expect the cost of processing interesting messages will exceed their benefit.
Under these conditions, no one will join the community. Hence PC > 1
necessarily result in afailed community.

nologies signal that topics that may appear in the future will
be consistent with what have appeared recently.

As a passive agent, a platform does not determine who may
join or what topics may be discussed. Community charac-
teristics such as size, discussion volume, member loss, and
resiliencearenot directly determined by themodel ed platform
parameters. These emergent community characteristics are
affected by the capabilitiesand parametersof its platform, but
they are only realized when individuals interact with one
another through the platform. As such, the model is not tech-
nologically deterministic, but rather conceptualizestheconse-
guences of technology as arising from the interplay elements
within a complex sociotechnical system.

Modeling Individuals

We mode individuals as autonomous active agents that have
interestsand expectations, make choices, and create messages
(Table2). Astheorized above, individuals' engagement with
a community follows a common pattern. They discover and
join acommunity based on their initial expectations about it
(attraction). After joining, individuals may contribute mes-
sages and update their expectations about the community in
response to the messages they observe (selection). Based on
their experience, they either stay or leave (attrition). While
individuals all engage a community through these genera
processes, they differ withrespect totheir initial expectations,
their predilection to contribute messages, and their interests.
It isthrough the aggregation and interplay of theseindividual
differences that community characteristics emerge.

Attraction to an online community involves three activities:
discovery, initial expectation formation, and joining. There
islittle research that considers how individuals discover and
form initial expectations regarding communities (e.g., Bate-
man, Gray, and Butler 2010), but this is less important to
OCASA theory than what those expectationsare. Therefore,
we treat discovery and initial expectation formation as
exogenous to the simulation.
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Consistent with the theory as outlined earlier, we concep-
tualizeindividuas' initial expectationsasconsisting of initial
fit expectations (F,) andinitial volume expectations (V). We
represent initial fit expectations with values between 0 and 1
that indicate the degreeto which anindividual expectsacom-
munity’ s discussion will match his/her interests. Low values
indicate that most of acommunity’ s messages are expected to
be outside an individual’ s interests, while high values imply
the expectation that most message activity will be of interest,
and hence beneficial. We represent initial volume expecta-
tions by positive values that indicate how many messages an
individual expectsacommunity will generatein agiventime
period. Low values indicate that an individual does not ex-
pect thereto be much discussion activity, while higher values
indicate an expectation of high message volumes. Together,
initial fit expectationsand initial volume expectations capture
individual variation arising from the attraction process.

OCASA theory posits that expectations about interest fit and
volume of activity will affect individuals' engagement deci-
sions because they will be attracted to a community when
they expect the benefits of involvement to outweigh the costs.
Messages that are of interest provide benefit, while those
outside an individual’s interests do not; therefore, the ex-
pected benefit is based on the number of messages that an
individual expects to be of interest (F;*V,). However, an
individual must deal with all community messages in some
way, even if they are not of interest. Thus, the expected costs
of involvement are a function of both the total expected
message volume (V) and the per-message participation cost
arising from the characteristics of the platform (Table 1).
Individuals evaluate acommunity by comparing the benefits
they expect to derive from messages (F;*V,) with the
expected cost of dealing with those messages(PC*V,,). Those
whose initial expected net benefit (E, = Fy*V,— PC*V,) is
positive will be attracted to the community and will joinit by
submitting a request to the community platform.

Once individuals join a community, its platform provides
them with the ability to send messages and derive benefit
from messages sent by others. Central to these activities are
individuals' interests, which constrain the topi cs of messages
they might contribute and determine whether areceived mes-
sageishbeneficial. Ultimately, it isthe presence or absence of
these benefitsthat leadsindividualsto determine their degree
of fit with the community. Individuas' interests (1) are
represented as a range of values between 0 and 1° on a unit

The representation assumes that individual interests are contiguous within
thetopicset (i.e., anindividual isinterested in all topicsintheir interest range
and no topics outside it).
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circle’” An individual with broad interests might be
represented as interested in topics 0.1 through 0.9 (I = [0.1,
0.9]) while one with more focused interests might be
interested in topics 0.2 through 0.35 (I = [0.2, 0.35]). Indi-
viduals' interests factor into their assessment of the expected
benefit from discussion activity through their fit expectations.
They aso provide abasis for modeling individualsS message
contribution behavior by determining the range of topics
about which they are capable of creating messages.

Aswith the development of initial expectations, the decision
to contribute messages is affected by many idiosyncratic
individual and contextual factors (e.g., Bateman, Gray, and
Butler 2011; Ridings and Gefen 2004; Wasko and Fargj
2005). This decision is modeled as a probabilistic process
based on an individual’s message contribution probability
(MCP). During each time period, each individual has an
opportunity to create and disseminate a message to the com-
munity. MCP isavalue between 0 and 1 that represents the
likelihood anindividual will contribute by randomly selecting
a topic® from their interests, creating a message, and sub-
mitting it to the community platform. Low values indicate
that an individual isunlikely to communicate; at the extreme,
a MCP of 0 indicates a “lurker” who is able to contribute
messages, but will never do so. A high MCP value indicates
that an individua is very active, regularly contributing mes-
sages. Together, an individual’s message contribution
probability and interest distribution probabilistically charac-
terize their message contribution behavior.

OCASA theory posits that individuals' evolving fit expecta-
tions (F,) and message volume expectations (V,) are central to
their ongoing involvement inacommunity. Eachindividual’s
fit expectation (F,) is a value between 0 and 1 representing
their expectations at time period t about the degree to which
future messages will fit hisor her interests. Anindividual's
volume expectation (V) isapositive value representing their
expectation at time t of the number of future community
discussion messagesthat will appear. Modeling expectations
in this way is consistent with research that suggests that
individuals maintain generalized memories of prior socia
activity, not detailed histories of past social activity (Wasser-
man and Faust 1994, p. 57).

"Instead of bei ng represented asalinewith 0 and 1 at the extremes, the set of
topics possible in acommunity isrepresented asacircle with circumference
of 1. This captures the logic of a linear topic space, while avoiding edge
effects associated with end pointsin alinear model.

SNew message topics are selected by an individual from a uniform random
distribution bounded by their interest range so al topics within the interest
range are equally likely to be chosen.
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Table 2. Individual Capabilities, Parameters, and Characteristics

Deciding to become involved in a community based on initial expectations of
positive net benefits

Creating and submitting messages for distribution to a community

Updating net benefit expectations for continued involvement based on the
message activity experienced in a community

Ceasing involvement in a community based on the assessment that the expected
net benefits are negative

Expectations formed prior to joining about the degree to which an individual’s
interests match the discussion within a community (Range: 0 to 1)

Initial Volume Expectations Expectations formed prior to joining about the number of messages in a

(Vo) community each period (Range: V, > 0)

Message contribution The likelihood of the individual contributing a message to a community (Range: 0

Joining

Message Contribution

Expectation Updating

Leaving

Initial Fit expectations (F,)

Individual
Parameters

probability (MCP) to 1)
The set of topics in which an individual is interested (a range of values between 0
Interests and 1)

Expectations about the future match between an individual’s interests and a

Net Benefits Expectations (E,)

9 | Fit expectations (F) community’s discussion activity, arising from initial fit expectations and exposure
Ei @ to messages (Range: 0 to 1)
.g % Expectations about the number of messages that will be present in a community
? % Volume Expectations (V,) each period, arising from initial volume expectations and exposure to community
= 5 messages

Expectations about the net benefits of remaining involved in a community

Individuals' content and volume expectations change as they
experienceacommunity’ sdiscussion. Each messagereceived
by anindividual isaresourcethat, if it isof interest, isabasis
for deriving benefit from involvement in acommunity. Each
message isalso asignal providing information about content
and amount of activity that might be expected in the future,
which leads individuals to change their expectations about
future message content and volume. We model fit expecta-
tion updating asareinforcement process (Hunter et al. 1984);
each observed message that is of interest leads an individual
to increase expectations about the proportion of future
messages that will be of interest, while each message that is
not of interest leads to a corresponding decrease in expecta
tions. The amount of that increase is determined by a plat-
form’s topic consistency cues (TCC) and a function of the
individual’ sprior fit expectations’ (F., — F?,). Each message
an individua encounters that is not of interest leads to a
downward adjustment of future fit expectations by the same
amount (DF, = TCC*(F, — F2,)). After all messages for a

SFit expectation updating is modeled with this functional form based on
evidencethat changesinindividuals' beliefsand expectationsarenonlinearly
related to the strength of current beliefs (Hunter et al. 1984). Strong negative
or positive current expectations are associated with small changes, while
weaker, more ambivalent expectations are associated with larger changesin
response to additional information.

given period are distributed, individual s update their volume
expectations (V,) by maintaining an running mean message
volume for al periods they have been involved in a commu-
nity. Together these processes operationalize the selection
process described in the OCASA model by specifying parti-
cular mechanisms by which individuals adjust their expecta-
tions about a community’ s discussion content and volume.

Expectations are al so central to the OCASA model’ s attrition
processes, whereby individuals reevaluate their involvement
and may leaveacommunity. Whenindividuals' expectations
about the degree of fit between their interests and future com-
munity messages (F,) change, so do their expectations about
the potential benefit they may obtain by continuing to parti-
cipate (F, *V,). Similarly, as expectations about the level of
message activity (V,) change, so do expectations about the
associated benefits (F, *V,) and costs (PC*V,). Thus, as an
individua’s content and volume expectations fluctuate, their
expectations about the net benefit of continued involvement
change as well (E, = F, *V, — PC*V,). If an individua’s
assessment of expected net benefits drops below zero, the
individual submitsareguest to the platform to leave the com-
munity, and attrition occurs. At this point, an individual can
no longer create or receive community messages and there-
fore no longer receives benefits or incurs costs via the
community.
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Table 3. Community Characteristics

Size, The number of members in a community at time t

Community Resilience,

The degree to which members will tolerate nonbeneficial content without leaving a commu-
nity. This is assessed based on average fit expectation among the members at time t.

Member Loss,

The number of members choosing to leave a community at time t.

Discussion Volume,

The number of messages submitted by and distributed to community members in time t.

To model acommunity, it isnecessary to model acommunity
platform and a population of individuals. A community plat-
formisinstantiated by specifying participation costs (PC) and
topic consistency cues (TCC) values. A population of poten-
tial participants is modeled by specifying an attraction rate
(A) and distribution parametersfor initial fit expectations(F,),
initial volumeexpectations(V ), message contribution proba-
bilities (MCP), and interests (I) among the individuals. The
attraction rate isthe number of individualsthat chooseto join
in each time period. The distributions of initial content and
volume expectations describe how individuals vary with
respect to the initial expectations they form about a commu-
nity. The distribution of message contribution probabilities
specifieshow individualsdiffer intheir tendency to contribute
messages. The distribution of interests describes how indi-
vidualsvary interms of the subset of the topic spacethey find
to be beneficial. Taken together, these parameters (see
Appendix A) describe the information needed to represent an
online community within the proposed model.

Characteristics of a discussion community emerge from the
interplay of the community platform and the actions of indi-
viduals. Community size is the number of individuals who
have chosen to remain in a community in a particular time
period. Community resilience reflects individuals' overall
willingnessto remain in spite of variability and changeinthe
topics discussed. This community characteristic is reflected
in the mean level of fit expectations among members, which
is their average expectation about the degree of fit between
their interests and future content. Thisis an indicator of the
magnitude of expectation change that would be necessary
before a significant proportion of a community’s members
would end their involvement. Member lossisthe number of
members who choose to leave a community at the end of a
given period. Discussion volume isthe number of messages
members submit to the platform in a given period. Commu-
nity size, community resilience, member loss, and discussion
volume are al characteristics of a specific community
(Table 3) that do not directly arise from model specification,
but rather from the interaction of community platform fea-
tures, individual tendencies, and context dependent choices.

Themulti-agent model described herewasimplemented using
MATLAB, ahigh-level computer environment for computa-
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tion and visualization that integrates numerical analysis and
graphics. MATLAB iswidely used for simulationimplemen-
tation and analysis. We selected it for this project because it
provides a strong combination of flexibility, power, ease of
use, high quality documentation, and peer support (Attaway
2012; Mikolai and Madey 2009). This combination of fea-
tures alowed for efficient implementation of the discrete
event, multi-agent model specified above, calibration and
validation of the model, and execution of the virtua experi-
ments and analysis used to examine the implications of the
model. The MATLAB scripts that implement the model
described here are available from the authors on request.

Model Calibration and Validation

Before examining asimulation model’ simplications, connec-
tions must be made between the model and observed features
and characteristicsof the phenomenaof interest (Bratley et al.
1987; Chen and Edgington 2005). Calibration grounds a
model in data drawn from real-world phenomena in order to
anchor model parameters, while validation tests the model to
verify correspondence between modeled and observed emer-
gent characteristics. In the calibration process, simulation
parameters are set to reflect the features of empirical data
(Carley 1996), resulting in parameter values that represent a
particular sample of discussion communities. These param-
eter values provide a reference point for model validation,
analysis, and interpretation. Validation of themodel assesses
how well the emergent characteristics of modeled samples of
communities matched those of the validation subsample.
These processes establish that the model as constructed
mirrors critical aspects of online discussion community
dynamics and hence is a reasonable basis for developing
specific propositions regarding the role of technological
featuresin their development and evolution.

For thisstudy, calibration and validation began with arandom
sample of unmanaged listserv communities that communi-
cated viamailing lists and list management software. From
over 70,000 listservs that had been in operation for at least
four months, we selected a random sample of 284, stratified
by subject to ensure that it spanned a range of topics and



member populations. For each community, all discussion
messages and daily membership lists were collected for 130
days. Thisobservation period waschosen becauseit waslong
enough to observe meaningful changes, but still feasiblegiven
congtraints on the available processing and data storage
resources. Communities that ceased operation, changed
message formats, or altered the accessibility of member data
during the data collection period were dropped, resultingin a
dataset of 192 communities. From this set, 50 percent (96)
were randomly selected for the calibration dataset; the
remaining became the validation dataset.

Model Calibration

The model was calibrated by (1) calculating the distributions
of observable parameter values among the communities
within the calibration sample, (2) assigning distributions to
some secondary unobservable parameters based on prior
literature, and (3) estimating primary unobservable parameters
based on fit between the distributions of secondary com-
munity characteristics in modeled samples of communities
and those observed in the calibration sample.

Thefirst stepinvolved determining the distribution of observ-
able parameters (attraction rate and message contribution
probability distributions) within the calibration sample. We
based the attraction rate for each community on the average
number of new members per day over the entire observation
period. Ineach step of calibration, we used probability plots
(P-P) to determine whether a gamma, Weibull, exponential,
or log-normal distribution was the best fit for the empirical
data (Law and Kelton 1991, p. 374). We calculated the per-
month rate of entrants for each community in the calibration
sample, and then fit a distribution to these data, which was
well described by a gamma distribution with a= 0.2624 and
b=1.1264 (Appendix A). Inour model, individuals within a
population discover acommunity probabilistically, based on
its attraction rate (A) that is drawn from this distribution.

The message contribution probability (M CP) distribution for
each community wasal so determined using raw datafromthe
calibration sample. However, because MCP distributionsare
typically highly skewed (Butler 2001; Jones et al. 2004), itis
not sufficient to represent them with a single measure of
central tendency. Instead, theM CP distribution for each com-
munity was represented by two values: a participation ratio
and a participation probability. Participation ratio is the
proportion of individuals who contribute a message at |east
oncewhile members (i.e., the non-lurkers). It was calculated
for each community as the total number of unique contribu-
torsdivided by the number of membersat any time during the
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observation period. For thecalibration sampleasawhole, the
distribution of participation ratios was determined to be well
described by a gamma distribution with a= 0.3024 and b =
0.5268. Participation probability isthelikelihood that anon-
lurker will choose to contribute a message in a given period,
calculated for each community asthe number of messages per
day per unigque contributor over the observation period. Inthe
calibration sample, participation probabilities were log-
normally distributed with u = -4.10 and ¢ = 0.55.

The second step of model calibration involves assigning
distributions for the secondary unobservable parameters (a
community’ sinterest distribution, initial fit expectations, and
initial volume expectations). While it is ideal to calibrate
parameters using empirical data, for some parameters this
simply may not be possible. Inthese cases, parameter values
may be set based on prior research or beinferred by matching
simulation outcomes with other observable data (Law and
Kelton 1991). In a process analogous to randomization in
experimental design, unobservable parametersthat arenot the
primary focus of investigation may beanchored using general
distributions. This has the effect of alowing for variation in
these secondary parameterswhile controlling for their effects
on the processes and relationship of interest.

A community’s interest distribution describes how indi-
viduals' interests vary. Generally, individuas' interest will
differ with respect to their location in the topic space (interest
location) and the amount of the topic space they cover
(interest breadth). Because it is not feasible to collect such
data about individuals' interests, a distribution of interest
distributions was constructed so that the modeled commu-
nities would represent a range of populations. Interest loca-
tions were assumed to be uniformly random within the topic
space, capturing the idiosyncrasies of individual interestsin
a way that is independent of any particular community.
Individuals' interest breadth values were uniformly distrib-
uted between 0 and acommunity-specific maximum selected
from a uniform random distribution bounded by 0.25 and
0.75. Thisresulted in simulated samples of communitiesthat
varied with respect to both the structure and the particul ars of
their target population’s interests.

The distribution of initia fit expectations (F,) among mem-
bers joining each community was modeled as a uniform
distribution between 0.75 and 1.0. Thisrangewas selected to
reflect thetendency of individual sto have optimistic expecta-
tions about the value of involvement in groups that they join
(Brinthaupt et al. 1991). This distribution was used for all
communities because there was no a priori reason to expect
that communitieswould vary with respect to the first impres-
sions that joining individuals form. Initial volume expecta-
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tions (V) were set to afixed value of 1 for all communities,
corresponding to the expectation of 1 message per period.
This value was chosen after areview of the group and online
community literatures failed to reveal any study of indi-
viduals' pre-joining discussion volume expectations and
preliminary runs indicated that model outcomes were not
sensitive to variation in this parameter.

The final step in model calibration involved estimating the
primary unobservable parameters by selecting values that
provided the best fit between simulated samples of com-
munities and the calibration sample. Participation cost (PC)
and topic consistency cues (TCC) are central to the study’s
research questions, yet are not directly measurable with
availabledata. To calibratethese parameters, we constructed
measures of two observable community characteristics:
member loss and discussion volume. Member loss was
measured using overall proportional member loss. Daily
membership loss was determined by comparing each day’s
membership list to the prior day’s to determine how many
individuals had left a community. Overal proportiona
member losswasthen cal culated by dividing thetotal number
of members who left during the observation period by the
total number of members present on thefirst day. Discussion
volume was measured using average daily message volume,
calculated by dividing the total number of community mes-
sages by the number of daysin the observation period (130).
These aggregate measures of emergent, but observable,
community outcomes provided an empirical basisfor charac-
terizing communities that was less prone to noise due to
seasonal effects or unobservable external factors.

We conducted a series of sessions, each simulating a sample
of 96 communities, in order to calibrate participation cost and
topic consistency cues. To best represent the initial state of
theobserved communities, all of whichwerewel| established,
each simulation run consisted of two phases. In the first
phase (initialization), 96 communities were created with
initial sizes drawn from a distribution similar to that of the
calibration sample (Log-Normal [ = 4.18, ¢ = 1.56]). A
100-period initialization stage was run to represent each
community’s prior history. The length of this initialization
period was sel ected based on pil ot teststhat indicated 100 was
sufficient to move the simulated communities past the anom-
alous start-up stage, which was significantly more volatile
than observed in established communities. The second phase
(data collection) was 130 periods long, corresponding to the
130-day data collection period for the calibration sample.
During the simulated data collection stage, membership lists
and daily messagetotalswererecorded. Measuresof member
loss and discussion volume were then constructed for each
simulated community.
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Between each calibration session, the unobservable param-
eters (PC and TCC) werevaried to systematically explorethe
parameter space. When creating the samples of modeled
communities, the parameters examined in the prior stages of
calibration were drawn fromthedistributionsdescribed above
(summarizedin Appendix A). Participation cost was changed
between sessions, varying between 0.1 and 1 in 0.05 incre-
ments. Similarly, values for topic consistency cues were
varied between sessions from 0.01 to 0.1 in 0.01 increments.
After each session, the mean and median of the member loss
and discussion volume measures in the simulated sample of
communities were compared with those observed in the
calibration sample. Sample-level calibration was selected
instead of community-level calibrationtoreducetheinfluence
of idiosyncratic environmental factors that might affect the
emergent characteristics of particular communities. We
further refined the participation cost (PC) parameter by
running additional calibration sessions in which PC was
varied between 0.3 and 0.4 in 0.01 increments. Overall, the
third and final stage of the calibration process resulted in
identification of values for both PC (0.33) and TCC (0.02)
that functioned asanchor pointsfor subsequent validationand
analysis.

Model Validation

During validation, the parameter distributions and values
identified during calibration (Appendix A) aretaken asgiven,
the model isrun, and the characteristics of the resulting com-
munities are compared with empirical datain order to verify
that the calibrated model is areasonable representation of the
phenomena of interest (Carley 1996). Thisanalysis assesses
how well, and under what conditions, the model represents
the intended phenomena.

The model was validated using matched analysis (Law and
Kelton 1991), aprocessinvolving simulation of specific cases
and statistical comparison of simulation results and observed
outcomes. A simulated community was created for each of
the 96 communities in the validation sample. To create a
matched pair of model and empirical results, the observable
parameters—initial community size, attraction rate (A), and
message contribution probability distribution (MCP)—were
set based on datafromasingle community fromthevalidation
sample. The unobservable parameters—participation cost
(PC) and topic consistency cues (TCC), initial expectations
(Fo and V), and interest distribution (I)—were set based on
the results of model calibration (Appendix A). For each
model ed community, PC and TCC were drawn once, and then
10 simulation runs were performed using these settings in
order to have adequate statistical power (calculated to be



93.5%) (Van Voorhis and Morgan 2007). The proportional
member loss and average daily message volumes were
recorded. These measuresof overall member lossand discus-
sionvolumewerethen averaged to create predicted valuesfor
each of the 96 communities.

Due to the non-normal distribution of community charac-
teristics in the validation sample, the model results and
empirical datawere compared with the Wilcoxon signed rank
test, a nonparametric paired sample test. Results indicated
that emergent community characteristics predicted by the
model were comparable to those seen in the empirical data.
Member loss in the modeled and empirically observed
communities were not significantly different (p = 0.353).
Similarly, comparison of message volumes found no signi-
ficant difference between the discussion volumespredicted by
the calibrated model and those observed in the validation
sample (p = 0.224).

While there were no significant differences between model
outcomes and the empirical data, additional analysis of the
validation results suggested that the model provides a more
accurate representation for certain types of communities.
Correlation analysis of member loss and discussion volume
error,”® indicates that the prediction error was lowest for
communitieswith |lower attraction rates, moreactive, concen-
trated participation (i.e., lower participation ratios and higher
participation probabilities), and fewer initial members.** This
may be a consequence of the approximations used to model
member attraction and message contribution probabilities.
Overdll, validation indicates that the model provides reason-
able predictions for communities in the range of sizes and
discussion volumes commonly found in both online (Butler
2004) and traditional settings (McPherson 1983).

Analysis and Results I

A virtual experiment was performed to analyze the model’s
predictions regarding the impact of alternative community
platforms on community development. The experimenta

19 psol ute Error = Predicted Vaue — Observed Value.

11

Correlations Member Loss Discussion
(*p<05;**p<0.01) Error Volume Error
Initial Size 0.338** 0.290**
Attraction Rate 0.698** 0.646**
Participation Ratio 0.493** 0.415**
Participation Probability -0.422** -0.205*
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conditionswere created by systematically varying parameters
corresponding to platform attributes: participation cost (PC)
and topic consistency cues (TCC). The experimental condi-
tionsincluded thevaluesidentified asmost appropriateduring
calibration (PC = 0.33, TCC = 0.02) and incrementally higher
and lower valuesto create 4 x 4 experimental structure (PC:
0.165, 0.33, 0.495, 0.66 and TCC: 0.005, 0.02, 0.035, 0.05).
All other model parameters were set based on the values and
distributionsidentified in calibration, an approach analogous
to random assignment of subjects to different conditions.

For each condition, 500 communities were simulated for 100
initialization periods and 365 observation periods to ensure
that sufficient statistical power was available to characterize
therel ationshi psbetween parametersand emergent outcomes.
Model parametersand overall measures of sizeand resilience
were recorded for each simulated community, which resulted
in an analysis dataset of 8,000 simulated communities (N =4
x 4 x 500). Community size was measured as the number of
individuals present present after thefinal time period of each
model run. Community resilience® was measured by calcu-
lating the mean fit expectation among members at the end of
the final period in each simulation run.

A between-subjects MANOVA was used to compare the
effects of participation costs and topic consistency cues on
emergent community characteristics. Community platform
parameters (PC and TCC) were treated as fixed main effects,
with community size and resilience as dependent variables.
Other community attributes, including attraction rate, initial
size, participation ratio, participation probability, and maxi-
mum interest range (Appendix A) were included as
covariates. The corrected model was significant for both
dependent variables (community size: adjusted R* = 0.775,
F(20,7979) = 1377.31 and community resilience: adjusted R
=0.296, F(20,7979) = 168.82).

2asan empirical validation of our measure of resilience, we tested whether
it predicted member loss at future points in time and found that, consistent
with our theorizing, mean fit was only moderately related to percentage loss
of members. We used end-of-run measures and found a significant negative
correlation (-0.156) betweenresilience/fit and percentageloss. Anadditional
analysis of longitudinal data derived from the simulation found similar rela-
tionships for lagged models of resilienceffit,, and percentage member loss
(unstandardized Beta = -0.275, p < 0.001). In both datasets, we also exam-
ined the collective rel ationship between daily message volume, membership
loss, and resilience/fit by testing amodel inwhich resilience/fitisamediator
between communication activity and membership loss. The results support
the argument that resilience/fit acts as a partial mediator between message
activity and membership loss, further evidence that whileitisclearly related
to loss, resilience as operationalized here is not equivalent to it.
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Figure 1. Results of the MANOVA Tests for Propositions 1 (Left) and 2 (Right)

Participation Costs

Both multivariate (Roy’ slargest root = 0.184; p < 0.001) and
univariate (F(2, 7979) = 19.06; p < 0.001) tests of the impact
of participation costsindicate asignificant, negative relation-
ship between participation costs and community size
(Figurela). Thisimpliesthat the OCA SA model predictsthat
platforms designed to impose lower participation costs will
lead to larger communities, because in those contexts indi-
viduals are willing to tolerate a higher signal to noise ratio
(i.e., uninteresting messages/total messages). Higher message
volumes associated with larger communities have a lower
negative effect on size when participation costs are low
because the amount of beneficial content necessary to main-
tain positive net benefit expectationsis lower.”* Asaresult,
more members will be willing to remain involved in a
community. Thus, the model predicts

Proposition 1: Participation cost will be inversely
associated with community size.

The MANOVA analysis aso indicated a significant positive
relationship between participation costs and mean fit
expectations with a community (F(2,7979) =452.62; p <
0.001; seeFigure 1b). Thisimpliesthat platformsthat impose
higher participation costs will lead to communities that are
moreresilient. When participation costs are high, only those
members whose interests align strongly with the community
discussion will expect sufficient net benefits and, therefore,

Bpost hoc regression analysis indicates that participation costs have a
significant negativemoderating effect on therel ationshi p between discussion
volume and member loss.
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will remain. Higher expectations mean they are less affected
by uninteresting messages; their expectations do not change
as much when discussion content changes and they are, there-
fore, morewilling to remain. Thus, the model predictsthat a
community with high participation costswill have amember-
ship that, on average, is more resilient in the face of varying
discussion topics.

Conversely, when participation costs are low, communities
can attract members who are only marginally interested in a
community’ s discussion topics and thus expect there to be a
weak fit between their interests and the community discus-
sion. However, because they have lower content fit expecta-
tions, their perceptions are more affected by the discussion
activity, and as aresult these marginal memberswill be more
likely to depart if the current discussion happensto dispropor-
tionately emphasize topics that they find uninteresting. A
community with lower participation costs, therefore, is
expected to belessresilient because, on average, its members
aremorelikely toleavein theface of even asmall, temporary
increase in uninteresting discussion activity. Thus the
OCASA model predicts that

Proposition 2: Participation costswill bepositively
associated with community resilience.

Topic Consistency Cues

Results of the virtual experiment indicate that topic consis-
tency cues (TCC) are negatively related with community size
(F(2,7979) = 125.710; p< 0.001; Figure 2). Community plat-
forms with lower topic consistency cues reduce the impact a
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Figure 2. Results of the MANOVA Tests for Propositions 3 (Left) and 4 (Right)

message has on individual’ s expectations. In these commu-
nities, any particular message is interpreted as only a weak
signal of what to expect in the future. While members will
still adjust expectations based on what they observe lower
TCC meansthat it takes more uninteresting messagesto shift
membersfromtheirinitial, generally positive, expectationsto
such negative expectations that would cause them to leave.
On average, when TCC is low more individuals remain
involved, resulting in larger communities.

In contrast, community platforms that provide strong topic
consistency cues increase the impact that messages have on
individuals expectations. Here, members are more likely to
believethat current discussion topicswill persistinthefuture.
An observed message that is outside an individual’ s interest
set, therefore, becomes astrong signal that future discussions
will also be uninteresting. High levels of TCC lead indi-
viduals to assess expectations of future fit based largely on
current discussion, resulting in content fit expectations that
are less optimistic than their initial perceptions of a com-
munity. Low expectations of fit lead to lower expectations of
net benefits, with more individuals choosing to leave,
resulting in a smaller community. Thus, model predicts that

Proposition 3: The strength of topic consistency
cues will be inversely associated with community
size.

The MANOVA analysis also indicates that community plat-
forms with lower topic consistency cues are associated with
more resilient communities (F(2,7979) = 42.604; p < 0.001).
However, closer examination of thevirtual experiment results
(Figure 2) suggests a more complex relationship between
topic consistency cues and community resilience. Low TCC
results in communities with high levels of resilience by

diminishing the impact of experienced discussion activity on
individuals expectations about the net benefit of future
involvement. This allows optimistic initial expectations
(Brinthaupt et al. 1991) to persist, even when the actual fit
between discussion topics and individuals' interests is low.
Thus, communities with low TCC will tend, on average, to
have memberswith higher content fit expectations, and hence
be more resilient.

Ontheother extreme, when strong topic consistency cueslead
members to believe each message is highly indicative of
future discussion topics, their expectations change more
abruptly. High TCC magnifies the impact of experienced
discussion activity on individuals' expectations about future
content fit. Thetight coupling of futurefit expectations with
current discussion activities has two complementary effects:
itincreasesthelikelihood that marginally interested members
will filter out of the community, and it reinforces the expec-
tations of highly interested members. When individuals
assessment of the net benefit of continued involvement, and
hencetheir likelihood of attrition, ishighly influenced by the
idiosyncrasies of particular batches of discussion, they are
more likely to conclude they should leave a community after
encountering a single batch of disproportionately uninter-
esting messages. This tendency results in attrition of those
who are not interested in a majority of topics that have been
discussed within a community. At the same time, those that
remain are most likely to be interested in the current topics,
and hence will be likely to contribute messages on those
topics in the future, increasing the degree to which current
activity is actualy predictive of future fit. Together these
effectsresultinindividualswho arein communitieswith high
TCC having, onaverage, higher content fit expectations—that
is, being more resilient.
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However, the results of the virtual experiment (Figure 2)
suggest that platforms with moderate levels of topic consis-
tency cues are expected to lead to lower levels of community
resilience. In these communities, the influence of changing
message topics on members' expectation of net benefits is
strong enough to lower their initial optimistic expectations.
This increases the number of members who have low expec-
tations for their future involvement and thereby reduces
community resilience. At the same time, in moderate TCC
communities these effects are not strong enough for the
filtering and reinforcement effects of TCC to drive up the
average expectations. As a result, moderate TCC commu-
nities are expected to have lower community resilience.
Taken together, the model predicts that

Proposition 4. Therelationship between topic con-
sistency cues and community resilience is curvi-
linear. Community platforms with very low and
very high topic consistency cues are associated with
greater community resilience; platforms that signal
moderate topic consistency cues are associated with
lower community resilience.

Discussion I

The proposed ASA theory of online communities provides a
basi sfor understanding the emergence of community sizeand
resilience from the interplay of members participation
decisions and community technology characteristics. By
extending ASA theory, this study theorizes how technology-
related aspects of community platforms—participation cost
and topic consistency cues—affect community-level out-
comes. In what follows, we discuss a synthesis of the
model’ s findings and the implications arising from them.

Taken together, our results have important implications for
understanding changesin community technologies. Commu-
nity leaders who face community development challenges
tend to pursue the implementation of “new” or “missing”
featuresin hopes of improving the value and experience they
providefor individual participant (Sharmaeta. 2011). While
our goal was not to provide a detailed examination of such
features, analysis of the OCASA model suggests that when
altering a community platform it is also critical to consider
how changes might aff ect emergent community characteristics
such as size and resilience. Proposition 1 suggests that
careful choices among features that raise or lower partici-
pation costs can be a powerful strategy for affecting the
emergent size of an online discussion community. Charac-
terizing common community platform features in terms of
their likely impact on participation costs (Table 4) can, there-

18 MIS Quarterly Vol. X No. X/Forthcoming 2014-2015

fore, assist leaders in managing, and anticipating, the impact
of their choices on a community.

When community administrators want to alter community
size, technologies that affect participation costs are likely to
provide apowerful leveragepoint. Ingeneral, larger commu-
nities are able to generate more benefits for members (e.g.,
more resources from which to draw) and to attract more
advertisers (e.g., generate larger revenue possihilities). But
some administrators, such as those working with health and
emotional support groups, may want to maintain smaller
communities to support to the goals of the membership. The
results of the model analysis suggest that changing commu-
nity platforms in ways that raise (or lower) the participation
costs incurred by members is likely to have a significant
impact—whether it is intended or not.

However, Proposition 2 suggests that reducing participation
costs may have more nuanced effects beyond simply in-
creasing community size. Community administrators who
implement new technologies in order to lower participation
costs must consider that this may also decrease community
resilience. By reducing the degree of fit members require to
maintain continued participation, technologies that lower
participation costs primarily change the assessments of mem-
bers whose interests only marginally match a community’s
discussion activity. With lower participation costs, indi-
viduals with a weak alignment between community discus-
sions and their interests will be more likely to remain in the
community, increasing community sizebut decreasing overall
community resilience. Conversely, technologiesthat impose
higher participation costs cause membersto depart when their
interests do not align well with community discussions,
resulting in amore resilient membership that is less affected
by messages that they perceive as “noise.”

Although communities create benefit through member-
generated discussion, it is the expectation of future benefits
that retai nscurrent membersand attractsnew members (Hagel
and Armstrong 1997). The focus of potentially beneficial
conversations (Arguello et al. 2006) emerges from the aggre-
gated interests and contribution tendencies of the members,
features of the community that are both largely invisible and
inherently dynamic (Baym 2000). Individuals thus face the
challenge of devel oping expectationsabout thefuture benefits
of involvement with, at best, incomplete knowledge of the
current and future interests of the community. Topic consis-
tency cues may be influenced by technological features
(Table 5) that help members decide whether current discus-
sion activity isagood indicator of the interests of current and
future community members, and hence whether it should be
treated as a strong signal of future discussions and the asso-
ciated benefits.
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Table 4. Technology Features that Impact Participation Costs
Search: Enables users to find messages of interest based on specific keywords or terms provided, thereby reducing

time spent reading irrelevant messages.
Subscriptions: Automatically notifies users when messages that match their interests are posted, which reduces time
finding interesting content and reading uninteresting content.
Threaded forum: Messages are organized by discussion topic, allowing users to skip uninteresting topics.
Message Display Options: Sorting messages by topic lets users identify discussions likely to be of interest. Indicating
the number of replies helps users identify active discussions. Sorting messages by recency lets users skip over older
messages.
Thread Preview on Mouse Over: Provides a glimpse of message detail that reduces the number of clicks (and time)
necessary to decide if a thread is worth reading.
Unread Message Tracking: ldentifies messages a user has not yet seen, reducing the time spent unintentionally re-
reading messages.
Relevant Thread Identification: When users type to create a new thread, software brings up existing threads that may
be a match, increasing the grouping of message in threads.
CAPTCHA: Requires a human to enter a visually scrambled code to restrict access for “bots,” reducing message
volume and uninteresting messages generated by spam programs.
User Registration for Access: Creates barriers of entry to accessing messages, thereby increasing costs.
Advanced search: Requires additional parameters to be input prior executing a search that can increase the time to
perform simple searches.
Digest messages: Automatically sends users all new messages for a time period; however, messages are not
organized by interest or topic, which can result in a large number of uninteresting messages a user must process to
find messages of interest.
Limited searches (time): Limits how frequently searches can be performed (e.g., 1 every 10 seconds) makes
searching for interesting messages more time consuming.
Limited searches (site): Llimits results to particular part of the community can make it harder to find content across the
community (requiring multiple searches)

Decrease

Increase

Table 5. Technology Features that Impact Topic Consistency Cues

(3]
2]
§ “Flat” forum: A new message is added to end of a discussion, with no relation to any prior message.
a
Threaded forum: Messages are organized by topic, providing members cues to the more persistent topics of interest
to a community.
“Sticky” Messages: Messages that are permanently and prominently placed in an area where users can easily see
sends signals as to what the community finds interesting.
Similar Thread Displayed: Indicates the presence other related threads.
Thread View Count: Shows number of times a message has been viewed, and thus is a proxy of what the community
o | members find interesting.
ﬁ Thread Reply Count: Shows the number of times members have replied to a message, which is an indicator of topics
S | that are of interest to community members.
= Post Rating: Members can provide ratings of messages (e.g., thumbs-up/thumbs-down, stars)
Hot Topic Icon: Indicates messages that are currently receiving an extraordinary amount of attention, signaling this is
what community members find interesting.
Member Profile: Member information attached to messages. This allows readers to assess the prominence of the
contributor in the community discussion, and how likely they (and topics they are interested in) are to reoccur.
Subforums: An organizational method that groups messages based on topics. The size and activity level signals the
presence of community members who find these topics interesting.
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Individuals are necessarily optimistic about the benefits of
involvement when they join an online community. Whilethe
degree may vary, all new membersbelieve therewill be some
level of fit between their interests and the community’s
discussion activity. But these initial expectations change as
they encounter thereal discussion. Community platformsthat
provide moreinformation about the composition and interests
of members increase topic consistency cues (Table 5),
magnify the impact of current discussions on individuals
expectations for future benefits, and affect community size
(Proposition 3) and resilience (Proposition 4). These results
suggest that technologies that help members feel confident
about what topics are likely to be discussed in the future can
have unexpected and potentially undesirable consequencesfor
the community as a whole by reducing community size (P3)
and community resilience (P4) in some situations.

Itisworthwhileto consider how our model would perform if
communities used technologies that produced significantly
higher, or lower, PC and TCC values. Recall that the cali-
brated values for PC and TCC were extracted from a
popul ation of communities based on asingle underlying tech-
nology, which provided an empirically grounded anchor point
for the analysis presented above. To better understand the
behavior of the model, we also conducted analyses that con-
sidered the effect of PC and TCC on community size and
resilience across the full range of possible parameter values.
In this supplemental analysis, PC ranged from 0.05 to 0.95
(compared with 0.165 to 0.66 around a calibrated value of
0.33) and TCC ranged from 0.001 to 0.9 (compared with a
range of 0.005 to 0.05 around acalibrated value of 0.02). The
results of the extended analyses (Figure 3) are consistent with
those of the more conservative analyses presented earlier
(Figures 1 and 2). Even when simulation values for TCC
extend beyond our calibration range, trendsin community size
and resilience are consistent with the propositionswe derived
above.

Notably, the curvilinear relationship between TCC and com-
munity resilience is much more pronounced than in the
original. While the relationship between participation cost
(PC) and community size is generally negative, it takes a
significantly greater downward slope for values of PC > 0.7.
Similarly, the relationship between TCC and community size
remainsnegativefar beyond thecalibrated range, but itseffect
seems to level off for values of TCC greater than 0.3.
Although the exact impact of the specific technology features
identified in Table 4 and Table 5 on PC and TCC cannot be
known in advance, this extended analysis suggests the model
can be expected to have reasonable and testable predictions
for awiderange of possible platform arrangements. With the
caveat that themodel islikely to be less precisefor parameter
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valuesthat are further from the empirically calibrated values
(asfound in the validation with the observable parameters),
these results suggest that online communities may be subject
to different community-level dynamics depending on the
nature of the underlying community platforms.

Our analysissuggests several waysinwhich devel opersmight
inadvertently undermine their own efforts to grow and
strengthen an online discussion community. First, theresults
suggest that many “obviousimprovements’ may have unanti-
cipated consequences. From a systems design perspective,
reducing participation costs and providing additional infor-
mation about community activity sound like good things to
do. Increasing ease of use, improving usability, and lowering
participation costs are all generally positive design goals.
However, the OCASA model indicates that in the context of
a dynamic community with heterogeneous individuals, even
these straightforward “improvements’ can have unexpected,
even undesirable, consequences for the community as a
whole, possibly producing a less resilient member base (P2,
P4) and reducing community size (P3).

A more subtleimplication of theseresultsisthat typical inter-
face and system design processes may need to be altered
when developing online community platforms. Traditional
user-oriented design practices use surveys, interviews, and
focus groups to gather information about users' responses to
potential design changes. Individuals with strong expecta
tions of future benefit from the community are morelikely to
contribute to the health and success of the community by
participating in these information-gathering activities. How-
ever, our results suggest that technology changes that appeal
to these individuals are not likely to either significantly im-
pact their own participation in the community or produce the
community-level outcomes that their perceptions would lead
them to expect. When individuals' responses to technology
features depend on their degree of expected fit, making tech-
nology design decisions based on feedback from highly
involved members in likely to have unanticipated—and
potentially undesirable—implicationsfor longer-term success.
That is, they may actually reduce community resilience (P2,
P4) or reduce community size (P3) through their best inten-
tions, improving the experiencefor individual usersby lower-
ing participation costs and/or altering topic consistency cues.

Additional post hoc analysisof themodel resultssuggeststhat
participation costs also interact with the breadth of interests
inacommunity’ starget membership, which affectsthe nature
and difficulty of the design problem associated with creating
a sustainable community. When community technologies
have high participation costs, there is little room for design
experimentation because members leave if they see even a
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few messages that do not match their interests; under these
conditions, establishing a sizable community can be quite
difficult. If participation costs are high, community sustain-
ability can be increased by narrowing the topical interest
focus of the community and targeting individuals for whom
that entire focused topic set is of interest. In this scenario,
high participation costs serve as a disincentive to the mar-
ginaly interested member, which keeps content relevant and
consistent with the interests of the primary targeted partici-
pants. Of course, thisapproach is dependent on the existence
of a sufficient number of individuals with that particular
interest. If the topic is narrowed to the point where there is
insufficient interest among potential participants, a commu-
nity will not be sustainable. In sum, when participation costs
arehigh, community sustainability ishighly dependent on the
ability to identify atopical focusthat is of interest to enough
people that there is sufficient discussion activity, but not
narrow enough that participants are likely to be interested in
the entire topic set.

As participation costs drop, the design problem facing com-
munity developers changes, with the greatest reduction in
community sizeoccurring when moving from high to medium
cost conditions. Reducing participation costs can alter the
behavior of individuals who are tangentially interested and
have uncertain expectations. This, in turn, can significantly
changethe content and volume of discussion activity and thus
the nature of acommunity. This shift ismost clearly seenin
communitieswith low participation costsand abroad topic set
(lower Ieft corner of Figure4): they attract alarge number of
members, but their membership haslow resilience. Whenthe
population of potentia participantsislarge, low resilienceis
less of a problem because “replacement” members are often
available. However, when the target population is small, as
isthe casewith many organizationally affiliated communities,
the combination of large sizeand low resilienceisunlikely to
besustainable. Under these conditions, devel opersseeking to
create sustainable communities should focusless on reducing
participation costsand moreonidentifying atopical focusthat
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isastrong fit with asignificant proportion of the target popu-
lation. Taken together these post hoc results suggest that
devel opersshould empl oy aGoldilocksprinciple* of commu-
nity definition, selecting topical boundaries that are broad
enough to attract sufficient members, but narrow enough to
alow for good fit between individuals interests and the
aggregate activities of the community.

Another way that the OCASA model can be used is as the
basisfor variant model s that examine the potential impacts of
alternative community platform designs. For example, some
community platforms extend basic messaging capabilities by
reducing the costs that members incur when dealing with
messages that do not interest them. Whether by clustering
related messages or through more sophisticated prioritization
and collaborative filtering capabilities, such community
featuresimpose differential participation costs depending on
whether a member finds (or is likely to find) a message
interesting. To examine the implications of this alternative

¥The Goldilocks principle states that conditions must fall within certain
margins rather than reaching extremes. Closely related to the theory of
equilibrium, it is an ideology and not a logical principle. The Goldilocks
principle has been applied across many disciplines, including biology,
astrobiology, healthcare, and economics.
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platform design, the foundational OCA SA model was modi-
fied to distinguish between participation costs imposed by
messages that an individual finds interesting (PC;) and those
the individual finds uninteresting (PC,). Analysis over the
full range of possible PC; and PC, values suggests that the
implicationsfor community sizeandresiliencediffer for these
two aspects of participation cost (Figures 5 and 6).

The MANOVA resultsfor the analysis of thismodel indicate
that both PC, and PC, are significantly related to community
size and resilience. Examination of these relationships sug-
gestsamore nuanced community-level strategy for managing
participation costs. When participation costs associated with
interesting messages are high relative to the benefit that
members receive (i.e., PC; > 0.7), lowering these costs will
result in a community that is larger and less resilient, as
shown in Figures 5(a) and 6(a), consistent with findings from
the foundational model captured in Propositions 1 and 2.
However, if PC, is lower (PC, < 0.7), then the community
level impact of reducing it further is much less. In contrast,
lowering the costs associated with uninteresting messages
(PC,) produces alinear increase in community size—Figure
5(b)—and a negative impact on community resilience that
significantly increases for values of PC, < 0.3, as shown in
Figure 6(b).
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Together these anal yses suggest that communities seeking to
balance community size and resilience would be well served
by platforms that impose high participation costs for
uninteresting messages. By reducing PC, from high values,
community size could still be increased with little negative
impact on resilience, but reductions from lower PC, values
result in significantly lower community resilience without
providing a proportionately greater increase in community
size. Further, the model suggests that once the costs asso-
ciated with interesting messages (PC,) are below arelatively

high threshold (0.7) there is little consequence of further
reduction, at least with respect to community size and
resilience. Community designers and administrators would,
therefore, benefit most from designing platforms that impose
lower participation costs for uninteresting messages, and
largely ignore the costs associated with messagesindividuals
findinteresting. Whilethisisconsistent with acasual reading
of practitioner recommendationsand conversationswith com-
munity managers, futurework could empirically examine the
predictions of this, and other, variant OCASA models.
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Table 6. Participation Costs and Topic Consistency Cues and Social Media Technologies

Media Participation Cost Influence

Media Topic Consistence Cue Influence

News Feeds — Provides push notifications and
summaries of activities by those in a members
network, making it easier for to find current content
that might be of interest

Ticker — Shows all friend and page updates in one
place as soon as they are posted, making them
more discoverable, allowing users to easily see
content of interest to them

.

Timeline — Organizes all profile content of a user,
making it more easy for users to understand the
current interests of others

Likes — Shows the number of times a message/
post/page has been clicked as being liked by
users, and thus is a proxy of what the community
finds interesting

.

time required to create and post

“Tweet” — A 140 character message, which reduces

Following — The ability to have tweets from a par-
ticular member pushed to users, making it easier to
keep up with members one finds to be of interest

Hashtag (#) — Convention used to identify topic of
message, which facilitates searching for tweets on
the topic

Trending Topic — An algorithm identifies topics
that are immediately popular, helping users
discover the hottest emerging topics of discussion
on the site

Hashtag (#) — Convention used to group posts
together by topic, providing users cues to topic of
the message

to users’ networks, making it easier for them to find
content relevant to them

Updates — Digest of changes or comments relevant

Social Bookmarking — Facilitates users in
collecting and categorizing content, making it
easier to identify what content is about

©

Circles — Allows member to identify a sub-set of
others to communicate, making it more efficient to
communicate with those they find interesting

@ Social Filtering — Content posted by members is
voted “up” or “down” by the community, signifying
content that is of interest to the community

RSS: Automatically pushed to users content they
are interested based on their subscription, which
reduces time finding interesting content and
processing uninteresting content

Zh>:J5

Social Curation — Tools facilitate the collection of
media around specific interest, making it easier to
identify what content is about

B G

Implications for Social Media

Although the OCASA model is rooted in prior studies of
online discussion communities, our findings also have impli-
cationsfor theorizing and designing other social media. They
may seem to be radical departures from prior systems, but at
their conceptual core socia media are simply a continued
evol ution of group-based computer-mediated communication
platforms. Social media provide similar core capabilities as
their technological predecessors, facilitating communication
among individual s who have shared interests. Similar socio-
psychological processes may, therefore, be expected to drive
participation (i.e., evaluations of net benefits based on attrac-
tion, selection, and attrition). Indeed, participation costs and
content consistency cues apply equally well in characterizing
many of the popular features associated with leading social
media technologies (Table 6). To the extent that these fea
tures positively or negatively influence PC or TCC, their
impact on community size and resilience would be reflected
in our model.

The OCA SA theory and the simul ation results presented here
may also shed new light on some recent social media
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phenomena. For example, Myspace was for some time the
dominant leader in socia networking, finding success by
offering usersarelatively low-cost platform for participating
in many socially oriented discussion communities. This
strategy supported rapid growth, but may have resulted in a
lessresilient membership that wasnot willing to remain when
the activity of the community shifted to different topics. In
contrast, itssuccessor, Facebook, hasrepeatedly demonstrated
that, with careful management, it is possible to make techno-
logical changes that increase participation costs (e.g., news
feed, timeling), even to the dismay of highly involved
participants. Of course, network effects also have played a
rolein Facebook’ s success, but often lost in the discussionis
the reality that social media network effects are instantiated
through technology use; if nobody actually communicates,
network effects cannot come to play. The OCASA model
suggeststhat higher participation costs can serveto strengthen
a community. When coupled with a willingness to ignore
feedback from those individuals who already have a strong
positive expectation of future benefits, this might in part
explain why Facebook has been able to develop a more
resilient membership. Understanding how community plat-
forms mediate the relationship between potential benefits,



realized benefits, and perceptions of expected benefits
remains an important focus for IS research, and one that the
work presented here may begin to illuminate.

Limitations and Directions for Future Research

Aswithall theory development studies, thissimulation should
be seen in terms of a balance between purpose, the relation-
ship of the model characteristics to that purpose, and the use
of empirical data relative to that purpose (Burton and Obel
1995). Within this scope, we note several limitations of our
approach.

First, in following guidelines of simulation that recommend
focusing on a few key constructs, the characteristics we
included served their purpose of strategically extending ASA
theory into the context of online communities and exploring
theinterplay of individual expectationsand community char-
acteristics. Here, we explicitly chose not to theorize specific
technological antecedents of PC and TCC; arange of techno-
logical features could impact PC and TCC (as suggested in
Tables 4 and 5), but for our purposes there was little benefit
to validating the extent of their impacts on PC and/or TCC.
While extending the model to include specific technology
features might increaseits “realism,” it goes beyond our pur-
pose of developing a general model that could apply to a
broad range of specific technologies. However, future
researchers could build on our findings by empirically docu-
menting how specific technology features affect PC and TCC
and creating extensions of the OCASA model based on those
results.

Second, our assumption was that a particular cost—benefit
logic underlies individuals' participation decisions, but this
transactional approachisonly one of several possibleways of
conceptualizing individual choice (Ridingsand Gefen 2004).
Specifically, because we operationalize PC on a per-message
basisthat isconsistent for al participantsin acommunity, the
model may not accurately characterize the dynamicsin com-
munitiesthat are subject to systematic individual variationin
participation costsand benefits. Obtaining benefitsin propor-
tion to the number of messages read seems appropriate in
topic-based communities, such as technical support groups,
but it may be less accurate in a bond-based community (Ren
et a. 2012). Although participants in bond-based commu-
nities still obtain benefits and incur costs, additional factors
may affect participation decisions (e.g., message quality,
community responsiveness, and persona visibility). Mem-
bersmay also act dtruistically, for the good of the community
(Bateman, Gray, and Butler 2011; Wasko and Fargj 2005) in
ways that are not captured in acost—benefit model, but we do
not consider these more complex individual-community
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relationship motivations in our model. The extent to which
such other factors drive member expectations and
participation decisions in ways that are inconsistent with
cost—benefit logic is a limit on the generaizability of the
simulation model presented here. Future research that
develops, tests, and analyzes alternative operationali zations of
the OCASA theory would strengthen its value as a
foundational theory for describing the role of community
platform technologies in community growth and
sustainability.

Finally, the data used to calibrate and validate the simulation
model camefrom push-based communities. However, weare
not theorizing the push nature of the community platform, but
rather, theorizing communities in terms of fit assessments,
participation costs, and topic consistency cues. While our
analyses are therefore relevant to discussion-based commu-
nities in general, future work could extend the model to
theorize other differences in form (e.g., push versus pull,
synchronous versus asynchronous) and social structure (e.g.,
social networks) that may impact communication. Individuals
might also experience different PC and TCC because of their
own skills, experiences, and cognitive capabilities. Whilewe
did not model such individual level variation, future models
might productively expand on our work by elaborating the
operationalization of the proposed OCASA theory in these
ways and collecting community-level data from a broader
array of community platforms in order to calibrate and test
more elaborate simulation models.

Conclusion I

Onlinecommunitiesaredifferent fromtraditional information
systems; they are emergent sociotechnical systems whose
design and operation requires an understanding of multilevel
socia processes. One prominent characterization of the IS
design—outcome relationship distinguishes between three
types of IS; functional, enterprise, and network (McAfee
2006). The impact of functiona IS liesin increasing indi-
vidual productivity (Robey and Boudreau 1999), while
enterprise IS positively impact outcomes through improved
businessprocesses, and network | Screatevalue by supporting
unstructured peer-to-peer interactions. As a kind of net-
worked IS, online discussion communities are inherently
evolutionary, as technology choices and user behaviors
interact to shape their emergent character, resources, and
capabilities (Thompson 2005). Methodologiesfor thedesign
of functional and enterprise systems, such as user needs
analysisand business processanalyses (Sabherwal and Robey
1993), are, therefore, ill-suited to the design and devel opment
of online communities (Zammuto et al. 2007).
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Because online communities are fundamentally emergent
systems (e.g., Fulk 1993; Walther 1996), researchers need
theories to help understand the dynamic interplay between
individuals and community technologies. A useful online
community theory should articulate the value of key com-
munity characteristics, outline away of describing different
technology choices, and explain how technology charac-
teristics interact with the other aspects of a community and
give rise to particular outcomes (Venable 2006). Prior
research has focused primarily on understanding how com-
munity characteristicslead individual sto chooseto participate
(or not), but has only minimally addressed the dynamic
aspects of online community development. Although the
immediate effects of new technologies on mechanistic effi-
ciency may bemost visible, itisincorrect to assumethat these
first-order effects are necessarily the most important conse-
guences (Sproull and Kiesler 1991). Ultimately, how com-
munity members behave and how communities function are
the result of the complex interaction of technology choices,
others' behaviors, and emergent community characteristics.

Our integrativetheoretical approach extendstheliteraturethat
seeks to understand the dynamic nature of online commu-
nities. For example, the resource-based model of online
communities (Butler 2001) frames community development
and sustainability asacyclical process linking resources and
benefits. While this approach explains why online commu-
nities may survive, it is less useful as a theory to those
interested in how community platforms affect acommunity’s
ability to survive (Venable 2006). By theorizing the under-
lying constructs and causal mechanismsthat can beimpacted
by technology choices, and combining empirical data with
computational modeling, this study provides afoundation for
future research that tests and extends OCASA to build more
robust, integrative model sof online community dynamicsand
development.
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Table A1. Community Parameters and Calibrated Values

S Within the community platform, the ratio of the per-
Participation . .
Cost (PC) message processing cost over the average benefit pro- | 0.33

vided by a message deemed interesting (Range: [0,1])

Topic The degree to which community technology features
Consistency signal that current message content is indicative of 0.02
Cues (TCC) future content (Range: [0,1])
Attraction The number of interested individuals who join the Randomly selected from a gamma distribution with

o | Rate (A) community in each time period parameters a = 0.2624 and b = 1.1264

Q - - —

ot T Expectations formed prior to joining about the degree
Initial Fit - L L

IS . of fit between an individual's interests and the . L

@ | Expectation . o - . ) Uniformly distributed between 0.75 and 1

5 T communication activity within the community (Range: 0
Distribution

o to 1).

>

= | Initial Volume | Expectations formed prior to joining about the number

g Expectation of messages present in the community each period 1 for all individuals

£ | Distribution (Range: V, > 0)

8 Ratio of participants (i.e., individuals for whom p; > 0) to
Message members is chosen from an gamma distribution with
Contribution The likelihood of the individual contributing a message parameters of a = 0.3024 and b = 0.5268; All individuals
probability to the community (Range: 0 to 1) labeled as participants have the same participation
Distribution probability, a value that is drawn from a log-normal

distribution [LN(-4.10,0.55)

Individuals’ interest range length is chosen from a
Interest The set of topics that an individual is interested in (A uniform distribution between 0 and the community’s
Distribution range of values between 0 and 1) maximum interest range, a value that is selected from a

uniform distribution between 0.25 and 0.75

Table A2. Descriptive Statistics

N Min Max Mean Std. Dev
Percentage Membership Loss 192 0 0.98 131 .168
Group size (people) 192 3.0 225 163.59 282.06
Communication volume (messages/day) 192 0 29.13 1.11 3.05
Number of people entering per day 192 0 4.07 .31 .646

30 MIS Quarterly Vol. X No. X/Forthcoming 2014-2015




