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Abstract. In an online community, users can interact with fellow community members by

voluntarily contributing to existing discussion threads or by starting new threads. In
practice, however, the vast majority of a community’s users (≈90%) remain inactive (lurk),
simply observing contributions made by intermittent (≈9%) and heavy (≈1%) contributors.
Our research examines increases and decreases of types of user engagement in online
communities using hidden Markov models. These models characterize latent states of user
engagement from trace user activity or lack of activity. The resulting framework then
differentiates lurkers who can later become workers (i.e., engaged in the community) from
those who will not. Differentiating lurkers who can be engaged from those who cannot
enables managers to anticipate and proactively direct their resources toward the users who
are most likely to become or remain workers (i.e., heavy contributors), thereby promoting
community welfare. Analysis of 533,714 posts from an online diabetes community shows
that incorporating latent user engagement variables can signiﬁcantly improve the accuracy of welfare prediction models and guide managerial interventions. Application of
our framework to ﬁve additional communities of various contexts demonstrates its
generalizability.
History: Alok Gupta, Senior Editor; Maytal Saar-Tsechansky, Associate Editor.
Supplemental Material: The online appendix is available at https://doi.org/10.1287/isre.2019.0905.
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cheaper, there may still be personal costs of contributing. For example, people may be “too shy to
contribute” (Sun et al. 2014) as the global reach of the
community increases social exposure of contributors.
Indeed, despite the reduced costs of contributions,
the vast majority of users consume content without
contributing (Van Mierlo 2014). Pervasiveness of
this imbalance gave rise to an aphorism, the 1-9-90
principle (Wu 2018), which postulates that 1% of
an online community’s user base generates original
content, an additional 9% only interacts with existing
content introduced by others, and the remaining 90%
of the participants passively lurk. As a result, the
global reach of communities is not uniformly positive
because users, although beneﬁting from the community presence, may be reluctant to contribute their
own work.
Research has made considerable progress decrypting the process of converting these passive users
into engaged contributors. Theoretical models describe
engagement levels in numerous ways, such as “reader
to leader” (Preece and Shneiderman 2009), core periphery (Lave and Wenger 1991), and so forth. Important
topics focus on the determinants (Wasko and Faraj 2005,

1. Introduction
Millions of users engage daily with online communities through forums that span an ever-increasing
variety of topics (Wikipedia 2018). These communities rely on their users to generate forum content
through voluntarily working by sharing, responding,
answering, and discussing topics of interest. These
activities engage users as they interact with each
other, ideally leading to cohesive and productive
communities (Leimeister et al. 2006, Lin and Lee 2006,
Zhang and Watts 2008, Hew 2009, Seraj 2012).
The emergence of these online communities challenged existing theories about community participation (Faraj et al. 2011). The proliferation of
information and communication technologies both
dramatically- increased the reach of communities
and simultaneously reduced costs of contributing to
them. For example, participating in a community
with globally dispersed members no longer requires
travel to synchronously meet. Instead, people can use
general purpose technologies at a time of their convenience from wherever they are.
However, technology did not eliminate all costs.
Although the mechanical aspects of contributing are
607
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Moon and Sproull 2008, Bateman et al. 2011) and
motivations (Wang and Fesenmaier 2003) of user
engagement as well as the emergence of leadership
(Lu et al. 2013, Johnson et al. 2015).
Despite these ﬁndings, previous research focuses
primarily on participation and observable user actions and has only recently begun to model lurkers
explicitly (Tagarelli and Interdonato 2014). However,
focusing on observable actions misses many potential
users, whereas such observable actions can be incidental activity bursts that may not necessarily reﬂect
a user’s underlying dynamic engagement with the
community (Chen et al. 2018). Furthermore, much of
the prior research considers all types of contribution equally (e.g., “number of responses”). This creates the opportunity to better understand community
participation (Malinen 2015) because personal costs
vary considerably by contribution type. Finally, even
though previous work extensively discusses community welfare measures (Preece 2001, Szmigin et al.
2005, Wise et al. 2006, Chai et al. 2011), a formal
framework that predicts welfare could guide managerial intervention.
To address these limitations, we propose a dynamic
framework that models both observed participatory
actions and latent engagement states for users, including lurkers. We motivate and design a two-layer
hidden Markov model (HMM) customized for the
online community context. The HMM allows transitions between latent states that we describe through
accelerated failure time (AFT) models. Extending
previous research that considers one type of participation (Chen et al. 2018), topic models cluster contribution into four groups: “Ask,” “Share,” “Respond,”
and “Append.” The resulting HMM-AFT framework
accurately predicts user transitions among latent engagement states based on their type of contribution.
Additionally, the ability to model engagement at
the user level has implications for the study of a
community as a whole. Community welfare can be
measured in many ways, such as via contribution
volume at the community level (Wiertz and de Ruyter
2007), user interactivity (Preece 2001, Wise et al.
2006), and reciprocity (Chai et al. 2011, Faraj and
Johnson 2011). Despite their differences, these deﬁnitions are consistently based on user contribution
and hence, user engagement. Therefore, we expect
that a community’s welfare depends on the presence
of highly engaged users. This motivates us to use user
engagement as estimated by our framework toward
early prediction of community welfare. To model user
engagement and its predictive properties, we focus on
an important health-related context—DiabetesForum
(pseudonym), an online community dedicated to diabetes. Analysis of 533,714 posts from this community
shows that incorporating user engagement variables
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can signiﬁcantly improve the accuracy of welfare
prediction models and successfully guide managerial
interventions. Application of the HMM-AFT framework in ﬁve additional communities of various contexts demonstrates its generalizability.
The results add to our understanding of online
communities. First, by explicitly modeling lurkers
through a dynamic framework of latent user engagement, we differentiate lurkers who can be engaged from those who cannot. Second, we differentiate types of contribution by the conﬁdence that
they require, thereby allowing for targeted intervention. Third, we dynamically model latent patterns of community activity to create a framework
for predicting and evaluating community welfare.
Fourth, the proposed design guides practitioners to
efﬁciently address challenges when modeling user
participation and engagement in online communities.

2. Theoretical Context
2.1. Beneﬁts and Costs of Online Communities
to Users
To the beneﬁt of many users around the world, the
proliferation of internet access brought a concomitant
rise in online communities organized around many
topics. This rise motivated researchers to investigate the many new and diverse phenomena that
prior ofﬂine theory could not explain well. Examples include investigations of user willingness to pay
(Oestreicher-Singer and Zalmanson 2013), foundational questions of deﬁning user engagement (Ray
et al. 2014), comparisons of work-related versus leisurerelated content creation (Huang et al. 2015), sharing content between similar and dissimilar users in
terms of expertise (Hwang et al. 2015), contrasts in
mobile versus nonmobile content generation and usage (Ghose and Han 2011, Ransbotham et al. 2019),
and even distinctions in content generation as virtual
communities distance themselves from the physical
world (Kohler et al. 2011).
However, although information and communication technologies both dramatically increased the
reach of communities and simultaneously reduced
costs of contributing to them, costs have not been
eliminated. Although the mechanical aspects of contributing are cheaper, people still are reluctant to contribute because of personal costs (Sun et al. 2014). Thus,
the global reach of communities is not uniformly
positive because users, although beneﬁting from the
reach of the community, may be reluctant to contribute their own work exactly because of the global
exposure (Nonnecke and Preece 2001). In fact, the
pervasiveness of computing (Ransbotham et al. 2016)
leads to vulnerability risks (Cramer and Hayes 2010),
such as cyberbullying (Willard 2007, Hay et al. 2010),
personal insults, and other threats (Patton et al. 2013,
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Isaacs 2014). These potential personal costs affect the
willingness of users to engage in communities, which
in turn, affects the communities’ welfare.
2.2. Engaging Users to Contribute
Given these costs, two challenges that online communities face are (1) motivating users to start contributing and (2) engaging users after they contribute
so that they remain engaged. User engagement is thus
a continuous and uncertain effort; even when communities have sufﬁcient resources to regularly engage their users, only a small fraction eventually become and remain engaged. The majority of users lurk,
observing community activity but not contributing
(Van Mierlo 2014).
As a result, an ongoing and rich literature explores
the mechanisms that motivate users to contribute
their voluntary work to a community. For example,
contribution can result in social capital beneﬁts; users
may contribute knowledge out of a desire to grow
their professional reputation (Wasko and Faraj 2005).
Alternatively, users may be driven by psychological
and interpersonal bonds that they forge when they
identify with various users or groups within the
community (Bateman et al. 2011, Ren et al. 2012). This
identiﬁcation may develop through the community
itself, or it might preexist through social ties formed in
ofﬂine contexts (Bagozzi and Dholakia 2006, Zeng
and Wei 2013). Furthermore, because individuals are
heterogeneous, their idiosyncratic cognitive, emotional, and social characteristics affect their decisions
to contribute (Bagozzi and Dholakia 2006, Tsai and
Bagozzi 2014). However, an important difﬁculty is
that, in many cases, the underlying causes of participation owing to intrinsic motivation and interest are not observable externally or measurable by
platform managers. Our analysis (Section 3.1) acknowledges the latent aspect of these user attributes
because it models user evolution from the initial
decision to engage with the community through
subsequent decisions that deﬁne their dynamic level
of engagement.
Even though idiosyncratic reasons may drive motivation to participate in online communities, community characteristics also inﬂuence users’ decision
to engage. Social learning theory indicates that users
can learn about the behavior of other users even by
lurking. These lurkers can absorb information as they
lurk. For example, community feedback is particularly important to user engagement in diverse contexts, such as initial (Lampe and Johnston 2005) and
subsequent (Joyce and Kraut 2006) contribution to
news forums, contributions to Wikipedia (Ozturk
and Nickerson 2015), contribution to technical support forums (Moon and Sproull 2008), and even
participation in digital workplaces (Kokkodis and
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Ipeirotis 2016, Kokkodis and Ransbotham 2019).
This feedback affects both the quantity and quality of
contributions (Arguello et al. 2006, Moon and Sproull
2008, Burke et al. 2009, Huberman et al. 2009). From a
social learning theory perspective, feedback reinforces behavior. Importantly, users who have not yet
contributed can observe these community characteristics. Lurkers who observe the feedback of others
learn the activities that lead to positive reinforcement.
More engaged users receive the feedback directly and
learn which behaviors the community rewards. The
proposed framework (Section 4.2) models observed
and reinforced behaviors on user engagement: community attributes that measure the reinforcement
improve the predictive accuracy of a user engagement
dynamic model.
2.3. Levels of Engagement
Additionally, user engagement is unlikely to be binary with users engaging either as active contributors or not. Instead, engagement likely progresses
through multiple states of increasing activity. For
example, users become more competent as they become more engaged in the main processes of the
particular community. They move from legitimate
peripheral participation to full participation (Lave
and Wenger 1991). Subsequent analysis, for example, differentiates between visitor, novice, regular,
and leader roles (Kim 2000) and develops a reader-toleader framework with emphasis on different needs
and values at different participation levels (Preece
and Shneiderman 2009).
From this perspective, the heaviest contributors are
arguably a community’s most valuable demographic
because (by deﬁnition) they generate the vast majority of the community’s content (Yoo and Alavi
2004, Cassell et al. 2006). Therefore, understanding
the emergence of these contributors as well as their
patterns of participation is important. Contributors
emerge because of their social capital, sociability,
and knowledge contributions (Faraj et al. 2015). These
heavy contributors affect the community both directly and indirectly.
Direct contributions by heavy contributors are certainly foundational. When adding content, heavy
contributors tend to use multiple discourse channels
to broadcast their contributions (Forte and Bruckman
2005), use language familiar to the rest of the community (Johnson et al. 2015), and tend to submit more
and better content (Goes et al. 2014).
However, beyond their direct contribution, heavy
contributors also provide positive feedback that generates local network effects in content generation
through social learning (Shriver et al. 2013). These
network effects build on explicit and implicit ties that
users form between each other (Adler and Kwon 2002,
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Reagans and McEvily 2003, Grewal et al. 2006). Explicitly, many platforms allow users to follow each
other; a stochastic network growth model, for example, can predict the formation of these ties (e.g.,
in an online reviewing platform) (Lu et al. 2013).
Implicitly, tacit knowledge of processes and community practices transfers between artifacts of usergenerated content (e.g., between Wikipedia articles)
(Ransbotham et al. 2012). Because users absorb information through both explicit and implicit network
mechanisms, each of these mechanisms can affect the
resulting user-generated content indirectly.
2.4. Modeling Lurkers
Despite the large amount of research conducted on
user engagement, “a conceptual framework for user
participation remains undeﬁned as most of the research has approached participation in terms of its
quantity” (Malinen 2015). With a focus on quantity
and heavy contributors, lurkers receive less attention,
perhaps exactly because quantity of activity is easier
to measure than the absence of activity. Exacerbating
this difﬁculty, the term “contribution” often groups
different types of participation (e.g., questions,
shares, responses). Because lurkers differ significantly from contributors in terms of their willingness
to share information and their motivation to join the
community (Ridings et al. 2006, Sun et al. 2014, Phang
et al. 2015), there is a need for a framework that can
model engagement in the absence of participation.
Our framework models engagement as a latent
state. Quantities of activities are important signals,
but they are imperfect. Other research is beginning to
recognize the potential value from a latent approach.
For example, a dynamic approach across three latent
motivation states in a question-and-answer forum
ﬁnds that reciprocity and peer recognition inﬂuence user motivation to answer questions (Chen et al.
2018). We extend this approach in several ways. First,
instead of considering only one type of contribution
(i.e., responses), we consider different types of contribution, such as “Ask,” “Share,” “Respond,” and so
forth. Second, we explicitly model lurkers (rather
than only contributors). Modeling lurkers is crucial
from a managerial perspective, because it provides a
realistic evaluation of the community status.
Importantly, our proposed framework stochastically separates lurkers who are unlikely to ever become contributors from those who are eventually
engaged. This distinction can be critical for efﬁcient
interventions (Section 5.4). In addition, the proposed
two-layered structure reduces noise in estimating the
initial intentions of each user, which increases prediction accuracy. Finally, our research considers a
series of alternative modeling choices (e.g., choice of
the survival distribution) and an extended set of
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observed factors that motivate transitions to new
states. Evaluation in six different communities shows
that the proposed framework outperforms prior frameworks in both predicting individual engagement
and measuring a community’s welfare.
Finally, lurkers exist in all kinds of online communities. In social networks, for example, graphs
describe passive connection between “friends”
(e.g., Facebook) or “followers” (e.g., Twitter). Relevant
research in these networks focuses on ranking lurkers
according to their network connections, similar to
how the Pagerank algorithm ranks web pages (Tagarelli
and Interdonato 2013, 2014, 2015). Delurking in these
networks can be done computationally (Interdonato
et al. 2015) or through users outside the focal network (i.e., the friends of a user) (Interdonato et al.
2016). Application of these approaches to questionanswering communities (which are the focus of this
research) is not straightforward because one needs
to deﬁne the structure of a network. Because friendships are not observed in online forums, one way to
create network connections is by connecting “askers”
with “responders.” This structure ignores lurkers,
who end up having no connections. Hence, such
network approaches fail to perform well in predicting user engagement in online question-and-answer
communities (Section 5).
2.5. Online Community Welfare
The extensive body of work on behavior and contribution at the user level is complemented by studies
that focus on the welfare of the community as a whole.
Community welfare is a dynamic concept that varies
as the community evolves. It is thus measured in the
context of a speciﬁc timeframe. From a managerial
perspective, monitoring a community’s welfare and
intervening accordingly are important (Beenen et al.
2006, Seraj 2012, Healey et al. 2014). As soon as
managers become aware of a community’s deteriorating welfare, they can take remedial actions, such as
the introduction of new features or incentives (Cheng
and Vassileva 2006, Janzik and Herstatt 2008). Thus,
predicting the community’s welfare given its current
status is managerially important.
The ability to monitor and predict a community’s
welfare assumes a formal operationalization of the
concept. Prior research proposes various alternatives
for measuring community welfare, such as user activity (Preece 2001), interactivity (Szmigin et al. 2005,
Wise et al. 2006), and reciprocity (Wiertz and de
Ruyter 2007, Chai et al. 2011, Faraj and Johnson
2011). The number of new threads and the number
of responses that users contribute during a given timeframe (Ridings et al. 2006, Saltz et al. 2007, Shen and
Khalifa 2007, Himelboim et al. 2009, Millington 2012,
Schneider et al. 2013) often measure user activity.
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However, posts that users contribute either as a response to the creator of a thread or as a response to a
previous responder (Preece 2001, Viégas and Smith
2004, Angeletou et al. 2011, Bernstein et al. 2011,
Cheng et al. 2015) measure interactivity. Finally, reciprocal actions between users (e.g., a user x responds
to a post by user y after y had responded to a post by x)
(Hemetsberger et al. 2002, Lampel and Bhalla 2007,
Preece and Shneiderman 2009, Pai and Tsai 2016)
measure reciprocity.
Even though each measure describes a different
aspect of community welfare, they are all based on
the users’ contributions patterns: a community with
highly engaged, active users is likely to record high
scores for all of these measures. Even further, a community that has consistently maintained a high number of highly engaged users is more likely to achieve
and maintain high welfare levels in the future. Our
framework allows us to accurately estimate the number
of highly engaged users at any point and signiﬁcantly
improves community welfare prediction (Section 5.3.2).
2.6. Summary
Although the studies mentioned in this section examine user engagement in online communities, each
differs in emphasis and perspective. Table 1 summarizes these studies with ﬁve notable dimensions.
The ﬁrst dimension (“lurker modeling”) indicates
if the study examines lurkers explicitly. The second (“user evolution”) speciﬁes whether the research
explicitly models the dynamic user behavior in online
communities. The third (“which users”) and fourth
(“when active”) dimensions identify whether the
research predicts which users and when will become
more engaged. The ﬁfth dimension (“welfare”) indicates whether the research focuses on predicting
community welfare attributes. Finally, the last dimension (“contribution types”) indicates whether the
research studies engagement in relation to different
types of contribution. Taken together, they illustrate
the many aspects of online communities and the
variety of perspectives through which researchers can
study these aspects.

3. Methodology
User engagement is a latent (unobserved) dynamic
variable that, rather than being directly measurable,
can be inferred from the observed user activity. Our
research models this latent engagement through an
HMM built from trace data to examine how user
engagement relates to dimensions of community welfare (activity, interactivity, and reciprocity).
3.1. Modeling User Engagement
Users join an online community with different objectives; some users join to ask questions, others join
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to ﬁnd information in the community’s existing
threads, and still others join to share their knowledge
with those asking questions (Malinen 2015). These
intrinsic motives and objectives are both inherently
unobserved (i.e., not directly stated or even recognized
by the users themselves) and dynamic (i.e., evolve
with time). For example, users who join the community to respond to a speciﬁc question might lose
interest, or they might start responding to new questions. Similarly, users who join the community to passively learn about a topic might later feel conﬁdent
enough to respond to questions. Even though we cannot
observe the actual state of each user, we observe the
trace of user activity that reveals information about
their state of engagement with the community.
3.1.1. A Hidden Markov Model of User Engagement. An

HMM can help understand community user engagement. HMMs ﬁt this context well because they formally capture dynamic transitions of users over a set
of unobserved latent states through a series of observed signals. An HMM assumes a set of states
6  {s1 , . . . , sK }. At any given point in time t, a community user operates from an unobserved engagement state St ∈ 6. Each state represents different
probability distributions over a set of observable
actions, Yt ∈ =.
In an online community, (1) a user might create one
or more new discussion threads by either asking
a question (“Ask”) or sharing information (“Share”).
(2) A user might respond ﬁrst (“Respond”) to one or
more existing discussion threads. (3) A user might
contribute to an ongoing conversation that already
has a response (“Append”). (4) A user might decide
to be passive (“Lurk”). These signals link well to the
conﬁdence that a user has in participating in the
online community (Section 2.1). For example, lurking
requires little self-conﬁdence because users can anonymously consume community content. Responding
to a thread reﬂects increasing amounts of conﬁdence.
A user needs more conﬁdence to be the 1st responder
compared with being the 10th or 20th responder
in a thread. Initiating a thread (by either asking a
question or sharing information) reﬂects even greater
conﬁdence. Hence, a potential set of observable actions (or lack of actions) that captures increasing
levels of conﬁdence is
{
}
=  Lurk, Append, Respond, Ask, Share . (1)
3.1.2. Model Structure. Each user who joins the com-

munity has unobserved latent objectives. As the user
spends time on the platform, we observe signals of these
objectives. We encode this behavior in a two-layer
structure (as in other environments) (Kokkodis 2018,
2019b). The ﬁrst layer is an initial latent state s1 for all
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Table 1. Focal Literature on Online Communities

Paper
Lu et al. (2013)
Wasko and Faraj
(2005)
Bateman et al.
(2011)
Zeng and Wei
(2013)
Tsai and Bagozzi
(2014)
Ray et al. (2014)

Data

Goes et al. (2014)
Shriver et al.
(2013)
Chen et al. (2018)

When
Contribution
active Welfare
types

E-pinions (online
reviews)
Private community
(legal advice)
Survey on Q&A users
(n = 324)
Flickr (photos)

✗

U

U

U

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

U

U

✗

✗

Survey on VC users
(n = 982)
Survey on WoM and
Q&A users (n = 301)
Last FM (social
network)

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

U

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

U

✗

✗

✗

OestreicherSinger and
Zalmanson
(2013)
No data
Preece and
Shneiderman
(2009)
Bagozzi and
Survey on Linux users
Dholakia (2006)
(survey, n = 401)
Moon and Sproull Www, Lsoft, Tech,
(2008)
Comp (technical
support Q&A)
Burtch et al. (2017) Retail platform (online
reviews)
Ren et al. (2012)

Lurker
User
Which
modeling evolution users

MovieLens (movierelated community)
E-pinions (online
reviews)
Soulrider (sports
community)
SuperUser (computer
Q&A)

Objective

Methodology

Leader
emergence
Why users
contribute
Why users
contribute
Social ties and
content
Why users
contribute
Understand
engagement
Willingness to
pay and
participation

Net growth
PSA
PLS

✗

Understand
participation

NA

✗

✗

SEM

✗

✗

✗

Understand
participation
Feedback and
UGC

✗

✗

✗

✗

RE

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

✗

U

U

U

✗

✗

Social and
monetary
incentives
Member
attachment
User popularity
and reviews
Social ties and
UGC
Model active
users’
motivation
states

PLS
FE panel
SEM
SEM
Logit, PSM,
Cox

Cox model

RE
Panel,
matching
Regression,
instruments
HMM

Notes. The column “Lurker modeling” identiﬁes whether the research explicitly models lurkers. The column “User evolution” captures whether
the research studies the dynamic behavior of users. Columns “Which” and “When” refer to whether the research identiﬁes and predicts which
users and when they will become highly engaged. The “Welfare” column shows whether the research focuses on measuring the welfare
dimensions of a community. Finally, the “Contribution types” column shows whether the research studies engagement in relation to different
contribution types. FE, ﬁxed effects; PSA, parametric survival analysis; Q&A, question-and-answer forum; RE, randomized experiment; PLS,
partial least squares; WoM, word of mouth; SEM, simultaneous equations model; PSM, propensity score matching; UGC, user generated context
VC, virtual community; NA, non-applicable; ✗, main model focuses only on contributors, but it can generalize on lurkers.

new users. This state allows for an initial estimate
of a user’s latent objectives. (Alternatively, users
could begin stochastically in a second-layer state;
this would increase noise in subsequent predictions
without adding information.) After a time t, users
emit their ﬁrst signal Y1 ∈ = and then, stochastically
transition to one of the K − 1 states of the second layer.
Figure 1 illustrates this by distinguishing the two
layers and depicting the possible transitions from
each state.
A complete deﬁnition of an HMM requires (1) a
vector of initial state probabilities π, (2) a transition matrix T of the transition probabilities between
states, and (3) an emission matrix E that describes

the state-speciﬁc probability distributions across the
set of actions =. Because every new user begins in
state s1 , the initial probability vector for the HMM is
π  [1, 0, 0, . . . , 0].
A community user’s history provides multiple observable signals that correlate with transitions to
higher (or lower) engagement states (e.g., time from
last action, total number of actions, distance between
actions, etc.). Such historical attributes deﬁne a vector X t , which affects transition probabilities through,
for example, an AFT model (Mario et al. 2008).
AFT models assume that the survival probability of
a user follows a speciﬁc distribution f , with a cumulative distribution F. For a user in state sk , time
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Figure 1. (Color online) A Two-Layer Hidden Markov

Model of User Engagement in an Online Community

with the transition probabilities to different states.
Because of the two-layer structure (Figure 1), the
transition matrix is not completely ﬁlled; instead, the
transition matrix is
⎡⎢⎢⎢ 0
⎢⎢⎢
⎢⎢⎢ 0
⎢
T (Θ, X t−1 )  ⎢⎢⎢⎢ .
⎢⎢⎢ ..
⎢⎢⎢
⎢⎣ 0

1 ,s2
λsΘX
s2 ,s2t−1
λΘX t−1
..
.
K ,s2
λsΘX
t−1

...
...
..
.
...

1 ,sK
λsΘX
⎥⎤⎥⎥
⎥
s2 ,sKt−1 ⎥
λΘX t−1 ⎥⎥⎥⎥
⎥
.. ⎥⎥⎥⎥.
. ⎥⎥⎥⎥
⎥
λsK ,sK ⎥⎦

(5)

X t−1

The emission matrix consists of elements with the
conditional probabilities of actions given the current
state of the user. These emission probabilities follow a
multinomial distribution across the set of available
actions =. Formally,
Notes. The top layer consists of a single initial state s1 , which represents the starting point for all new community users. After the users
emit their ﬁrst observable action Y1 ∈ =, they transition to an appropriate state in the bottom layer. After this transition, users do not
return to the initial state but instead, stochastically transition among
the other K − 1 available states.

1
⎡⎢⎢⎢ μsLurk
⎢
⎢
⎢
( ) ⎢
E µ  ⎢⎢⎢⎢⎢ ...
⎢⎢⎢ s
K
⎣⎢ μLurk

1
μsAsk
..
.
K
μsAsk

1
μsShare
..
.
K
μsShare

1
⎤⎥⎥⎥
μsAppend
⎥⎥⎥
⎥⎥⎥
..
⎥⎥⎥⎥,
.
⎥⎥⎥
⎦
μs K

1
μsRespond
..
.
K
μsRespond

Append

(6)

accelerates or decelerates depending on vector X t
(Mario et al. 2008):
(
)
τsk  exp −βsk X t t,
(2)

where the emission probability of action y at state sk
1
is μsyk  Pr(Y  y|S  sk ), y ∈ =, sk ∈ 6, and µ  [μsLurk
,
s1
s1
sK
μAsk , μShare , . . . , μAppend ].

where τsk ∼ f . The survival probability of this user is
then given by the following:
(
(
))
Surv(t|X t )  1 − F exp −βsk X t t .
(3)

3.1.3. Model Identiﬁcation. To estimate the parameter

Assuming an ordering of states in terms of contribution, the probability of transitioning to a state l
(i.e., not surviving) with higher contribution is
(
)
k ,sl
λsΘX
: Pr St+1  sl |St  sk ; Θ, X t
t
(
(
)
)
k ,sl
⇔ λsΘX

Pr
ξ
<
exp
−β
X
t
<
ξ
t
l−1
l
s
t
k
(
(
)
)
 Pr exp −βsk X t t < ξl
(
(
)
)
− Pr exp −βsk X t t < ξl−1
(
(
))
 F ξl − exp −βsk X t t
(
(
))
− F ξl−1 − exp −βsk X t t ,
(4)
where ξl are positive ordered thresholds, such as
ξl > ξl−1 ∀l ∈ {1, . . . , K − 1} (ξ0  0, ξK  ∞). For notation simplicity, we group all of the parameters in
vector Θ  [βs1 , βs2 , . . . , βsK , ξ1 , ξ2 , . . . , ξK−1 ] .
Figure 2 shows the HMM-AFT framework that
includes the structural interactions of covariates X t

vectors Θ and µ, we maximize the conditional probability of the observed set of actions given the model
structure. Assume that a sequence of M observations for a given user i is Y i  Yi1 , Yi2 , . . . , YiM , where
Yim ∈ =, m ∈ {1, 2,. . . , M}. Also, assume that Y i is the result of a sequence of latent states, Si  Si1 , Si2 , . . . , SiM ,
where Sim ∈ 6, with respective input vectors X i1:M−1 
X i1 , X i2 , . . . , X iM−1 . Figure 2 illustrates these sequences
along with their interactions.
Based on the model structure, the conditional likelihood of observing Y i is
M
M
(
) ∏
(
) ∏
Pr Yit |Sit ; µ 
μSYitit .
Pr Y i |Si ;µ 
t1

(7)

t1

The conditional probability of getting the sequence
Si is
Pr(Si |Θ, X i1:M−1 )
 π ( S1 )

M
∏
t2

M
(
) ∏
it−1 ,St
Pr Sit |Sit−1 ; Θ, X i1:M−1 
λSΘX
,
it−1
t2

(8)
where π(S1 )  π(S1  s1 )  1 because all users deterministically begin in state s1 .
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Figure 2. (Color online) The HMM-AFT Framework over Time

Notes. Survival models deﬁne transition probabilities in the latent-state model that describes user engagement. The covariate vector X t−1 and the
parameter vectors Θ affect the transitional probabilities from state St−1 to St , St−1 , St ∈ 6. Parameter vector µ deﬁnes the probabilities for
observing Yt ∈ =. Latent states are in clear ellipses, whereas observed actions are shaded.

Based on this analysis and Figure 2, the likelihood
of this sequence of observations for user i is as follows:
(
)
l Y i ;Θ, µ, X i1:M−1
(
)
 Pr Y i |Θ, µ, X i1:M−1
∑ (
)

Pr Y i , Si |Θ, µ, X i1:M−1
∀Si
Figure 2



∑
∀Si

Equations 7,8



(
)
Pr Y i |Si ; µ Pr(Si |Θ, X i1:M−1 )

μSYi1i1

M
∑∏
∀Si t2

it−1 ,St
μSYitit λSΘX
,
it−1

(9)

where the structure of the HMM allows decomposition of the joint probability of Pr(Y i , Si |Θ, µ, X i1:M−1 )
(Murphy 2012). Finally, the complete likelihood for N
users is
N (
(
) ∏
)
L Θ, µ 
l Y i ; Θ, µ, X i1:M−1 .

(10)

i1

For efﬁcient estimation of the parameters Θ and µ that
maximize this complete likelihood, we use the limited memory Broyden–Fletcher–Goldfarb–Shanno
algorithm (Byrd et al. 1995). (Alternatively, minimizing
an error function can estimate parameters (Kokkodis
2019a).)
3.2. Predicting Community Welfare Through
User Engagement
A community’s welfare depends on highly engaged
users (Section 2.5). Hence, given that the HMM-AFT
framework predicts the state of engagement for each
user at any point in time, it can also provide information that predicts a community’s future welfare.

We demonstrate this by designing a predictive
model for the multiple dimensions of community
welfare. Section 2.5 highlights ﬁve measures that
reﬂect a community’s welfare: (a) the total number
of new threads (W1 ), (b) the total number of responses (W2 ), (c) the ratio of the number of responses per
thread (W3 ), (d) the mean number of unique users per
thread (W4 ), and (e) the total number of reciprocal
posts (W5 ). The ﬁrst two measures capture user activity (Ridings et al. 2006, Saltz et al. 2007, Shen and
Khalifa 2007, Himelboim et al. 2009, Millington 2012,
Schneider et al. 2013), the next two capture the
interactivity between users (Preece 2001, Viégas and
Smith 2004, Angeletou et al. 2011, Bernstein et al.
2011, Cheng et al. 2015), and the last measure captures reciprocity (Goldstein et al. 2001, Molm et al.
2007, Haines et al. 2011). We extend these by adding
three new measures that capture the ability of the
community to attract and engage new users: (f) the
number of new users (W6 ), (g) the number of new
contributors (W7 ), and (h) the percentage of new users
who contribute (W8 ). Together, the eight measures
constitute a holistic view of the welfare of a community.
We evaluate ﬁve different predictive models:
-Support Vector regression model (-SV) (Shevade
et al. 2000, Sapankevych and Sankar 2009), an autoregressive integrated moving average model with
explanatory variables (ARIMAX) (Friedman and
Meiselman 1963), a k-nearest neighbor regression
(kNN), recurrent neural networks (long short-term
memory, or LSTM) (Hochreiter and Schmidhuber
1997), and gradient boosting (XGBoost) (Chen and
Guestrin 2016). All models use the same vector of
predictors Z, which includes (1) variables that account
seasonal effects, (2) time-lagged versions of the ﬁve
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welfare measures W1 − W5 , (3) time-lagged variables that encode the community’s evolving size, and
(4) variables based on the latent states of user engagement learned via the HMM-AFT framework
(HMM variables !).

4. Research Context
Our empirical analysis focuses on a large online
community for diabetes patients, DiabetesForum, that
began in June 2007. The site maintains forums where
users can discuss issues with other users. Additionally, it offers a variety of ﬁrm-created resources (such
as nutrition guides, product information, video interviews, etc.), sponsors ofﬂine events, and hosts
webinars. The community directs the initiatives toward creating a positive and supportive environment
to promote health for those living with diabetes.
4.1. Overview
The data set from the DiabetesForum community
includes the activity of all 45,308 users who joined
between June 2007 and October 2017. Users can create
new threads to ask questions or make observations
that they believe will interest the community. Other
users can then respond to the new threads (or prior
responses) as well as indicate support for existing
content (by clicking on a “Like” indicator). Thread
content and the number of “likes” are visible to all
users. Within the data set, users generated a total of
49,904 new threads and 483,810 responses to these
new threads. Figure 3 illustrates community activity
over time. The community reaches a peak of responses and new threads just before 200 weeks. New
content generation becomes sparser after that time.
Furthermore, the number of new threads and the
number of responses are correlated.
DiabetesForum is an insightful empirical context
for research on online communities for several reasons. First, the community maintained a consistent
structure, thus reducing the potential inﬂuence of
exogenous shocks due to changes in the technology

platform. Second, its tenure allows sufﬁcient time (10
full years) to observe multiple phases of growth and
decline and therefore, exhibit variance in user engagement. Third, the community focus on diabetes
attracts users with an intrinsic interest in topics that
are likely to be deeply important to them. Fourth,
DiabetesForum ﬁts the general contribution pattern
of other online communities (i.e., the 1-9-90 principle
(Van Mierlo 2014)), with only a small percentage of
users contributing content (Figure 4). Even further,
this percentage declines as the total number of registered users increases over time.
4.2. Variables That Affect Transitions
The rich DiabetesForum data provide several measures of community aspects that may be associated
with user engagement (e.g., user-to-user interactions,
observable user actions, and the users’ topical interests). The covariate vector X t includes these measures.
4.2.1. Community Interactions. Community feedback

is important to user conﬁdence and engagement
(Lampe and Johnston 2005, Joyce and Kraut 2006,
Moon and Sproull 2008, Ozturk and Nickerson 2015).
In the DiabetesForum context, feedback is directly
encoded in the endorsements (likes) that the users
receive for their contributions by other community
members as well as through community badges. We
thus measure direct feedback through three variables:
the average number of likes that each user receives
per post (“Likes received (average per post)”), the
total number of unique users who liked the focal
user’s contributions (“Received likes (unique users)”),
and whether the user has received a badge (“Badges”).
Community interactions can also provide indirect
feedback. For example, a user who creates a wellreceived thread or response that is followed by a
lengthy discussion with other users can be encouraged to get more engaged with the community. To
measure this type of indirect feedback, we compute
the number of responses in a thread after a user’s

Figure 3. (Color online) Overview of Community Activity

Note. User activity (new threads, responses to existing threads) from June 2007 until October 2017.
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Figure 4. (Color online) Contributing Users

Note. Like many other online communities, most users are not actively engaged.

response (“Responses after response”) and the average number of responses that a user’s thread receives (“Avg responses per thread (received)”). Both
of these types of feedback could affect the user’s
conﬁdence.
4.2.2. Observable User Actions. Additionally, we mea-

sure activities by the user that are directly observable.
For example, the number of times that a user responds
to any thread (“Number of responses”), the number
of unique threads a user responds to (“Unique topics
responded”), the number of new threads that a user
creates (“Number of threads”), and the number of
unique users who a user likes (“Gave likes (unique users)”) represent the basic participatory actions
for community members (Huffaker 2010). Remaining active for an extended period of time correlates
positively with the contribution quality, whereas being
intermittently active presents a weak but negative
correlation (Nam et al. 2009). We capture such patterns via the average number of weeks between consecutive user actions (i.e., a thread creation or a new response), the standard deviation of this quantity (“Weeks
between actions,” average and standard deviation),
and the number of weeks that have passed from a
user’s last action (“Weeks from last action”). Additionally, early engagement for community users is
important (Arguello et al. 2006, Burke et al. 2009). We
directly observe the initial actions of each user, such
as whether the user has created a thread in the ﬁrst
week after joining the platform (“Thread in ﬁrst
week”) and whether the user has responded to a
thread in the ﬁrst week after joining the platform
(“Response in ﬁrst week”). Furthermore, we observe
the state of each thread at the time when a user
chooses to contribute to it. For instance, a user might
choose to contribute in a fairly new thread, with few
responses. To the contrary, a different user might
choose to contribute to a fairly mature thread, with
many responses. Each of those actions might have
an effect on the subsequent user level of engagement with the community because different thread

maturity levels might result in different community
interactions and as a result, in varying feedback to the
user (Moon and Sproull 2008). We measure the maturity level of a thread through the number of responses before a user’s choice to respond (“Responses
before response”). Finally, we indicate whether a user
has a proﬁle picture (“User image (binary)”), which is
correlated with higher levels of engagement (Adaji
and Vassileva 2016).
4.2.3. Topical Interests. Users who have broader in-

terests disseminate information within the community (Hecking et al. 2015). The average number of
responses per thread (“User avg responses per thread”)
measures the broadness of user interests. By measuring broadness, we control for potential “superposters” (Huang et al. 2014). Furthermore, beyond
just the number of responses per thread, we also mine
the content that each user contributes. User engagement may vary by their topical interests (i.e., more/
less engaged users favoring certain topics). We estimate topical interests through deep learning (“Deep
learning features”). Speciﬁcally, we create user-speciﬁc
documents by concatenating the posts that each user
contributes. We then use the distributed memory
model (Le and Mikolov 2014) to embed each user into
a multidimensional semantic space according to their
respective document. Online Appendix A describes
the detail behind this method.
Table 2 summarizes the variables extracted from
the DiabetesForum community (excluding the deep
learning features). Online Appendix B contains the
correlogram for these variables. We log-transform
variables with long tails and standardize all variables for faster convergence.
4.3. Welfare Variables
To evaluate the performance of the three models that
predict welfare (Section 3.2; -SV, ARIMAX, and
kNN), we deﬁne a vector of predictive variables Z.
The focal predictors are the variables based on the
users’ latent states of engagement as learned by the
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Table 2. Descriptive Statistics of Community Activity
Mean

Median

Min

Transition variables
User actions
Number of threads (count)
1.10
0
0
Number of responses (count)
10.68
0
0
Response in ﬁrst week (binary)
0.16
0
0
Thread in ﬁrst week (binary)
0.09
0
0
Weeks between actions (count)
13.41
1
1
Gave likes (unique users)
0.06
0
0
User responses (average per thread)
0.30
0
0
Unique topics responded (count)
2.03
0
0
Responses before response (count)
4.70
0
0
User image (binary)
0.35
0
0
Weeks from last action (count)
6.25
1
0
Community actions
Likes received (average per post)
0.01
0
0
Received likes (unique users)
0.03
0
0
Responses after response (count)
2.36
0
0
Responses received (average per thread)
0.49
0
0
Badges (binary)
0.05
0
0
Welfare variables
W1 : threads (count)
281.51 277
7
W2 : responses (count)
2,713.48 2,484
40
W3 : responses per thread (count)
5.56
5.61 1.78
3.71
3.74 1.66
W4 : unique users per thread (count)
W5 : reciprocity (count)
473.95 443
11
W6 : new users (count)
84.93
88
4
W7 : new contributors (count)
17.95
17
1
0.13
0.11 0
W8 : new users who contribute (%)

Max

Standard deviation

970
9,021
1
1
433
68
31
3,777
1,482
1
499

8.56
126.53
0.37
0.29
32.73
0.93
0.95
47.31
20.68
0.47
20.99

10
20
987
161
1

0.18
0.38
15.07
2.62
0.21

532
6,803
9.99
5.31
1,051
183
39
0.45

124.76
1,270.45
1.29
0.56
187.60
34.59
9.40
0.07

Note. The data include 483,810 responses in 49,904 threads by 45,308 users from June 2007 until October
2017.

HMM-AFT. Speciﬁcally, for each period p, we compute the following set ! of HMM variables:
• the number of users who began p as lurkers and
became engaged during p,
• the number of users who began p as engaged and
remained engaged throughout p, and
• the number of users who began p as engaged and
regressed to lurkers during p.
These variables capture the transitions (from lurker
to highly engaged and from highly engaged to lurker)
that occur during a period p as well as the number
of users who remain highly engaged throughout p.
In addition, time-lagged versions of these variables
incorporate the consistency of such events during
the community’s recent history. Intuitively, a community that enjoys consistently high numbers of
transitions to more engaged states and low numbers
of transitions to less engaged states for extended
periods of time is more likely to improve its future
welfare.
To control for the increasing number of users as the
community grows, we create the following two variables for each period p:
• the number of users who registered before p and
• the number of users who registered during period p.

Because we focus on timeseries prediction of welfare
measures, we further include time-lagged variables of
the eight welfare measures W1 − W8 (Section 3.2).
Finally, we control for trending and seasonal effects
through a time trend variable for each year as well as
dummy variables for the month and quarter of the
year. The bottom of Table 2 shows the descriptive
statistics of the eight welfare measures. Table 3 describes all of the welfare variables.

5. Results
Section 5.1 describes the results of estimating latent
states of user engagement. This process includes
choosing an underlying survival function f as well as
the total number of states K. Section 5.2 models the
community using the HMM-AFT framework. Then,
Section 5.3 discusses the performance of the HMMAFT framework in modeling and predicting user
contribution and community welfare. Finally, Section 5.4 shows how the HMM-AFT framework can
inform managerial intervention. For the HMM-AFT,
we aggregate user activity at the weekly level. Experimentation with daily and monthly aggregations
resulted in qualitatively similar frameworks. Online
Appendix D shows that the HMM-AFT approach
generalizes to ﬁve additional online communities,
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Table 3. Predictors of Community Welfare (Vector Z)
Variable
Observed community
Observed community
Observed community
Observed community
Observed community
Observed community
HMM variables (!)
HMM variables (!)
HMM variables (!)
a

variables
variables
variables
variables
variables
variables

Community welfare measures (W1 − W8 )a
Time trend (annual)
Quarter dummies
Monthly dummies
Users who registered before p (count)a
Users who registered during p (count)a
Users who began p as lurkers and became highly engaged during p (count)a
Users who began p as engaged and remained engaged throughout p (count)a
Users who began p as engaged and regressed to lurkers during p (count)a

The vector of predictors Z includes time-lagged versions for each of these variables.

including DronesForum (for drone enthusiasts), CookingForum (for food lovers), DietForum (for males interested in healthy lifestyles), AlternativeDietForum
(for meal replacement enthusiasts), and CompeteForum
(to encourage technological development).

considers the following continuous probability distributions for function f :
{
}
f ∈ Exponential, Loglogistic, Lognormal, Weibull ,
(11)
and the following set of number of states:

5.1. Participation Types and Parameter Estimation
The HMM considers ﬁve types of user contribution (=): “Lurk,” “Append,” “Respond,” “Ask,” and
“Share.” Most of these actions are directly observable.
To identify whether a new thread is an “Ask” or a
“Share” post, we run latent dirichlet allocation (Blei
et al. 2003). Online Appendix C provides the details
of this process and examples of “Ask” and “Share”
posts. When a user takes multiple actions within a
week, we map those to the one associated with the
higher level of self-conﬁdence. For instance, if a user
both responds and asks a new question during the
same week, we observe “Ask.” (Modeling more actions creates sparse data sets and lower predictive
performance.)
The HMM-AFT framework requires two choices:
the number of states (K) and the survival function ( f ). To
select, we compare conﬁgurations and calculate their
Bayesian information criterion (BIC) scores (Schwarz
1978, Murphy 2012). In particular, the framework
Figure 5. State and Distribution Function Selection

Note. Error bars show 95% conﬁdence intervals.

K ∈ {3, . . . , 6}.

(12)

For each combination in {K × f }, we estimate the parameters Θ, µ that maximize the likelihood of Equation (10). Maximizations such as these are prone to
ﬁnding local maxima rather than the global maximum
because of the initial parameters. Hence, to increase
the likelihood of selecting the optimal number of
states K, we search 1,000 randomly generated initial
parameters for each combination in {K × f }. Figure 5
shows the BIC score (Schwarz 1978) for these conﬁgurations. The log-normal function with ﬁve states
(K  5) yields the lowest BIC score.
5.2. State Transitions
Using these optimal parameters, Figure 6 shows the
resulting HMM-AFT framework with latent (transparent) states and observable (ﬁlled) actions (Koller
and Friedman 2009, Murphy 2012). Each latent state
has a different probability distribution across all
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Figure 6. (Color online) Latent-State Transitions Within the DiabetesForum Community

Notes. The HMM structure that yields the lowest BIC score for K  5. Similar to Figure 1, s1 is in the top layer (starting state), and s2 to s5 are in the
bottom layer. (For increased readability, we only show transitions and emissions with probability greater than 0.05.)

possible actions from = (i.e., μsyk , y ∈ =, and sk ∈ 6).
For example, a user in the initial state s1 has on average 0.66 probability to “Lurk,” 0.17 probability to
append to current threads, 0.01 probability to ask a
question, 0.04 to share information, and only 0.02
chance to be the ﬁrst responder to a thread.
Figure 6 also shows the distinction of the two HMM
layers: the ﬁrst layer contains the initial state s1 , where
all users deterministically begin when they ﬁrst join
the platform. From s1 , users stochastically transition
to the second layer (i.e., states s2 to s5 ). More importantly, the graph shows a clear separation between different types of lurkers—lurkers who cannot
be engaged (state s2 ) versus lurkers who can become
active again (state s3 ). States s4 and s5 are the higher
engagement states, which we distinguish into “Lower
conﬁdence” and “Higher conﬁdence.” In the “Lowerconﬁdence” state, users mainly append responses to
current threads (26% chance). In the “Higher-conﬁdence” state s5 , users ask new questions (18%), share
information (15%), and are the ﬁrst to respond (20%).
Overall, state s5 represents the most active contributors of the community.
The emission probabilities might appear low at
ﬁrst. However, because the HMM is trained over

sequences of weekly observations, the cumulative
effect of these probabilities increases considerably.
For instance, for a user who is in state s5 , the probability of not contributing at all after 4 weeks would
be practically zero (i.e., 0.134  0.0003). Beyond just
the likelihood of contributing, the model also indicates that a user who is in the same state s5 for
4 weeks will ask on average 4 × 0.18 ∼ 0.72 new questions, share 4 × 0.15  0.6 new information threads,
and respond 4 × 0.34  1.36 times (expected mean
of a sequence of Bernoulli trials; i.e., a binomial
distribution).
This structure further allows observation of hidden
patterns of user evolution. One week after joining the
platform, most users end up in the predominantly
unengaged state s2 . Around 18% transition to the
“Lower-conﬁdence” state s4 , where they start contributing. Only 3% of the users end up in the “Higherconﬁdence” state after their ﬁrst week of joining
the platform. From state s5 , users will likely keep
contributing, but around 8% will transition to the
“Lower-conﬁdence” state; from there, few (17%) will
end up in state s3 . After they are in s3 , users will likely
stay there, with some of them (7%) reactivating and
moving to state s4 .
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5.3. Predicting Contribution and
Community Welfare
The HMM-AFT framework allows managers to predict individual user engagement (Section 5.3.1) and
future community welfare (Section 5.3.2). Next, we
compare its predictive performance against previous
works and other baselines.
5.3.1. Predicting Contribution. One of the purposes

of the HMM-AFT framework is to provide tools
that help community managers effectively forecast
current and future user engagement. A complete
framework needs to accurately predict all types of
contribution (i.e., “Respond,” “Ask,” “Share”). Such
accurate predictions allow managers to make typespeciﬁc interventions. For instance, managers can
target users who are more likely to “Respond” to new
or unanswered questions, users who are more likely
to “Append” to open discussion threads, and so forth.
To predict individual user contribution, we allow
some of the variables of vector X to affect emissions.
Furthermore, because this adaptation increases signiﬁcantly the number of parameters that we need to
estimate, we use step forward feature selection (Ferri
et al. 1994). To benchmark the performance of the
HMM-AFT, we compare with several advanced alternative algorithms. (Online Appendix E shows the
details of these implementations along with the respective parameter tuning.) These include the following models.
• Static models. Several static models estimate the
probability of each type of contribution (multiclass
classiﬁcation). Speciﬁcally, we consider logistic regression, random forest, and gradient boosting for
classiﬁcation (XGBoost 2018).
• Dynamic models. Because users are dynamic
entities with correlated observations over time, we
consider two dynamic approaches: LSTM network
(Hochreiter and Schmidhuber 1997) and an HMM
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(dynamic HMM) that estimates the probability of
contributing a single type of contribution (one or
more responses) (Chen et al. 2018).
Figure 7 shows the 10-fold crossvalidated average
and per class area under the curve (AUC) improvement
scores of each approach. (AUC scores across all classes
and models range between 51% and 92%, with an average
of 77%.) The HMM-AFT approach signiﬁcantly (p < 0.001)
outperforms all other approaches by an average AUC
improvement between 9% and 26% (“Mean across
classes” plot in Figure 7). For per class accuracy, the
HMM-AFT approach signiﬁcantly (p < 0.001) outperforms all alternative predictive models for classes “Lurk,” “Append,” and “Respond.” For predicting “Ask,” the HMM-AFT approach outperforms
logistic regression (p < 0.1) and all other approaches
(p < 0.001). For predicting “Share,” the HMM-AFT
approach performs on par with logistic regression,
random forest, and XGBoost models and signiﬁcantly
(p < 0.001) outperforms the LSTM model. Overall, the
results reveal that, by learning a probabilistic state
space that accurately encodes user behavior, the
HMM-AFT can generalize and deliver accurate predictions of user participation as measured on unseen
testing data. (Figure A.11 in the online appendix
shows how the HMM-AFT approach outperforms all
other approaches in ﬁve additional communities.)
5.3.2. Predicting Community Welfare. Next, we ex-

amine how knowledge of the users’ latent states relate to overall community welfare (Section 3.2). Five
predictive models (-SV, ARIMAX, kNN, LSTM, and
XGBoost) estimate the value of the welfare dimensions Wl , for l ∈ {1, . . . , 8}. We use the set of predictor
and lagged variables (Section 4.3), aggregating the
values of the predictors by month. The focus on monthly
aggregates allows us to capture more information
within each time unit. (Analysis with weekly data
led to worse out-of-sample performance because of

Figure 7. Forecasting User Contribution

Notes. The 10-fold crossvalidated AUC scores for each approach. Error bars represent 95% conﬁdence intervals.
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sensitivity to outliers. Monthly aggregates smooth
out outlier effects by considering a longer part of
the timeline.)
Three baselines benchmark the performance of the
HMM-AFT.
• No state variables does not consider the HMM
variables (!).
• Dynamic HMM includes user state information
(Chen et al. 2018).
• Dynamic network uses lurker ranking information (Tagarelli and Interdonato 2014). For the required social network graph, we assume edges between users who interact in the same thread.
All models consider time-lagged versions of every
variable except for trend and seasonal effects (Section 4.3). Following best practices for time series
forecasting, we select the number of lags by using outof-sample prediction with the root mean squared
error (RMSE) as an objective function (Hyndman and
Khandakar 2007). After experimenting with multiple alternatives ({6, 12, 18, 24} lags), we found that
12 lags led to the best results for all three models.
For all models, we tune their respective parameters
using a grid search on a holdout sample. We train the
models using the ﬁrst 36 months of data and test their
efﬁcacy on the rest. In the testing step, the models
simultaneously predict each welfare measure up to
12 months in the future. Predictions occur sequentially. To predict r months ahead (i.e., prediction
step = r), we include a sliding window of the 12 prior
months as lagged variables. Formally, let q,̂
q r be
vectors that include the actual values (q) and the
corresponding “r steps ahead” predictions ( ̂
q r ) of a
welfare measure for step r. Then, the root mean
squared error at step r (RMSEr ) is
(
)
RMSEr q,̂
qr 

√
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
√
)2
√∑J (
qjr
j1 qj − ̂
J

,

where J is the total number of predictions in the test
data for r steps ahead.
Figure 8 shows the average improvement of all
models over the “No state variables” approach. Almost all models perform better than the “No state
variables” approach for all welfare measures. Exceptions include the dynamic network approach (Tagarelli
and Interdonato 2014) for W3 , W4 , W8 and the dynamic HMM approach (Chen et al. 2018) for W7 .
Across all models (ARIMAX, kNN, and -SV), the
HMM-AFT framework signiﬁcantly outperforms all
other approaches.
5.4. Simulating Managerial Intervention
Simulations assess how well managerial interventions could beneﬁt from the predictive performance

of the HMM-AFT. We begin by creating the monthly
time series for each of the eight welfare measures.
Using the series for each measure, the -SV algorithm
predicts the welfare values for the following 12 months.
Then, for a given welfare measure l, we deﬁne the total
predicted change as
change − suml 

1
∑

Ŵli+1 − Ŵli ,

(13)

i

where Ŵli is the ith prediction of welfare measure Wl .
Conceptually, a lower change sum represents a period with a greater reduction in welfare. We then rank
all of the predicted 12-month periods by their respective change sum scores in ascending order. Thus,
the top-ranked period is the one with the lowest
change sum. After repeating this for all eight welfare
measures, we identify the 12-month interval (in the
test set) with the highest mean rank across the eight
measures. Conceptually, this period is the time during
which the community suffered the lowest change sum
as aggregated across welfare measures.
We repeat this process for each of the benchmark
approaches and the HMM-AFT. For each approach,
we compute its mean rank according to the actual
(not predicted) series of the eight welfare measures.
Table 4 shows the results. The three benchmark approaches fail to identify the most severe drop in welfare
measures, with the dynamic HMM approach doing
better than the other two, identifying the 18th worst
actual period. To the contrary, the HMM-AFT identiﬁes the second worst interval between weeks 191
and 232. Figure 3 shows the drop in contribution
during this period, demonstrating how greater predictive performance can guide managerial interventions.
To simulate a realistic intervention during the predicted interval (i.e., starting on week 190), we ﬁrst assume that the community managers have a limited
budget on how many users they can target. We consider
budgets of 2.5% and 5% of the total community users.
The HMM-AFT indicates a target group that the community should focus on lurkers who can be engaged
(state s3 ). We consider two targeting strategies:
• strategy 1, random budget allocation to all users;
and
• strategy 2, targeted budget allocation to lurkers
who can be engaged (state s3 ).
We further assume an intervention efﬁcacy IE ∈
{5%, 10%, 15%). Hence, a user i in state sk has probability to transition to a high activity state (sl ∈ {s4 , s5 })
according to the following:
Pr(St+1  sl |St  sk )  T (Θ, X t )[k][l] + IE , ∀k  l. (14)
If treated users transition to a high activity state, we
simulate their contributions over the next weeks
according to the HMM-AFT framework. We repeat
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Figure 8. (Color online) Welfare Prediction

Notes. The predictive performance of the dynamic HMM (Chen et al. 2018), the dynamic network (Tagarelli and Interdonato 2014), and the
HMM-AFT framework compared with a no state variables approach. In all welfare metrics, the HMM-AFT signiﬁcantly outperforms all three
baselines. Error bars represent 95% conﬁdence intervals.

this process 100 times for each combination of budget,
intervention efﬁciency, and targeting strategy.
Figure 9 shows the average increased contribution under the two intervention strategies in terms of
both responses and threads. The increased contribution is averaged over the interval of intervention
(weeks 191–232.) Targeting lurkers who can be engaged (state s3 ) outperforms the alternative strategy
of targeting users randomly. Interventions could result in up to a 12-month average of 18% increase in user
contribution depending on how efﬁcient they are.
These results show the utility of monitoring and
predicting user engagement events in an online community. Engagement states not only provide a better
theoretical understanding of online communities, but
they also have natural applications for community
managers and their efforts to enhance their community’s welfare.
Table 4. Predictions of the Most Severe Welfare Change
Approach
No state variables
Dynamic HMM
Dynamic network
HMM-AFT

Interval (weeks) Interval (months) Actual rank
323–365
255–297
331–373
191–232

80–91
63–74
82–93
47–58

54
18
58
2

Note. The benchmark models fail to predict the critical period
between weeks 191 and 232.

6. Discussion
In online communities, only a small fraction of
the users typically contribute content, whereas the
vast majority passively lurk. Our formal framework
(HMM-AFT) allows us to study the transition of these
less active users (lurkers) to greater engagement
by modeling user evolution through a latent space
of engagement derived from observed participatory
actions. The HMM-AFT framework builds off of the
extensive theoretical work on user participation and
engagement, which motivates us to construct a model
that differentiates between observable (and possibly
incidental) actions from latent states that better reﬂect
a user’s level of engagement. Although we focus on a
single community (DiabetesForum), we illustrate the
generalizability of the framework and theoretical
predictions using ﬁve other diverse platforms.
6.1. Contributions to Research
Although many previous efforts to model online
community activity focus on observable user actions,
latent approaches offer an opportunity to better understand these communities. For example, observable
actions may be incidental or reﬂect ephemeral bursts
of activity and may not reﬂect a user’s engagement
with community. To address potential limitations in
the use of observed actions, researchers often use
thresholds (Brzozowski et al. 2009, Healey et al. 2014,
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Figure 9. (Color online) Simulating Intervention

Notes. Percentage of increased contribution is averaged over the 12-month interval of intervention. Depending on the assumption regarding the
efﬁciency of the intervention (IE), there is an increase in contribution. Targeting lurkers who can be engaged (state s3 ) results in higher
contributions compared with targeting users across all available states.

Olteanu et al. 2016). Recent work considers engagement as a latent state in formal frameworks (Chen
et al. 2018). We extend these approaches by deeper
consideration of those passive users who have limited
evidence of engagement with the community, the
largest segment of the user population. Our formal
framework models both observed participatory actions and latent engagement states for all types of
users without any thresholds or assumptions on their
current level of engagement. The HMM-AFT framework enables us to reveal unique community-speciﬁc
patterns of user evolution in a diverse set of online
platforms (Figure 6 and Figures A.14–A.17 in the
online appendix). Future research can extend this
framework to incorporate additional information and
further improve the modeling of online communities.
Through dynamically modeling engagement according to user conﬁdence, this work is the ﬁrst to
clearly differentiate lurkers who can be engaged in
the future from those who cannot. This distinction
is only feasible through the appropriated coding of
types of contribution. Future research can use our framework to study user engagement through conﬁdencedriven participation.
Finally, we show that the latent states of engagement are useful in predicting future community welfare. Using multiple measures of community welfare,
the latent approaches not only increase the understanding of individual user engagement but also,
improve the ability to understand future community
welfare. Improved prediction accuracy of multiple
models that include latent-state variables illustrates
the additional beneﬁt of the latent approach. Communities with an increased number of engaged users
are more likely to achieve higher welfare values in
the future. Future research can use this approach to
better design and intervene at the individual, community, and platform levels relative to future community welfare.

6.2. Contributions to Practice
The proposed design guides practitioners to address
challenges in modeling user participation and engagement in an online community.
• Modeling latent states. A two-layer HMM structure provides a more accurate representation of patterns of participation in an online community than a
standard HMM (Section 3.1).
• HMM architecture. A series of observed characteristics shapes transitions between latent states of
varying user engagement (Section 3.1).
• Parameter estimation. Parameter estimation includes the derivation of the global likelihood of the
model and the estimation process of all of the parameters (Sections 3.1 and 5.1).
• Distribution choices and states selection. Distribution choices and states selection include the
choice of appropriate underlying distributions and
number of states that best ﬁt the particular context
(Section 5.1).
• Designing variables and identifying contribution
types. New variables designed speciﬁcally for the
online community context (e.g., the number of responses before and after an action of a user and the
deep learning variables) are informative predictors of
user engagement and can improve the performance of
future modeling and prediction tasks in this context
(Section 4.2). Furthermore, categorization of contribution types through topic modeling allows an efﬁcient separation of users according to their conﬁdence level.
6.3. Managerial Implications
Managerial action (including different types of user
rewards, recognition badges, increased privileges, etc.)
can increase user engagement with the community (Cheng and Vassileva 2006, Drenner et al. 2008,
Anderson et al. 2013, Burtch et al. 2017, Kokkodis
et al. 2019). By combining these results with accurate
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information about the community welfare from our
approach, managers can implement better-informed
policy changes. For instance, managers can target
promising lurkers (e.g., users in state s3 of Figure 6) in
order to enhance their conﬁdence in the community
and accelerate their transition. Alternately, managers
can provide incentives (e.g., badges or other community privileges) to engaged users who are fairly
likely to lose interest with the community (e.g., users
in state s4 of Figure 6). Importantly, the application of
the HMM-AFT framework to six communities shows
that the ﬁndings are not speciﬁc to a single data source.
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Schneider A, Von Krogh G, JäGer P (2013) “Whats coming next?”
Epistemic curiosity and lurking behavior in online communities.
Comput. Human Behav. 29(1):293–303.
Schwarz G (1978) Estimating the dimension of a model. Ann. Statist.
6(2):461–464.
Seraj M (2012) We create, we connect, we respect, therefore we are:
Intellectual, social, and cultural value in online communities.
J. Interactive Marketing 26(4):209–222.
Shen KN, Khalifa M (2007) Exploring multi-dimensional conceptualization of social presence in the context of online communities.
Jacko JA, ed. Internat. Conf. Human-Comput. Interaction (Springer,
Berlin, Heidelberg), 999–1008.
Shevade SK, Keerthi SS, Bhattacharyya C, Murthy KRK (2000) Improvements to the SMO algorithm for SVM regression. IEEE
Trans. Neural Networks 11(5):1188–1193.
Shriver SK, Nair HS, Hofstetter R (2013) Social ties and usergenerated content: Evidence from an online social network.
Management Sci. 59(6):1425–1443.
Sun N, Rau PP-L, Ma L (2014) Understanding lurkers in online communities: A literature review. Comput. Human Behav. 38:110–117.
Szmigin I, Canning L, Reppel AE (2005) Online community: Enhancing the relationship marketing concept through customer
bonding. Internat. J. Service Indust. Management 16(5):480–496.
Tagarelli A, Interdonato R (2013) Who’s out there?: Identifying and
ranking lurkers in social networks. Proc. 2013 IEEE/ACM Internat. Conf. Adv. Soc. Networks Anal. Mining (ACM, New York),
215–222.

Kokkodis, Lappas, and Ransbotham: From Lurkers to Workers
Information Systems Research, 2020, vol. 31, no. 2, pp. 607–626, © 2020 INFORMS

Tagarelli A, Interdonato R (2014) Lurking in social networks:
Topology-based analysis and ranking methods. Soc. Network
Analysis Mining 4(1):230.
Tagarelli A, Interdonato R (2015) Time-aware analysis and ranking of
lurkers in social networks. Soc. Network Analysis Mining 5(1):46.
Tsai H-T, Bagozzi RP (2014) Contribution behavior in virtual communities: Cognitive, emotional, and social inﬂuences. Management Inform. Systems Quart. 38(1):143–163.
Van Mierlo T (2014) The 1% rule in four digital health social networks:
An observational study. J. Medical Internet Res. 16(2):e33.
Viégas FB, Smith M (2004) Newsgroup crowds and authorlines:
Visualizing the activity of individuals in conversational cyberspaces. Proc. 37th Annual Hawaii Internat. Conf. System Sci. 2004
(IEEE, Piscataway, NJ).
Wang Y, Fesenmaier DR (2003) Assessing motivation of contribution
in online communities: An empirical investigation of an online
travel community. Electronic Marketing 13(1):33–45.
Wasko MM, Faraj S (2005) Why should I share? Examining social
capital and knowledge contribution in electronic networks of
practice. Management Inform. Systems Quart. 29(1):35–57.
Wiertz C, de Ruyter K (2007) Beyond the call of duty: Why customers
contribute to ﬁrm-hosted commercial online communities. Organ. Stud. 28(3):347–376.
Wikipedia. List of virtual communities with more than 1 million
users. Accessed October 24, 2018, https://en.wikipedia.org/wiki/
List_of_virtual_communities_with_more_than_1_million_users.
Willard NE (2007) Cyberbullying and Cyberthreats: Responding to the
Challenge of Online Social Aggression, Threats, and Distress (Research Press, Champaign, IL).
Wise K, Hamman B, Thorson K (2006) Moderation, response rate, and
message interactivity: Features of online communities and their
effects on intent to participate. J. Comput.-Mediated Comm. 12(1):
24–41.
Wu M (2018) The 90-9-1 rule in reality. Lithium technologies (online).
Accessed October 24, 2018, https://lithosphere.lithium.com/t5/
Science-of-Social-Blog/The-90-9-1-Rule-in-Reality/ba-p/5463.
XGBoost (2018) Scalable and ﬂexible gradient boosting. Accessed
August 24, 2019, https://xgboost.ai/.
Yoo Y, Alavi M (2004) Emergent leadership in virtual teams: What do
emergent leaders do? Inform. Organ. 14(1):27–58.
Zeng X, Wei L (2013) Social ties and user content generation: Evidence
from ﬂickr. Inform. Systems Res. 24(1):71–87.
Zhang W, Watts SA (2008) Capitalizing on content: Information
adoption in two online communities. J. Assoc. Inform. Systems
9(2):Article 3.

