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Abstract

Online communities suffer from the 1-9-90 principle, which states that 1% of the
community's user base generates original content, an additional 9% is limited to
interacting with existing content, while the remaining 90% of the participants is
passively lurking. In this work we present a data-driven stochastic framework that
estimates (1) the activation potential (i.e., the users that are currently lurkers but present
a high likelihood of becoming heavy contributors) of an online community and (2) when
and which users are more likely to become heavy contributors. Our proposed framework
captures the transitional evolution of a user by a Hidden Markov Model, and estimates
each user's propensity to become a heavy contributor by employing parametric survival
models. We build and evaluate our models on a unique large dataset of a specialized
online community about diabetes.
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Introduction

In the past fifteen years online communities have experienced an accelerated growth on par with the
Internet boom. Online forums on an ever-increasing variety of topics are now part of the daily routine of
millions of online users. The fundamental premise of these communities is their reliance on voluntary
content generation. After being introduced to the community by one or more users, a quality piece of
content can be shared, evaluated, discussed, and annotated, nurturing the user interaction and
engagement that are necessary ingredients for the prosperity of the platform.

Despite the well-documented importance of this process, modern platforms typically fail to motivate the
vast majority of their users to generate content. This phenomenon is best captured by the well-
documented 1-9-90 principle(van Mierlo 2014)t, which states that 1% of an online community's user base
generates original content, an additional 9% is limited to interacting with existing content introduced by
others, while the remaining 90% of the participants is passively lurking. This staggering imbalance is a
testament to the tremendous unexploited growth potential that online communities have yet to realize.

A long line of relevant work has focused on understanding different aspects of user participation in online
communities, such as collaboration(Lappas et al. 2009; Ransbotham and Kane 2011) and the forging of
user relationships(Shi et al. 2009). Other work has studied the features of user generated content (UGC)
that tend to attract attention(Weiss et al. 2008) and even found evidence that users are motivated to
contribute more and better content when they receive feedback on previous contributions (Arguello et al.
2006; Moon and Sproull 2008).

More relevant to our study, researchers have tried to understand patterns of user participation, coming up
with the well established and accepted by the IS community “reader-to-leader" framework(Lave and
Wenger 1991; Preece and Shneiderman 2009). Even though these works create a strong theoretical
framework regarding user evolution in these communities, they fail to provide concrete evidence on which
users and when are more likely to transition from one state (e.g., reader) to another (e.g., leader).

In this work we present a data-driven stochastic framework that answers both the “which" and the “when”
questions, but also provides an estimate of the activation potential (i.e., the users that are currently
lurkers but present a high likelihood of becoming heavy contributors) of an online community. In
particular, we start by acknowledging that an online community dynamically evolves through time. Given
the current state of a community, we assume that the behavior of a user is also dynamic: a user might
switch from lurker to heavy contributor to intermittent contributor etc. The actual state of the user is
unobserved; Instead, we observed sporadic actions for each user (i.e., a new topic creation or a response).
Based on these observable actions, and in order to capture the transitional evolution of the user, we
propose to build a Hidden Markov Model (HMM) that at each point in time provides a stochastic estimate
of the latent state of the user. Once we know the state of each user, we build parametric survival models
that estimate the likelihood of each user to transition from a non-contributor state to a heavy contributor
state. These survival models identify (1) which users are more likely to make this transition, (2) when they
are more likely to do so, and (3) they provide an estimate of the activation potential of an online
community at a given time.

We build and evaluate our models on a unique dataset of a specialized online community about diabetes
(tudiabetes.org). Specifically, our dataset includes all the actions taken by all the users throughout the
eight years that this online community exists. This allows us to draw a catholic picture about both the
community and its users' behavior through time. Our findings for this specific community indicate that
there are a series of user/community characteristics (e.g., number of users responses, number of created
topics, first day of action) that increase the likelihood of transitioning to a heavy-contributor state. On the

t https://goo.gl/MRaEcp

2 We discuss in detail the new features that we used in our models in the “Experimental Setting and
Results" section.
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other hand, other characteristics appear to decrease this likelihood (e.g., the total number of days between
consecutive actions and whether or not the user responded or created a topic within a week after the user
joined the platform). Finally, we showcase how the activation potential of tudiabetes decreases over time,
even though the total number of new users per year remains constant, indicating that the true activation
potential of an online community is not proportional to the community's annual growth.

Our work contributes to the current literature in online communities by (1) introducing the notion of
activation potential and (2) by identifying when and which users are more likely to transition to the heavy
contributor state. From a methodological perspective, we draw on advanced machine learning and
survival analysis to present a novel, completely dynamic framework that captures user behavior. Even
more, our work has two major implications for online community platforms. First, by following our
proposed framework an online community can realize its true activation potential, which is a new
evaluation metric for the community welfare. Second, the platform can identify (and potentially target)
which users and when are more likely to transition to a heavy-contributor state.

It is important to note that our work does not study how policy changes (e.g., the introduction of a new
feature) might increase participation. As a result, our survival analysis results should not be given a causal
interpretation. This does not limit the contribution of our work. Our main goal is to identify the activation
potential of a community and study how the community-user interactions appear to be correlated with the
user's likelihood of becoming a heavy contributor. These objectives are met by the estimated likelihoods
that represent the current state of the community.

Background and Related Work

Our study focuses on understanding the activation potential of an online community. Previous research
has dealt with a series of dimensions of user-generated content in online communities. In this section, we
cluster these works into studies that focus on (1) why users participate in online communities, (2)
identifying patterns of user participation, and (3) evaluating different incentive mechanisms that affect
user engagement. We then present for completeness other related work in online communities, and we
conclude by clearly pinpointing the contributions of our study.

Why users participate in Online Communities

In the previous years researchers have repeatedly studied the question of why users contribute in online
communities from a variety of vantage points. Their findings are very diverse, and they are usually
associated with the type and context of the community studied as well as with the employed
methodologies. In particular, users have been found to engage in content creation because (1) it enhances
their professional reputation (Wasko and Faraj 2005), (2) they have psychological bonds with the
community (Bateman et al. 2011), (3) of social ties (Bagozzi and Dholakia 2006; Zeng and Wei 2013), and
(4) of cognitive, emotional and social characteristics (Bagozzi and Dholakia 2006; Tsai and Bagozzi 2014).

Our work does not focus on understanding why users join and participate in an online community.
Instead, we assume that for all the reasons described above (and for other unobserved causes) users have
an intrinsic motivation and interest to join a particular community. Our analysis focus on how the online
community evolves conditional on the fact that users who join have an interest in the community. Hence,
in this work we study the users’ conditional likelihood distribution of engaging in the content generation
process.

Patterns of participation

On a different direction, researchers have also investigated participation patterns in a communal setting,
both offline and online. In their work on learning processes in communities of practice, (Lave and Wenger
1991) proposed a description of community behavior over time, which has been adopted by the majority of
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research in online communities. In particular, they proposed that users “become more competent as they
become more involved in the main processes of the particular community. They move from legitimate
peripheral participation to full participation". Their approach has been further developed in recent years
in (1) visitor, novice, regular, and leader differentiation (Kim 2000) (2) a reader to leader framework with
emphasis on different needs and values at different levels of participation (Preece and Shneiderman
2009) (3) social technographics profiling (Li and Bernoff 2011) and (4) confidence-based contribution
(Brzozowski et al. 2009).

Other researchers slightly diverged from the ladder-based approach. For example, (Lanamaiki et al. 2015)
proposed that participation occurs with uncertainty, involving trial and error, unknown risks and rewards
while (Ray et al. 2014) defined engagement and showed that it explains both knowledge contribution and
word of mouth. Furthermore, (Ren et al. 2012) found that member attachment is strengthened by group
identity and interpersonal bonds.

Our work builds on the information from these past studies and provides a novel sequential model that
accurately describes the dynamic behavior of users across different levels of participation. Extending the
“reader to leader" framework, at any given time, our approach provides a stochastic estimate of each user
to be in any of the available states/levels of participation.

In a parallel stream of work regarding user participation, researchers have focused on explaining
how/why leaders (heavy contributors) emerge in these communities. Heavy contributors constitute the
most valuable demographic of an online community, since they generate the vast majority of the website's
content (Cassell et al. 2006; Yoo and Alavi 2004). As a result, understanding why and how some users
become leaders is very important for the community. In online reviewing platforms, (Lu et al.
2013) observed that preferential attachment in a network of users and the number and quality of reviews
written are important drives for a leader to emerge. In addition, leaders have been found to (1) use
multiple discourse channels to broadcast their messages (Forte and Bruckman 2005), (2) produce more
reviews and more objective reviews (Goes et al. 2014), and (3) produce positive feedback that generates
local network effects in content generation (Shriver et al. 2013).

Our paper builds on these ideas on heavy contributors in three ways: first, we are interested in answering
when users are more likely to become heavy-contributors. Second, we are able to identify which users are
more likely to become heavy contributors. Finally, we delve into understanding how the user-community
characteristics at a given time correlate with the probability of a user to become a heavy contributor.

Incentives for increased participation

Because of the importance of generating content in online platforms, a stream of work has focused on
understanding which and how different community characteristics increase content creation. There is an
overall consensus from previous works that providing feedback to a user who creates some content
increases participation. In particular, community feedback has been found to increase (1) a newcomer's
probability of returning to a site (Lampe and Johnston 2005), (2) the quantity and quality of content that
a user subsequently uploads (Arguello et al. 2006; Burke et al. 2009; Moon and Sproull 2008), and (3)
the duration of participation (Moon and Sproull 2008).

Researchers have pushed further towards identifying other community characteristics that increase
content generation. Specifically, they found that (1) users whose posts attract more attention subsequently
contribute more (Huberman et al. 2009), (2) the properties of the replies that a user receives affect the
user's likelihood of re-engagement (Joyce and Kraut 2006), and (3) the type of discussion affects
engagement--information-only discussions lead to less participation (Ozturk and Nickerson 2015). Part
of our work focuses on understanding how community characteristics correlate with observed
engagement. Some of the characteristics we use have been studied before (e.g., responses to a post), while
others are new (e.g., the number of responses before and after a response2. As a result, we extend the
discussion on how the characteristics of a community, without any exogenous shocks (e.g., introduction of
a new feedback mechanism) at a given time correlate with the likelihood of engagement.

2 We discuss in detail the new features that we used in our models in the “Experimental Setting and
Results" section.
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Table 1: Our work is the only one to study when is more likely for a user to become a heavy-
contributor. Furthermore, it studies how different characteristics of an online community
are correlated with increased engagement. Finally, it introduces a new methodology, which
has never been used in the past for describing the dynamic behavior of users in online

platforms.
Paper Data Incentives | When Community | Objective Methodology
Lu et al. | E-pinions No No Yes Leader Stochastic Net.
2013 (reviews) emergence Growth
Wasko and | Network of | No No No Why users | PLS
Faraj 2005 Practice contribute
Bateman et | Q&A No No No Why users | PLS
al. 2011 (Survey,n=324) contribute
Zeng and Wei | Flickr No No No Social ties and | Regression
2013 content
Tsai and | VC (Survey, | No No No Why users | SEM
Bagozzi 2014 | n=982) contribute
Ray et al. | Q&A, WoM | No Yes No Understand SEM, EFA
2014 (Survey, n=301) Engagement
Oestreicher- Last FM No No No Willingness  to | Logit, PSM
Singer and Pay and | Cox Model
Zalmanson participation.
(2013)
Preece and | No Data No No No Understand NA
Shneiderman participation
(2009)
Bagozzi and | Linux User | No No No Understand SEM
Dholakia Groups (Survey, participation
(2006) n=401)
Moon and | Q&A Yes No Yes Feedback  and | Cox Model
Sproull 2008 UGC
Burtch et al. | Online Reviews | Yes No No Social & | Randomized
2015 Monetary Experiment
incentives (RA)
Ren et al. | MovieLens Yes No Yes Member RA
2012 attachment
Goes et al. | Epinions No No No User Popularity | Panel,
2014 (reviews) & reviews Matching
Shriver et al. | Soulrider.com No No No Social ties & | Regression, IV
2013 UGC
Ghose and | Mobile UGC No No No Content SE Panel
Han 2011 usage/generation
Our Work tudiabetes.org | No Yes Yes Activation HMM, AFT
potential
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Previous studies have also looked at the effect of the introduction of new features (as exogenous shocks) in
online communities on user engagement. In particular, ideas that have been tested through experiments
and have been found to increase user participation are (1) adaptive rewards incentive mechanisms, such
as status change and privileges based on user engagement (Cheng and Vassileva 2006), (2) badges
(Anderson et al. 2013), (3) social and monetary incentives (Burtch et al. 2015), (4) social comparison of
community users (Chen et al. 2010), and (5) imposing additional work (Drenner et al. 2008). Our work
does not study how external shocks increase participation, or even the question of what the community
should change in order to attract (create) more (new) heavy contributors. In other words, we are not
interested in policy changes, but instead, we want to understand the activation potential of a community
along with how the community characteristics at a given state-time correlate with user engagement.

Other research in online communities and user participation

Other related work in online communities focused on the relationship between participation and
willingness to pay (Oestreicher-Singer and Zalmanson 2012), the type of posting and readership (Huang
et al. 2015), the temporal relationship between content generation and content usage (Ghose and Han
2011) as well as the type of content that attracts attention (Weiss et al. 2008). Furthermore, researchers
have also worked on understanding and increasing collaboration in these communities (Lappas et al.
2009; Ransbotham and Kane 2011; Ransbotham et al. 2012).

Finally, (Luca 2015) studied the causal impact of user generated content on economic and social
outcomes, while (Chaturvedi et al. 2011; Kohler et al. 2011) proposed frameworks for designing virtual
worlds. We mention these works here for completeness, since they are not closely related with the focus of
this paper.

Contribution of our work

Our work extends the current literature in online communities by contributing mainly in four dimensions.
First, we introduce the concept of the activation potential of an online community, given the community's
current state. Second, we are the first to focus on when and which users present high likelihood of
becoming heavy contributors. Third, we extend the study on community features that have been found in
the past to be correlated with increased likelihood of engagement. Finally, from a methodological
perspective, we are the first to present a complete dynamic framework that captures the evolution of a
user (HMM), as well as the first to employ an appropriate parametric survival analysis on the users

likelihood of becoming heavy contributors. Table 1 clarifies the differences between our work and a
series of related works described in this section.

Modeling the User's Dynamic Evolution

In this section we define the underlying model that describes both the community's and the user's
dynamic evolution through time. We then formulate the user evolution through an appropriate Hidden
Markov Model. Finally, we describe our parametric survival formulation that estimates the likelihood of
each user to transition to a heavy contributor state.

The online community as a_funnel

Online communities can be seen as dynamic organisms that evolve with time. For example, the
demographics of a community constantly change: new users join the community, current users disable
their accounts, lurkers become contributors and vice a versa, etc. Even further, communities implement
(or retract) policy changes (i.e., introduction of a new feedback mechanism or a design upgrade) that also
alter the dynamics and interactions among the community members. At any given point in time, an
online community has activation potential. This potential is a function of the community's new and old
users, and their likelihood of generating content. Given that a community's goal is to maximize the
content generation (or user engagement), we are interested in estimating (1) which users and when are
more likely to become contributors and (2) how the community-user interactions correlate with the
likelihood of new users to create new content.
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We can imagine an online community as a funnel: All users enter the funnel when they join the
community. The vast majority of these users become lurkers; hence they remain inside the funnel. Some
users generate content and as a result they exit the funnel. The funnel size, input and output streams are
dynamic. We show this funnel visualization at different random points in time, t;, ..., t, in Figure 1. Based
on this diagram, we refine the problem we study as follows:

Problem Definition: Given the state of the online community at some time t, we focus on
understanding (1) when and which users are more likely to exit the funnel, (2) what characteristics of
the community correlate with the users' likelihood of exiting the funnel and (3) what is the community's
activation potential.

.
(

Lurkers Policy

~
<

Change

N

t1 to tn

Figure 1: We visualize an online community as a funnel. The size of the funnel
represents the total number of registered users. The exit arrow widths represent
the number of contributors. The entry arrow widths represent the flow of new
users. At discrete points in time (e.g., t1, t2, ..., tn) the community undergoes
exogenous shocks (e.g., a policy change). These shocks transition the community
to a new state.

Activation Potential: We define as “activation potential” the stochastic estimate of the number of users
that are likely to become heavy contributors. Assuming that each user i has a probability p; of becoming a
heavy contributor, then a sequence of users follows a Poisson binomial distribution. Hence, the activation
potential is the expected number of successes of this distribution:

Activation Potential = Z p;
i

The underlying model of a user's evolution

Based on our earlier discussion, and in order to answer our main questions for the rest of this section we
assume that the state of a community is fixed at some time interval t;. During this timespan, we assume
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that there are no exogenous shocks that affect the community behavior. As a result, we can focus now on
modeling the behavior of the users given the characteristics of the community.

Our dataset (presented in the next section) contains complete information of all the observable actions
that community users have taken since their joining date. The underlying model for a new user who joins
a community works as follows:

* A user decides to join the online community. We assume that a user joins a community to (1) ask
a question, (2) answer a question or (3) find information that already exists in the platform. The
user's intrinsic motives are unobserved.

* The user reveals some of her initial intrinsic motives during the first week. A user might decide to
ask a new question, respond to a current thread, or lurk.

* Every user evolves dynamically: the objectives of each user change over time. Users who joined
the community to respond to a question might lose interest, or they might start answering other
questions. Users who joined the community to learn and collect information about a topic might
start answering questions, etc.

* At each point in time the internal state of a user is unobserved. What we observe is the user's
actions, i.e., a new post, a new response, or the absence of any action.

User evolution as a Hidden Markov Model

Based on this underlying model we naturally propose to model the user behavior as a Hidden Markov
Model (HMM). HMMs assume that users transition across a series of underlying latent (unobserved)
states. Simply put, HMMs capture the unobserved dynamic behavior of a user through time.

To build our HMM, we first assume a set of unobserved user states (S). In particular, we define S =
{lurker, intermittent contributor, and heavy contributor}. These underlying states represent different
probability distributions across a set of observable actions. The observable actions in our case are (1) a
user creates a new topic (C), (2) a user responds to a question (R) and (3) a user lurks (L). Each day, a
user emits one observation in the set X = {C,R,L}.

Let a sequence of observations of a user at a given time t be X(;,;. We estimate the most likely path for
each user (i.e., S;1.; S € §) by using the Viterbi algorithm (Viterbi 1967).

The algorithm takes as input some prior probability distribution across all the available hidden states, a
transition matrix among the available states, and some local evidence, which is a vector of the conditional
probability distributions over the emitted observations. Based on these input distributions, the algorithm
efficiently searches through all the possible transitions in the state-time continuum and returns the path
that maximizes the joined likelihood Pr (X(;.4}, S1.¢) (Bishop 2006). In our scenario, the Viterbi algorithm
is an efficient way to estimate the most probable sequence of latent states for each user in our dataset.

Up to this point we assumed that the input parameters for the Viterbi algorithm we have just described
are known. In practice we estimate these parameters by using a version of the Baum-Welch algorithm
(Baum et al. 1970).

This algorithm is a variant of Expectation Maximization (EM): It assumes that we have a total of N users,
each of which has a lifespan of T; days (i € {1,..,N}). In addition it considers K = |S| different unobserved
states (S = {S;,S,,...,Sk}). At the E-step the algorithm estimates the expected log-likelihood of some
previously estimated parameter vector 8{°/@}, At the M-Step the algorithm finds the new parameters that
maximize the estimated expected log-likelihood. Note that the parameter vector
0 = [Pr(S;),A(, k), Pr(X,| S;)]', where Pr(S;) is the initial probability for a user to be in state S;, A(j, k) is a
matrix that stores the transitional probabilities from state S; to state S,and Pr(X,|S,) is the emission
probability of state S, to emit the observation X,, where X, € X. The algorithm keeps iterating until the
parameter vector 6 converges.
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The HMM learns through the users’ previous actions and allows them to move across latent states over
time. Once learnt, the HMM provides daily estimates regarding the probability that (1) a user will respond
to a topic, (2) a user will create a new topic, and (3) a user will lurk.

However the HMM does not consider how community-user characteristics interplay with the transitional
probabilities from one state to another. In order to study how these characteristics correlate with the
transitions to a new state, but also in order to estimate when such a transition is more likely to occur we
employ a survival analysis on top of the learnt HMM.

Survival analysis on the HMM latent states

Survival models associate the time before some event occurs to a set of covariates that might be correlated
with both the event and the time lapsed. These models are typically used to answer questions such as
“which portion of a given population will survive past a certain time?” Because of the nature of the
problems that survival analysis has been applied to, the actual occurrence of the expected event is referred
to as death. In our setting, death corresponds to the first time that a user makes a transition from states
lurker, intermittent contributor to heavy contributors.

The most commonly used survival model in the literature is the Cox model of proportional hazards (Cox
and Oakes 1984). The Cox model assumes that the effect of a unit increase in a covariate is multiplicative
with respect to the hazard function4. By testing for this proportionally (Grambsch and Therneau 1994) we
found that our set of variables violate this assumption, suggesting that the Cox model is not appropriate in
our setting.

For the purposes of our study we employ an Accelerated Failure Time (AFT) model (Cleves 2008). AFT
models are parametric, and the survival probability is assumed to follow a given distribution. In
particular, let t; be the actual time, then:

7 = exp(=BX)t; (1

In the previous equation 7, is a random quality that it is assumed to follow an underlying distribution. We
can re-write this in the following form:

t; = exp(BX) T;

It's easy to notice that the quantity exp(BX;) is an accelerating factor: If this factor is positive then time
moves slower than the baseline 7; (positive B decelerates) and as a result failure occurs later. Otherwise,
time moves faster than the baseline (negative B accelerates), and failure occurs sooner. We can further
choose to take the logs of the previous equation and transform it into the linear relationship:

log(t;) = BX; +log(z)) (2)
The choice of an underlying model comes down to our belief regarding the distribution of 7;. We discuss
the specific distribution we chose for our scenario in the next section.

Experimental Setting and Results

In this section we describe the dataset (tudiabetes.org) and the experimental setting we have used to
build and evaluate our models. We conclude with a discussion regarding the evolution of tudiabetes.org
through the years and its activation potential.

3 In this work we only present an analysis of transitions to the heavy contributor state, however we can
easily extend this analysis to any type of transition--we further discuss this in our last section.

!
4 The hazard function is defined as A(t) = _55(_(:)), where S(t) is the survivor function which denotes the
probability of an instance surviving after some time t, and S’(t) is its density function.
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Figure 2: The 1-9-90 rule in tudiabets.org.

Data

For our analysis we use real data from a major online forum about diabetes (tudiabetes.com). In
particular, we analyze a total of 38,791 users who joined the forum between June 2007 and October 2015.
These users generated a total of 45,181 topics with 409,973 responses. Tudiabetes is an ideal online
community for the purpose of our study because (1) it has been around for enough time (8 full years) to go
through multiple phases, (2) its relatively small size gives us the opportunity to analyze the complete set
of interactions (i.e., all actions of all users throughout the years) and (3) the highly specialized topic meets
our earlier assumption that every user who joined the platform had an intrinsic interest in the
community's subject (diabetes). In Figure 2 we show the cumulative distribution of the users'
contributions on tudiabetes.org. This distribution verifies that the 1-9-90 rule applies in our dataset.

Learning the HMM

Our first step in implementing our approach is to learn the HMM that best describes the behavior of our
community. As we mentioned earlier, the parameters of the HMM are learned through the Baum-Welch
algorithm. However, the convergence of this expectation maximization algorithm depends on the initial
input distributions that we provide. In order to select the best HMM model for our data, we perform an
exhaustive grid search that learns different HMMs for a total of 100,000 initial input distributions. We
then choose the model that yields the lowest AIC scores (Akaike 1974). Note that this approach has been
proposed by multiple outlets, including (Bishop 2006; Koller and Friedman 2009; Murphy 2012).

The resulting learned HMMS5 is presented in Figure 3. To be consistent with the standard representation of
probabilistic graphical models, the latent states are transparent (i.e., lurker, intermittent contributor and
heavy contributor) while the observable actions are shaded. Each latent state presents a different
probability distribution across the three emitted observations (X={C,R,L}). For example, a user in the
state heavy contributor has 68% probability to lurk, 6% probability to create a new topic and 26%
probability to post a new response. These emission probabilities might appear very low at first. However,
note that our HMM is built for daily observations, and that a user's observable actions follow a binomial
distribution. As a result, a user that is in the heavy contributor state, in a span of 30 days will create on
expectation 30 * 0.06 = 1.8 new topics, and will post 30 * 0.26 = 7.8 responses.

Beyond the emission probabilities our HMM presents both the estimated initial probabilities for each new
user to land in any of the three latent states Pr(S;) as well as the transition probabilities between states

5 We use the complete dataset here to build a global HMM that captures the overall behavior of the
community users throughout the eight years that the platform has been operating.
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A(j, k). By looking at these values we observe that (1) with 67% probability a new user will be a lurker (2)
the next most probable state to land is heavy contributor (23%) and (3) that once you are in one state,
chances are that you will remain in that state for a sequence of days (i.e., probabilities to remain in the
same state range between 92% and 99.9%).

Survival Analysis

Now that we have learnt the HMM that best describes the users' dynamic behavior, we are ready to deploy
our survival analysis. As we discussed before, we will follow a parametric (AFT) approach. To reiterate, a
death in our study is defined as the first time that a user transitions from any other state (lurker or
intermittent contributor) to the heavy contributor state.

Choosing the underlying distribution

Our first step is to determine which parametric family fits best our data. Recall that essentially we are
looking for the distribution that 7; follows, as presented in Equation (1).

The empirical distribution of our dataset (including right-censored instances) is shown in Figure 4. This
distribution seems to have a lognormal hue: the likelihood of death increases in the beginning and up to a
point, and then starts to decrease.

In order to be statistically meticulous about our underlying distribution choice, we estimate the AIC
(Akaike 1974) scores for four different distributions: the “exponential”, “lognormal”, “loglogistic” and
"“weibull". Note that this is a standard procedure when choosing among different parametric models
(Cleves 2008). The results are shown in Table 2. The AIC scores verify our initial intuition, showing that
the best choice (from a statistical perspective) is the lognormal distribution (lowest AIC score).

Start

Intermittent Contributor D0.98

0.23
@% .01
Heavy Contributor DO 92

New Response (R) Lurk (L) New Topic (C)

Figure 3: The HMM that best explains the behavior of our users.
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Days after join before transitioning to the Heavy Contributor state

Figure 4: The empirical distribution of “deaths” in our dataset.

Table 2: Comparison of Different
Parametric Models
Distribution AIC
Weibull 916
Lognormal 911
Exponential 924
Loglogistic 915

The Log-Normal specification: In the log-normal case, we assume that 7; follows a log-normal
distribution, i.e., ; ~logN(B,,0%) and as a result log (t;)~N(S,,c?). This allows us to further re-write
Equation (2) as:

log(t;) = Bo + BX; +u;

The previous transformation converts the problem into a linear regression problem where the error u; is
distributed normally with mean o and standard deviation o.

The Covariates Vector X

To create our set of covariates we draw on previous works on user engagement in online communities. In
particular, we consider a set of eleven covariates. As we mentioned earlier, we assume that every user
joins the community with different objectives. Each user's observable actions unveil the user's intentions,
and as a result might accelerate or decelerate the user's survival probability estimate. In this direction,
and in sync with previous literature (Huffaker 2010) we include in our covariate set (1) the number of
times that a user responds and (2) the number of topics that a user creates. These two attributes represent
the basic actions that a user takes, and intuitively both should accelerate the user's death (transition to the
heavy contributor state).

Researchers in the past have found that being active for a greater number of weeks correlates positively
with the post's quality, while being more intermittent presents a weak but negative correlation (Nam et al.
2009). To control for this expected effect of different activity patterns, we further consider in our

Thirty Seventh International Conference on Information Systems, Dublin 2016 12



The Activation Potential of Online Communities

covariate set the (3) average number of days between consecutive actions and (4) the standard deviation
between consecutive actions.

Previous research has also highlighted the importance of early engagement for community users (Arguello
et al. 2006; Burke et al. 2009). In this direction, and to control for users who join with an objective to ask
something or respond to a single post, we further include in our set of covariates the (5) first day of action
(new topic creation or new response), (6) whether or not the user has created a topic in the first week after
joining the platform and (7) whether or not the user has responded to a thread in the first week after
joining the platform. Intuitively, the greater the first day of action, the higher is the chance for a user to
become a heavy contributor since it shows that the user did not join the platform with a given objective,
but instead, the user built up confidence and now feels comfortable enough to participate. Similarly, if the
dummy variables (6) and (7) are true then there is a high likelihood that these users have joined the
platform with a single objective (ask a question or reply to a question), and hence these variables should
decelerate the death of a user (i.e., delay the transition to the heavy contributor state).

Furthermore, researchers in the past have also established that users who have broader interests play a
key role in information dissemination within the community (Hecking et al. 2015). In sync with this work,
we further control for the (8) average number of responses per topic and (9) the entropy of the user across
different topics. These two capture whether or not the user is focused into a specific set of threads/topics
or whether the user is interested in a broader sense in diabetes. Next, and since one of our goals is to
correlate community-user interactions with the likelihood of a user to become a heavy contributor, we
include the (10) number of responses in a thread before a user's response and (11) the number of
responses in a thread after a user's response.

For our survival analysis we use time-varying covariates. In particular, we assume that a new
measurement is taken every time a user takes an action (i.e., responds to a post or creates a new topic).
Most of our instances never die (i.e., they never become heavy contributors) and as a result, our datasets
consist mostly of right-censored observations. Finally, we standardize our non-binary variables to
facilitate faster convergence time of our models but also to make the interpretation of our resulting
coefficients more straightforward.

Table 3: The distribution of our users at risk and heavy contributors
throughout the eight years we are analyzing.

Year New Users (at risk) Heavy Contributors (died)

1 1864 67

2 4172 114

3 5090 174

4 4252 168

5 3459 100

6 4038 90

7 5485 100

8 3462 51
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Results

In this work we are arguing that an online community dynamically evolves through time. Because we are
not aware of any exogenous shocks/policy changes that our community has undergone through the years,
we showcase our approach by splitting our data into 8 annual slices. This way we are able to study
different instances of this community even though these instances do not correspond to specific changes.
Table 3 shows the statistics of each year. The first column shows the number of new users that joined
the community during that year, while the second column shows the number of users that became heavy
contributors. The difference between the two columns captures the right-censored instances in our
survival analysis.

For each of these eight years we build a different lognormal AFT model. The resulting coefficients (along
with their p-values) are shown in Figure 5. The first observation is that most of the coefficients are sign-
consistent throughout the years. For example, (1), (3) and (6) present always the same sign. Furthermore
(2), (4), (5), (7),(11) are also consistent in the majority of the eight years (especially if we only focus on
the significant coefficients). (8) and (9) are always insignificant, while (10) changes from negative and
significant in the fourth year to positive and significant in the 7th year. These observations show that
overall our community follows consistent trends throughout the years. On the other hand, the year-to-
year fluctuations capture the dynamically evolving behavior of the community.

The y-axis of Figure 5 shows the value of the coefficients, while the x-axis shows the years. The color of the
bars represents the coefficient's significance (the darker the shade, the more significant). The
interpretation of these coefficients is as follows. Take the coefficient of the first year of “(3) Days Between
Actions". The value of this coefficient is around 1.4. As a result, we can say that an one standard deviation
increase of the “(3) Days Between Actions" in year one will decelerate the death of a user by a factor of
exp(1.4) = 4.05 (i.e., will decelerate by ~305%).

p-value < [o.001[H0.011 0.1 1

(1) Responses (2) Topics (3) Days Between Actions (4) St.Dev. Days Betwe|
0.0
0.0 4
TP e y N
-0.3- -0.3-
101 05- —
-0.6 1 -0.6-
15- 0.6
. . v ' -0.9- : . : , 0.0- ' n ] ; ' .
2 4 6 8 2 4 6 8 2 4 6 8 2 4 ¢
(5) First Day of Action (6) Responded in First Week (7) Created Topic in First Week (8) Responses per
2.5 — 0.3-
= 0.0- 204 15- 0.2-
o 0.1-
Q057 1.59 1.0- :
|7 1.0+ 0.0-
8 -10- 051 ‘ 0587 -0.1-
0.0+ —-02-
T T T T 00 1 T T T T T T T T 02 T T
2 4 6 8 2 4 6 8 2 4 6 8 2 4 [§
(9) Entropy (10) Responses Before Response (11) Responses After Response
0.2- 1.0 0.00-
0.1 0.5
-0.25-
0.01 0.0-
-0.1+ 051 I -0.50 -
-0.2-

2 4 6 8 2 4 6 8 2 4 6 8
Year

Figure 5: The resulting coefficients for the eight years we are considering in this study.
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Similarly, in the first year, an one standard deviation increase of the number of “(1) Responses” will
accelerate the death of a user by a factor of exp(-1.1) = 0.33 (i.e., will accelerate by 67%). As we mentioned
earlier, the negative coefficients accelerate death while the positive ones decelerate it. Generally speaking
we see that higher number of responses (1), higher number of topics (2) higher standard deviation
between actions (4), greater fist day of action (5), higher responses after response (11) accelerate failure--
or at least they do accelerate failure when they are significant. On the other hand, a larger number of days
between actions (4) and whether or not the user responded to a question or created a topic in the first
week (6 and 7) decelerate death.

The differences between the annual coefficients can be interpreted by the variation in our annual datasets.
To dig a bit deeper into this, let us focus on the inconsistency of “(2) Topics", i.e., what happens in the
second year and the coefficient becomes positive and insignificant?6. To understand this we draw the
relationship between the number of topics created (normalized) and the censored time in our data, for
year 2 and for all the other years grouped together. The results are shown in Figure 6.

In this figure we observe a clear positive relationship between the number of topics and time in the dead
instances during the second year. On the other hand, there is an unclear-close to negative relationship
between the number of topics and time in the dead instances for all the other years. Even though this
observation explains the inconsistency in our coefficients, it does not answer the question of why it
happens. To do so, we draw Figure 7. In this Figure we see that in the second year, proportionally more
people that were heavy contributors did not create new topics (shaded column at o in the “Deaths" graph
of Figure 7), while many users that were not characterized by our HMM as heavy contributors created
only one topic. This indicates that during the second year proportionally more heavy contributors were
responding to current threads than creating new topics.

As we mentioned in the beginning, our coefficient analysis should not be interpreted as causal. What we
have shown here are pure correlations between a set of community characteristics and the likelihood of a
user to transition to the heavy contributor state. On the other hand, the fact that the relationship between
our independent variables and the dependent variable is not causal does not affect the predictive validity
of our probability estimates, which are the epicenter of this study.

“When", “which", and the activation potential

To answer the “when" and the “which users"” we need to estimate the survival probability of each user.

Since an AFT model has the characteristic of accelerating the event by a constant factor over a baseline
model, we can estimate this baseline model by zeroing the variables of vector B of Equation (2). The
baseline survivor function of t now becomes:

So(t) = 1 - ((logt — By)/0)

where @ is the cumulative normal distribution. Now we can compute the conditional survival cumulative
distribution, S(t |X;) for each user i: We know that the proposed AFT model will accelerate the previous
baseline by a factor of exp(—BX;). Hence we get:

S(t1X:) = So ((exp(—BX)t) = 1— & ((log (exp (—BX)t;) — Bo)/0)
= 1-&((og (t;) — (Bo+ B X))/0)

By estimating the conditional probability of a user to die we are estimating the likelihood of a user to
become a heavy contributor. Hence, at each point in time, we know which users are more likely to make
that transition.

6 A similar type of analysis can be performed for the rest of the observed inconsistencies but it is omitted
here due to space limitations.
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Figure 6: The positive relationship of the normalized number of topics
with time in the second year explains the positive sign of the coefficient.
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Figure 7: During the second year, proportionally more people that were heavy

contributors did not create new topics.
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To estimate the annual activation potential of our community we apply its definition. Note that the
activation potential is estimated only on users that are currently “alive” (i.e., censored instances).

In Figure 8a we show the estimated activation potential as an absolute number of users, and we compare
it with the new users that join the platform each year. We see that even though the number of new
registrations remains almost constant around 4000 throughout the 8 years, the activation potential
increases in the first three years, and then it starts decreasing. This trend is more obvious in Figure 8b,
where we visualize the activation potential as a percentage of the new users. In that picture the trend is
clear: the activation potential seems to be decreasing as the community matures.

)

o
o
b

800+ activation potential
= new users/10

=4 o
o o
o @
h f

Number of Users
8
o
(Activation Potential)/(New Users
o
°

2 4 6 8 2 4 6 8
Year Year

(a) Activation potential vs. new users (divided by 10) (b) Activation potential as a percentage of new users

Figure 8: Activation potential of our community for the 8 years since its inception.

Conclusions

In this work we built a data-driven stochastic framework that provides online communities with the
means to estimate their activation potential as well as to understand which users and when are more
likely to become heavy contributors. There are a series of straightforward extensions of this work that we
intend to pursue in the near future. First, in the current version of this study, we focused only in
transitions from any other state to heavy contributor. Of equal interest are the reverse transitions, i.e.,
from heavy contributor to lurker and from heavy contributor to intermittent contributor. Ideally, we
would be interested in community characteristics that are positively correlated (decelerate) with these
transitions. Second, we intend to employ a survival analysis with multiple deaths (i.e., multiple state
transitions). Finally, we plan to pursue a similar analysis on a completely different type of community
(stackoverflow.com) to identify and compare any recurring patterns between the two communities'
behavior.
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