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Abstract

Platforms often host multiple online groups with overlapping
topics and members. How can researchers and designers un-
derstand how related groups affect each other? Inspired by
population ecology, prior research in social computing and
human-computer interaction has studied related groups by
correlating group size with degrees of overlap in content and
membership, but has produced puzzling results: overlap is
associated with competition in some contexts but with mu-
tualism in others. We suggest that this inconsistency results
from the aggregation of intergroup relationships into an over-
all environmental effect that obscures the diversity of compe-
tition and mutualism among related groups. Drawing on the
framework of community ecology, we introduce a time series
method for inferring competition and mutualism. We then use
this framework to inform a large-scale analysis of clusters of
subreddits that all have high user overlap. We find that mutu-
alism is more common than competition.

Introduction
Online groups do not exist in isolation.1 Recent research has
sought to quantify how online groups share users or topics
(Datta, Phelan, and Adar 2017), and how such interactions
relate to outcomes such as the emergence of new groups (Tan
2018), the spread of hate speech (Chandrasekharan et al.
2017) and contributions to peer-produced knowledge (Vin-
cent, Johnson, and Hecht 2018). This work has demonstrated
that intergroup interactions matter, but very little intergroup
research has tackled questions of group success—i.e., why
some online groups succeed in maintaining active and long-
lived participation while most do not (Kraut and Fiore 2014;
Resnick et al. 2012). Can intergroup relationships explain
whether online groups will grow or decline?

We seek to answer this question by following prior eco-
logical studies in social computing (Wang, Butler, and Ren
2012; Zhu, Kraut, and Kittur 2014; Zhu et al. 2014). We take
inspiration from organizational ecology (Hannan and Free-
man 1989; Baum and Shipilov 2006), an influential body
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1We use the term “online group” instead of “online community”
to help avoid confusion with our term “community ecology” which
plays an important conceptual and analytic role in our paper.

of theory in sociology, and analyze competition and mutual-
ism between online groups. Prior ecological studies of on-
line groups have yielded inconsistent results that differ both
from one context to another and from theoretical predictions.
For example, wikis whose memberships overlap with other
wikis survived longer (Zhu et al. 2014), but Usenet groups
with overlapping memberships failed more quickly (Wang,
Butler, and Ren 2012).

We propose that limitations of the population ecology
framework used by these studies give rise to these incon-
sistencies. Therefore, we introduce an alternative frame-
work inspired by community ecology that seeks to di-
rectly study competitive and mutualistic interactions be-
tween groups. Population ecology models how overlapping
resources among groups affect their subsequent growth, de-
cline, or survival (Freeman and Audia 2006; Astley 1985),
but it does not directly study interactions. By contrast, com-
munity ecology models related groups as an “ecological
community” structured by a network of competitive and mu-
tualistic relationships.

We introduce our community ecology approach and com-
pare it to the population ecology approach from prior work
in a two-part empirical study of 641 clusters of online groups
among the 10,000 communities on Reddit with the most
contributors. Study A illustrates the population ecology ap-
proach in order to provide a basis to compare it with the
community ecology analysis of Study B. Study A demon-
strates a prototypical population ecology analysis by testing
density dependence theory. Its findings suggest that compe-
tition is strongest when user overlap is high and that mutu-
alism is weakest when overlap is low. Prior studies would
interpret the results of this analysis as suggesting that high
degrees of user overlap are associated with competition.

In Study B, we introduce our method for inferring net-
works of ecological relationships among related online
groups based on clustering analysis and vector autoregres-
sion (VAR) models of group size over time (Ives et al. 2003).
VAR models are used in biological ecology to make infer-
ences about competitive or mutualistic interactions between
species. We illustrate the method in four case studies and
present a large-scale analysis showing that mutualistic in-
teractions are far more common than competitive ones. To
validate our approach, we show that including ecological in-
teractions in our VAR models improves time series forecast-
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ing.
Our findings illuminate the different contributions of pop-

ulation ecology and community ecology. While Study A
suggests that competition is strongest when user overlap is
high, Study B finds widespread mutualism among groups
with highly overlapping memberships. Although these find-
ings might seem contradictory, we argue that population and
community ecology analyses provide complementary views.
Population ecology points to favorable or unfavorable con-
ditions for building online groups—conditions that may or
may not involve competition and mutualism. A community
ecology analysis can infer local networks of competition and
mutualism to explain how specific ecological relationships
contribute to growth or decline. By demonstrating that eco-
logical relationships within clusters of highly related groups
are important—and by describing how to measure them—
this paper lays the groundwork for future investigations into
interdependent online groups and designs that support eco-
logical communities.

Related Work
Online groups are important sites for social support
(De Choudhury and De 2014), entertainment (Ducheneaut
et al. 2006), information sharing (Benkler 2006), and polit-
ical mobilization of disinformation campaigns and protest
movements (Choudhury et al. 2016; Benkler et al. 2013;
Krafft and Donovan 2020). Although an online group’s abil-
ity to achieve its goals depends on attracting and retain-
ing contributors, few develop a sizable group of participants
(Kraut, Resnick, and Kiesler 2012). Many attempts to ex-
plain the growth and decline of online groups look to proper-
ties of individual groups such as characteristics of founders
and designs for regulating behavior (Kraut, Resnick, and
Kiesler 2012; Halfaker et al. 2013; TeBlunthuis, Shaw, and
Hill 2018).

By contrast, recent research shows the importance of in-
terdependence among online groups (Kairam, Wang, and
Leskovec 2012; Tan 2018; Waller and Anderson 2019). For
example, banning hate subreddits reduced hate speech in re-
lated subreddits (Chandrasekharan et al. 2017), Reddit and
Stack Overflow receive substantial benefits from activity on
Wikipedia (Vincent, Johnson, and Hecht 2018), and edi-
tors make valuable and qualitatively different contributions
across different languages of Wikipedia (Hale 2015). Our
work contributes to this literature by providing a new con-
ceptual lens and statistical method for studying intergroup
connections.

Ecological Interdependence
Ecological approaches to online groups see online groups
as depending on resources. Our conceptual approach, like
prior ecological research in social computing and informa-
tion systems, builds on resource dependence theory (RDT)
(Butler 2001; Wang, Butler, and Ren 2012). According to
RDT, members of online groups contribute resources such
as content, information, attention or social interactions that
sustain the group.

Ecological approaches observe that interrelated online
groups may share resources with one another and affect each

other’s growth and survival as a result. Rival resources like
participants’ time, attention, and efforts become unavailable
when used by one group (Benkler 2006; Romer 1990), and
competition over important rival resources can explain de-
clines in participation (Wang, Butler, and Ren 2012). On the
other hand, the value of a nonrival resource does not de-
crease (and may even increase) when it is used. One exam-
ple is a network effect, when the usefulness of a communi-
cation network increases as more people join it (Fulk et al.
1996). Similarly, the usefulness of an information good can
increase as more people come to know, refer to and depend
upon it. Nonrival resources that “spill over” can result in mu-
tualism that promotes growth in related groups (Zhu, Kraut,
and Kittur 2014).

Population Ecology, Density Dependence and
Overlapping Resources
Our work builds on a tradition rooted in organizational ecol-
ogy. First developed in the late 1970s by sociologists study-
ing interactions between firms, organizational ecology was
inspired by, and has drawn closely from, ecological stud-
ies in biology (Hannan and Freeman 1989). Organizational
ecology has inspired at least three high-quality empirical
studies of how resources shared by online groups shape their
growth, decline, or survival (Wang, Butler, and Ren 2012;
Zhu, Kraut, and Kittur 2014; Zhu et al. 2014). All three
studies draw from the population ecology strand of organi-
zational ecology, and specifically enage with density depen-
dence theory (DDT).

DDT concieves of competitive or mutualistic forces as a
function of population density. In the earliest and most influ-
ential studies of DDT, density is simply the size of a popu-
lation, a homogeneous set of organizations of groups facing
the same competitive and mutualistic pressures (Aldrich and
Ruef 2006). However, online groups sharing a platform have
diverse topics (Kairam, Wang, and Leskovec 2012), norms
(Chandrasekharan et al. 2018), and user bases (Tan 2018;
Tan and Lee 2015). To account for this diversity, ecological
studies of online groups have modeled density dependence
based on the concept of overlap density (Baum and Shipilov
2006; Wang, Butler, and Ren 2012; Zhu, Kraut, and Kittur
2014; Zhu et al. 2014). Overlap density measures the ex-
tent to which one group’s members or topics overlap with all
other groups’. Overlap density thus characterizes a group’s
niche or local resource environment defined by its distinctive
topic and membership.

DDT proposes a model for the growth of organizational
populations in which mutualism drives a virtuous cycle of
population growth (Carroll and Hannan 1989; Hannan and
Freeman 1989). For example, a population of online groups,
such as those sharing a platform, may grow in size as their
platform gains in popularity, as established groups spin off
new ones, and as useful knowledge develops that can be
shared between groups (Tan 2018; Zhu, Kraut, and Kittur
2014). On the other hand, when density is high, competi-
tion among population members over rival resources limits
growth (Hannan and Freeman 1989). DDT thus proposes a
trade-off in which low density reflects limited opportunities
for mutualistic contributions of nonrival resources, while
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high density reflects competition over rival resources. There-
fore, DDT predicts that the relationship between density and
positive outcomes such as growth or survival is ∩-shaped
(inverse-U-shaped) (Baum and Shipilov 2006; Carroll and
Hannan 1989).

Tests of DDT in populations of online groups yield in-
consistent results. Wang, Butler, and Ren (2012), find that
user overlaps among Usenet newsgroups are associated with
decreasing numbers of participants. Similarly, TeBlunthuis,
Shaw, and Hill (2017) finds that topical overlaps between
online petitions are negatively associated with participation.
By contrast, Zhu, Kraut, and Kittur (2014) find that member-
ship overlap is positively associated with increasing survival
of new Wikia wikis. Only Zhu et al. (2014) find support for
the ∩-shaped relationship predicted by DDT in their study
of an enterprise social media platform.

In Study A, we test DDT using data from Reddit. The
classical logic of DDT appears reasonable in the context of
Reddit because low overlap density likely reflects an im-
poverished environment lacking in nonrival resources such
as the skills and knowledge of experienced users, while a
group with high overlap density likely faces competition
over its members (Zhu et al. 2014; Zhu, Kraut, and Kittur
2014): (H1) The relationship between overlap density and
the growth of online groups is ∩-shaped.

Introducing Community Ecology
The fundamental distinction between population ecology
and community ecology theories is where they locate eco-
logical dynamics like competition and mutualism. In pop-
ulation ecology, competition and mutualism are properties
of an environmental niche. In community ecology, they are
relations in networks of interdependent groups called eco-
logical communities (Freeman and Audia 2006; Aldrich and
Ruef 2006; Astley 1985). While most community ecology
studies of classical organizations analyze ecological com-
munities of different organizational forms, some, like our
study, analyze communities of related organizations (Free-
man and Audia 2006; Powell et al. 2005; Margolin et al.
2012).

Community ecology focuses on ecological interactions
(Aldrich and Ruef 2006). Mutualism is an ecological inter-
action where one group has a positive influence on a second
such that growth in the first group leads to growth in the sec-
ond. Competition is when one group has a negative effect on
the second such that growth in the first group leads to decline
in the second. Mutualism (or competition) from one group
to another group may (or may not) be returned. Moreover,
ecological interactions can be mutualistic in one direction
and competitive in the other. As a result, these relationships
are modeled as the edges of a directed network. The goal
of many community ecology analyses in both biology and
organization science is to infer and analyze the community
matrix, which quantifies this network competitive and mutu-
alistic interactions (Ives et al. 2003; Aldrich and Ruef 2006).

In Study B, we demonstrate community ecology by infer-
ring networks of ecological interactions in ecological com-
munities on Reddit to determine whether mutualism or com-
petition among subreddits is more common. We then present

case studies to illustrate different types of ecological com-
munities. Finally, we evaluate whether modeling ecological
interactions is useful for making time series forecasts of par-
ticipation in online groups: (H2) The addition of ecological
interactions to a baseline time series model improves fore-
casting performance.

Materials & Methods
We analyze data from the publicly available Pushshift
archive of Reddit submissions and comments from Decem-
ber 5th 2005 to April 13th 2020 (Baumgartner et al. 2020).
Within this dataset, we limit our analysis to submissions
and comments from the 10,000 subreddits with the highest
number of comments. The top 10,000 subreddits provide a
sufficiently large number of ecological communities for our
statistical analysis. There are 702 subreddits larger than the
smallest subreddit included in our dataset that have a major-
ity of submissions marked “NSFW,” which often indicates
pornographic material. As others have done in large-scale
studies of Reddit (e.g., Datta, Phelan, and Adar 2017), we
exclude these subreddits to avoid asking members of our re-
search team to inspect clusters including pornography.

Study A: Density Dependence Theory
In Study A, we illustrate population ecology by testing
H1 using a log-linear regression model to predict subred-
dit growth as a quadratic function of our measure of overlap
density which we construct by aggregating our measure of
user overlap.

User overlap oi,j quantifies the degree to which two subred-
dits (i and j) share users. Zhu, Kraut, and Kittur (2014) and
Wang, Butler, and Ren (2012) both measure the user over-
lap between two groups by counting the number of users
contributing to both groups at least once and exclude users
who appear in more than 10 groups. In our preliminary
analysis, we found that this measure led to similarity mea-
sures and clusters with poor face validity. These issues may
have stemmed from how Reddit users often peripherally par-
ticipate in many groups while participating heavily in few
(Zhang et al. 2017). Therefore, our measure of user overlap
follows Datta, Phelan, and Adar (2017) by using the number
of comments each user makes in each pair of groups.

To measure user overlap between subreddits, we first
build user frequency vectors by counting the number of
times each user comments in each subreddit. We prevent giv-
ing undue weight to subreddits with higher overall activity
levels by normalizing the comment counts for each subred-
dit by the maximum number of comments by a single author
in the subreddit:

fu,j =
nu,j

maxv∈Jnv,j
(1)

where nu,j , the user frequency, is the number of times that
user u authors a comment in subreddit j. This results in a
user frequency vectorFj for each subreddit that is sparse and
high-dimensional, having one element for each user account
that comments in any subreddit in our dataset. Next, we use
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latent semantic analysis (LSA) to reduce the dimensionality
of the user frequency vectors:

F = UΣVT (2)
∼
Fj = Uk

TFj

where F is the matrix where columns are author frequency
vectors Fj and UΣVT is its singular value decomposition.
Truncating the singular value decomposition to use only
the first k left-singular vectors gives Uk. Left-multiplying
a subreddit’s author frequency vector by Uk transforms the
high-dimensional author frequencies into

∼
Fj , their approx-

imation in the k-dimensional space. Our measure of user
overlap (oi,j) is the cosine similarity between these vectors:

oi,j =

∼
Fj ·

∼
Fi

‖
∼
Fi‖‖

∼
Fj‖

(3)

where ‖
∼
Fi‖ is the Euclidean norm of the transformed user

frequencies for subreddit i.

Growth Yi, the dependent variable in our density depen-
dence model testing H1 is measured as the change in the
(log-transformed) size of a subreddit during the last 24
weeks of our data, from November 4th 2019 to April 13th

2020.

Overlap density di, the normalized average user overlap for
a given subreddit is the independent variable in our density
dependence model testing H1:

d∗i =
1

|M | − 1

∑
j∈M ;j 6=i

oi,j

di =
d∗i

maxjd∗j
(4)

where M is the set of groups in our dataset.

Regression model for H1 To test H1, we fit Model 1:

Model 1 Yi = B0 +B1di +B2d
2
i + εi (5)

where Yi is the growth of subreddit i and di is its overlap
density. The model has first and second-order terms for over-
lap density to allow for a curvilinear relationship between
overlap density and growth.

Study B: Introducing Community Ecology
In Study B, we present our method for studying competi-
tion and mutualism in ecological communities. We first clus-
ter subreddits having overlapping users in order to identify
ecological communities on which we can fit VAR models
predicting group size. We visualize competition-mutualism
networks in example ecological communities based on inter-
preting the VAR models using impulse response functions
(IRFs). To present a broader view of the types of ecological
communities found on Reddit, we quantify the overall de-
gree of competition and mutualism in each ecological com-
munity as average ecological interaction and quantify the

overall intensity of ecological interactions as ecological in-
teraction strength. Finally, we test H2 in terms of the root-
mean-square-error (RMSE) and continuuous ranked proba-
bility score (CRPS) forecasting metrics.

Clustering to identify ecological communities Analyz-
ing networks of ecological interactions is the key differ-
ence between community ecology and population ecology.
To identify ecological communities of related subreddits, we
use a clustering procedure based on user overlap. We se-
lected a clustering model using grid search to obtain a high
silhouette coefficient. The silhouette coefficient captures the
degree to which a clustering creates groups of subreddits
with high within-cluster similarity.

We ran the affinity propagation, HDBSCAN and k-means
clustering algorithms and selected the algorithm, hyperpa-
rameters, and LSA dimensions k that resulted in the cluster-
ing with the greatest silhouette coefficient having less than
5,000 isolated subreddits and at least 50 clusters. We limit
the number of isolated subreddits because some choices of
hyperparameters for the HDBSCAN algorithm could im-
prove the silhouette coefficient, but at the cost of greatly
increasing numbers of isolated subreddits. Choosing a high
limit to the number of isolates helps ensure that our clus-
ters contain highly related communities. We chose an HDB-
SCAN clustering with 731 clusters, 4964 isolated subred-
dits, k = 600 LSI dimensions, and a silhouette score of 0.48.
We exclude isolated subreddits from our analysis. More de-
tails about our clustering selection process can be found in
the online supplement.

We evaluate the external validity of the chosen clustering
using the purity evaluation criterion. To do so, an undergrad-
uate research assistant examined a random sample of 100
clusters including 744 subreddits. By visiting the subreddits
and using their own judgment, the assistant flagged subred-
dits that did not seem like a good fit for their assigned clus-
ter. Using these labels and excluding 25 subreddits that have
been deleted, made private, or banned, we calculated the pu-
rity of our clustering as 0.92. In other words, we estimate
that 92% of subreddits belong to their assigned cluster.

Group size is the dependent variable of the models that we
use to infer ecological interactions. Measured as the num-
ber of distinct users commenting in a subreddit each week,
group size quantifies the number of people who participate
in a subreddit over time. Typical of social media participa-
tion data, group size is highly skewed so we transform it by
adding 1 and taking the natural logarithm.

Inferring ecological interactions The community matrix
Φ of ecological interactions can be inferred from time se-
ries data using vector autoregression models (VAR models).
VAR models are a workhorse in biological ecology because
VAR(1) models (i.e., VAR models with a single autoregres-
sive term) have a close relationship with the Gompertz of
population growth, a common theoretical model in ecology
(Ives et al. 2003).

VAR(1) models generalize auto-regressive AR(1) mod-
els in time series analysis. Where AR(1) models predict the
state of a single time series as a function of its previous val-
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ues, VAR(1) models predict several time series as a function
of each other’s previous values (Ives et al. 2003):

Yt = B0 +B1t+
∑
k∈K

Akxk,t +
∑
j∈M

Φjyj,t−1 + εt (6)

where Yt is a vector containing the sizes of a set of online
groups (M ) at time t.B0 is the vector of intercept terms, and
B1 is the vector of linear time trends (b1,j) for each commu-
nity (j). Φj represents the influence of yj,t−1, the size of the
jth online group at time t − 1 on Yt. Φj is a column of Φ,
a matrix of coefficients in which the diagonal elements cor-
respond to intrinsic growth rates (marginal to the trend) for
each online group and the off-diagonal elements are inter-
group influences; εt is the vector of error terms

Additional time-dependent predictors (xk,t) can be in-
cluded in the vectors Xk with coefficients ak. Because sub-
reddits are created at different times, growth trends must be-
gin only after the subreddit is created. We use Xk to intro-
duce a counter trend during the period prior to the creation
of subreddits so that each group’s growth trend begins in
the period the group is created. For each group j created
at time t0j we fill Xj with the sequence [1, 2, 3, . . . , t0j −
1, 0, 0, 0, . . . ]. In other words, Xj adds a counter-trend only
during the period prior to the first comment in subreddit j.
We fix the elements aj,i ofAk equal to 0 unless i = j, so the
counter trend only influences subreddit j. This effectively
sets aj,j approximately equal to −b1,j .

We fit VAR(1) models using ordinary least squares as
implemented in the vars R package to predict the group
size each week over the history of each subreddit prior to
November 4th 2019. We hold out 24 weeks of data for fore-
cast evaluation and fit our models on the remainder. To en-
sure that sufficient data is available for fitting the models, we
exclude 946 subreddits and 89 clusters having less than 156
weeks of activity.

Characterizing ecological communities In Study B, we
interpret the community matrix Φ as a directed network
of ecological interactions, a competition-mutualism network
(Ives et al. 2003). Although the elements of Φ correspond to
direct associations between group sizes, ecological interac-
tions can also be indirect. Consider 3 one-directional inter-
actions between three groups (a, b, c) such that growth in a
predicts decreased growth in b (φa,b < 0), growth in b pre-
dicts decreased growth in c (φb,c < 0), but a and c do not
directly interact (φa,c ≈ 0).

This does not necessarily mean that groups A and C are
independent. Rather, an exogenous increase in A predicts a
decrease in B and thereby an eventual increase in C. Such in-
direct relationships are analyzed by using impulse response
functions (IRFs) to interpret a VAR model. In large VAR
models that contain many groups, the large number of pa-
rameters can mean that few specific elements of Φ will be
statistically significant, even as many weak direct relation-
ships can combine into statistically significant impulse re-
sponse functions (IRFs) (Ives et al. 2003).

An IRF predicts how much each group’s size would
change in response to a sudden increase in the size of each
other group:

Θt = Θt−1Φ, t = 1, 2, ... (7)
where Θt is the impulse response function at time t. Θ0

is an M -by-M identity matrix so our impulses represent a
log-unit increase of 1 to each group. Θt is a matrix with
elements θti,j corresponding to the response of group j to
the impulse of group i.

We use IRFs of our VAR(1) models to make our visualiza-
tions of example competition-mutualism networks. We com-
pute the IRFs with bootstrapped confidence intervals (CI)
based on 1,000 samples using the varsR package. We draw
an edge i → j in the competition-mutualism network if the
95% CI of θti,j does not include zero at any time t ∈ (0, 10].
If θti,j > 0, the edge indicates mutualism and if θti,j < 0 the
edge indicates competition.

Average ecological interaction m measures the extent to
which an overall ecological community is mutualistic or
competitive by taking the mean point estimate of the off-
diagonal coefficients of Φ:

m =
1

|M | − 1

∑
i∈M

∑
j∈M ;j 6=i

φi,j (8)

If m > 0 then mutualistic interactions within the ecological
community are stronger than competitive ones, and ifm < 0
then competitive interactions are stronger than mutualistic
ones.

Ecological interaction strength κ quantifies the overall
strength of ecological interactions in an ecological commu-
nity as the mean absolute value of the point estimates of the
off-diagonal coefficients of Φ:

κ =
1

|M | − 1

∑
i∈M

∑
j∈M ;j 6=i

∣∣φi,j∣∣ (9)

where
∣∣φi,j∣∣ is the absolute value of the coefficient φi,j . The

average ecological interaction can be close to 0 if the eco-
logical interaction strength is low or if the ecological inter-
action strength is high and results from a mixture of compet-
itive and mutualistic interactions that cancel one another out
when averaged.

Forecasting growth To test H2, we evaluate whether the
modeling of ecological interactions improves the time se-
ries forecasting of future participation in online groups by
comparing the model in Equation 6 to a baseline model with
off-diagonal elements of Φ fixed at 0. This baseline model
is equivalent to our VAR model, but excludes ecological in-
teractions.

We compare our VAR model to the baseline in terms of
two forecasting metrics with differing assumptions: the root
mean square error (RMSE) and the continuous ranked prob-
ability score (CRPS). RMSE is commonly used, nonpara-
metric, and intuitive, but does not take differing scales of the
predicted variable or forecast uncertainty into account. Thus,
it may place excessive weight on larger subreddits having
greater variation in size. The CRPS accounts for the vari-
ance in the data and rewards the forecasts for both accuracy
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Figure 1: A 2D histogram of subreddits with overlap density
(log-transformed) on the X-axis and the change in the log-
arithm of the number of distinct commenting users on the
Y-axis. The black line shows the marginal effect of overlap
density on growth as predicted by Model 2. The gray region
shows the 95% confidence interval of the marginal effect.

and precision and is thus a “proper scoring rule” for eval-
uating probabilistic forecasts (Gneiting and Raftery 2007).
Our CRPS calculations assume that the predictive forecast
distribution for each community is normal with standard de-
viations given by the 68.2% forecast confidence interval. We
calculate CRPS using the scoringRules R package.

Results
Study A: Density Dependence Theory
We test density dependence theory as formulated in H1 us-
ing Model 1 (Equation 5) which has first- and second-order
terms for the effect of overlap density on growth. H1 hypoth-
esizes that overlap density will have a curvilinear ∩-shaped
relationship with growth indicated by a negative second-
order coefficient.

We observe this predicted relationship between overlap
density and growth. Figure 1 plots the marginal effects of
overlap density on growth for the median subreddit laid over
a scatterplot of the data. The point where increasing den-
sity ceases to predict increasing growth and begins to pre-
dict decreasing growth is at the 49th percentile. Prototyp-
ical subreddits at this overlap density grew slightly (95%
CI:[0.001,0.06]). Yet subreddits at the lower and upper ex-
tremes of overlap density slightly declined on average. Typ-
ical groups at the 20th percentile of overlap density decline
by 1.1 members (95% CI:[-1.1,-1.15]) and typical groups at
the 80th percentile decline by 1.2 members (95% CI:[-1.1,-
1.28]).

Study B: Introducing Community Ecology
Figure 2 visualizes the distribution of average ecological in-
teraction and ecological interaction strength over the 641
ecological communities we identify. We observe ecological
communities characterized by strong forms of both mutu-
alism and competition, others having mixtures of the two,
and some with few significant ecological interactions. Mu-
tualism is more common than competition, with the mean
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Figure 2: Two-dimensional histogram showing ecological
communities on Reddit in our typology. The X-axis shows
the overall degree of mutualism or competition in clusters of
subreddits with high user overlap based on the average eco-
logical interaction. The Y-axis shows the ecological interac-
tion strength representing the overall magnitude of competi-
tion or mutualism.

community having an average ecological interaction of 0.03
(t = 14.5, p < 0.001). We find that 524 clusters (81.7%) are
mutualistic. Not only are most ecological communities mu-
tualistic, but the ecological communities with greater mu-
tualism have greater ecological interaction strength (Spear-
man’s ρ = 0.58, p < 0.001). Therefore, our community
ecology analysis suggests that among groups with similar
users, mutualistic ecological interactions are more common
than competitive ones.

Example ecological communities We present four case
studies to illustrate our typology of ecological communities
of online groups. Using our measures of average ecological
interaction (m) and ecological interaction strength (κ), we
select cases of subreddit clusters characterized by mutual-
ism, competition, a mixture of mutualism and competition,
and few ecological relationships at all. To allow for more
interesting network structures, we draw our cases from the
367 large clusters having at least five subreddits.

Figure 3 presents visualizations of competition-
mutualism networks that represent statistically significant
impulse response functions for all relationships within our
four case clusters. For each case, we examined the terms
of the vector autoregression parameter Φ, the impulse
response functions, and the model fits and forecasts, all
of which are available in our online supplement. We also
visited each subreddit in the clusters and read their sidebars
and top posts to support our brief qualitative descriptions.

Mutualism among mental health subreddits To find a
case characterized by mutualism, we selected the top 37
large clusters with the greatest average ecological interac-
tion. From these, we arbitrarily chose one interesting eco-
logical community, the mental health cluster, which in-
cludes 11 subreddits for supporting people in struggles with
mental health, addiction, and surviving abuse. Constitutive
subreddits include those focused on specific mental health
diagnoses like r/bpd (bipolar disorder) and r/cptsd
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addiction

adultsurvivors

bpd

codependency

cptsd

cults

mentalhealth

ptsd

survivorsofabuse

talktherapy

therapy

(a) The ecological community of subreddits for supporting mental
health and survivors of abuse is dense with largely mutualistic in-
teractions.

commercialrealestate

realestate

realestateinvesting

financialindependence

financialplanning

fatfire

(b) The subreddits about real estate and finance are relatively com-
petitive.

gshock

rolex

seiko

watchescirclejerk

japanesewatches

watches

watchexchange

(c) Subreddits about watches are dense with both mutualistic and
competitive interactions.

blackops3

infinitewarfare

callofdutycodzombies wwii

(d) The ecological community of subreddits about Call of Duty
video games is characterized by relatively sparse ecological inter-
actions.

Figure 3: Network visualizations of commensal relationships in example ecological communities of subreddits with overlapping
users. Yellow indicates competition and purple indicates mutualism.
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(complex post traumatic stress disorder) while others like
r/survivorsofabuse and r/adultsurvivors are
support groups.

The interactions among these subreddits are dense and
primarily mutualistic, as shown in Figure 3a. There are a
handful of competitive interactions like the reciprocal com-
petition detected between r/codedependence and r/
bpd. We also observe some interactions that are mutual-
istic in one direction and competitive in the other. For ex-
ample, growth in r/addiction predicts an increase in
growth in r/cptsd, even as that growth in r/cptsd pre-
dicts a decrease in growth in r/addiction. This suggests
a pattern in which r/cptsd siphons members from r/ad-
diction. That said, the density of mutualistic interactions
shown in Figure 3a suggests that different subreddits have
complementary functions in this ecological community as
people turn to different types of groups for help with inter-
related problems. While attempting to explain why different
online groups form mutualistic or competitive interactions is
left to future research, the example of mental health subred-
dits demonstrates how groups with related topics and over-
lapping participants can have mutualistic interactions.

Competition among real estate and finance subreddits
To find competitive clusters, we selected an ecological
community that we label finance from the 36 large clus-
ters with the lowest average ecological interaction having
six subreedits. Three of them: r/realestateinvest-
ing, r/realestate and r/commercialrealest-
ate, deal with different aspects of the real estate industry,
while r/financialindependence and r/fatfire
(the acronym “fire” means “financial independence/retire
early”) focus on building wealth and becoming financially
independent, and r/financialplanning is a general
financial advice subreddit.

Unlike the ecological community for mental health, the
finance cluster has mostly competitive ties as visualized
in Figure 3b. We detect three reciprocal competitive inter-
actions among the three subreddits that focus on real es-
tate. The edges from r/fatfire to r/commercial-
realestate and r/financialindependence are
also competitive.

Although this cluster is among the most competitive
in our data, it contains mutualistic ties between the gen-
eral finance subreddits (r/financialplanning and
r/financialindependence) and r/realestate.
This reflects just how prevalent mutualism is among sub-
reddits with high degrees of user overlap.

Mixed interactions among timepiece subreddits Next,
we turn to the timepiece ecological community of 7 subred-
dits about watches that has low average ecological interac-
tion but high ecological interaction strength. We selected the
timepiece subreddits from the 36 large clusters with average
ecological interaction closest to 0 and then from the 15 clus-
ters with the greatest ecological interaction strength.

As shown in Figure 3c, the network of timepiece sub-
reddits is dense with ecological interactions (although not
as dense as the mental health subreddits). We observe both
reciprocated interactions, like the mutualism between r/

rolex and r/gshock or the competition between r/
gshock and r/seiko and unreciprocated interactions
like the mutualism between r/watchexchange and r/
watchcirclejerk2 or the competition between r/
japanesewatches and r/seiko. Although the aver-
age ecological interaction among these subreddits is near 0,
our analysis reveals a complex ecological community with a
mixture of competition and mutualism.

Sparse interactions among Call of Duty subreddits To
find a case where ecological interactions are weak, we re-
turned to the group of the 36 large clusters with average eco-
logical interaction closest to 0 but selected from the 15 clus-
ters within this group with the lowest ecological interaction
strength. From these, we chose the Call of Duty cluster con-
taining five groups about the popular series of video games.

The Call of Duty ecological community is sparse, hav-
ing only two significant ecological interactions among its 5
member groups. This ecological community includes sub-
reddits about different editions of the series such as r/
blackops3, r/infinitewarfar and r/wwii as well
as one about a popular spin-off zombie game r/codzom-
bies and the more general r/callofduty subreddit. We
find that growth in r/blackops3 or r/codzombies
predicts growth in r/infinitewarfare, but no other
ecological interactions.

The timepiece and Call of Duty ecological communities
illustrate how subreddits with overlapping users can have
relatively strong or weak forms of ecological interdepen-
dence. Although both clusters are characterized by high de-
grees of user overlap and low average ecological interaction,
the timepiece cluster has a dense competition-mutualism
network, while the Call of Duty network is sparse.

Forecasting accuracy We test H2 using two metrics of
whether we have improved the 24-week forecast perfor-
mance for all subreddits which were assigned to clus-
ters: root-mean-square-error (RMSE) and continuous ranked
probability score (CRPS). We find that VAR models includ-
ing ecological interactions have better forecasting perfor-
mance than the baseline model in terms of both. The RMSE
under the baseline model (0.84) is greater than the RMSE
of the VAR models (0.75) and the CRPS of the baseline
model (72,853) is greater than the CRPS of the VAR models
(72,669).

Threats to Validity
Our work is subject to several important threats to validity.
First, we study only one platform hosting online groups, and
our results may not generalize to other platforms or time pe-
riods. The method we propose for identifying ecological in-
teractions between online groups has limitations common
to all time series analysis of observational data. While our
community ecology approach assumes that ecological in-
teractions drive dynamics in the size of groups over time
and cause groups to grow or decline, drawing causal conclu-
sions using our method would depend on several untestable

2The suffix is widely understood on Reddit to signify a jokey,
meme, or satirical subreddit.
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assumptions. For example, groups we do not consider—
including groups on other platforms—could affect ecolog-
ical communities in ways unaccounted for in our models.
Potential omitted variables may also include additional time
lags of group size. We chose to use VAR(1) models with a
single time lag for simplicity, but we hope future work will
model more complex dynamics with additional lags.

Our vector autoregression models assume that the error
terms are trend stationary. This is a common assumption
in time series analysis and is difficult to evaluate empiri-
cally (Ives et al. 2003). Future work might relax these as-
sumptions using sophisticated models or additional contex-
tual knowledge of ecological communities of interest. Such
models may also be useful in future work investigating how
ecological interactions change over time.

Additional threats to validity stem from our use of algo-
rithmic clustering to identify ecological communities. While
we choose clusters based on high degrees of user overlap and
validate our clustering, we might have obtained different re-
sults if we had clustered in a different way. Additionally, our
efforts to obtain clusters with a high silhouette coefficient
led us to remove subreddits from our analysis. Thus, our re-
sults are not representative of Reddit in general, but only of
those subreddits that were included in our analysis. Further-
more, clustering algorithms may not have unique solutions,
and different initial conditions can lead to different results.

Organizational ecologists have rarely attempted to esti-
mate the full community matrix for an entire population
containing a large number of groups because of data and
statistical limitations (e.g. Ruef 2000; Sørensen 2004). For
instance, there are nearly 100 million possible ecological in-
teractions among 10,000 communities. Attempting to infer
all of them raises considerable computational and statisti-
cal challenges. This makes it necessary to narrow the scope
to the ecological communities of interest in ways appropri-
ate to the research question. We clustered communities ac-
cording to user overlap in order to explore typical ecological
communities on a platform, but future investigations should
consider other quantitative or qualitative approaches to con-
structing ecological communities.

Discussion
In the final chapter of their book on Building Successful On-
line Communities, Kraut, Resnick, and Kiesler (2012) advise
managers of online groups to select an effective niche and
beware of competition. However, these recommendations
are based on little direct evidence from studies of online
groups and offer almost no concrete steps that a designer or
group should take based on either piece of advice. Although
further research into ecological interactions is needed to de-
rive design principles, we provide a novel framework for on-
line group managers to think about ecological constraints
on group size. Intuition suggests that online group managers
might seek mutualistic relationships and avoid competitive
ones, but it is not clear whether another group is a com-
petitor or mutualist. Our method provides a way for group
managers to know.

We presented two studies with the purpose of introducing
our community ecology framework and comparing it with

previous work using population ecology. In Study A, we
found support for H1 by showing—as predicted by density
dependence theory—that overlap density has an ∩-shaped
association with subreddit growth. Subreddits with moder-
ate overlap density in our data declined less than subreddits
with either very low or very high overlap density. According
to population ecology theory, this suggests that high-density
environments are competitive and less conducive to growth
than medium-density environments.

Surprisingly, this seems to contrast with our results in
Study B. When we studied ecological communities using
vector autoregression models of group size over time to in-
fer networks of ecological interactions, we found that eco-
logical communities of subreddits are typically mutualistic
and that these mutualistic interactions are stronger on aver-
age than competitive ones. These findings corroborate recent
qualitative studies arguing that multiple online communities
about the same topic exist because they provide different and
complementary benefits (TeBlunthuis et al. 2022), such as
those provided by combinations of small and large subred-
dits (Hwang and Foote 2021). Moreover, we found support
for H2 by showing that the ecological interactions in these
models are useful for forecasting group size. This validates
our inferences of ecological interactions and provides com-
pelling evidence that ecological interactions are an impor-
tant factor affecting the development of online communities.

We also found a diversity of ecological dynamics among
clusters of subreddits with high degrees of user overlap. We
found ecological communities that are mutualistic, competi-
tive, that mix the two or that have few significant ecological
interactions at all. This explains the puzzling set of empirical
results from previous work on the relationship between over-
lap density and outcomes like growth, decline and survival
(Wang, Butler, and Ren 2012; Zhu, Kraut, and Kittur 2014;
Zhu et al. 2014). These studies have measured the density of
an online group’s niche in terms of its overlap in participants
or topics. Although we find support for the relationship be-
tween density and growth predicted by density dependence
theory, our analysis of ecological communities suggests that
degrees of overlap may have little to do with whether two
groups are mutualists or competitors.

By correlating an online communities’ aggregated re-
source overlaps to their growth or survival, tests of density
dependence theory obscure complex networks of ecologi-
cal relationships. As a result, interpreting these correlations
as evidence that pairs of groups with the greatest resource
overlaps are most likely to compete commits an ecological
fallacy (Piantadosi, Byar, and Green 1988; Robinson 1950).
Our method provides a path for future work to understand
the relationship between resource overlaps and ecological
interactions by directly inferring when groups are competi-
tors or mutualists instead of relying on aggregations.

That said, we believe that density dependence models can
usefully reflect environmental conditions. Density is asso-
ciated with growth when a platform provides a hospitable
environment to build online communities that share certain
topics or membership bases. Yet, when conditions change
and these topics lose popularity or membership bases mi-
grate off a platform (Fiesler and Dym 2020), density can
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become associated with decline. For example, the differing
environmental conditions of Wikia wikis and Usenet groups
might explain why user overlap was associated with the sur-
vival of wikis (Zhu, Kraut, and Kittur 2014) but with the de-
cline of Usenet groups (Wang, Butler, and Ren 2012). Wikia
was a young and growing platform during Zhu, Kraut, and
Kittur’s data collection period when the growth of groups
may have been limited by knowledge of how organize and
build a wiki; perhaps this knowledge was provided by over-
lapping experienced members. Usenet was in decline during
Wang, Butler, and Ren’s study period and this may have cre-
ated competition over increasingly scarce members.

Future work should seek to explain when two online
groups will be mutualists or competitors. Long-held under-
standings of ecological interactions in evolutionary theory
suggest that, as we find, mutualism will be more common
than competition (Kropotkin 2012). Competition is unlikely
to persist because it decreases survival; but mutualistic re-
lationships are likely to endure because they increase it. In
this line of theory, groups might avoid competition by adopt-
ing specialized functions in their ecological communities, a
dynamic known as resource partitioning (Carroll 1985). For
example, the competition among the real estate subreddits
observed in Figure 3b may occur due to insufficient special-
ization. By contrast, mental health support groups such as
those observed in Figure 3b appear to have specialized pur-
poses or functions.

Online groups may use multiple platforms with distinctive
affordances for different purposes (Kiene, Jiang, and Hill
2019). Since our VAR method relies only on time series data
to infer ecological interactions, it can be applied to study
ecological communities spanning social media platforms.
While we focus on relationships between groups sharing a
platform, one can apply our concepts and methods to under-
stand how higher levels of social organization emerge from
interdependent systems of technologies and users on social
media platforms.

Conclusion

An ecological explanation for the success of online groups
looks beyond internal mechanisms to understand how dif-
ferent groups influence each other’s growth or decline.
Prior research has investigated competition and mutualism
among online groups with overlapping users and topics us-
ing the population ecology framework (Wang, Butler, and
Ren 2012; Zhu, Kraut, and Kittur 2014; Zhu et al. 2014),
yet has not provided a way to infer competitive or mutu-
alistic interactions among related groups. We introduce the
community ecology framework as a complementary per-
spective to population ecology. By inferring competition-
mutualism networks directly from time series data, our com-
munity ecology approach helps resolve the empirical ten-
sions raised by prior work and reveals that most interactions
within clusters of highly overlapping subreddits are mutu-
alistic. Our methods provide a foundation for future work
investigating related online groups.
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