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ABSTRACT
As event-based social networks (EBSNs) such as Meetup.com and
Facebook Events gain popularity in managing local events (e.g.,
farmers’ markets and social gatherings), two-sided cultural niches
are created as event organizers and participants benefit from the
platform while affecting each other. Among various factors, niche
overlap, an ecological feature, has been studied as a key factor that
shapes the success of online communities. While such ecological
factors may also shape EBSN-based local groups’ success, the con-
text of EBSNs raises unique challenges in understanding the roles
of cultural niches due to the informal nature of the local groups
and their geographical embeddedness. In this paper, we examine
the effects of Meetup groups’ topic overlap and geospatial corre-
lation on the activity levels of both organizers and participants,
using one-year Meetup data for 500 cities in the United States. We
find that (1) a group’s topic overlap with other groups on EBSN is
associated with its activity levels, and (2) local groups’ geospatial
correlation may moderate the effects of topic overlap for EBSN
users, but inconsistently. The results provide a baseline understand-
ing of EBSN-based groups from an ecological perspective.
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1 INTRODUCTION
Event-based social networks (EBSNs) such as Meetup.com and
Facebook Events are used widely in many countries, providing
people with means to organize and attend local events such as
farmer’s markets, local concerts, and neighborhood gatherings [19].
Both event organizers and participants can benefit from EBSN
platforms by lowering the coordination cost while interacting with
each other, comprising two-sided cultural niches [25, 26]. As EBSNs
gain popularity, many studies have aimed to understand and predict
the success of local groups on EBSNs, which involves both the
organizer and participant perspectives.

Being Event-based social networks, on the one hand, a critical
indicator of group success is the popularity of groups’ events (i.e.,
whether people RSVP’d frequently for an event) [33]. Numerous
studies have investigated the factors that contribute to the attrac-
tiveness of events to users, focusing primarily on the participant
perspective [6, 21, 31, 34]. On the other hand, researchers have
studied group success from the organizer perspective. Some have
analyzed organizers’ challenges and motivations for hosting events
on Meetup.com through interview analysis [25]. Other quantitative
studies have employed novel machine learning models to predict
group success based on the number of events and group size (e.g.,
[17, 18, 20, 23]). These studies often leveraged supervised machine
learning models with temporal, spatial, semantic and structural fea-
tures. In both streams of research, the factors that affect or predict
group success were mainly group- and event-level features such
as density of event location, member loyalty, sentiment of event
description, and text novelty.

1.1 Ecological Perspectives
However, ecological features have been less considered in the EBSN
context. Instead, community-level ecological features, such as mem-
bership overlap [36] and topic overlap [35], have been extensively
studied in non-EBSN contexts, including online communities and
formal organizational settings. According to the organizational
ecology theory [11], the density of a market niche promotes its
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legitimation, thereby attracting new members to the niche. Con-
versely, if the density of the niche intensifies, the members of the
niche begin competing for resources, leading to a decrease in the
entrance of newcomers. This theory has been developed in relation
to social categorization theories because niches exist in the concep-
tual space where the audience (e.g., participants) and providers (e.g.,
event organizers) may hold different perspectives on organizations’
positions [22]. Accordingly, scholars have examined the impact of
organizations’ audience-facing positions (e.g., tags or categories)
on the success of the organizations [16].

Given this gap in the literature from an ecological viewpoint,
the emergence of EBSNs in local communities presents theoreti-
cal and methodological challenges in studying the success of local
groups. Theoretically, previous work on the organizational ecology
of formal organizations and online communities provides limited
understandings of (1) the effects of geographical embeddedness of
organizations on their dynamics and (2) small-size, informal groups
that may not have the same scaling aspirations as formal organi-
zations and online communities. Local groups organized through
EBSNs often have activities that are limited to specific geograph-
ical boundaries and tend to be small-scale to sustain members’
interest-based activities rather than professional work.

Methodologically, prediction studies that aim to enhance the
recommendation performances on EBSNs have paid less attention
to ecological features in the feature engineering processes, as EBSN-
based groups and events have not been studied extensively from an
ecological perspective. The diversity of goals and activities among
EBSN-based groups, ranging from technology-focused to travel-
and business-focused groups that may or may not compete with
each other for local participants, might present a challenge for
AI researchers to engineer ecological features. These theoretical
and methodological gaps necessitate the need to unpack the eco-
logical dynamics of EBSN-based groups by considering both their
geographical embeddedness and competition structures.

1.2 Event Topics: Niches in the Label Space
To understand the ecological dynamics of EBSN-based groups, it
is necessary to study both the feature space and label space of the
groups. This is because the label space (i.e., tag- or description-
based identification of groups on EBSNs) plays a critical role in
altering the feature space (i.e., organizers’ and participants’ actual
activities), and vice versa [22]. As an initial effort to understand
these dynamics and explore the ecological features in the context
of geographically-embedded local groups, this paper focuses on the
label space by drawing upon the theoretical frameworks of topic
overlap and group success [35, 36].

We specifically focus on topic overlap in this paper, because
event descriptions provided by organizers create cultural niches
on EBSNs, which are the first encountering points for potential
participants in navigating local groups. Given that organizers must
position their groups carefully in the conceptual space of cultural
ecology to appeal to participants, topic overlap (i.e., the extent
to which a group’s labels overlap with other groups) becomes an
important ecological feature in the label space of EBSNs. To examine
these dynamics, we present regression analysis results grounded
in the theoretical frameworks of topic overlap. We examine the

moderating effect of local groups’ geospatial autocorrelation on
the relationship between topic overlap and activity level in the
EBSN context. Using local group and event data collected from
Meetup.com for 500 U.S. cities in 2019, one of the most popular
EBSN platforms in the United States, we computationally quantify
key variables and conduct statistical analyses to understand the
ecological dynamics of Meetup groups in hte label space.

We focus on the 2019 data, because it is the most recent data be-
fore the COVID-19 pandemic. Since 2020, people’s offline activities
have been significantly suppressed due to stay-at-home orders dur-
ing the pandemic, which may provide weak signals for local group
activities and their association with geospatial impact. The results
provide implications for organizational theory, EBSN recommender
system research, and EBSN system design by demonstrating vary-
ing effects of topic overlap on the two sides of the cultural niches
(i.e., organizers and participants).

2 RELATEDWORK
2.1 Ecological Features and Topic Overlap
In the domain of organizational ecology research, a wide range
of factors that affect organizational success have been examined
(e.g., [9]). These factors can be grouped into two categories: intra-
and inter-community features. Intra-community features include,
but are not limited to, membership size [7], communication ac-
tivity [29], initial message volume [24], the roles of members [30],
perceived activity levels [10], and social network features [27]. Inter-
community features include membership overlap and topic overlap
[28, 35, 36].

These intra- and inter-community features have been exten-
sively studied in the contexts of either formal organizations or
online communities. In the formal organizations’ context, for ex-
ample, competition (i.e., the extent to which organizations compete
for resources) and complementarity (i.e., the extent to which orga-
nizations benefit from the existence of competitors) were studied
as the main ecological forces that affect organizational success [5].
Studies have revealed that organizations initially benefit from their
own experience but, over time, this experience may reduce their
adaptability to the changing environment. In contrast, learning
from competitors could help organizations improve their external
capability [4, 13, 14]. This tension between competition and comple-
mentarity is closely related to “niche overlap," because the overlap
between communities (or niches) plays roles both as the condition
for resource spillover and a source of conflict.

2.2 Niche Overlap in Online Communities
These tensions and findings are consistent in the context of online
communities. A study suggested that the existence of highly related
online communities may increase users’ activity levels [12]. Also,
prior research has found that a focal community’s ecological overlap
with other online communities both at the membership (i.e., feature
space) and topic levels (i.e., label space) may cause them not only
to compete with each other but also to benefit from one another
[5, 28, 35]. In other words, niche overlap plays an important role
in shaping the success of online communities in both feature and
label spaces [28, 36].
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For example, Zhu and collaborators demonstrated how the suc-
cess of an online community is shaped by its relationship with other
communities using data from an enterprise online community plat-
form [35]. They measured an online community’s topic overlap
with other communities and estimated the success of a community
with its activity level. Their findings revealed a curve-linear rela-
tionship between topic overlap and activity level, suggesting that
communities tend to complement each other more when their topic
overlap is at a moderate level, leading to the highest activity level.
Meanwhile, too much topic overlap may intensify the competition
between communities, resulting in a lower activity level.

Overall, the literature suggests that an organization in a niche
that overlaps with other niches in the label space needs to man-
age the tension between competition and complementarity well to
maximize its success. However, in the context of EBSNs, it remains
unclear how the geospatial embeddedness of a group within the
ecology of similar groups and the informal nature of local groups
would alter the roles of ecological forces between different cultural
niches within a geographical area. We aim to unpack these dynam-
ics by focusing on the ecological features of Meetup groups by
asking:

RQ: How is the topic overlap of Meetup groups associ-
ated with their activity levels, depending on the level of
their geospatial autocorrelation?

The outcomes of our analyses will be the foundation for (1) extend-
ing the theories of organizational ecology in the context of EBSNs
and geographically-defined informal groups, (2) developing com-
putational models to quantify topic overlap of local groups across
cultural niches, and (3) enriching ecological features for EBSNs
recommender systems.

3 DATA
We collected data for Meetup groups and events across 500 U.S.
cities from January to December 2019 using the Meetup APIs.1 The
target 500 cities are defined by the Centers for Disease Control and
Prevention (CDC) based on population and the inclusion of the big
cities in all the U.S. States.2 Because the use of EBSN platforms
tends to be concentrated in urban areas, we followed the CDC’s
population-based selections of U.S. cities. The collected dataset
contains 3,699,654 events organized by 97,965 Meetup groups. For
each Meetup group, available fields include, but are not limited to,
group name, description, category, location (latitude and longitude),
organized events, and a set of user-generated tags.

The Meetup event data consists of event name, description, event
date, hosting group’s ID, location (e.g., latitude, longitude, venue
name, and address), how to find us, and the number of RSVPs. Events
that were canceled or received only one RSVP (i.e., events with no
RSVPs other than the organizer himself/herself) were removed
from the dataset. Figure 1 shows an example of a Meetup event
information page, which contains information about the event,
meetup location, and a list of members who have RSVP’d.

Groups that organized an excessive number of events within a
day are excluded to ensure the quality and reliability of our analysis,
because these groups tend to use the Meetup platform for purposes

1https://www.meetup.com/meetup_api/
2https://www.cdc.gov/places/about/500-cities-2016-2019/index.html

Figure 1: An example of an event information page on
Meetup.com

other than sustaining local groups. Through a manual examination,
we find that groups organizing more than two events per day on
average tended to use the platform for advertisement, rather than
sustaining local groups. The removal of such groups is justified as
it allows us to focus on groups that are more likely to sustain local
groups through organizing Meetup events.

In addition, groups that organized events only in a particular
month of the year are also excluded from the regression analysis
as well, as groups with a short period of activities provide limited
implications for the understanding of the organizational dynam-
ics and overall success of them. The dataset after these removals
consists of 2,031,558 events organized by 75,834 Meetup groups
across the 500 cities in the United States. Because the venue in-
formation of Meetup events is user-generated, there were records
with inaccurate or missing geo-coordinates. In these cases, we used
Google Geocoding APIs to convert venue addresses into latitude
and longitude.3

4 APPROACH
4.1 DV: Activity Level
Following prior studies on EBSNs which used the number of events
and the number of participants per event (i.e., RSVPs) as metrics
of group success [18, 23], we calculate the activity level for each
group using its total number of monthly events and average number
of RSVPs per event per month. The number of events measures
the level of activity from an organizer perspective, and the average
number of RSVPs operationalizes groups’ activity levels from a
participant perspective.

4.2 IV: Topic Overlap
Meetup.com requires each group to select one of the pre-defined
categories (e.g., Tech, Fitness). These pre-defined categories allow
both group organizers and participants to distinguish between dif-
ferent topics and facilitate recommendations. Figure 2 shows the

3https://developers.google.com/maps/documentation/geocoding
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Figure 2: Number of groups for each pre-defined category

number of groups for each category. Although these predefined
categories can be used as a proxy to identify cultural niches as each
group has to choose a particular category out of 32 pre-defined
categories, they may not be sufficient in identifying cultural niches,
as (1) groups’ activities may change over time, (2) some groups
may belong to more nuanced categories that cannot be classified
using the pre-defined ones, or (3) a couple of categories may ac-
tually represent a bigger category in the conceptual space (e.g.,
hypothetically, fitness and health might be actually one category).

Instead of using the pre-defined categories, we use event de-
scription as a means to capture cultural niches in the label space.
Event organizers of Meetup groups use the platform to position
themselves or advertise their events to potential participants by
carefully writing event descriptions, which usually include the pur-
poses of events and the details of their activities. Therefore, event
descriptions can better capture groups’ topics in a more nuanced
and accurate way than the pre-defined categories do.

To quantify the topic overlap between different groups, we re-
view prior approaches and propose an enhanced method. Zhu and
colleagues quantified topic overlap using content from an enter-
prise online community platform by modeling them as a vector of
TF-IDF (term frequency-inverse document frequency) scores [35].
The method involved calculating TF-IDF for all the postings, and
determining topic overlap by summing the cosine similarity scores
between the focal community’s TF-IDF and the TF-IDF scores of all
other communities. Another study employed a different approach
by focusing on specificity per-word and derived the average of them
in a sentence to represent overlap [32]. While these approaches
provide meaningful quantification methods for measuring a fo-
cal community’s topic overlap with other communities, they are
susceptible to potential measurement biases and generalizability
issues due to the unpredictable nature of word distributions within
specific communities. To mitigate these biases, we employ Ten-
sorFlow Hub’s Universal Sentence Encoder [8] to convert each
group’s event descriptions into a vector and use these vectors to
calculate topic overlap. By utilizing pre-trained models, we can
gain more comprehensive and standardized embeddings of natural
languages for groups’ topic-wise identity. This approach avoids po-
tential measurement biases that could be caused by user-generated

word distributions, as transformer-based pre-trained models cap-
ture the contextual information of sentences, and offers a more
reliable method for quantifying topic overlap between groups.

After lemmatizing event descriptions, groups are represented
by the processed event descriptions which are used as input for
the Universal Sentence Encoder. We use the DAN (Deep Averaging
Network)-based encoder as it shows better performance on sim-
pler tasks [8].4 DANs are a type of simple deep learning model
where the vector average of one layer is propagated to the next
layer after applying matrix multiplication, and classification is per-
formed on the final layer’s embedding [15]. Because TensorFlow
Hub’s Universal Sentence Encoder is already pre-trained based
on a large amount of text data, the word embedding of the data
presents less bias compared to those that were modeled based on the
target data themselves. The universal sentence encoder processes
each sample into a 512-dimensional vector. As our dataset contains
75,834 groups, this step results in a two-dimensional tensor of size
75,834×512.

Based on the tensor, we calculate the topic overlap of a group
by summing the cosine similarity of sentence embeddings between
the focal group and all the other groups. The angular form of cosine
similarity is derived as below:

𝐶 (𝐾, 𝐿) = 𝐸𝑘 · 𝐸𝑙
∥𝐸𝑘 ∥∥𝐸𝑙 ∥

(1)

where 𝐶 (𝐾, 𝐿) denotes the cosine similarity of group 𝐾 and 𝐿, and
𝐸𝑘 and 𝐸𝑙 refer to the embedding vector of group 𝐾 and 𝐿, respec-
tively, derived from the previous step. Thus, cosine similarity is the
normalized dot product of two vectors. Building upon this cosine
similarity matrix, the topic overlap of group 𝑔 is calculated by sum-
ming the focal group 𝑔’s cosine similarity with all the other groups,
as shown below,

𝑂𝑔 =
∑︁

𝑛∈𝐺,𝑛≠𝑔

𝐶𝑔𝑛 (2)

where 𝑂 is the matrix containing topic overlap, 𝐺 is the set of
Meetup groups, and 𝐶 refers to the cosine similarity matrix calcu-
lated in the previous step.

Finally, each group has a scalar value representing the total topic
overlap it has with all the other groups. Because topic overlap quan-
tifies a group’s topic similarity with the other groups, it measures
the extent to which a group’s proposed activities and identity over-
lap with the other groups in the conceptual space of the cultural
market (i.e., "label space" [22]) within the EBSN platform. Topic
overlap, one of the key attributes that Meetup event organizers can
carefully alter through composing their event descriptions, because
the prevalence and popularity of similar groups in the adjacent
region may affect the visibility and branding of their groups.

4.3 Moderating Factor: Geospatial Effects
Unlike previous research that only focused on online communities
or formal organizations, we aim to understand how the relationship
between groups’ topic overlaps and their success on the EBSN
platform are moderated by their geospatial characteristics. The
specific methodology used to generate the geospatial variable is
explained in the following.

4https://tfhub.dev/google/universal-sentence-encoder/4
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4.3.1 Identifying online and venue-unknown events. Although most
of the Meetup groups tend to organize physical events and usu-
ally provide physical event location information such as the venue
name, latitude, and longitude, still some groups may also promote
their virtual events on Meetup.com by providing additional infor-
mation such as links to webinars. To investigate the moderating
effects of the geospatial factor, online events that were not held
at physical locations need to be excluded from our analysis. To
achieve this, a Random Forests model is built to classify events
into two categories: online and offline. We select 665 events from
the dataset and annotate them by checking their names, descrip-
tions and venue information manually. To train the model, a list
of keywords (e.g., online, virtual, webinar, zoom) is defined and
used to extract indicator features from the event name, venue name,
and how_to_find_us.5 We evaluate the model based on the random
selection of the training and testing sets 100 times, independently.
The average F1 score of 100 independent tests is 0.894with minimal
deviations.

The Random Forests model is trained on the annotated training
data to identify online events from the entire dataset. Ultimately,
about 1.6% of the entire events are classified as online events. In
addition to online events, events that had vague venue information
such as from your home, your computer, my home, which did not
provide precise longitude and latitude, are excluded from the anal-
ysis. Keyword matching is employed to remove events that lack
accurate geospatial information from the dataset. The final dataset
used in examining the moderating effects of geospatial factors com-
prises 1,277,679 events organized by 58,356 groups. Figure 3 shows
the distribution of the number of groups and events from the final
dataset across the top 20 cities.

4.3.2 Spatial autocorrelation. Spatial autocorrelation is used to
relate the value of the variable in a given location and the values
of the same variable in the surroundings [2]. A positive autocor-
relation value indicates that similar values are located near each
other, whereas a negative spatial autocorrelation suggests that sim-
ilar values tend to be located away from each other. In this study,
we represent the location of each group with the centroid of its
event locations. Subsequently, we utilize Local Indicators of Spatial
Association (LISA) [1] (also known as Local Moran’s I) to measure
the relationship of organizing patterns between each group and its
surrounding groups. The process for computing Local Moran’s I
for each group is explained in detail below.

(1) Determining the threshold for the distance band: Ac-
cording to [37], the average commute distance in the U.S.
is between 24 km to 80 km, so we calculate the pairwise
distance between groups and select the local minima within
this range. The selection of the local minima is based on the
idea that a decrease in the number of groups within a certain
distance band may indicate the presence of a certain bound-
ary. Figure 4 shows the pairwise distance distribution from
0 to 100 km, in which the local minima appears at 31 km. As
a result, the threshold of the distance band is determined to
be 31 km (about 19.3 miles).

5how_to_find_us is a field that provides additional information of the meetup location
in a plain text.

Figure 3: Number of groups and events in 20 cities

Figure 4: Distribution of distances between pairs of groups

(2) Defining a spatial weights matrix: The weight matrix is
used to record which groups are close to one another. We
define a spatial weights matrix based on the distance band,
where the weight between group 𝑖 and group 𝑗 is calculated
as:

𝑤𝑖 𝑗 =

{
1

𝑑𝑖𝑠𝑡 (𝑖, 𝑗 ) if 𝑑𝑖𝑠𝑡 (𝑖, 𝑗) ≤ 31 km
0 otherwise

(3)

(3) Calculating Local Morans’ I for each group: We use Lo-
cal Moran’s I to compute the spatial autocorrelation of the
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number of events, which provides a measurement of the
relationship of organizing patterns between each group and
its surrounding groups. Specifically, a high value of Local
Moran’s I indicates that groups have organized a similar
number of events in the same region, suggesting the possi-
bility of competitions between groups. The Local Morans’s I
of a group 𝑖 is calculated as:

𝐼𝑖 =
𝑥𝑖 − 𝑋
𝑆𝑖

2

𝑛∑︁
𝑗=1, 𝑗≠𝑖

𝑤𝑖, 𝑗 (𝑥 𝑗 − 𝑋 ) (4)

where 𝑥𝑖 is the number of events of group 𝑖 , 𝑋 is the average
number of events,𝑤𝑖, 𝑗 is the spatial weight between group 𝑖
and group 𝑗 , 𝑛 is the total number of groups, and

𝑆𝑖
2 =

∑𝑛
𝑗=1, 𝑗≠𝑖 (𝑥 𝑗 − 𝑋

2)
𝑛 − 1

(5)

The summary statistics for variables are presented in Table 1.

4.4 Analytic Models
To understand the relationship between Meetup groups’ topic over-
lap and activity levels, we use Ordinary Least-Square Linear Mixed-
Effects Models implemented in R [3] where the main effects are
nested within a county (a geographical boundary in the U.S. which
is bigger than a city but smaller than a state) and Meetup category.
We run two sets of models on Meetup groups, where both sets fit
the 2nd-degree polynomial relationships between topic overlap and
activity levels. The second-degree polynomial terms are based on
the analytic models developed in the theories of organizational
ecology, where the quadratic and linear terms of topic overlap indi-
cate the competitive and legitimizing forces of the cultural niches
[11, 28, 35]. One model predicts the average number of events per
month, and the other model is for the average number of RSVPs
per event for each group.

Both models include the interaction term between the geospatial
autocorrelation of each group (i.e., Local Moran’s I) and topic over-
lap to test the moderating effects of geospatial impact of similar
surrounding groups. To control other known effects, we include
control variables. They are the logarithm of group membership size,
group age, the logarithm of the population of the group’s county,
ethnoracial heterogeneity of the county (i.e., Gini-Simpson index),
and the proportion of households who have access to the internet.
County-level control variables were collected or generated from
the American Community Survey (ACS) 2019 data collected from
U.S. Census Bureau.

We put random effects on county and category (thus, nested ef-
fects in the mixed-effects model), because the target Meetup groups
are samples of the population (e.g. each category has more Meetup
groups outside of the groups in 500 cities), and local groups’ behav-
ior and activities are often nested within the larger geo-political or
geo-cultural boundaries (e.g., policies, regulations, or urban charac-
teristics). The regression models are as follows:

𝑎(𝑔𝑖 ) = 𝛽0 + 𝛽1𝑡 (𝑔𝑖 )2 + 𝛽2𝑡 (𝑔𝑖 )+
𝛽3𝑚(𝑔𝑖 ) + 𝛽4𝑚(𝑔𝑖 ) ∗ 𝑡 (𝑔𝑖 )2+∑︁

𝑔,𝑥

𝑐𝑔,𝑥

(6)

where 𝑔𝑖 is group 𝑖 , 𝑎(𝑔𝑖 ) is the activity level of group 𝑖 ,𝑚(𝑔𝑖 ) is
Local Moran’s I of group 𝑖 , 𝑐𝑔, 𝑥 is a list of control variables for each
group and county 𝑥 . To test the sensitivity of the models, we test
two models (1) using only main effects as the baseline model and
(2) with the interaction term to test the moderating effect of Local
Moran’s I. The results were consistent throughout the models, so
we present only the results with all the terms included in the model.
Table 2 presents the correlation matrix of fixed effects, indicating a
minimal chance of multicollinearity issue in the model.

5 RESULTS
Table 3 presents the overall regression results, which suggest that
the activity levels of Meetup groups are associated with topic over-
laps, showing statistically significance. Because the regression mod-
els are based on second-degree polynomial terms, interpreting the
results only based on the estimates is challenging. To understand
the regression results better, we plot the fitted lines based on the
predicted DVs and their standard errors in Figure 5. Each graph
presents two lines depending on whether Local Moran’s I is bigger
than zero (i.e., high) or not (i.e., low) to visualize the moderating
effects of groups’ geospatial autocorrelation.

5.1 Baseline Results: Topic Overlap and Activity
Level

The graph on the left of Figure 5 shows that organizers tend to
create more events when topic overlap is either low or high; yet they
tend to organize fewer events when topic overlap is at a moderate
level. The graph on the right side presents that the number of
RSVPs keeps increasing when the topic overlap is higher. This is a
surprising result, because the results are contradictory to previous
work on the impact of topic overlap in the online communities
context (e.g., [36]). Theoretically, the effect of niche overlap is the
opposite (showing a “bell-shape" instead of “U-shape") in predicting
activity levels. In the literature, high topic overlap is a proxy of
the intensified inter-niche competition, which usually hampers
the entrance of newcomers and lowers the probability of groups’
success. However, our findings show that (1) organizers tend to
createmore events when the topic overlap is either very high or very
low, and (2) participants tend to attend Meetup events more when
a group’s topic overlap is higher (the second graph in Figure 5).

5.2 Moderating Effects of Spatial
Autocorrelation

When it comes to geographical effects on the baseline relationship,
the results show that there is a small effect of geographical em-
beddedness of Meetup groups from an organizer perspective (i.e.,
supply side of the cultural market), as the shapes of the lines in
the left graph in Figure 5 are slightly different. This indicates that
the geographical autocorrelation of Meetup groups moderates the
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Table 1: Summary statistics of key variables.

Variables Mean SD Min Med Max
Topic overlap 19798.010 4619.280 -2247.909 20371.024 31397.596

Monthly total # of events 1.825 3.545 0.000 1.000 73.000
Monthly avg. # of rsvps per event 11.014 18.960 2.000 12.000 870.000

Local Moran’s I 0.021 0.451 -4.701 0.001 34.940

Table 2: Correlation matrix of fixed effects.

𝑂𝑣𝑒𝑟𝑙𝑎𝑝 𝑂𝑣𝑒𝑟𝑙𝑎𝑝2
Group size

(log) Group age Population
(log)

Gini-
Simpson

index

% of
Internet
Access

𝑂𝑣𝑒𝑟𝑙𝑎𝑝2 0.047
Group size (logged) -0.258 -0.055
Group age 0.049 -0.010 -0.538
Population (logged) -0.002 -0.002 -0.032 0.011
Gini-Simpson index 0.009 0.002 -0.029 0.002 -0.552
% of Internet Access -0.005 -0.004 0.012 -0.014 -0.172 0.170
Local Moran’s I 0.025 -0.001 -0.012 -0.001 -0.002 0.002 0.000

Table 3: Results of regression analyses.

Baseline models Models w/ interactions
DV: Avg. # of events Est. p Est. p
IVs:
Intercept -1.62 0.000 ∗∗∗ -1.62 0.000 ∗∗∗

𝑂𝑣𝑒𝑟𝑙𝑎𝑝2 28.22 0.000 ∗∗∗ 27.35 0.000 ∗∗∗

𝑂𝑣𝑒𝑟𝑙𝑎𝑝1 30.75 0.000 ∗∗∗ 30.13 0.000 ∗∗∗

Local Moran’s I - - 0.22 0.000 ∗∗∗

𝑂𝑣𝑒𝑟𝑙𝑎𝑝2 × 𝐿𝑜𝑐𝑎𝑙𝑀𝑜𝑟𝑎𝑛′𝑠 𝐼 - - 23.19 0.000 ∗∗∗

𝑂𝑣𝑒𝑟𝑙𝑎𝑝1 × 𝐿𝑜𝑐𝑎𝑙𝑀𝑜𝑟𝑎𝑛′𝑠 𝐼 - - -24.20 0.004 ∗∗

CVs:
Group size (logged) 0.18 0.000 ∗∗∗ 0.18 0.000 ∗∗∗

Group age 0.00 0.004 ∗∗ 0.0003 0.007 ∗∗

Population (logged) 0.02 0.037 ∗ 0.02 0.034 ∗

Gini-Simpson index -0.20 0.005 ∗∗ -0.20 0.004 ∗∗

% of Internet Access 0.60 0.001 ∗∗∗ 0.60 0.001 ∗∗∗

DV: Avg. # of RSVP Est. p Est. p
IVs:
Intercept -0.10 0.414 -0.10 0.415
𝑂𝑣𝑒𝑟𝑙𝑎𝑝2 3.47 0.000 ∗∗∗ 3.32 0.000 ∗∗∗

𝑂𝑣𝑒𝑟𝑙𝑎𝑝1 18.90 0.000 ∗∗∗ 18.81 0.000 ∗∗∗

Local Moran’s I - - -0.01 0.510
𝑂𝑣𝑒𝑟𝑙𝑎𝑝2 × 𝐿𝑜𝑐𝑎𝑙𝑀𝑜𝑟𝑎𝑛′𝑠 𝐼 - - 3.78 0.291
𝑂𝑣𝑒𝑟𝑙𝑎𝑝1 × 𝐿𝑜𝑐𝑎𝑙𝑀𝑜𝑟𝑎𝑛′𝑠 𝐼 - - 1.52 0.791

CVs:
Group size (logged) 0.26 0.000 ∗∗∗ 0.26 0.000 ∗∗∗

Group age -0.00 0.000 ∗∗∗ -0.00 0.000 ∗∗∗

Population (logged) 0.00 0.626 0.00 0.631
Gini-Simpson index 0.16 0.000 ∗∗∗ 0.16 0.000 ∗∗∗

% of Internet Access 0.42 0.000 ∗∗∗ 0.42 0.000 ∗∗∗

***𝑝 < 0.001 **𝑝 < 0.01 *𝑝 < 0.05
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Figure 5: Relationship between topic overlap and groups’ organizer-side activity level (left) and participant-side activity level
(right).

effect of topic overlap positively (𝛽=23.19, 𝑝<0.001), as presented in
Table 3. According to Figure 5, the U-shape is narrower when spa-
tial autocorrelation is high (see the red, solid line in the left graph
of the figure). In other words, the geographical autocorrelation may
intensify the effects of topic overlap on organizers’ activities to
organize events.

Specifically, while geospatial effects make minimal differences
in organizers’ activity levels when topic overlap is low or moderate,
there is a meaningful difference when a group’s topic overlap is
high. Among the groups with highest topic overlaps, a focal group’s
degree of similarity with groups in the adjacent geographical area
leads to an increase in the logarithm of the average number of
events by 0.3. This corresponds to an average increment of 1.35
events per month for each group involved. While it may seem
like a small difference, the impact of geospatial autocorrelation on
this difference is substantial. Considering that the median average
number of events permonth for all Meetup groups is only 1 (Table 1),
the increase in events due to geospatial influence is quite significant.

Unlike organizers whose activities may be affected by the geo-
graphical embeddedness of Meetup groups, participants’ activity
level are not affected by it, as the interaction term shows non-
significant relationships in Table 3. The graph in the right side of
Figure 5 confirms that there are not meaningful differences between
participants’ RSVPs between the groups with high and lowMoran’s
I. In other words, participants’ activities (i.e., RSVPing) are less af-
fected by whether their groups of interest are clustered towards a
certain geographical area or not.

6 DISCUSSION
Our findings provide implications for (1) organizational ecology
researchers, (2) online community researchers, and (3) EBSN de-
signers, because there are different ecological dynamics on EBSN
platforms than online-only communities and formal organizations.
Particularly, our discussion revolves around ecological forces of

local Meetup groups, the effects of geospatial autocorrelation, and
potential platform-specific dynamics.

6.1 Searchability over Competition?
Similar to the ecological studies reviewed in the Related Work
section, it was expected that group organizers on EBSNs might have
to balance the tension between competition and complementarity to
succeed in the cultural niches of local groups. However, our findings
on the opposite directions of the regression coefficients compared
to prior studies (e.g., [36]) suggest that Meetup organizers’ tension
management strategiesmay have to differ from those of other online
communities, because there might be hidden factors or unknown
platform dynamics shaping the impact of topic overlap on users’
activity levels on EBSNs.

There can be different interpretations for the opposite directions
of the regression results compared to that of the literature (Fig-
ure 5). Organizers might be affected by the perceived competition
in the label space of Meetup, but in a different way than in other
ecological contexts. One possible interpretation is that a Meetup
group’s topic overlap with other groups could operationalize visi-
bility and searchability (i.e., the probability of being listed in top
rankings from search queries) rather than niche overlap in the label
space of the cultural market. It is possible that event descriptions
are heavily utilized in the mechanism of recommender systems
embedded in the EBSN platform. In that case, overlapping with
many other groups in the label space may increase the probability
of being exposed to potential participants rather than being unique
in the cultural market. Because the algorithms of the Meetup recom-
mender systems are unknown, future studies may have to examine
the relationship between topic overlap and searchability to confirm
the meaning of topic overlap on EBSN platforms.

This hypothesis regarding the reflection of searchability on topic
overlap could be related to the participant-side findings. Partici-
pants might be less affected by the competition structure of the
cultural niches; instead, their participation may benefit from the
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increased visibility based on groups’ diversification strategies of
event descriptions. In other words, participants may join groups
based on the increased searchability of the groups driven by the
richness of event descriptions.

6.2 Market Saturation and Potentially Hidden
Moderators

It is also possible that topic overlap has not been saturated in the
cultural market of Meetup.com. In theory, activity levels increase
when topic overlap increases to some degree, and then start decreas-
ing as topic overlap further intensifies, presenting a bell-shaped
curve in the graph. In the context of Meetup.com, it is possible that
the patterns observed among the "high topic overlap" groups are
actually those that are observed before the topic overlap reaches
its peak. In other words, inter-niche competition might be weak
on EBSN platforms, compared to other contexts such as formal
organizations and online-only communities, which present only
part of the ecological relationship. This might be the case for both
organizers and participants, as both of the graphs show either oppo-
site or linear shapes that are usually observed in low topic overlap
scenarios in other contexts. Again, to confirm this interpretation,
further studies are needed to measure the inter-niche competition
on EBSNs.

Another possibility is that there are important moderators not
included in the regression model. While we ensured that key vari-
ables identified in prior studies were included in the regression
models, it is possible that there are unique moderators that are spe-
cific to EBSN platforms. For example, category-wide and city-wide
factors such as the mobility of the groups, availability of public
transportation, or the volume of events per category might have
affected the directions of the relationships. While these possibili-
ties are treated as random-effect variables in the regression model,
the possibility of new moderating factors needs to be examined
directly as fixed-effect variables. This opens up new opportunities
for organizational ecology researchers to further explore hidden
moderators in shaping EBSN dynamics.

6.3 Differential Geographical Impacts
Although topic overlap indicates idiosyncratic patterns in the eco-
logical dynamics of EBSNs, it is clear that our analysis sheds light
on the role of geographical embeddedness of EBSN-based groups
in understanding their inter-community competition and activity
levels. The difference in the effect size of topic overlap in predicting
the average number of events indicates that organizers are not only
aware of similar groups on the EBSN platform but also sensitive
to those in their neighborhoods. This implies that, even in the con-
text of informal or semi-formal local groups, competition among
group organizers exists and tends to be geographically bounded.
This finding provides important implications for EBSN designers,
as they can implement protocols or strategies to encourage event
organizers to enrich their descriptions to attract more participants.

Meanwhile, the findings that there are minimal differences in
participants’ activity levels depending on spatial autocorrelation
indicate that the geographical concentration of similar groups is
not salient to or perceived by Meetup participants, hardly creating
a sense of geographically-embedded market. In other words, it

might be the case that, for participants, a sense of cultural niches
might come from only the online space on Meetup.com, but not
from local groups’ locations. Similar to the organizer perspective,
however, participants’ perception of cultural niches could benefit
further from category-specific analysis, because their perception of
cultural niches might vary depending on the topic of local events
(e.g., travel groups vs. social gatherings).

Both organizational ecology and online community researchers
can be informed by this result by taking geographically-associated
factors into account when understanding online dynamics. Ad-
ditionally, AI and recommender systems researchers can benefit
from this study by understanding the roles of ecological factors
in group success, considering them in a geographical manner as
well. Practically, ecological features such as topic overlap and the
derived competition-related features can be used for further engi-
neering machine learning models to increase the generalizability
of prediction models moving forward.

6.4 Limitations and Future Research
Opportunities

As with other empirical studies, this study has limitations. Because
there are other label space features and word embedding models
that could be used for quantifying topic overlap, thorough sensitiv-
ity tests are necessary to ensure the proposed relationships. Also,
choosing the year of 2019 as the study period could present limita-
tions in understanding the evolving dynamics on EBSNs, because
the platform features, their users, and external factors such as the
COVID-19 pandemic keep changing people’s and organizational
behaviors. Longitudinal analysis of the reported dynamics is neces-
sary in future studies to precisely understand how external factors
such as the pandemic have affected the ecological dynamics. Finally,
the study can further benefit from causal inference methods using
longitudinal data over multiple years, as the ultimate goal of the
theoretical development will be on understanding causality rather
than correlation.

Despite the limitations, EBSN and social computing designers
can take the ecological features into account in designing the system.
Clearly, event description and their association with geographical
locations matter in both organizers’ and participants’ activities.
EBSN designers who seek to increase the number of users and
their engagement on the platform may have to consider (1) the
reappropriation of event descriptions in recommeder systems and
user interfaces for both organizers and users, (2) the presentation
methods of group identification and event description to potential
participants, and (3) their dynamic use based on geographical con-
texts. Considering these aspects will help social computing and
EBSN designers create more engaging and impactful hyperlocal
environments.
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