
Poster: Understanding Event Attendance through Analysis
of Human Crowd Behavior in Social Networks

Stavroula Karanikolaou
Department of Informatics

Athens University of
Economics and Business,

Athens, Greece
karanikolaou@aueb.gr

Ioannis Boutsis
Department of Informatics

Athens University of
Economics and Business,

Athens, Greece
mpoutsis@aueb.gr

Vana Kalogeraki
Department of Informatics

Athens University of
Economics and Business,

Athens, Greece
vana@aueb.gr

ABSTRACT
Understanding human crowd mobility has found important
applications in several commercial domains such as market-
ing, recommendation systems and resource planning. In this
paper we investigate users’ social activities and interactions
developed in “human-centered participatory sensing” groups
and perform an analysis to understand human crowd behav-
ior. We exploit two popular real and heterogeneous datasets
for our analysis: an event based social network (Meetup)
dataset and a checkin-based geosocial network (Foursquare)
dataset, to understand user attendance in social community
events and provide insights into the factors that influence
users to attend events.

Categories and Subject Descriptors
C.2.4 [Distributed Systems]

Keywords
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1. INTRODUCTION
Over the recent years, the ubiquitous sensing capabili-

ties, the prevalence of social networks and the widespread
adoption of smartphones, are driving the development and
adoption of applications and services that are changing the
way we interact with the world and each other. We now
enter an era where people actively participate in sharing
aspects of their lives online, creating virtual social commu-
nities, turning people into producers of “personal data”, in
what is termed as “human-centered” or “participatory sens-
ing” systems.
For a concrete example of this trend, consider the newly

emerged social networks such as Twitter[3], Foursquare[1],
Meetup[2], etc.; these have evolved into attractive platforms
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for exchanging ideas, initiating discussions, sharing experi-
ences, or publishing group activities, from informal gather-
ings (such as movie or sport nights) to organizing formal
activities (e.g., business meetings). They have the ability
to aggregate information, opinions and activities of diverse
groups of people at relatively low cost. For instance, there
are more than 40M users in Foursquare as of January 2014
in which users post their location at the venues they attend,
while in the Meetup event-based social network, which has
attracted over 15.86M users, users are able to publish social
group meetings (events).

One important aspect of such services is that they can
provide interesting insights into how members of the hu-
man crowd relate to each other in terms of the social events
they attend, and also for identifying the factors that influ-
ence user behavior. Such information may be useful in sev-
eral application areas, for instance, for commercial purposes
(i.e., advertising leaders of the field that attend a business
event has a higher chance of attracting a larger RSVP list at
the event), for making personalized recommendations (based
on users’ preferences for recommending similar groups and
events or for suggesting “people the user might know”, when
they attend similar events), and for achieving better resource
planning in urban environments (i.e., when scheduling mul-
tiple and potential concurrent events and facilitate early at-
tendance decisions).

At the same time, the large growth of location aware
smartphone devices with ever-growing sensing, computation
and communication capabilities, has enabled users to con-
nect to their social networks from their smartphones and
provide additional metadata to the social network posts,
such as their current location. These metadata, including
their spatiotemporal information, can be used to estimate
whether the user has attended an event even if he/she has
not responded to the group’s invitation; this is achieved
when the user shares social content with spatiotemporal in-
formation that matches with the time and place of an event
(i.e., in Foursquare, users have the ability to post their loca-
tion at venues they attend, in Twitter and Facebook social
posts can include geo-located metadata of the user’s loca-
tion).

In this paper, we study the human crowd behavior in so-
cial networks and provide insights on the factors that in-
fluence users to attend events. The questions that we aim
to answer are: (1) what does the participation of users in
a geosocial network reveal about user involvement in com-
munity events? (2) can we exploit the links between differ-



ent social networks to provide insights on the factors that
influence a user to attend an event? We exploit two het-
erogeneous datasets for our evaluation: an event based so-
cial network dataset (Meetup) and a location-based social
dataset (Foursquare) and we provide a study to understand
the form of these datasets and the behavior of the human
members in the social networks.

2. SYSTEM MODEL
We assume a social network where users can create social

events. We denote as an event e ∈ E, a pre-organized gath-
ering of people that takes place in a certain location during
a particular interval of time and the people participate in
their own way. An event can be a music festival, a lecture
at the university, a motorbike competition and so on. In our
setting each event e has the form of < ide, late, lone, timee,
dure >, where ide is the identifier for the event, late and
lone reflect the location of the event, timee represents when
the event will initiate, and dure represents the duration of
the event.
Each user n ∈ U in our system can be a member of a so-

cial network such as Foursquare, Twitter, etc. Users are able
to inform these networks about their willingness for attend-
ing a social event or that they currently participate at the
event. Whenever a user n provides feedback about attend-
ing a social event e ∈ E we represent this user attendance
with a tuple < ide, idn >, which encapsulates the user and
the event’s identifiers. The user attendance to an event can
be either formally defined, meaning that the user responds
to the event invitation and informs the respective social net-
work for his attendance at event ide, or informally defined
when the user informs a social network about his presence
on a location that coincides with the place and time of the
event (latn, lonn, timen). This information about the event
attendance is stored in user profiles. In this paper we con-
sider only informally defined attendances since determining
the user attendance from the user response is trivial.

3. REPRESENTATIVE NETWORKS
We have collected data from two popular social networks,

Meetup and Foursquare. There are several reasons for choos-
ing these datasets: First, Foursquare is one of the most
popular location-based social networking websites for mobile
devices and Meetup is one of the most popular event-based
social networks. Second, most of the information shared in
these networks is public, this allows us to crawl a large frac-
tion of the network. Additionally, both networks provide
an API to provide access to the data. In this section we
introduce these social networks and discuss the datasets we
used.

3.1 Foursquare
Foursquare is the leading location-based social networking

website for mobile devices, such as smartphones. Foursquare
allows registered users to post their location at a venue
(“check-in”) by selecting the location from a list of venues
the application locates nearby. Simultaneously, users can
also choose to post their check-ins to other social networks
such as Facebook or Twitter. Moreover, users are encoun-
tered to be very specific with their check-ins by indicating
their precise location or activity while at a venue. In this
way, Foursquare collects important information from the

user profiles and then supplies them with personalized rec-
ommendations and business deals. Every time users check
into a place, Foursquare provides awards as incentives for
checking in at locations with certain tags, for checking-in
frequently at the same venue, or for other patterns such as
the time of check-in. The users who check-in the most of-
ten to a venue become the “mayors” and users regularly vie
for “mayorships”. As of January 2014, there have been more
than 5 billion check-ins with Foursquare from over 45 million
people worldwide [1].

Foursquare API provides information for the users includ-
ing user id, firstname, lastname, friends, homecity, gender,
checkins, etc. For each checkin it provides: id, timestamp,
privacy level, user, venue, location, etc. Our dataset from
the Foursquare API contains 2073740 check-ins from 18107
users ranging from March 2010 to January 2011 [6]. For
each user it provides the location and time of his check-ins
and his friends in Foursquare.

3.2 Meetup
Meetup is the world’s largest online social network of lo-

cal groups. It facilitates group meetings in various localities
around the world. Meetup allows members to join Meetup
groups that derive from several categories such as politics,
books, careers or hobbies. As of January 2014, the com-
pany claimed to have 15.86M members in 196 countries and
141,137 meetup groups [2], although these figures may in-
clude inactive members and groups. More than 9,000 groups
get together in local communities every day. Each of these
groups are associated with: group id, category id, coun-
try, city, group urlname, latitude, longitude, organizer id,
topic. Additionally, each event contains information like
event id, description, group id, rsvp, time, venue id, lati-
tude,longitude, etc. We have crawled Meetup through its
API and we have extracted events that took place from 13
March 2010 until 31 July 2011. These data contain ap-
proximately 90K events, which have been announced from
2578 Meetup groups. Each group corresponds to a topical
category depending on the themes. There are 22 different
categories defined in the Meetup network (table 1), where
we present the amount of groups in each categories as well
as the amount of events announced from the groups that
belong to the respective category.

4. DATA LINKING
One of the many advantages of event-based social net-

works such as Meetup, is the fact that all events are available
to the general public. However, in networks like Foursquare,
the attendance is implicit, and thus, we implemented a Web-
based crawler in order to extract the user attendance from
their social posts (check-ins). Each check-in in Foursquare is
represented as: < idpn, latpn, lonpn, timepn, contentpn >,
where idpn is the unique identifier for the check-ins, latpn
and lonpn denote the geographical location where the user
resides, timepn denotes the actual time of the post and
contentpn is the content of the post, such as text or image.

We assume that a user has attended an event indicated by
Meetup, when there is a Foursquare spatiotemporally close
check-in with a specific event, since the user would be lo-
cated at the place of the event when it occurs, and thus we
represent the user attendance with a tuple < ide, idpn >.
Note, however, that an implicit response can be more accu-
rate, since it ensures that the user was at the place of the



event, while an explicit response (RSVP) does not guarantee
that the user will attend the event.
In order to define the links among events and the geo-

located posts we bound their spatial distance based on the
haversine formula and their temporal distance based on the
euclidean distance as follows:

s dist(ide, idpn) = 2 ∗R∗

arcsin(
√

x1 + cos(late) cos(latpn)x2) < B1 (1)

where: x1 = sin2(
latpn − late

2
), x2 = sin2(

lonpn − lone

2
)

t dist(ide, idpn) =

√
((timee +

dure
2

)− timepn)2 < B2

(2)

where B1 and B2 are the spatiotemporal bounds and R is
earth’s radius. Thus, if both distance constraints are fulfilled
then we assume that the user has attended the event.
The first bound B1 is more complex since nearby venues

might exist and thus we need to ensure that the user resides
at the place of the event. Thus, in order to define bound B1

we retrieve the closest venue compared to late, lone, where
the event takes place, defined as clos, excluding the venue
of the event. Then we set B1, using equation (1) as:

B1 = s dist(ide, idclos)/2 (3)

Retrieving the closest venue can be achieved by extracting
the venues that belong to that area through the Foursquare
API and performing the kNN algorithm [9]. This metric
ensures that the user will not be related with a different
venue than the venue that the event belongs to, but the user
will be linked with all the events that take place concurrently
at the same location.
The second bound B2 depicts the time interval we desire

to select to bound the event, and thus it depends on the type
of the event, since each event has a different duration. In
order to support long lasting events we use the duration of
the event dure and thus we compute the time distance of the
user’s presence to the middle time point of the event. The
dure is a configurable parameter that allows us to capture
the fact that users do not always arrive at the beginning of
the events.

5. EXPERIMENTS
In this section we provide a study on the Foursquare social

network. In figure 1 we present the frequency of the top-K
locations per user, which are linked to an event. These are
locations checked-in from Foursquare users. We only present
up to top-30 since the frequency of the following top-k lo-
cations is too small (less than 0.5%). As can be observed, a
lot of checkins for each user are associated with a few places.
For instance 28% check-ins for the Foursquare data are lo-
cated in one place, which means that users visit and check-in
at a few places frequently. Note though, that check-ins are
mostly public places since users do not typically announce
their location when they are at home or work.
Figure 2 presents the Cumulative Distribution Function

(CDF) of the distance among the “neighborhood area of the
users” and the locations they check-in. In order to extract
the neighborhood area of each individual user we extract the
centroid of the locations that the user has checked-in. As can
be seen users typically visit events close by, since 42% of the

Id Cat. Description Groups Events
1 Arts & Culture 134 4317
2 Career & Business 139 3068
3 Cars & Motorcycle 113 5746
4 Community & Environment 142 4636
5 Dancing 135 5316
6 Education & Learning 117 1931
8 Fashion & Beauty 59 574
9 Fitness 131 6366
10 Food & Drink 161 6487
11 Games 132 3887
12 LGBT 43 1215
13 Movements & Politics 147 7378
14 Health & Wellbeing 138 4033
15 Hobbies & Crafts 110 2120
16 Language & Ethnic Identity 138 4749
17 Lifestyle 37 493
18 Literature & Writing 140 3407
20 Movies & Film 143 5512
21 Music 144 4925
22 New & Age & Spirituality 161 5486

Table 1: Event Categories

users visit events within 100km and 82% of the users visit
events within 500km, but only 10% of the users announce
their visits to places within 10km. This is because users
want to share their location with their social environment
when they are further away from their home (e.g., for a trip
abroad). Also, we note that such distant check-ins distort
the “neighborhood area of the user”, especially when users
only check-in to distant places.

In figure 3 we present the amount of attendances for the
events. The events were extracted from the Meetup social
network (table 1) that shows the respective amount of events
per category, the amount of events does not always reflect
the size of the attendance. For instance, although category
2 (Career and Business) has only a few events (3068), it has
a higher attendance compared to other groups with more
events such as Arts & Culture (4317). Figure 4 shows the
amount of events per user. As the figure shows users do not
follow too many events, with the highest attendance from a
user being 24 events. This is due to the amount of check-ins
that could be linked with events.

6. RELATED WORK
Social networks have attracted a lot of attention in the lit-

erature recently. Authors in [8] use Meetup to define event-
based social networks (EBSN) and study their unique fea-
tures. of such networks including network properties, com-
munity structures and information flow and show how EB-
SNs differ from conventional social networks without con-
sidering their links with other networks. Noulas et al in [10]
exploit the Foursquare and Cellular data to predict the user
activities that take place in a specific area and the most
common activity in the area, but they do not investigate
the user attendance to the activities beforehand. Wakamiya
et al.[11] and Fujisaka et al.[5] have used Twitter geo-tagged
data and their content to study crowd mobility. However,
they do not exploit the links among different social datasets.

Several event detection techniques [7] also exist in the lit-
erature, including our own work in [4] where we exploited
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Figure 1: Frequency of Top-K locations
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Figure 2: CDF of the Distance among Users
and Check-ins
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Figure 3: Amount of Users that attended
events for each Category
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Figure 4: Amount of Events that each user has
attended

GPS traces in order to identify real-world events efficiently
using dynamic clustering and sampling techniques. These
techniques can be used complementary to our proposed ap-
proach to link the events generated by these techniques to
geo-located social data.

7. CONCLUSIONS
In this paper we perform a detailed analysis to understand

human crowd behavior developed in “human-centered par-
ticipatory sensing”. We have observed that links among dif-
ferent social networks can be exploited to provide important
insights for the individual user behavior. Our analysis show
that (1) users typically visit frequently only a few places, (2)
they announce their participation to events within 10-500km
and (3) that the type of events plays an important role to
the success of the event, in terms of participation. Finally
we have shown that although users check-in frequently the
amount of checkins that can be correlated with social events
is small for each individual user.
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