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a b s t r a c t
The increased popularity of event-based social networks (EBSNs) connects online social communities with
oﬄine event activities, and makes it interesting and necessary to understand users’ event participation
behaviors on this new type of online social platform, especially when groups are explicitly deﬁned as
event organizers and have declared memberships from individual users. Accurate event participation prediction can help guide more effective event participation, event organization, and community development. In this work, using data collected from the popular Meetup.com EBSN spanning three major cities
with diverse cultures, we ﬁrst conduct detailed analysis on group- and user-speciﬁed event behaviors.
Based on this analysis, we propose a group-based event participation prediction framework that uses
personalized random walk with restart on a hybrid EGU (event-group category-user) network to capture
intrinsic social relationships, and fuses that with newly designed content and contextual features to predict event participation by group members. Detailed evaluations using the Meetup datasets demonstrate
that our prediction frameworks achieves high prediction performance with the proposed features.
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
Event participation is collaborative work in nature, and understanding people’s event participation behaviors can offer valuable new insights for effective event participation, event organization, and community development. The recent years have seen
increased popularity of event-based social networks (EBSNs), such
as Meetup [1], Facebook Events [2], and Douban Events [3]. These
social websites allow individuals or groups to easily create, manage, or participate in diverse types of events. As such, a rich set
of event-related information becomes available, connecting people’s online and oﬄine activities. For instance, Meetup has over
440,0 0 0 monthly meetups (events) and almost 3 million monthly
RSVPs [1]. Fig. 1 illustrates the key elements in Meetup: users,
meetup groups, and events (meetups), as well as the types of information associated with these elements. Users can become members of different groups and RSVP for events hosted by different
groups. New event activities of a group will be pushed to the group
members’ main pages; and group members can invite any registered user to attend the event.1 The burst of social event media
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enriches user experience and people’s awareness when interacting
with the event [4]. Effective event participation not only enriches
users’ experience, productivity, and quality of life, but also allows
event organizers to attract more people and increase the impact of
their events. Accurate prediction of user’s event participation can
be beneﬁcial in terms of planning, advertising and crowd management, and for individual users in terms of recommendation and
coordination among different groups of users and events. The challenge lies in the fact that a large number of diverse events occur
at different locations and time, while users with diverse interests
and location/time constraints or preferences cannot easily identify
the right set of events to attend. To support effective event search,
recommendation, and organization, it is fundamentally important
to understand and predict users’ event participation based on the
most inﬂuential factors.
While there has been a lot of research on location based social networks (LBSNs) [5–7], only a few studies exist for EBSNs on
event participation prediction and event recommendation [8–11].
Different methods have been proposed in terms of content, contextual, and social feature extraction and multi-feature fusion. Most
of these works focus on the interactions between individual users
and events. The notions of group and group membership are either
non-existent or directly embedded in the user-event modeling process without an explicit group-based analysis or design.
In this paper, to study group- and user-speciﬁc event behaviors, we have collected 12-month Meetup data in three major cities
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Fig. 1. An illustration of the key elements in Meetup.com.

across three continents: New York, London, and Sydney. Using
these datasets, we analyze and validate that (a) groups have focused themes, (b) users have diverse interests, and (c) social factors play an important role in oﬄine events attendance. Based
on this analysis, we construct a hybrid network connecting users,
group categories, and oﬄine events, and utilize a personalized random walk with restart method to model group-based social relationship between oﬄine events and users. This social feature is further integrated with our newly-designed content, spatial, and temporal features, resulting in a uniﬁed framework for group-based
event participation prediction in EBSNs.
Our paper makes the following contributions:
(1) We have conducted detailed analysis using Meetup EBSN
data covering three diverse cities to identify the key group- and
user-speciﬁc features for event participation. Our detailed observations and analysis help us to discover patterns that play important
roles in user’s event attendance decision making and can facilitate
further studies on event-based user and group behaviors, community development, etc.
(2) We have designed a hybrid EGU (event–group category–
user) network and proposed the use of personalized random walk
with restart [12], an extension of the popular link prediction algorithm RWR, to model the group-based social closeness between
oﬄine events and users.
(3) We have proposed a group-based event participation prediction framework. The framework effectively embeds and connects
group context features and social related features that we discovered with historical event attendance logs.
(4) We have implemented state-of-the-art context-aware recommendation systems to evaluate the proposed prediction framework using real-world Meetup data spanning three major cities.
The results show our hybrid prediction framework provides highquality predictions for all three cities, and for users/groups with
different active levels.
The rest of this paper is organized as follows. First we discuss related work. Then we present the problem formulation, the
datasets we collected, and detailed data analysis to capture latent
factors in people’s event participation behaviors. Next we present

the design of the EGU-based social graph to capture latent social
features. Detailed evaluation results demonstrate high prediction
performance of our method and contributions of the features we
propose. Finally, we conclude this paper with discussion of some
future work.
2. Related work
Location-based social networks (LBSNs) have been a topic of
popular research in recent years, focusing mainly on activity recognition and prediction, as well as point-of-interest detection and
recommendation [5–7,13,14]. Please see [15] for a survey on recommendations in LBSNs. Although related to EBSNs, LBSNs usually focus on static venues that do not change, while the cold-start
problem is much more severe for EBSNs due to the highly dynamic
nature of events. The work by Georgiev et al. aimed to recommend
large events based on Foursquare check-ins and Twitter following/follower graph [13]. Recent work by Guha et al. concentrated
on location surveillance concerns with check-in type location sharing features [5]. This represents some early work in LBSNs to study
events, but the settings generally differ from that of EBSNs due to
the lack of explicit notions of groups, events, and user RSVPs.
Compared with the extensive research on LBSNs, there is limited research on EBSNs. The works by Du et al. and Yu et al.
proposed solutions for predicting event participation and inviting more inﬂuential followers [8,11]. Their works were based on
the Douban Events network, which offers good content, contextual, and host-participant social features, but there is no explicit
notion of group or group membership. Macedo et al. proposed a
context-aware solution for event recommendation in EBSNs [10].
They used the Meetup network and modeled the social factor by
the frequency of users attended events held by a speciﬁc group
and user group preferences. Compared with previous works on EBSNs, we analyze group-speciﬁc event behaviors, propose the construction of a hybrid EGU network and use personalized RWR to
effectively capture the social relation, and fuse the social feature
with newly-designed content and contextual features for accurate
event participation prediction.
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Table 1
Notations for the Meetup data in a given city.
Symbol

Meaning

U
G
E
C
C(g)
E(u)
UG(e)
Nuc

the set of users
the set of Meetup groups
the set of oﬄine events
the set of group categories
the category of group g ∈ G
the set of events attended by user u
the set of users who are members of the group hosting event e
number of events attended by user u that are hosted by groups in category c ∈ C

Our work is also generally related to group behavior analysis. For example, Massimi et al. studied online health and support groups to understand the basis implications when designing
technologies to support people who need physical or mental help
[16,17]. Hsieh et al. explored a series of predictors of volunteer socializers in Reddit, an online social news-sharing community [18].
Zou et al. analyzed the difference of community voting behaviors
in Doodle polls [19]. Zhang et al. studied group event scheduling
via a newly designed OutWithFriendz mobile application [20]. This
line of research is orthogonal to our work of event participation
predication, and insights gained from event-based group behaviors
could be leveraged by our framework for further improvement.
Context information such as social trust, location, and time has
been studied frequently in recent years for improving the performance of recommender systems. For example, SoRec [21] and
SocialMF [22] built a social relation graph to model social trust,
which has been shown to further improve the performance of traditional collaborative ﬁltering methods. Liu et al. used random decision trees to subgroup user-item with all kinds of context features [23]. To evaluate the performance of our latent factors, we
implemented several of those methods, which will be discussed in
the Evaluations section.
3. Meetup EBSN data analysis
In this section, we ﬁrst present the problem formulation and
introduce the datasets we have collected from Meetup. We then
present a detailed analysis of group- and user-speciﬁc behaviors in
event participation. The insights we gain in this analysis are used
to guide the design of our event participation prediction framework.
3.1. Problem formulation
As illustrated in Fig. 1, we consider three types of ﬁrst-class
elements in the Meetup EBSN: users, online groups, and oﬄine
events. Each group is associated with a single group category and
multiple tags. Each event is hosted by a speciﬁc group and described by its time, location, and text description. Each user has
a home location and a set of tags. Each user can be members of
multiple groups and RSVP for different events. Table 1 summarizes
the key notations we use to represent the Meetup data for each
given city. Given an event e ∈ E, for each user u ∈ UG(e) (i.e., u is a
member of the group hosting e), our goal is to predict if user u
would attend event e or not. Please note that we focus on making
predictions for group members instead of randomly-selected users
since events are rarely attended by non-group members.
3.2. Data collection
Established in 2002, Meetup.com has grown to be a very popular EBSN with active users and meetup events across many countries [1]. It aims to revitalize local communities and help people
around the world to self-organize via Meetup groups and events.

Table 2
Dataset statistics.
City

#groups

#users

#events

#rsvps

New York
London
Sydney

3478
2109
705

180,941
126,476
55,767

101,653
81,640
50,294

894,353
638,317
353,148

Table 3
Meetup group categories.
Alternative lifestyle

Health/Wellbeing

Parents/Family

Career/Business
Cars/Motorcycles
Environment
Dancing
Education/Learning
Fashion/Beauty
Fine arts/Culture
Fitness
Food/Drink
Games

Hobbies/Crafts
Language/Ethnic identity
LGBT
Literature/Writing
Movements/Politics
Movies/Film
Music
New age/Spirituality
Outdoors/Adventure
Paranormal

Pets/Animals
Photography
Religion/Beliefs
Sci-ﬁ/Fantasy
Singles
Socializing
Sports/Recreation
Support
Tech
Women

Using the Meetup REST API,2 we have collected year-long (from
July 2014 to June 2015) datasets covering groups, users, and events
in three major cities: New York, London, and Sydney. These cities
are located in three different countries with three different continents with various geographical and cultural differences. To ensure
suﬃcient data coverage, we only consider groups that have organized at least seven events and events that had at least three participants. Table 2 summarizes the data statistics of the three cities.
3.3. Group behavior patterns
To discover the underlying forces that attract users to speciﬁc
groups and the events they organize, we ﬁrst focus our analysis on
group behavior patterns and make three key observations with the
Meetup datasets we have collected.
Observation 1. Most groups focus on a single, speciﬁc theme.
Each Meetup group belongs to a speciﬁc group category (see
list of group categories in Table 3. The group categories are predeﬁned by Meetup and they are exhaustive (33 total). Each group
can be associated with multiple descriptive tags. To understand
the focuses of different groups, we construct a tag-to-tag graph
where each node is a tag and there is a link between two tags if
they are shared by the same group. We then apply the Newman–
Girvan algorithm [24] on the graph to cluster the group tags. The
Newman–Girvan algorithm is a global measure for community detection. Given a random network, some nodes can form a cluster
if the number of edges between them is larger than expected. The
2
The Meetup API provides both RESTful HTTP and streaming interfaces which
returns nearly all the data in JSON format from Meetup.com after necessary privacy
processing.
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Sailing Instruction
Table
Tennis
Ping
Pong Party
Ping-pong and LOVE

Catamaran Sailing

breast cancer awareness

Boats

Hardware
Electronics

Breast Cancer Education

Breast Cancer Walkers

Bowling for Fun
Outdoor Rock Climbing
Middle Age
Rock Climbing

Digital & Social Media

CrossFit

Over 50's

Digital Media

Mind and Body Transformation

New Technology

New In Town

Social Media

Sports and Recreation

Yin Yang
Feng Shui

Wellness

labyrinth walk and meditation
Vinyasa Yoga

Wine

Indian Music
Cult Movies
Anime

Devotional Singing

Spiritual Awakening

Video Games
Expat Indian

History
Indiegogo
Poetry

Stress Relief

Chanting

Magicians
Becoming a Magician
Enlightenment

Social Networking
The Art of Conversation
FUN Networking Activities
Asian Men
Foreign Films
Black Women
Movie Nights
mixed race

Korean Drama
Entrepreneurship
Russian Culture Asian Movies
Russian Language
Japanese Language

Buddhist Meditation

Babies
Women's Networking

Prenatal
Prenatal Yoga
Tai Chi

New Moms Support

Men's Social
Being a Man

Taoist Healing Arts

New to Town and Pregnant

Fig. 2. Tag-to-tag network for New York (Left) and London (Right).

Table 4
Tag-to-Tag network modularity.

Table 5
Group co-membership network modularity.

City

New York

London

Sydney

City

New York

London

Sydney

Modularity

0.63

0.71

0.55

Modularity

0.13

0.13

0.08

algorithm works iteratively by computing the betweenness scores
for the remaining network and removing the edge with the highest
betweenness score. Based on the communities detected, Newman
and Girvan also proposed an effective quality function for computing network modularity [25], which can be used to measure the
strength of network division. The modularity can be computed as
follows:

Q (C ) =


i, j∈N

[Pi, j −

Mi, j
]δ ( ci , c j )
2m

(1)

where N is the set of nodes, m is the sum of the weight matrix
M, Pi, j = kout
kin
/m2 denotes the expected number of connections
i
j
between nodes i and j, and kout
and kin
are the out degree of
i
j
node i and in degree of node j, respectively. Function δ (ci , c j ) = 1
if node i and node j are in the same community, and 0 otherwise.
Fig. 2 shows the communities detected by the Newman–Girvan
algorithm, where tags with the same color belong to the same
community. Due to space limit, the ﬁgure only shows the results
for New York and London, while the Sydney dataset shows similar characteristics. As can be seen in the ﬁgure, the group tags
form several large connected components (clusters) that are distinct from each other. This is also evident given the high modularity values shown in Table 4. For instance, for the New York network shown in Fig. 2, in the upper area, the “Breast Cancer” cluster is only connected to more general concepts such as “Wellness”.
This may be explained by the fact that groups which care about
breast cancer would also be interested in healthy lifestyle. Similarly, in the bottom area, the cluster “Magicians” only connects to
more general concepts like “Spirituality”. Based on these results,
we can conclude that most groups in Meetup focus on a single,
speciﬁc theme.
Observation 2. Users’ interests are motivated by a complex set of
factors.
Each Meetup user can join multiple groups. We can then construct the group co-membership network, where nodes represent
groups and two groups are connected if they have at least 15
members in common. The reason to pick 15 as a threshold is that

we experimented with different threshold values: 10, 15, 20, 25.
Using 10 and 15 results in similar group networks while increasing the threshold from 15 to 20 had a signiﬁcant reduction of
group-to-group edges (from 159,911 to 88,802) and thus limited
group network information. Therefore we choose 15 as the threshold. Similarly to the tag-to-tag network, we apply the Newman–
Girvan algorithm to color the group nodes with different clusters
and compute the corresponding modularity. The results are shown
in Fig. 3 and Table 5. Compared with the tag-to-tag networks in
Fig. 2, although we still see large connected components representing different clusters, the clusters are much more spread out and
entangled with each other. And the modularity values low for the
group co-membership networks, indicating that people’s interests
cannot be captured by a single topic. Instead, users’ personal interests are motivated by a much more complex set of factors. For
instance, for a business woman, her career related to business does
not deﬁne her. She may also be interested in breast cancer prevention and detection, and parenting.
Observation 3. Social factors play an important role in users’ participation of oﬄine events.
Given the speciﬁc focus of each group (Observation 1) and diverse interest of each user (Observation 2), we consider representing users’ interests by the combined group categories of each user’s
groups. Furthermore, groups are online, but the events they organize are oﬄine. By participating in those oﬄine events, users can
have many face-to-face interactions, either seeing friends they already know in the group, or meeting new friends with similar interests. According to a previous study [26], users at Meetup tend
to focus on three main topics: making new friends, ﬁnding people with similar hobbies, and networking. Therefore, even though
no explicit relationships are declared among Meetup users, the
co-existence of group memberships and co-attendance of group
events are good indicators of the social ties among users. We employ the χ 2 test [27], which is a statistical test widely used to evaluate the likelihood that any observed difference between sets is
happend by chance, to measure the signiﬁcance of social relation
in event attendance.
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Fig. 3. Group co-membership network for New York (Left) and London (Right).

Table 6
χ 2 test for social relation (Signiﬁcance Value = 0.05).
City

New York

London

Sydney

Signiﬁcance Rate

0.70

0.72

0.72

According to [28], users with more common relations have
stronger homophily between them. We can then infer that two
users are more likely to be friends or share similar interests if:
(1) they joined more online Meetup groups in common and/or (2)
they attended more oﬄine events in common.

Score(u, v ) = α

|G ( u ) ∩ G ( v )|
|E ( u ) ∩ E ( v )|
+ (1 − α )
|E ( v )|
|G ( v )|

(2)

Eq. (2) deﬁnes the closeness between two users u and v, where
E(u) and E(v) denote the set of past events that users u and v have
attended, G(u) and G(v) denote the set of groups that users u and
v have joined, and α is the parameter to balance the weights between common events and common groups. If the normed closeness is high (larger than 0.1), which means that the two users coattended many events and groups, they would have a higher probability of knowing each other. Then for each user and the events
he/she attended in the test set,3 we compare the attendance rate
between his/her friends and non-friends using χ 2 test. The results
are shown in Table 6. We can see that for all three cities, social relation is signiﬁcant for more than 70% of the users. This motivates
our design of the hybrid EGU network and the use of personalized
random work with restart to model the social inﬂuence of event
participation, which will be described in the graph design section.
3.4. Spatial factors
Many real-world networks are known to exhibit some heavytail properties. Previous studies have shown that users in LBSNs
are more likely to have check-ins near their homes and the checkin distance probability follows the power-law distribution [13,29].
Using the Meetup datasets we have collected, we analyze the distance between event locations and attendees’ home locations,4 and
3
Details of splitting the training and test sets will be explained in the Evaluations
section.
4
The user home location obtained through the Meetup API is the (estimated)
latitude and longitude when a user registers at Meetup. As such, the home location
may not be the true home location and the estimation can be coarse. More precise
home location information can be helpful but is beyond the scope of this paper.

Fig. 4. Distribution of home-event distance vs. probability of event participation.

discover that the probability of users’ event participation given
speciﬁc home-event distance also follows the power-law distribution. As shown in Fig. 4, for home-event distances that are within
30 miles, which cover more than 85% of the events in all three
cities, there is a clear linear relationship in the log-log scale plot
between home-event distance and probability of event participation. Based on this analysis, we propose the following model to
capture the spatial factors for event participation:

p = k × db

(3)

where d is the distance, p is the probability of a user attending an
event given the user-event distance, k and b are unknown parameters. When considered in the log scale, Eq. (3) can be transformed
to Eq. (4), which follows the linear relationship:

log p = w0 + w1 log d

(4)

where w0 = log k and w1 = b . Let p = log p and d = log d, then

p = w0 + w1 × d

(5)

The coeﬃcients of the model can be learned via linear regression. Then for a user u ∈ U and an event e ∈ E, we can deﬁne the
spatial score as follows:

Sl (u, e ) = k × d (u, e )b

(6)

where d(u, e) is the distance between u’s home and e’s location.
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Table 7
User–Category Score: an example.
Meetup user: Marc
Food/drink
Tech
Literature/writing
Career/business

0.357
0.283
0.236
0.123

the user tags and the user’s groups’ tags. Using Latent Dirichlet Allocation (LDA) [30], each event and each user are then represented
as a topic distribution vector that represents the corresponding semantic information. The content score between a candidate event
e ∈ E and target user u ∈ U can be measured by the cosine similarity
of their vectors:

 , e )
Sc (u, e ) = Cosine(u
Fig. 5. Distribution of time duration between two consecutive events participated
by the same user.

3.5. Temporal factors
Event time also plays an important role in users’ decisions to
participate in an event or not. Earlier work has discovered that on
weekdays, most Meetup events are held in the evening, around 8
pm, and on weekends, the events are distributed more evenly during the day [9]. Besides conﬁrming this in our Meetup datasets,
we further analyze the time duration between each user’s consecutive event participation. The results are shown in Fig. 5. We can
see that there is a peak every 7 days, indicating that users tend to
participate in events with a regular weekly pattern such as every
week, every other week, every month, etc.
Based on the analysis above, we represent each event time as
a 24 × 7 dimensional vector et . For instance, if an event starts at
19:00 on Monday, then in its event time vector, the 24 + 19 = 43
th element would be 1 (we assume Sunday is the ﬁrst day of the
week), and all other elements would be 0.
Then the temporal preference of each user u can be represented
by the average of his/her past events attendance with the time decay:

ut =



1

e∈Eu

( 1 + β )θ ( e )

et

(7)

where β is the time decay factor and θ (e) denotes the number of
days past. Integrating time decay here is meaningful because users’
temporal preferences may change over time and more recent information can better reﬂect users’ preferences. Then the temporal
score for user u and event e can be computed by cosine similarity:

St (u, e ) = Cosine(ut , et )

(8)

The main idea is based on: If event e starting time matches user u’s
temporal preferences, the corresponding St (u, e) would be higher
and vice versa. This is similar to the method used in [10].
3.6. Content factors
As we have mentioned earlier, each Meetup group and each
user are associated with a set of tags, and each event has a text description. Instead of measuring the content similarity between two
events (e.g., a new event and a previous event attended by a user),
we propose to measure the content similarity between users and
events, which better captures the latent semantic relationship between events and user interests. Speciﬁcally, each event document
consists of the event description, and each user document consists

(9)

4. Design of hybrid EGU graph and social score
In this section, we present the detailed design of our hybrid
EGU social graph for event participation prediction which effectively fuses together group-based social factors.
Our analysis has demonstrated that group categories and
group/event-enabled user friendships play major roles in oﬄine
event attendance. Inspired by this analysis, we aim to quantify the
level of attractiveness of events for users by measuring the closeness between them. This is accomplished by constructing a hybrid
EGU network consisting of users, group categories, and events, and
running personalized random walk with restart in the network to
compute the event-speciﬁc attraction scores for different users.
Note that we also considered using groups or group tags instead
of group categories in the network. The issue is that there exist
thousands of Meetup groups and over 18,0 0 0 tags, which can be
very speciﬁc. Using groups or group tags directly would result in
much larger graphs and may generate over-ﬁtted prediction models. Furthermore, such highly-speciﬁc and highly-sparse graphs add
little cross referencing information beyond the standard user-event
participation information. In contrast, group categories (33 total)
are globally deﬁned at Meetup.com and when used in our social
graph model strikes a good balance between social speciﬁcity (e.g.,
groups as communities) and interest commonality (e.g., shared interest within or across group categories).
Next, we explain in detail the proposed scoring functions for
four different types of relationships in the hybrid EGU network, the
network structure, and the actual random work process.
4.1. User–Category Score
This score captures a user’s preference for different group categories, and higher values indicate that the user is more interested in a group category and this user interest is signiﬁcant for
that group category. In other words, a user’s interest in a not-sopopular group category carries more weight than his/her interest
in a highly popular group category. This notion is similar to TFIDF. If we treat users as documents and group categories as words,
then the importance of a category c for user u can be deﬁned as:

Scorecu =

max{

Nuc
× ln
: c ∈ C }


Nuc

|U |
|{v ∈ U : Nvc > 0}|

(10)

where Nuc denotes the number of past events attended by user u
that belong to group category c. A user’s interests can then be
modeled by his/her personalized scores for different group categories. One example is shown in Table 7. The Meetup user Marc
marked himself with the following tags: “Craft Beer”, “JavaScript”,
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Table 9
Statistics of the constructed hybrid networks.

Table 8
Event-category score: an example.
Meetup event: Tibetan singing bowl meditation

City

#Nodes

#Edges

#Sparsity

Health/wellbeing
Community/environment
Outdoors/adventure
New age/spiturality
Food/drink
Singles
Education/learning
Career/business

New York
London
Sydney

282,430
205,558
108,245

1,340,945
1,078,389
675,962

99.94%
99.84%
99.46%

0.424
0.215
0.183
0.082
0.033
0.022
0.021
0.018

“Data Visualization”, “Classic Poems”, and “Technology Startups”,
which are adequately captured by his user-category scores for
“food/drink”, “tech”, “literature/writing”, and “career/business”.
4.2. Event–Category Score
This score captures the importance of a group category for a
given event. For a given event e, let UG(e) be the set of users who
are members of the group that hosts event e (i.e., event e’s group
members). If category c is considered more important by event e’s
group members than other users, then category c is more important for event e. Speciﬁcally,



c
|{u ∈ UG(e) : Nuc > 0}|
v∈UG(e) Nv
Scorece =
× 
c
|u ∈ UG(e) |
v∈U Nv

(11)

One example is shown in Table 8. The Meetup oﬄine event:
“Tibetan Singing Bowl Meditation” has different event–category
scores for eight group categories. Among them, the group category
“health/wellbeing” has the highest score. This is reasonable since
this event is organized by the Meetup group “Sacred Karma Yoga”,
which focuses on physical health and practices. Besides that, its
group members also show high interests in topics like “community/environment” and “outdoors/adventure”.

events (left), group categories (middle) and users (right). Especially,
User–User links, User–Category links, and Category–User links are
bidirectional, and can have different weights for each direction.
To model the probability of user’s attendance, we normalize the
weights on each link by dividing the sum of weights on the out
links. Table 9 summarizes the statistics of hybrid networks constructed for each of the three cities, where the number of nodes
include oﬄine events, group categories and users, and sparsity is
deﬁned as the percentage of possible missing links between nodes.
The graphs are expected to have high sparsity because: (1) there
are no links between events; (2) there are no links between group
categories; (3) there are no users if they are not co-member of any
group.

4.6. EGU-based social score calculation
Random walk has been successfully applied in a wide range of
areas such as recommender systems [31,32] and information retrieval [33,34]. It is an effective way to measure the relevance between nodes. The random walk with restart (RWR) approach assumes that a random walker would sometimes jump back and
restart at some node. At each step, the walker would either restart
at one node (with probability 1 − β ) or move to a neighboring
node (with probability β ). One iteration involves taking an estimated PageRank vector v [35] and computing the next vector by:

v = β Mv + (1 − β )e

4.3. Category–User Score

(13)

Intuitively, for each group category c, high weights are given to
the users who attended more events hosted by groups in category
c compared with other users for the same category and other categories for the same user.

where M denotes the transition matrix, e is the vector with jump
back available nodes set to 1 and the others set to 0.
Personalized RWR is an extension of traditional RWR [12]. In
the hybrid EGU network we constructed, the walker will start from
an oﬄine event node (left). In each step, the walker would jump
to the adjacent nodes or jump back. Eq. (13) can be directly used
in PRWR by setting other nodes in e to 0. We set parameter β to
0.85 by experience, which has been widely used. Our intuition is
that if a user node can be easily reached via edges, the user has a
higher probability to attend the oﬄine event. Then the social score
between user u and event e can be deﬁned as:

4.4. User–User Score

Ss (u, e ) = PageRanke (u )

This score captures the importance of a user for a given group
category. The calculation is similar to that of the user–category
score, with a switch of order. Now group categories are regarded
as documents and users are regarded as words:

Scoreuc =

Nuc
|C |
× ln 
max{Nvc : v ∈ U }
|c ∈ C : Nuc > 0|

(12)

In Meetup, users do not have following or follower relationships
as Twitter does. Speciﬁcally, we deﬁne the closeness between two
users u and v as Eq. (2). Please note that in our equation, u’s closeness to v is different from v’s closeness to u. This is important since
u and v may be interested in different numbers of groups and participate in different numbers of events. Therefore, having one event
in common may be signiﬁcant for one user (who only participated
in a few events), and not so important for another user (who participated in many events).
4.5. Structure of the hybrid EGU network
To model the four kinds of social relationships discussed above,
we design a hybrid network which connects users, group categories and oﬄine events, shown in Fig. 6. Nodes represents oﬄine

(14)

where PageRanke (u) is the Pagerank score of user u after running
PRWR starting from event e.

5. Evaluations
In this section, we evaluate the event participation prediction performance of our proposed framework using the Meetup
datasets that we have collected from New York, London, and Sydney.5 We ﬁrst discuss the evaluation methodology, before presenting the evaluation results in detail.

5
We also experimented with Meetup data in Tokyo, Japan, which is much
smaller and has only 1/10 of the users as New York. Still, our method achieved
good performance with 0.83 accuracy.
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Fig. 6. An illustration of the hybrid EGU network.

5.1. Evaluation methodology
For the Meetup dataset collected for each of the three cities,
we split the dataset into three subsets. For every group, we randomly select 80% oﬄine events and attendees pairs that are used
for training, 10% of the data are used for validation and parameter
tuning, and the remaining 10% data are used for testing. Our social
prediction model utilizes the knowledge that some users have already decided to attend an event (i.e., user RSVPs that can be seen
by others), and random splitting make it possible to obtain partial user-event participation information for training. Meanwhile,
the collected user-event pairs are regarded as positive samples. The
number of positive user-event samples are 890,600 for New York,
631,212 for London, and 348,132 for Sydney. To train the classiﬁer
without bias, for each event, if the number of attendees is k, then
we would randomly select another k users from that group who
did not attend the event to form negative user-event pairs.6 Using
the testing set, for each event hosted by a group and each user
who is a member of that group, a binary YES or NO decision is
made in terms of whether the user would attend that event or not.
We then compute four different metrics to evaluate the prediction
performance: accuracy, precision, recall, and F1 measure. As stated
before, we choose to evaluate the prediction performance for group
members of an event instead of random users in the system, since
users who are not members of a group rarely attend events hosted
by that group.
Since our work focuses on the design of new features and their
integration, to evaluate the end results of event participation prediction, we implemented several traditional or state-of-the-art recommender methods, each of which has been shown to be effective
in its speciﬁc settings. We then incorporate our newly-designed
features into these methods as appropriate.
• PMF [36] is the basic probabilistic Matrix Factorization method,
which only considers user-event attendance results.
• BiasedMF [37] incorporates user and event biases into MF,
which only considers user-event attendance results.
• SoRec [21] embeds social trust network into MF, which incorporates both user-event attendance results and simple social relationships.
• SocialMF [22] studies trust propagation with MF, which incorporates both user-event attendance results and simple social relationships. In SoRec and SocialMF, the social relation network
is built by Eq. (2).

6
If less than k users exist in the group who did not attend the event, we randomly select the remaining users from other groups. This is very rare.

• GLFM [38] A latent factor model for group-aware event recommendation by using two kinds of latent factors to model
the dual effect of groups: user- oriented perspective and eventoriented perspective.
• MF-EUN [39] A hybrid collaborative ﬁltering model, namely,
Matrix Factorization with Event-User Neighborhood by incorporating both event-based and user-based neighborhood methods
into matrix factorization.
• SoCo [23] is the state-of-the-art context-aware recommender
method. Random decision trees are applied to provide contextual based user-event subgrouping. All features discussed in the
previous sections are incorporated.

5.2. Overall prediction performance
We ﬁrst compare the overall prediction performance using different context-aware recommender methods. As discussed in previous sections, our proposed framework uses four types of features: content (C), location (L), time (T), and group-based social
feature (S). Here we implemented four traditional methods as our
baselines: PMF, BiasedMF, SoRec and SocialMF, which consider less
contextual information as discussed. We also compare the performance with state-of-the-art context-aware recommender method:
GLFM, MF-EUN. All these prediction/recommender algorithms have
been widely used in recent years.
Fig. 7 shows the event participation prediction performance of
different methods using four different metrics in three cities. As
can be seen from the ﬁgure, SoCo, by integrating all the features
we proposed, performs best across all four metrics in all three
cities, achieving 0.91 accuracy in New York, 0.87 accuracy in London and Sydney. In comparison, methods with less context information do not provide good performance. For example, in New
York, the accuracy of SoRec is 0.67 while SocialMF is 0.73, and the
precision of SoRec is 0.68 while SocialMF is 0.73. We observe similar trends in all three cities.
The parameters used in our experiments are determined by a
grid search using the 10% validation sets. The following equation
parameters are set up for New York, London, and Sydney respectively: In Eq. (9), the number of topics T we choose for LDA was
80, 75, 60 for the three cities. The value of α is typically set to
50/T while β is set to 0.02. In Eq. (7), the time decay parameter α
deﬁnes the decreasing speed of past event’s importance according
to the time span and is set to 0.03, 0.01, and 0.005 for the three
cities.
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Fig. 7. Prediction performance comparison among different methods.

Fig. 8. Prediction performance comparison by SoCo among four individual features and different feature combinations: content (C), location (L), time (T), social (S), C+L+T
fuses the C, L, and T features, and C+L+T+S fuses all four features (C, L, T, S).

5.3. Contributions of different features
Our proposed framework fuses together four different types of
features: content (C), spatial (L), temporal (T) features, and the social feature (S) computed via hybrid EGU network. To understand
the individual contributions of different features, we conduct experiments using individual C, L, T, S features, as well as the fused
features of C+L+T and C+L+T+S (both using the well-performing
SoCo algorithm for multi-feature fusion). We ran 10-fold cross validation under each experimental setup and report the average values for the four prediction performance metrics.
Fig. 8 shows the results for the three cities. We can see that all
four individual features contribute to the prediction performance,
while our proposed temporal feature with time decay and groupbased social feature via RWR achieve better performance than that
of content and spatial features. Using the social feature alone allows us to achieve > 0.70 performance across all four metrics in
all three cities. The temporal feature is the best-performing feature among all the four individual features, achieving > 0.76 accuracy for all three cities. This result demonstrates the importance of
the temporal feature for EBSNs: event time is an important factor
for users to determine whether to attend an event or not; and the
effect of time decay should be considered as recent patterns better predict users’ preferences for event participation. Furthermore,
C+L+T+S outperforms C+L+T signiﬁcantly in all three cities for
all four metrics, which demonstrates the effectiveness of the EGUbased social feature we have developed.
5.4. Impact of user and group activeness
In EBSNs, it is natural to have users who participate in more
events than others, and groups that host more events than others. This is demonstrated by the large standard deviation values in
Table 10 and Table 11, which show the average and standard deviation of the number of events attended per user and the number of

Table 10
#Events attended per user.
City

New York

London

Sydney

Average #Events / User
Standard Deviation

6.95
15.73

8.34
14.91

6.32
22.55

Table 11
#Events hosted per Group.
City

New York

London

Sydney

Average #Events / Group
Standard Deviation

29.82
54.15

38.75
61.73

39.16
65.54

events hosted per group for the three cities. The different activity
levels of users and groups may lead to different performance when
predicting different users’ participation in events hosted by different groups. To understand how our proposed solution performs
under these different scenarios, we evaluate the prediction performance for users and groups with different activities levels. Fig. 9
shows how the predication accuracy changes using SoCo for users
who have attended different number of events and for groups who
have hosted different number of events. We expect better performance for more active users and groups, since more training data
are available for those users and groups. As shown in Fig. 9, the
prediction accuracy increases from below 0.85 to above 0.90 as
users’ and groups’ event activities increase. This is reasonable since
more event activities by users and groups offer more insights into
users’ event participation behaviors, which can be captured by the
proposed method. Besides that, it is good to note that even for
users who attended at most 5 events and groups that hosted at
most 25 events, our solution still achieves above 0.80 accuracy.
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Fig. 9. Prediction performance comparison for (Left) users who have attended different number of events, and (Right) groups that have hosted different number of events.

6. Conclusions and future work
This work aims to address the problem of predicting users’
event participation in event-based social networks. Using Meetup
datasets collected from three cities with diverse cultures, we have
conducted a detailed analysis of group-based event behaviors, as
well as users’ content, spatial, and temporal preferences for event
participation. Based on this analysis, we propose a group-based
event participation prediction framework that (1) constructs a hybrid EGU network and utilizes personalized random work with
restart to infer the social closeness between users and events; and
(2) fuses together four types of newly-designed features (content,
location, time, social) to make a uniﬁed prediction regarding users’
event participation. Evaluation results using the Meetup datasets
demonstrate that (1) the proposed prediction framework achieves
high prediction performance in all three cities; (2) the group-based
social feature obtained via EGU is an important factor for predicting user event participation; and (3) the framework performs better for active users and active groups but still achieves good prediction performance for inactive users and inactive groups.
Our work offers valuable new insights into the increasingly
more popular EBSNs and demonstrates the effectiveness of predicting user event participation. As our future work, we will continue
studying group-based behavior patterns and exploit those patterns
for further improvement of our prediction framework. We would
like to investigate speciﬁc city, culture, group characteristics that
impact event participation and integrate them for better prediction. Further analysis using more precise user home location information (e.g., via user mobility traces) would be helpful. Our current evaluation used random splitting of the user-event pairs, further investigation that strictly follows the temporal ordering would
be interesting. Finally, we would like to investigate better fusion
strategies and how the proposed prediction framework can be utilized for more effective event recommendation and organization.
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