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In recent years, an event-based social network recommendation system has attracted more and more researchers’ attention. Most
EBSN recommendation systems mainly focus on recommending events to users. However, in many daily activities, it is necessary
to accurately estimate the number of event participants for EBSN event organizers. As an effective means to solve the problem of
event attendance prediction, the EBSN event attendance prediction system needs to mine the context information in EBSN fully
and use the information to alleviate the problems of data sparsity and cold start. It brings some new challenges to the research of
EBSN event attendance prediction systems. According to user characteristics and context factors, the main task of the EBSN event
attendance prediction system is to obtain accurate user preferences, adopt efficient prediction algorithms to improve prediction
performance, and avoid losses. This paper summarizes the research progress of the EBSN event attendance prediction system
in recent years. Firstly, this paper analyzes the recent research on event attendance prediction in EBSN; secondly, we
summarize the role, significance, and challenges of EBSN event attendance prediction; third, we summarize the critical
technologies of EBSN event attendance prediction; the contents include mining the contextual information that affects the
user’s participation in the event, user preference acquisition, the method of event attendance prediction, the data set of event
attendance prediction, the evaluation indicators of event attendance prediction, etc.; fourth, we look forward to the future
development directions of event attendance prediction from six aspects: the methods of integrating contextual factors, the user
preference acquisition methods, the prediction algorithms, the utility evaluation of event attendance prediction, the user
information security, and privacy protection, and the cold start issues; finally, we conclude this paper.

1. Introduction

Over the past few years, the event-based social network
(EBSN) has become a new way for users to organize and par-
ticipate in various social events [1]. EBSN connects online
communities and offline events, making it easy for users to
plan, organize, manage, or attend events. The typical EBSN
platforms include Meetup, Douban events, Eventbrite, Face-
book events, Foursquare, etc.

EBSN consists of the online network and the offline net-
work. The online network is made up of users participating
in online groups, and the offline network is made up of users

participating in events organized in reality. Figure 1 shows
the common EBSN network structure framework. The
framework includes objects such as users, interest groups,
events, and event locations [2].

With the popularity of EBSN, the EBSN recommenda-
tion system has attracted more and more researchers’ atten-
tion. Most EBSN recommendation systems mainly focus on
recommending events to users. However, a large number of
new events are released in EBSN every day, making it diffi-
cult for users to find favourite events to participate in among
the massive events. It also makes the user’s decision to par-
ticipate in the event full of uncertainty. The uncertainty will
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result in many issues when the event organizer hosts the
event, such as site preparation and material preparation.
So, it is necessary to provide accurate predictions of the par-
ticipating users of the event for the event organizer. The
event attendance prediction system is an effective means to
solve the problem of event attendance prediction. Therefore,
research on event attendance prediction has a significant
practical meaning and reference value.

Event attendance prediction is common in EBSN and
location-based social networks (LBSN). For example, Kool-
wal and Mohbey [3] gave an extensive overview of loca-
tion prediction in LBSN. Much research about the EBSN
recommendation system has also emerged. According to
the recommended content, Liao et al. [2] divided EBSN
recommendation system into event recommendation [4],
event arrangement [5, 6], group recommendation, joint
recommendation, friend recommendation, venue recom-
mendation, EBSN event attendance prediction, etc.

Among them, EBSN event attendance prediction drew
the attention of many researchers and produced many
research results. Relevant findings can be seen at authorita-
tive international and national academic conferences and
journals, such as SIGKDD, SIGMOD, Ubicomp, Recsys,
CIKM, ICDM, SDM, JSA, DASFAA, and TWEB.

The scope of this paper is limited to event attendance
prediction in EBSN. This paper mainly discusses the follow-
ing three questions:

Q1: what are the concept, framework, and role of EBSN
event attendance prediction?

Q2: what are the critical technologies for EBSN event
attendance prediction?

Q3: what are the future directions of EBSN event atten-
dance prediction research?

The purpose of this paper is to comprehensively review
the progress of the EBSN event attendance prediction sys-
tem. Readers can quickly understand and enter the EBSN
event attendance prediction field by reading this article. This
paper provides a reference for promoting the innovation of
the EBSN event attendance prediction system and mining
the richness of this research field. It provides services for
researchers, practitioners, and educators interested in the
EBSN event attendance prediction system. We hope that it
can be helpful for them to choose EBSN event attendance
prediction tasks.

In conclusion, the main contributions of this paper are
in three aspects:

(1) We summarized the EBSN event attendance predic-
tion and prediction models

(2) We provide an overview and summary of the critical
technologies of EBSN event attendance prediction

(3) We discussed the difficulties and challenges of EBSN
event attendance prediction research and deter-
mined the new trend and future development direc-
tion to share and expand the vision of EBSN event
attendance prediction system research

This paper summarizes the prediction of participation in
the event from recent research. The rest of the paper is orga-
nized as follows: In Section 1, we summarize the EBSN event
attendance prediction. In Section 2, we provide the basic
framework for predicting participation in the event. In Sec-
tion 3, we summarize and compare the key technologies of
EBSN event attendance prediction. In Section 4, we analyze
the future development direction in EBSN event attendance
prediction. In Section 5, we present our concluding remarks.

2. Overview of EBSN Event
Attendance Prediction

Event attendance prediction refers to the prediction of users
who will participate in the event, which can provide precise
target users for the event organizer and resolve issues users
and organizers face.

Liu et al. [1] first identified the issue of prediction of
event attendance in the EBSN as follows: Given an event e,
predict the users who will participate in the event e during
a t period before the event begins.

2.1. Role and Significance of EBSN Event Attendance
Prediction. When organizing and planning events, event
organizers will be challenged by the uncertainty of user par-
ticipation rate and the popularity of events [7]. Accurately
predicting the participants in an event can help the event
organizer to organize the event successfully. Thus, the event
organizer can carry out accurate event planning and adver-
tising. The event organizer needs to plan resources accord-
ing to the event attendance prediction. When the predicted
number of participants is seriously inconsistent with the
actual number, the organizer will suffer significant economic
losses. Therefore, it is essential to predict the event partici-
pants accurately, which can reduce the losses of the event
organizers and enable the participants to obtain high satis-
faction. Problems caused by inaccurate predictions of event
participants include the following:

(1) Material preparation: when the event organizer over-
estimates the number of participants in the event, it
may lead to an oversupply of event-related materials,
causing unnecessary waste. On the contrary, some
users will have no material available, which will
worsen the experience of attending the event

(2) Venue preparation: if the capacity of the event venue
is too large, the event organizer will suffer economic
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Figure 1: EBSN network structure.
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losses. If the capacity of the event venue is too small,
it will affect the event, and the user’s participation
experience will be affected

(3) Keeping order: when the number of attendees far
exceeds the estimate, event organizers may be ill-
considered in staffing arrangements, which will
cause order chaos and bring great difficulties to
keeping order. For example, there may be a scene
of congestion and chaos when people check in or
enter the venue

(4) Bad reputation: participants with poor experience par-
ticipating in events will give negative comments,
which will bring bad reputations to the event orga-
nizer. Thus, it will affect the event organizer acquire
new users, enhance the activity and sense of belong-
ingness of existing users, and expand brand awareness

Consequently, accurate prediction of user participation
events is the key to successful organizational events. Under-
standing event attendance will help the organizers make
appropriate plans for accurate publicity and advertising.

This paper profoundly studies critical technologies for
predicting event participants in the EBSN platform. It will
help event organizers estimate the number of event partici-
pants more accurately, avoid losses, and solve the problem
of accurately selecting users for the EBSN recommendation
system. It will improve the influence of the EBSN platform
and improve users’ satisfaction with the platform, attract
more users to the EBSN platform, and make the platform
development in a virtuous circle.

2.2. Challenges of EBSN Event Attendance Prediction. Event
organizers face three main challenges in planning events
for EBSN event attendance prediction.

(1) Mining critical contextual information affects the
user’s decision to participate in events. Much contex-
tual information about users and events in EBSN
affects users’ decision to participate in events to vary-
ing degrees. The contextual information includes the
user’s friend information, the user’s favourite orga-
nizer information, the title, content, location, time,
organizer of the event, etc. How to fully mine and
fuse the contextual information to obtain accurate
participating users is a challenge for event atten-
dance prediction

(2) Get user preferences. Users in EBSN rarely score
events after participating in events, making users’
explicit preferences sparse. However, much contex-
tual information affects users’ decision to participate
in events in EBSN, which is relatively easy to obtain.
In a multidimensional environment, user data will be
sparser, and user preference acquisition will be more
complex. Users have different preferences in differ-
ent contextual environments. It is also challenging
to integrate these contextual preferences to get user
preferences. Therefore, how to acquire or learn user

preferences using data mining, machine learning,
and deep learning is another challenge for event
attendance prediction

(3) Event cold start. The new events initiated by the
event organizer are all upcoming events with timeli-
ness. Predicting event participants and recommend-
ing events to target users are limited between event
creation and the event starts. Before the event, there
was no information about users’ participation and
evaluation in EBSN. As a result, an apparent cold
start problem is another serious challenge for event
attendance prediction

From the above, event attendance prediction is a chal-
lenging task. It is necessary to find new methods and strate-
gies for EBSN event attendance prediction systems, improve
the performance of event attendance prediction, and solve
the problems event organizers face.

In order to solve the problems and challenges of event
attendance prediction, many researchers have proposed var-
ious solutions. This paper summarizes the prediction frame-
work of most of the studies as follows.

3. Framework for the EBSN Event Attendance
Prediction System

The EBSN event attendance prediction system is a typical
application of EBSN, similar to the EBSN recommendation
system. However, due to the lack of explicit preference, the
existing research focuses on how to introduce contextual
information into the prediction process.

We analyzed existing research on event attendance pre-
diction and summarized the process for the EBSN event
attendance prediction system in three phases. The frame-
work for the EBSN event attendance prediction system is
shown in Figure 2.

(1) Data collection: collect relevant data such as user,
event, contextual information, records of users’ par-
ticipation in events, and records of user participation
in interest groups

(2) Preference extraction: analyze the contextual infor-
mation that affects user participation events, extract
various user preferences using contextual informa-
tion, and obtain more precise user preferences based
on the degree of influence of the context

(3) Prediction generation: based on some known user
preferences and key contextual information, predict
the potential preferences between users and events.
Use effective methods to produce prediction results

In the EBSN event attendance prediction framework,
data collection, preference acquisition, and prediction gener-
ation are essential steps to produce prediction results suc-
cessfully. Some key technologies are used in these steps to
ensure accurate final prediction results.
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4. Key Technologies of EBSN Event
Attendance Prediction

4.1. Mining Contextual Information Affecting User
Participation in Events. With the progress of technology,
the acquisition of contextual information becomes simple.
Mining users’ contextual preferences are the primary work
to understand users’ behaviour and to provide users with
better context-aware services and experience. Contextual
information can be explicit or implicit and can be obtained
differently. EBSN event attendance prediction considering
contextual information requires users to complete extensive
investigation, constantly update contextual information, and
integrate contextual information. It is vital to capture con-
textual information and to understand users’ interests and
intentions. Contextual information and user behaviour com-
plement each other and jointly determine users’ interests
and preferences. User behaviour reflects users’ long-term
preferences, and contextual information helps to find users’
short-term preferences. User preferences may vary with con-
text. EBSN event attendance prediction needs to consider
different contextual information to capture accurate user
preferences. Context-aware event attendance prediction pro-
vides users with more relevant and more accurate prediction
results.

Many studies have mined various contextual informa-
tion affecting users’ participation in events. The common
ones are users’ social relations and event description infor-
mation, such as event theme, event holding time, event hold-
ing place, event popularity, social influence of event
organizers, and user tweets. Table 1 illustrates the types of
contextual information that affect user engagement events
and the corresponding references.

Some studies mine the contextual factors that affect
users’ participation in events from a unique perspective.

Karanikolaou et al. [10] analyzed the network relation-
ship of events participated by group members and took the
information extracted from the social network as the factor
affecting users’ participation in events. When the event is
held within 10-500 kilometres from the user’s location, users
tend to participate in events and usually visit only a few
places. At the same time, the event type, the level of trust

and acceptance among friends, and the event attendance
experience significantly impact the event participants.

Lu et al. [28] found that minimizing the uncertainty of
events and participants and creating a sense of inclusiveness
will encourage new users to participate in events.

Investigating event attendance from a cross-cultural per-
spective, Yan et al. [29] concluded that travel motivation and
cultural differences are also important factors affecting user
participation in events.

Zhang et al. [30] understood how weather and event
duration affect the event attendance rate.

Chen et al. [31] found through interview research that
the participation of EBSN members varies according to their
roles. EBSN members do not all have the same participation
mode but play different roles, including leaders, active contrib-
utors, fans, and peripheral members. The study found that par-
ticipants with different roles may have different relationship
patterns and degrees of participation with other EBSN mem-
bers, switching between different roles in different situations.

Milohnić et al. [25] analyzed by collecting two question-
naires and found that the motivation of users to participate
in events depends on the type of event, the motivation of dif-
ferent event participants is different, the motivation of male
and female event participants is different, and different event
attendance motivations will not affect the event experience.

Georgiev et al. [16] put forward some assumptions about
the motivation of user participation and confirmed that
social factors play a significant role in determining the pos-
sibility of user participation in events. Combining multiple
factors is more potent than a single feature in determining
the preference for event attendance.
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Figure 2: Framework for the EBSN event attendance prediction system.

Table 1: Types of contextual information and references.

Types of contextual information References

Users’ social relations [8–21]

Event description information [10, 12, 14, 15, 18, 22–25]

Event popularity [12, 16]

Social influence of event organizers [19, 26]

User tweets [15, 27]
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Ding et al. [18] studied Meetup users to understand the
main factors affecting their event attendance in decision-
making, including social relations, time and location prefer-
ences, and user activity levels.

Cloquet and Blondel [32] combined SMS, voice call,
Foursquare check-in, Twitter message, and other informa-
tion to predict events.

Cesario et al. [33] studied and understood users’ behav-
iour and mobile mode for large-scale public activities. In
the paper, the prediction model using geographically tagged
Twitter information is proven to be effective and reliable.

The model based on event hot words proposed by Zhang
et al. [34] predicted the popularity of events on different
media channels by using event streaming data.

To sum up, mining contextual information that affects
user participation in events has become a research hotspot
in event attendance prediction. Because the context is multi-
dimensional, the user preference for events must be related
to the category of contextual information. Adding various
contextual information will lead to the expansion of dimen-
sion and increase sparsity. Sparsity increases with the num-
ber of contexts considered. It is almost infeasible to collect
the labelled context data and users’ preferences in each con-
text to carry out a supervised learning and training system.
Therefore, it is difficult to add context to event attendance
prediction. However, event attendance prediction based on
contextual information can provide more accurate and per-
sonalized prediction information, making it more and more
popular among users. Users may need different events when
considering different contextual information (e.g., time,
location, and emotion). Therefore, event attendance predic-
tion should consider the user’s contextual information to
make a more reasonable and appropriate prediction for
users. However, it is challenging to obtain contextual infor-
mation and use it in event attendance prediction in time
and effectively because contextual information is dynamic
and diverse and may reveal users’ privacy. Research on
EBSN event attendance prediction has not entirely solved
these problems.

4.2. User Preference Acquisition. The accuracy of prediction
largely depends on the quality and quantity of user prefer-
ences. However, users in EBSN tend to score few or no events,
resulting in low prediction accuracy. A major problem in
designing an effective EBSN event attendance prediction sys-
tem is finding an effective and reliable method to obtain and
modify user preferences. Users rarely know all their prefer-
ences clearly from the beginning. User preferences are often
the result of the influence of user personalization and contex-
tual information. The contextual information related to users
and events in EBSN provides rich meaning, which can be used
to understand user preferences.

Most existing studies on event attendance prediction
have considered the impact of multiple contextual informa-
tion on user preferences. When obtaining the comprehen-
sive preference of users for events, a linear combination is
usually used to integrate multiple user context preferences.
Some studies use users’ RSVP responses to events as user
preferences or adopt the deep learning model, FM model,

and iterative model to learn user preferences. Table 2 shows
the methods for learning user preferences and the corre-
sponding references.

Liu et al. [1] adopted the event and community-centred
diffusion model to obtain the user model, and the acquisi-
tion formula is as follows:

vk+1 =Dp∙v
k: ð1Þ

In the above formula, vk is a column vector representing
the probability of the event reaching the user after the kth
diffusion step, that is, the user preference for the event.
The acquisition formula of Dp is as follows:

Dp = γDon + 1 − γð ÞDoff : ð2Þ

D defines the transition matrix in heterogeneous
networks.

Wu et al. [41] used the deep learning model LSTM to
capture the users’ evolving event preferences. This paper
studies users’ spatiotemporal context preferences, exclusive
preferences, and order preferences, and its acquisition for-
mulas are as follows:
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sp
t represent the hidden state, and

cpt , ept , spt represent the spatiotemporal context preference,
exclusive preference, and order preference, respectively.

Jiang and Li [42] used a factor decomposition machine
to learn user preferences, and its learning formula is as fol-
lows:

rhu = bu +wTxhu +
1
2
〠
i

2 · xhui vTi zu +〠
i≠j
xhui xhuj vTi vj

 !
: ð6Þ

The formula can learn the representation of user and
context features in the same hidden space. The user prefer-
ence vector vi and each context feature have the same spatial
representation. Through these representations, user interac-
tion and features can be displayed to estimate the user pref-
erence for events.

Xu et al. [17] learned the user preference by modelling
the user’s personal preference and the interaction between
user friends through the iterative method. The formula is
as follows:

Pt U , Eð Þ = 〠
ui∈U

〠
ek∈E

s0i,k − I pti,k − hti,k
� �� �

, ð7Þ

h ui, ekð Þ = hi,0 ·
Y
j∈Nt

1 − I pj,k − hj,k
� �

·wji

h i
: ð8Þ
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PtðU , EÞ represents the user preference for events, IðxÞ
represents the discriminant function to indicate the user’s
friend’s event attendance selection, and hðui, ekÞ represents
the threshold for judging the user’s participation in events.

The linear combination method can fuse multiple user
context preferences and get richer user preference informa-
tion than explicit feedback. However, users must actively
control the weights of different context preferences, which
have certain randomness and uncertainty. It cannot wholly
reflect the interests and preferences of users.

User response is explicit feedback, usually users’ most
direct and accurate preference reflection. It is more accu-
rate to use user replies as user preferences. The disadvan-
tage is that explicit feedback brings extra workload to
users who may not take it seriously. Therefore, the feed-
back information filled in by users in a hurry cannot
objectively reflect user preferences to a large extent. At
the same time, the information obtained through explicit
feedback is also limited.

The deep learning model can automatically learn the
weights of different context preferences, and the user prefer-
ences obtained are relatively accurate. Deep learning has a
strong learning ability and can solve complex problems.
However, deep learning is highly dependent on data. The
more considerable the amount of data, the better its perfor-
mance. Then, the user preference data is often small in the
context environment. It will lead to the fact that the user
preferences learned by deep learning are not so accurate.
Moreover, the complexity of the model in deep learning will
lead to a sharp increase in the algorithm’s time complexity.

The FM model introduces polynomials to add the corre-
lation of features and adopts feature combination to reduce
the work of manual participation in feature combination.
However, for the coefficients of the polynomial, a large num-
ber of nonzero samples are required to solve. Moreover, the
feature space is often relatively sparse, so the parameter esti-
mation becomes quite inaccurate. Moreover, the computa-
tional complexity of the FM model is relatively high.

The iterative model can capture the dynamic preferences
of users. The algorithm is simple and can reliably find the
optimal user preference; however, the iterative algorithm
requires initialization parameters, which directly affect the
convergence efficiency and whether the optimal global solu-
tion can be obtained.

Preference acquisition is one of the core issues in event
attendance prediction because the purpose of event atten-
dance prediction is to guide event organizers to find inter-
ested or valuable users in a large number of possible
options in a personalized way in a specific context. They

need to capture and simulate user preferences accurately.
User models can be generated through explicit or implicit
data to obtain user preferences. Learning user preferences
are a way to find solutions to problems. Although the
semantics of preference concepts is obvious, it is challenging
to obtain user preferences and use them. The complexity of
the preference acquisition problem is closely related to the
number of dimensions of contextual information. Therefore,
it is necessary to collect and model user, event, and contex-
tual information to generate user preferences. Then, learn
the user preferences to be used in the prediction process.

4.3. Event Attendance Prediction Method in EBSN. Integrat-
ing technology and innovation in event planning to create
an impressive event experience can generate strong affinity
and relationships among participants to improve the popu-
larity of events [43]. Big data technology has become a pow-
erful tool, enabling event planners to predict event
attendance, manage users, launch targeted marketing strate-
gies, and effectively monitor event results. Machine learning
technology and deep learning technology can extract infor-
mation from various sources and predict the participation
of events.

When obtaining prediction targets, most of the existing
studies adopt two methods.

(1) Classification. This method uses classifiers such as
logistic regression, decision tree, naive Bayes, GBT-
W tree, random forest, XGBoost, bagging, support
vector machine, and deep learning to judge user
preferences. Determine whether the user will partic-
ipate in the event

(2) Top-N method. In this method, Bayesian optimiza-
tion, matrix decomposition, event, and community
influence propagation models are used to sort user
preferences, and N users with the most similar
events and user preferences are selected to verify
whether users will participate in events. Table 3
shows the methods, ways to obtain the predictive
target, and the corresponding references

According to the main technical means used in the exist-
ing event attendance prediction research, we divide the event
attendance prediction methods into the following seven
types: context-aware prediction method, prediction method
based on matrix decomposition, prediction method based
on deep learning, prediction method based on the propaga-
tion model, prediction method based on the graph model,
prediction method based on iteration, and prediction
method based on Bayesian optimization. Table 4 shows this
paper’s event attendance prediction methods and the corre-
sponding references.

The importance of contextual information urges
researchers to apply contextual information to event atten-
dance prediction. In existing event attendance prediction
studies, many studies will obtain and use the contextual
information that affects users’ event attendance. Therefore,
context-aware prediction is the focus of many related stud-
ies. Zhang et al. [36] identified eight features, including

Table 2: Methods and references.

Methods References

Linear combination [18, 23, 30, 35–40]

Users’ responses [1]

Deep learning model [41]

FM model [42]

Iterative model [17]
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semantic, temporal, and spatial groups, by analyzing the
events participated by users and then trained the supervised
learning model to predict event attendance based on the
extracted features. de Lira et al. [48] used the content of
non-geo-tagged posts in social media to build a machine
learning classifier to infer whether users participate in
events. The research on participation classification is
extended to [45]. The authors use the media posts shared
by users before, during, and after the event to train the clas-
sifier. It can more effectively predict event attendance.

Matrix decomposition technology can improve good
results for learning the implicit factor characteristics of multi-
ple influencing factors. Jiang and Li [42] developed a feature-
based matrix decomposition prediction model to obtain event
participants accurately. Du et al. [35] used the personal behav-
iour in EBSN to find a series of factors connecting physical and
cyberspace to predict the event attendance rate. The author
proposed a singular value decomposition and multifactor
neighbourhood (SVD-MFN) algorithm to integrate heteroge-
neous factors into the framework to predict the event
attendance rate.

~rue = pTu qe + N u, e ; kð Þj j−1/2 〠
i∈N u,e;kð Þ

wei rui − ruð Þ, ð9Þ

where ru represents the average score of user u on events.
Nðu, e ; kÞ is composed of k nearest neighbours of all events e
selected as user u’s participation.wei is a free parameter, which
is learned together with the parameters of the matrix decom-
position model.

The deep neural network is a common forecasting tech-
nique; for example, literature [51] used the predictive model
of the deep neural network. Deep learning has significant
advantages in learning more accurate user preferences from
multidimensional contextual information. Mehmood et al.
[27] proposed a new LSTM event attendance prediction clas-
sifier based on tweet content. Wu et al. [41] proposed a three-
level hierarchical LSTM architecture to simulate users’multi-
dimensional and changing preferences and use a multilayer
perceptron (MLP) to capture the complex relationship
between users’ preferences to obtain the probability of users’
participation in events. Rizi et al. [50] proposed a neural net-
work classifier to predict event attendance by mining text fea-
tures and network topology information in user media posts.

The influence propagation model is very effective in
stimulating the influence change process of events, event
organizers, users, and groups. Liu et al. [1] determined the
coexistence of online and offline social interaction in social
networks. Considering the unique characteristics of EBSN,
including network attributes, community structure, and
information flow, they proposed an event-based diffusion
model and a community-based diffusion model to predict
the participation of events. Zhang and Lv [24] studied the
potential factors of event popularity and developed a
group-based social impact communication network to simu-
late the impact of specific groups on events. Yu et al. [47]
studied how to select potential event participants in EBSN
from the perspective of event organizers. The authors pro-
pose a novel credit allocation user influence preference
(cd-uip) algorithm to find the most influential and popular
followers as invitees. The influence of its users on other users
in event e is calculated as follows:

γv,u eð Þ = infl uð Þ
N in u, eð Þ · exp −

t u, eð Þ − t v, eð Þ
τv,u eð Þ

� 	
· prefu eð Þ · pref v eð Þ:

ð10Þ

Among them, τv;uðeÞ is the average time taken for activ-
ity e to propagate from user v to user u. inflðuÞ represents
the influence of user u. N inðu, eÞ represents the set of poten-
tial influences of user u participating in e. prefuðeÞ repre-
sents the preference of user u for event e.

The graph model can well represent heterogeneous
social networks in EBSN. Zhang et al. [23] proposed a
group-based event attendance prediction framework based
on the group background and social-related characteristics
of the participation records of past events. The framework
uses a personalized approach to restart random walk on
hybrid EGU (event group user) networks to capture internal
social relationships and predict the participation events of
group members.

The iterative method can simulate the dynamic change
process of user preferences. Xu et al. [17] integrated the

Table 3: Methods, ways, and references.

Methods Ways References

Classification and
discrimination

Logistic regression [36, 44, 45]

Decision tree [30, 36, 44, 45]

Naive Bayes [36, 44, 45]

GBT-W tree [30, 31]

Random forest [30, 45, 46]

XGBoost [46]

Bagging [46]

SVM [45, 46]

Deep learning [27, 41]

Top-N method

Bayesian optimization [40]

Matrix decomposition [42]

Influence propagation models [1, 47]

Table 4: Event attendance prediction methods and references.

Event attendance prediction methods References

Context-aware prediction method [30, 36, 45, 48, 49]

Prediction method based on
matrix decomposition

[35, 42]

Prediction method based on deep learning [27, 41, 50]

Prediction method based on the
propagation model

[1, 24, 47]

Prediction method based on the graph model [23]

Prediction method based on iteration [17]

Prediction method based on Bayesian
optimization

[40]
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dynamic interdependence of potential event participants
into the discrimination process of event attendance predic-
tion through iterative methods.

Bayesian optimization framework can optimize the pair-
wise preference ranking of users. Li et al. [40] combined the
explicit and potential characteristics of event capture from
online social networks and EBSN and proposed a Bayesian
optimization framework. The framework adopts paired user
preferences in social relations and events, which can
optimize the preference ranking of users for events.

Context-aware prediction methods combine rich
contextual information to obtain more accurate user pref-
erences, thus improving prediction accuracy. The intro-
duction of context information can supplement user and
event information in many ways, to a certain extent, mak-
ing up for the lack of data sparse. At the same time,
because new users and new events have basic information,
the information can be used as context information so that
the cold start problem can be avoided. However, it is chal-
lenging to obtain context, and its modelling and calcula-
tion complexity is high.

The prediction method based on matrix factorization is
easy to implement in programming, with low implementa-
tion complexity, good prediction effect, and good expansibil-
ity. By obtaining a variety of relationships in EBSN, the
matrix factorization method can effectively obtain user pref-
erences and interpret the same data from different angles,
equivalent to increasing the amount of data and making up
for the lack of data sparseness. At the same time, the cold
start problem is also solved to a certain extent due to the
acquisition of various relationships between users and
events. However, there are some disadvantages: it takes
much time to train the model, and the obtained prediction
results are not very interpretable.

Prediction methods based on deep learning can utilize
various types of contextual information in EBSN, including
text, images, audio, and even video, while other prediction
methods are challenging to utilize fully. The deep learning
model does not require users to manually design features.
It can automatically learn potentially useful feature repre-
sentations from input data and model data nonlinearly to
capture intricate user and event features. Deep learning
models can obtain more accurate user preferences through
training on extensive data and alleviate the cold start prob-
lem. Deep neural networks have broad applicability and high
flexibility and can easily and quickly build predictive models.
However, there are too many parameters in deep learning,
and it is difficult to explain its specific role, so the interpret-
ability is poor. At the same time, deep learning requires a
large amount of data to complete its model training. If the
data is too small, the predicted effect of the learned model
may be poor. Deep learning models can sometimes require
extensive hyperparameter tuning.

The prediction method based on the propagation model
can improve the prediction accuracy by using information
such as node attributes, but it is challenging to obtain the
node information. Therefore, the prediction method based
on the propagation model has specific difficulties in
implementation.

The prediction method based on the graph model has
high flexibility and scalability. It can make high-quality pre-
dictions in the case of insufficient data and solve the problem
of insufficient data and event cold start. However, the train-
ing process of this method requires a large amount of train-
ing data, which takes too long, and the prediction results are
limited by historical data, and it is challenging to produce
reasonable predictions for new users and events.

The iterative prediction method utilizes the dynamic
interaction between users and their friends, which can simu-
late the impact of social events participating in the decision-
making process and effectively improve event attendance
prediction. However, dynamic interaction data for iterative
models are challenging to obtain.

The prediction method based on Bayesian optimization
uses posterior probability to optimize user preferences. It is
a sorting algorithm based on matrix decomposition. It does
not perform global optimization but performs sorting opti-
mization for each user’s different preferences. It is a pairwise
sorting algorithm that introduces a Bayesian prior, assuming
that the parameters obey a normal distribution, reducing the
model’s overfitting. However, the prediction model has high
complexity, requires a long learning time, and cannot pre-
dict new users and new events.

To sum up, there are many event attendance prediction
methods in EBSN, among which the classifier-based and
context-based methods are more studied, and other methods
are relatively few. EBSN is rich in contextual information.
Considering the impact of more contextual information on
user preferences can obtain more accurate prediction results.

4.4. Get EBSN Event Attendance Prediction Data Set. Cur-
rently, there is no standard public data set in the field of
event attendance prediction in EBSN. Most researchers use
the API provided by the EBSN platform to crawl the actual
data of the platform as the data set to verify the model’s per-
formance. It brings significant challenges to EBSN event
attendance prediction research.

Liu et al. [1] crawled data from October 2011 to January
2012 from Meetup, including 5153886 users, 5183840
events, 97587 interest groups, and 42733136 RSVP records.
Du et al. [35] crawled information of the users who partici-
pated in more than three events in Beijing in 2013 in Dou-
ban events and the event attendance history of these users
from February 2012 to October 2013. It includes 15050
users, 45561 events, 6570 event organizers, 313479 event
organizers’ concerns, and 481325 user participation event
records. Feng et al. [26] crawled data of Meetup from July
2013 to October 2013 and crawled the data of the EBSN
platform Plancast. Experiments on the data set proved the
superiority of the solution proposed by the author.

Because EBSN event attendance prediction will take
advantage of the contextual information, some researchers
should crawl the data of the EBSN platform and the
context-related data set. To study how weather factors affect
the event attendance rate, Zhang et al. [30] not only crawled
the data from Meetup but also crawled the weather data
from the website https://tianqi.2345.com. Wang et al. [16]
crawled data for Phoenix, Chicago, and San Jose in Meetup
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from January 2012 to January 2014, examined the personal
data of event organizers, and crawled their social account
data from Twitter.

The objects in EBSN are very important. Different
research uses different objects. The available objects in EBSN
have their attributes. The EBSN event attendance prediction
system can provide more accurate prediction services based
on these attributes. Meetup and Douban events are two typ-
ical EBSN 5platforms. The data sets crawled from these two
platforms have different properties of available entities.
Next, we will briefly introduce these two typical data sets.

First, we introduce the properties of the available entities
in Meetup:

(1) Users: each user in the Meetup has a profile page,
which includes the user’s name, location, time of
joining Meetup, interest groups, and user’s interest
tags. When registering Meetup, the user needs to
determine his/her location information by specifying
the postal code so that the Meetup can recommend
interest groups according to the location. For similar
reasons, Meetup requires users to select a group of
topics of interest when registering. The total number
of topics in Meetup has exceeded 100K

(2) Interest groups: Meetup provides 33 categories, and
each interest group belongs to one of them. Users
can join interest groups, and members of interest
groups can act as event organizers. Each interest
group specifies a group of tags from the topic tags
to represent the topic interests. Meetup allows the
user to disclose the information of his/her interest
group or not. Interest group information includes
interest group name, location, interest group mem-
bers, interest group organizer, interest group
description content, published events, photos, and
discussion of interest group members

(3) Event: in the interest group, only the organizer can
hold the event by specifying the title, content
description, location, and time. The user can express
his/her intention to participate in the event through
the RSVP function. An event includes five key
elements:

(i) Event content: brief introduction of the event

(ii) Event organizer: the user who organizes the
event

(iii) Participating user: the user who will participate
in the event

(iv) Event location: the location of the event

(v) Event time: when the event will be held

Secondly, we introduce the properties of available enti-
ties in the second typical data set. Douban events are the
most popular EBSN in China. It contains users, interest
groups, event organizers, events, and other available entities.
The attributes of the entities it owns are described below.

(1) Users: users of Douban events have attributes such
as user name, user introduction and user shared
diary, photo album, and message

(2) Event: event information mainly includes name,
time, place, cost, type, organizer, content, the num-
ber of people interested in the event, the number of
people who will participate in the event, and the
event members who will participate in the event.
The event content is the event’s details, including
three aspects: category, title, and description

(3) Event organizer: the event organizer is the user who
will host the event and is responsible for the offline
event organization. The attributes it has are events
that have been or will be organized

The data set plays a significant role in evaluating the
event attendance prediction model. The lack of standard
data sets acquires data sets more complicated. Some studies
also need to crawl contextual information, making event
attendance prediction data more complex.

4.5. EBSN Event Attendance Prediction Evaluation
Indicators. The evaluation index plays a critical role in test-
ing and evaluating the performance of the EBSN event atten-
dance prediction model. Many evaluation indexes have been
used in event attendance prediction algorithms, such as pre-
cision, accuracy, recall, F-score, AUC, RMSE, and map.
Table 5 shows the evaluation metrics and the references that
used the corresponding metrics.

Precision and accuracy are standard information
retrieval evaluation indexes that can evaluate the prediction
list’s accuracy. The recall is used to measure how many pos-
itive examples are correctly classified. F-score is used to con-
sider precision and recall comprehensively. AUC is the area
under the ROC curve. The value of this area will not be
greater than 1, and the value range is generally between 0.5
and 1. RMSE and map are evaluation indicators based on
the error between the predicted and actual scores. The
smaller the value, the higher the accuracy.

Generally, an algorithm is unlikely to be better than
others in all evaluation indexes. Therefore, in research, mul-
tiple evaluation indexes are usually used to compare various
algorithms. It leads to selecting appropriate evaluation indi-
cators, which has a crucial impact on the event attendance
prediction algorithm.

There have been many studies on the above key technolo-
gies, but these studies still have some deficiencies as follows:

(1) The fusion of multiple contextual information is not
enough. The various contextual information used in
the existing research is insufficient, and the existing
fusion methods do not fully express the complex
relationship of the contextual information

(2) Getting accurate user preferences can also be
improved. In the existing research, it is not perfect
for obtaining users’ dynamic context preferences,
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and using different weights for different contexts is
not accurate

(3) The prediction method has limitations. With the
continuous emergence of new technologies, there
will be more and more prediction methods com-
bined with new technologies

(4) There are few utility evaluation indexes. The evalua-
tion index of the existing EBSN event attendance
prediction system is relatively simple. A single evalu-
ation index has difficulty evaluating the effect of the
algorithm accurately

Therefore, there are still many areas worthy of research
in the field of event attendance prediction in the future.

5. Future Directions of EBSN Event
Attendance Prediction

There have been many studies on event attendance predic-
tion in EBSN, but the following aspects are still worthy of
further research.

5.1. Method of Integrating Contextual Factors. In EBSN, the
user’s explicit feedback data is very sparse. So it is necessary
to combine various contextual information to get implied
feedback data from the user and to understand user prefer-
ences in various contexts to generate accurate predictions.
Typically, these factors will be combined and applied to
event attendance prediction and are rarely used alone. The
decision-making of users’ participation in events may be
affected by many factors, such as users’ personal preferences,
social relations, and the interaction between users and
friends. User preferences may vary from context to context.
Therefore, event attendance prediction technology needs to
fully use various contextual information to promote the pre-
diction accuracy of the prediction system.

Some contextual information, such as users’ social rela-
tionships, has been considered in event attendance predic-
tion. Backstrom et al. [52] found that the probability of
individual users adopting new behaviour increases with the
number of friends who have participated in the behaviour,
indicating that social friendship is crucial in encouraging
users to participate in social activities. Ye et al. [53] proved
that the influence of friends is very important for event
prediction and recommendation. Since face-to-face commu-
nication is inevitable for offline events, people usually partic-

ipate in activities with friends, making EBSN more cohesive
than ordinary social networks [1]. Georgiev et al. [16] found
that combining multiple factors is more potent than a single
feature in determining event attendance.

When fusing context to obtain user preferences, the
existing methods adopt linear combination [35], LSTM
model [41], two-way FM [42], linear regression [15], etc.

More and more contextual information needs to be con-
sidered in event attendance prediction and the relationship
between contextual information. The existing fusion
methods have increasing difficulty expressing the complex
relationship of the contextual information. Multicontextual
information fusion is a method to improve the quality of
event attendance prediction [16]. The problem of multicon-
textual information fusion has not been effectively solved in
event attendance prediction. Extensively investigate and
analyze critical contextual information and auxiliary infor-
mation data that may affect users’ decision to participate in
events. Integrate heterogeneous multisource data into pre-
dictive models. Use better fusion methods to express com-
plex relationships of contextual information. Learn the
influence weight of contextual information. These will
become essential directions for event attendance prediction.

5.2. User Preference Acquisition Method. The realization of
event attendance prediction requires user preference data.
The extensiveness of user preference acquisition can signifi-
cantly improve the accuracy of user preferences. Users usu-
ally do not know their preferences. They may not express
their preferences accurately, and it is not easy to know which
attributes of events and which values of attributes are more
important. Therefore, it is necessary to obtain user prefer-
ences through data mining methods. There are various types
of user preference data, which can be roughly classified into
two categories: explicit feedback and implicit feedback [54].
Explicit feedback is usually considered a more informative
signal of user preference. Implicit feedback is used to infer
preference information. Implicit feedback data are more
affluent and easier to collect, but it has some limitations.

In EBSN, to obtain the user behaviour preferences in
social networks, data mining is usually carried out on the
nearest neighbour users or recent projects based on the
user’s historical behaviour data to find similar behaviour
relationships and analyze them. It can also find their internal
relations through the perception of the user’s relevant con-
textual information to provide a basis for mining the user’s
implicit preferences.

User preference acquisition forms the basis of event
attendance prediction. When acquiring user preferences, it
will combine various contextual information, which expands
the amount of data to be processed, increases the complexity
of data processing, and makes the data sparser. At the same
time, different contexts have different effects on user prefer-
ences and influence weights. How to extract and represent
user context preferences effectively, determine the different
influence degree of context, and fuse multisource contextual
information to obtain more accurate user preferences is wor-
thy of further research in event attendance prediction. On
the other hand, users have various context preferences that

Table 5: Evaluation metrics and references.

Evaluation metrics References

Precision [17, 23, 30, 35, 37, 40, 42]

Accuracy [23, 35, 39, 46]

Recall [1, 17, 18, 23, 30, 35, 37, 46]

F-score [23, 35, 41, 46]

AUC [35, 36, 40, 42, 46]

RMSE [22, 47]

Map [22, 40]
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dynamically change over time. Therefore, how to obtain
users’ dynamic contextual preferences quickly is also a
research direction worthy of attention.

5.3. Prediction Algorithm. The core of event attendance pre-
diction is using a prediction algorithm to generate prediction
results. Therefore, prediction generation technology greatly
determines the utility and performance of event atten-
dance prediction. Currently, the event attendance predic-
tion generation technology still faces various problems,
mainly including context acquisition technology for high-
dimensional data, multidimensional contextual informa-
tion fusion, prediction model selection, and parameter
optimization.

In recent years, researchers have proposed some model-
based event attendance prediction methods, but these
models have limitations and have not fully met the needs.
With the development of deep learning technology, more
deep learning models exist. Deep learning models can learn
more accurate user preferences. Therefore, model-based
event attendance prediction methods need to be further
studied.

5.4. Utility Evaluation of Event Attendance Prediction. The
event attendance prediction algorithm’s quality can be eval-
uated using various evaluation indexes, such as ROC, accu-
racy, recall rate, and F value. These metrics help to select
high-quality users from the set of available users. However,
there is no standard benchmark data set and evaluation
index in the event attendance prediction. Therefore, com-
paring the advantages and disadvantages of different base-
line algorithms used in papers is difficult. The EBSN event
attendance prediction system’s user ranking is mainly based
on the similarity measurement between events and users.
The users in the prediction list are often highly similar to
each other, lacking diversity and novelty. Therefore, it is nec-
essary to introduce other evaluation indexes to evaluate the
performance of the event attendance prediction algorithm.
In the event attendance prediction, in addition to consider-
ing evaluation metrics that can improve forecast quality,
other issues need to be considered, such as prediction cover-
age and diversity.

Coverage can provide a percentage of predicting users. If
only a few users or even no users are interested in an event,
the prediction may be infeasible. Therefore, it is necessary to
expand the coverage of event attendance prediction.

Diversity is to increase the probability of novel users
related to events. Prediction based on similarity measure-
ment may make the predicted users highly similar to each
other; that is, the users are similar, leading to highly similar
prediction results of similar events. Therefore, users may be
dissatisfied with too few types of events provided by the
system.

Different evaluation indicators are suitable for different
data set characteristics and task types. Choosing the appro-
priate evaluation index is usually very important because dif-
ferent evaluation indexes may be conducive to different
algorithms. Many evaluation indexes have been used in the
event attendance prediction algorithm, and different evalua-

tion indexes have different emphases. One algorithm is
unlikely to be better than all other algorithms in all evalua-
tion indexes. General evaluation indexes measure the perfor-
mance of the algorithm. In some cases, applying incorrect
evaluation indexes may lead to inappropriate algorithms.

The utility evaluation of event attendance prediction is
one of the crucial issues in the research of event attendance
prediction. Due to the diversity of contextual information
related to event attendance prediction, the utility evaluation
of event attendance prediction becomes more difficult.
Currently, the evaluation indexes of EBSN event atten-
dance prediction systems mainly focus on accuracy but
pay less attention to prediction coverage and diversity.
The utility evaluation of event attendance prediction has
become a significant challenge in the research of event
attendance prediction.

5.5. User Information Security and Privacy Protection. In
recent years, with the increasing abundance of user informa-
tion, social network analysis methods are becoming more
and more powerful, and user information and privacy are
becoming more accessible and easier to obtain. Therefore,
user information security and privacy protection have
become the most concerning issues. EBSN platform provides
people with a convenient and colourful life, which is very
popular. Some EBSN platforms provide API access inter-
faces for adding functions and allow third-party personnel
to access the platform’s user data. Users’ personal informa-
tion can be obtained through these API access interfaces,
such as users’ location, preferences, RSVP, and event com-
ments. The introduction of open API into EBSN creates an
access method that bypasses permission settings, exposing
user data to third-party personnel, bringing a severe risk of
privacy disclosure, and causing serious privacy problems.

The problem of privacy disclosure faced by EBSN has
attracted the attention of relevant researchers. Some
researchers have investigated the problem of privacy disclo-
sure in EBSN, and some have proposed privacy protection
methods in EBSN. Chung et al. [55] tried to investigate the
problem of privacy disclosure in Meetup and analyze the
causes and possible damage of privacy disclosure in EBSN.
The authors crawled 240000 interest groups, 8.9 million
users, 27 million interest groups’ participation information,
and 78 million topic interest information from Meetup.
Analyzing the data set shows that users’ network informa-
tion is highly related to real life. After learning from the data
set using the logistic regression model, the user’s LGBT (les-
bian, gay, bisexual, and transgender) status can be predicted
with 93% accuracy, which is one of the most sensitive pri-
vacy information.

Dong and Zhou [56] conducted a comprehensive study
on the privacy problem when users’ online social and offline
social are closely coupled in Meetup and used a reasoning
analysis strategy to simulate the privacy destruction process
in Meetup. The results show that the user’s privacy can be
inferred with high accuracy using several simple and effec-
tive privacy reasoning models, which shows that the privacy
threat in EBSN is severe and brings destructive conse-
quences to users.
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Dou et al. [57] proposed a privacy protection method
based on weighted noise injection technology for recom-
mendation in the social network environment. Experimental
results show that this method has better privacy protection
performance than the traditional noise injection method.

There are many privacy disclosure problems in EBSN.
For example, in the EBSN event attendance prediction, the
prediction system provides accurate prediction, which
depends on the user’s personal information and needs to
analyze the user behaviour. Therefore, much user data is
usually required, and more contextual information is used
for prediction. However, the massive data information used
for prediction often contains much personal privacy infor-
mation. Once attackers obtain the information, they can
infer the user’s privacy from their history. Through addi-
tional information, attackers can even identify users in real
life. In this way, the user’s privacy is disclosed directly or
indirectly.

Understanding the balance between protecting users’
privacy and providing high-quality event attendance predic-
tion is very important for designing a secure EBSN. There-
fore, privacy protection is a challenging problem in EBSN
event attendance prediction.

5.6. Cold Start Problem. The cold start problem is common
and complex in event prediction. The problem will be more
serious when the predicted users and events are new. New
users and events will continue to appear in EBSN, so the cold
start problem will never completely disappear. If the event
prediction is inaccurate, new users may no longer pay atten-
tion to the event organizer.

The cold start problem is related to the sparsity of avail-
able information, such as user information and event infor-
mation. The similarity between existing events and new
events is inferred through the relevant information of event
content, and the implicit relationship between user event
preference and events is combined to put forward better pre-
diction and alleviate the cold start problem. The prediction
basis cannot be formed if no user preference information is
available. User contextual and event contextual information
can be used to obtain user preferences, such as additional
contextual information about users (user attributes, such as
gender, age, geographical location, occupation, and influ-
ence) and events (event attributes, such as event subject,
description content, holding time, and place).

Studies have used the influence of event organizers and
groups to alleviate the cold start problem. Liu et al. [1] stud-
ied how the cold start phenomenon affects the prediction
performance. When the user scale is small, the prediction
performance of the cold start problem (for example, the
event creator is the only seed of the event) is slightly worse
than a random start. However, the recall achieved by diffu-
sion of a single user is still quite good, which shows that it
is satisfactory to use diffusion to predict event attendance
in EBSN even in extreme cold start situations.

Xu et al. [17] carefully observed two types of potential
participants, namely, event organizers (“seed users” with sig-
nificant social influence) and new entrants. The study found
that almost all groups face serious “cold start” problems. Old

members often quit, and new members join. Usually, a high
proportion of new users will lead to prediction problems.
Through in-depth study of the data, it is found that signifi-
cant social influence helps to overcome the “cold start”
problem.

The event attendance prediction problem is unique because
the event’s life cycle is short. The event attendance prediction
must be effective after the event is created and before the event
starts. It leads to a more serious cold start problem. Providing
high-quality prediction for event organizers in the case of a
“cold start problem” and reliable prediction in the case of
highly scarce available data deserve in-depth research.

The six directions mentioned above are the problems
that need to be solved and studied urgently in the EBSN
event attendance prediction system. Better event attendance
prediction effects can be obtained if these problems can be
solved.

6. Summary

This paper analyzes recent research on event attendance pre-
diction in EBSN, aimed at addressing the challenges faced by
the event organizer, providing a reference for the daily oper-
ation of the EBSN platform, providing better planning and
coordination methods for the organization of events, and
providing possible research directions for event attendance
prediction in EBSN.

This paper starts with the concept of event attendance. It
summarizes the role and significance of event attendance
prediction, the challenges faced by event attendance predic-
tion, the framework for EBSN event attendance prediction,
and a brief overview of domestic and foreign research. It
summarizes the key technologies of EBSN event attendance
prediction, such as the contextual information which influ-
ences the user to participate in events, the user preference
acquisition, the methods of event attendance prediction,
the event attendance prediction-related data sets, and the
event attendance prediction evaluation indexes. Further-
more, it also looks forward to the difficulties and develop-
ment direction of EBSN event attendance prediction from
eight aspects, including the method of fusing contextual fac-
tors, the method of obtaining user preferences, the predic-
tion algorithm, the utility evaluation of EBSN event
attendance prediction, the user information security, the pri-
vacy protection, the cold start problem, and the event atten-
dance interpretation.
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