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Abstract. Event-based social networks provide people with fantastic
platforms to improve their relationships and make friends through offline
and online activities. Predicting the event attendance of users is a chal-
lenging problem and solved by many techniques. Recently, the outbreak
of Covid-19 changes the ways that users participate in events, from offline
to online. In this paper, we study the problem of user recommendation
within the context of the Covid-19 pandemic. To address this problem,
we first analyze the information of events to obtain three factors, i.e.,
content, time, and location. Then, we propose a new recommendation
model to compute scores of new events with respect to participated
events of each user. Finally, the top N events with the highest scores
are recommended to the user. Extensive experiments were conducted on
a real Meetup event dataset, and the results have shown that our model
outperforms comparison methods.
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1 Introduction

Event-based social networks (EBSNs) [7,11] enhance the interactions and rela-
tionships among people by providing flexible platforms for them. People use
these platforms to make offline activities and invite others to attend with them.
Meetup1 is considered as a famous example of EBSNs. Figure 1 demonstrates
an example of EBSNs and descriptions of events in EBSNs. We can observe that
the information of events includes content, time, location, as well as a list of
attendees. When an event appears in Meetup, the event will be recommended
to a user if it is relevant to the user’s participated events. Users can attend sev-
eral events with different contents, and events can be hosted in different places.
Several research problems are listed in EBSNs, such as event recommendation
and user recommendation. Many works [4,8,9,11,13,16] have been proposed to
address these problems. The Covid-19 pandemic recently appears and affects
1 meetup.com.
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Fig. 1. Example of event-based social networks.

almost all outdoor activities across the world in the year 2020. For example,
many football matches are delayed or even canceled. By investigating a crowded
city, London, UK, we find that the topics and the types of events are signifi-
cantly changed. Particularly, outdoor activities change from offline to online, or
even they are canceled. And, the numbers of participants are fluctuated due to
the Covid-19 crisis. These facts also make users change the way to take part in
events.

Therefore, in this paper, we study the user recommendation problem within
the context of the Covid-19 through an investigation of EBSNs. We formulate
this problem as follows: Given a user u with a list of participated events, the goal
is to recommend the top N upcoming suitable events to user u.

We study this problem in the context of the Covid-19 pandemic, which hap-
pens in London in the first nine months of 2020, from January to September.
The information of events is extracted into content, location, and time factors.
We first convert contents into vectors of terms in order to measure the similarity
between events contents. Cosine similarity is adopted to measure the relevance
between events’ contents. Then, similarities between events based on time and
location factors are measured. Finally, we propose a new recommendation to
compute the relevance score of a new event with respect to a list of participated
events of a user u. Events with higher scores will be recommended to user u.

An empirical study was conducted on the real world dataset. The experimen-
tal results have shown that the improvement of our proposed model over three
baseline methods. We also find that the content factor is the most critical one
that affects the decisions of users.

The remainder of this paper is organized as follows. Section 2 analyzes Meetup
event characteristics. The proposed model is presented in Sect. 3. Section 4
presents the empirical study. Related work is included in Sect. 5. Section 6 gives
conclusions and new research directions of this work.

2 Meetup Event Analysis

In this section, we discuss three essential factors, i.e., text (or content), time,
and location, that influence users to join events. The relevance score between
two events, ei and ej , can be represented by the three factors.
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2.1 Text Factor

Since an event’s text can be represented as a vector of terms, we compute the
similarity between events’ contents. Given two events ei and ej with two vectors
of terms T i and T j , the similarity between them is defined as the following Eq. 1:

t(ei, ej) =
T i · T j

‖T i‖‖T j‖ (1)

where t(., .) is the cosine similarity score between two events, the value of t is
from [0, 1]. The higher value of t indicates that two events are much relevant.

2.2 Time Factor

We divide the time factor of events into two factors: the day of week factor and
the time of day factor. The temporal similarity score between events can be
defined as the following equations:

w(ei, ej) =

{
1 if day(ei) = day(ei)
0 otherwise

(2)

where w(.,.) is the similarity score between two events based on the day of week
factor, and day(.) presents weekly days (for instance Sunday). The similarity
based on the time of day factor between two events is computed as Eq. 3.

h(ei, ej) = e−
(ei(t)−ej(t))2

2 (3)

where ei(t) is the time of day of event ei, for instance, 7pm.

2.3 Location Factor

We calculate the location similarity between events as Eq. 4:

d(ei, ej) = e
−l(ei,ej)2

2 (4)

where l(ei, ej) is the distance in miles between the two locations of two events.

3 Recommendation Model

We propose a new recommendation model to provide a user with a list of N new
events. Given a list of new events En and a user u with a list of participated
events Ep, the goal is to offer user u the top N new events relevant to Ep.

Each event ej in En, Algorithm 1 is first used to calculate relevance score
sj of ej w.r.t. Ep. Then, all events in En are sorted by the relevance score s in
descending order. Finally, the proposed model will recommend the top N new
events with the highest scores s to user u. If two events have the same score s,
one event with a higher score d will be selected. Score d is computed by Eq. 8.
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Algorithm 1. Relevance score (ej , Ep)
Initial: Given a set of participated events Ep, a new event ej .
Given a threshold α, the value of α is from 0 to 1.
for each event ei in Ep do

tij(e
i, ej) is computed by Eq. 1; wi

j(e
i, ej) is computed by Eq. 2;

hi
j(e

i, ej) is computed by Eq. 3; di
j(e

i, ej) is computed by Eq. 4

end

wj =
Σ|Ep|wi

j

|Ep| ; (5)

hj =
Σ|Ep|hi

j

|Ep| ; (6)

tj =
Σ|Ep|tij
|Ep| ; (7)

dj =
Σ|Ep|di

j

|Ep| ; (8)

sj = α × tj + (1 − α) × (wj × hj) (9)

4 Empirical Study

We have collected a real Meetup event dataset of London city from Meetup,
from January to September 2020. That contained 19761 events and 18237 users,
in which each event had at least five attendees, and each user engaged in at
least five events in the time period. We used Lucence2 to generate terms for
events contents. Figure 2 describes the total number of events (19761) and only
the number of online events (8580) in the first nine months of 2020. Figure 3
illustrates the distribution of users and events in the dataset. We can observe
that the majority of users attend less than 15 events and the majority of events
have less than 20 attendees. For more details, the average number of attendees
per event is 19, and the average number of participated events per user is 12.

4.1 Setup

We split the collected dataset into three datasets and used them in experiments
as follows:

– Dataset 1. Events that were collected from January to March were consid-
ered as the participated events. All events were obtained from April to June
as the new events.

2 https://lucene.apache.org/.

https://lucene.apache.org/
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Fig. 2. Number of events in the first nine months of 2020.

(a) Event distribution - London (b) User distribution - London

Fig. 3. Distribution of events and users in the first nine months of 2020.

– Dataset 2. Events from April and June were taken as the participated ones,
and events from July to September were treated as the new ones.

– Dataset 3. Events from January to June were used as attended ones, and
events from July to September were considered as the new ones.

4.2 Baseline Methods

We compare the proposed model with three baseline methods; they are listed as
follows:

– Location-based model (LM). The relevance score of each new event ej is
computed by Eq. 8.

– Text-based and location-based model (TLM). The score of event ej is calcu-
lated as tj × dj ; tj is defined by Eq. 7, and dj is expressed by Eq. 8.

– Text-based model (TM). The score of event ej is calculated by Eq. 7.
– The proposed model(PM). The score is computed in Algorithm 1 and

described in Eq. 9.
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4.3 Evaluation Metrics

We use precision P@N and recall R@N metrics to evaluate the performance of
recommendation models, where N is the number of top events recommended to
each user. The two metrics are obtained for each user, and the overall precision
and recall are achieved by averaging these accuracies of all users.

Algorithms were implemented in Java and executed on a machine with
2.6 GHz dual-core CPU and 8 GB main memory.

4.4 Experimental Results

We compare the performance of the proposed method with three baseline meth-
ods. The experiments were conducted on the three different split datasets.
Figure 4 shows the recall and the precision metrics of the four comparison meth-
ods, and the number of events is set to 5, 10, and 15.

We can observe that the proposed model outperforms the other methods in
the three datasets. LM is the worst method because LM gives a list of events
without considering contents to users. Moreover, these events are created in
the same places or can be held online; hence, LM produces the worst results.
In event-based social networks, users often engage in events on similar topics;
therefore, TM produces accuracies of recall and precision much higher than LM
and TLM. However, one factor is not enough to predict the event attendance
of users because their decisions also depend on location and time factors.

The proposed model PM is formed by the combination of terms, time, and
location. In other words, the location, time, and text scores are taken into
account for computing the relevance score of each new event with respect to
a set of participated events. Therefore, PM can select relevant events in terms
of contents, time, and location. Moreover, we evaluate different values of param-
eter α to achieve the best performance; the value of α = 0.95 is an optimal
value in our proposed model for three datasets. That is why PM yields the best
results in the two metrics.

Dataset 2 and Dataset 3 have the same list of new events that are extracted
from July to September; hence, the results from these two datasets are not much
different. Moreover, the results of these two datasets are much higher than those
of Datasets 1. We explain that as follows: 1) Dataset 1 contains a part of the
number of online events while the other datasets contain all online events (seen
in Fig. 2). 2) At the end of March, London was lockdown; so, people could not
join some common outdoor activities. These facts reduce the performance of all
methods in Dataset 1.
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(a) Recall - Dataset 1 (b) Precision - Dataset 1

(c) Recall - Dataset 2 (d) Precision - Dataset 2

(e) Recall - Dataset 3 (f) Precision - Dataset 3

Fig. 4. Performance of the four methods.

5 Related Work

Several research problems were defined in event-based social networks [5], such
as recommendation and group activeness [12]. The problems of event recom-
mendation and user recommendation have attracted a lot of interest from
researchers [8,17,19]. Event recommendation provides an event with a list of
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users by investigating the behaviors of users and influences on them [8,11,13],
and analyzing the online and offline social interactions with geographical places
to be used in matrix factorization methods [10,18].

The problem of user recommendation was studied in [2,7,9,18]. They
exploited the social contexts and the behaviors of users in event-based social
networks to recommend suitable events to each user. Hannon [3] defined a
friend recommendation problem by studying Twitter network. This problem
was extended by some works [6,13–15], such as activity recommendation [14]
and active friend [13]. The problem of friend recommendation was addressed by
exploiting the relationships among users, and the interactions between users and
events contexts in those works. Multiple recommendation problems were studied
and solved in one framework, such as a graph-based model [9] and a probabilistic
model [1].

6 Conclusions and Future Work

In this paper, we have presented the problem of user recommendation in event-
based social networks. This study is conducted on the real collected data within
the Covid-19 pandemic in London. Three factors of events are first analyzed to
understand the event attendances, i.e., content, location, and time factors. Then,
we propose a new model to provide each user with a list of proper events. The
empirical results have shown that the proposed model outperforms the baseline
methods. Due to Covid-19, many events are held online via Zoom or Skype
services; therefore, the content factor is the key feature in the decisions of users
to participate in events.

This work opens two promising directions for future work: 1) recommen-
dation problems within this pandemic in different countries; 2) changes of the
relationships between users and the interactions between users and events in
social networks when a certain crisis happens in real life.
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