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Abstract—In event-based social networks, an event recommender helps users to discover events that align with their
preferences from a large number of upcoming events. In this
paper, we propose a personalized event recommender called SoCaST based on the geographical, categorical, social and temporal
influences of events on users to provide event recommendations.
SoCaST uses an adaptive Kernel Density Estimation (KDE) to
model the personalized two-dimensional geographical location.
The categorical influence indicates how an event category is
relevant to a user and its popularity, while the social influence is
modeled as the relevance of a group to a user and her friends.
Furthermore, geographical, categorical, and social influences are
fused with the temporal influence which is modeled through the
KDE method to generate event recommendations. Performance
evaluation of SoCaST is conducted by using two large-scale
Meetup.com data sets. Experimental results show that SoCaST
provides better event recommendations than the state-of-the-art
recommendation techniques.

I. I NTRODUCTION
The task of searching for events that best match a user’s
preference has become a difficult task in event-based social
networks (EBSNs) with a large number of available events,
e.g., Meetup.com publishes a monthly average of 585,041
events to individuals and groups [1]. In an EBSN, as depicted
in Fig. 1, users can join various groups and group organizers
can create events (e.g., party, boat trip, and hiking) for their
members. One of the most important functions in EBSNs
is event recommendation which models a user’s preferences
based on her attendance history to recommend upcoming
events to her.
Most of the existing event recommendation techniques
model user preferences based on some of the following
influences. (1) The content influence. An event can usually
be described by keywords (e.g., hiking, bar, and fishing) that
characterize it and most time a user always check to see if
they match her interests. Studies [2], [3] employed dictionarybased similarity computational approach on event description.
However, the category of events is better and easier than
keywords for people to search relevant events [4]. (2) The
geographical influence. The geographical location of an event
has a significant influence on attendance behaviors of a user.
Techniques such as Kernel Density Estimation (KDE) [3],
Gauss formula [2], and K-means [5] have been exploited to
estimate the geographical preference of a user. Unfortunately,

User
Social link
Group

location
n
time
day

location
n
time
day

location
n
time
day

location
n
time
day

location
n
time
day
location
n
time
day

Event

Fig. 1. An event-based social network

these studies used one-dimensional geographical distance between locations which does not reflect the geographical attributes associated with locations. (3) The social influence. In
EBSNs, social relationships are in the form of groups; thus,
most existing techniques estimate social influence based on
the level of attendance in a group [3], group membership [6],
friendship [7], [8], and aggregation of friendship and group
membership [9]. (4) The temporal influence. Time has a
significant influence on user’s attendance in EBSNs. Various
techniques (e.g., Gauss formula [2] and cosine function [3])
were used to estimate temporal influence for event recommendations on time slices from past events participated by the user.
Real-world motivating examples. Many studies have verified that geographical and temporal influences have significant
effects on user preferences in location-based applications
(e.g., [10] and [11]). In this work, we focus on the new
categorical influence for EBSNs. We use real world examples to illustrate how the categorical influence affects the
behaviors of users in EBSNs. We conducted analysis to show
the behaviors and preferences of users in relation to their
categorical preferences on data sets crawled from Meetup.com.
Three users are selected in Meetup.com New York data set
in which Users 1, 2, and 3 have attended 387, 217, and 306
events, respectively. Fig 2 depicts the distributions of the three
users’ category preferences. User 1 likes events in recreation
and language categories; User 2 loves to attend events for
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Fig. 2. The categories of events attended by the three selected users in the
Meetup.com New York data set

socializing; and User 3 is interested in events about food and
health. Therefore, this analysis shows that users in EBSNs
have different individual preferences on event categories.
In this paper, we propose an event recommendation framework, called SoCaST, for EBSNs to recommend events for
users based on the social, categorical, and spatio-temporal
influences. (1) Geographical influence modeling. We learn
the geographical influence of events by employing an adaptive KDE technique [12], [13] to model the personalized
two-dimensional locations (i.e., longitude-latitude coordinates)
distributions of each individual user. Our geographical influence model with adaptive KDE bandwidth gives more
accurate predictions than the existing methods based on Kmean clustering [5] or one-dimensional distance [2], [3].
(2) Categorical influence modeling. Each user’s preferences
on event categories are represented as a vector consisting of all
event categories, and then we adopt the term frequencyinverse
document frequency (TF-IDF) technique to estimate a user’s
preferences on event categories. Our approach is different from
the existing studies [2], [3] which focused on the content influence extracted from events’ description. (3) Social influence
modeling. We consider the relevance of the group to a user
and other group members to model the social influence. Our
method is different from the existing ones which only depend
on the user’s preference [7] or her friends’ preferences [3].
(4) Temporal influence modeling. The temporal influence
of an event is modeled by employing the KDE technique to
estimate the time probability density of a user participating
in the event based on the temporal information of past events
attended by users.
The main contributions of this paper are summarized as
follows:
• The geographical influence model of SoCaST using the

adaptive KDE technique for the two-dimensional geographical information of event locations is presented in
Section IV-A.
• We use the TF-IDF technique to estimate the categorical influence of events on users based their attendance
history. (Section IV-B)
• For the social influence, we consider the relevance of the
group to a user and other group members. We model
the temporal influence by employing the KDE technique
to determine the probability density function to capture
the user’s preferences on temporal factors. (Sections IV-C
and IV-D)
• The geographical, categorical, social and temporal influences are integrated together for personalized event
recommendations to the target user, as discussed in Section IV-E.
• Extensive experiments are conducted on two large
Meetup.com data sets in New York and San Francisco,
USA, to evaluate the performance of SoCaST. Experimental results show that SoCaST performs better than the
state-of-the-art event recommendation techniques and the
geographical, categorical, social and temporal influences
are important user preferences for event recommendations. (Sections V and VI)
The rest of this paper is organized as follows. Section II
highlights related work. The system model of SoCaST is
defined in Section III. Section IV describes the modeling
of geographical, categorical, social, and temporal influences
for SoCaST. Performance evaluation and experimental results
are explained in Sections V and VI, respectively. Finally, we
conclude this paper in Section VII.
II. R ELATED W ORK
In this section, we highlight related work grouped them into
two categories, namely, conventional and event recommender
systems.
A. Conventional Recommender Systems
Recommender systems analyze users’ historical ratings on
items to build models that predicts users’ ratings on new
items and recommend the top items with the highest predicted
ratings to users. The geographical, categorical, social and
temporal influences are usually considered in recommender
systems.
Geographical influences. To exploit geographical influences in location recommendations, collaborative filtering
techniques are used to estimate the user’s preference on a
location [14], [15] and sentiment analysis techniques are also
employed to process tips in forms of likes and dislikes which
indicate checked-in user’s ratings to venues in location-based
social networks [16]. With the assumption that the probability
of a user visiting a location is a function of its distance,
all location check-in history records are transformed into
geographical distance distributions that are used to estimate
the probability of the user visiting a new location [17].
Furthermore, the KDE method can be used to model the

geographical check-in distribution of locations for each user
over the latitude and longitude coordinates [18], [19].
Categorical Influences. Information extracted from items’
descriptions or users’ preferences can be exploited to provide recommendations to users. Conventional content-based
filtering techniques use item’s attribute to match user’s preferences [20], [21] or determine the similarity between different items’ attributes [22]. Other techniques that have been
exploited include sentiment analysis [23] and TF-IDF [18].
Social influences. With the growth of social networks
such as Twitter and Facebook, social links among users have
been utilized to improve the quality of recommendations and
alleviate the data sparsity and cold-start problems. Friends
visit more common locations than other people, and thus
friend-based collaborative filtering is used to recommend new
locations to a user based on her friends’ visited locations [24],
[25], [26], [4].
Temporal influences. The role of temporal influence as
it affects people’s activities and preferences has been widely
studied [27], [28], [29], [10]. Every user’s checked-in time is
split into eight equal-interval periods in a day and employed
probabilistic tensor factorization algorithm to model the time
influence on the user [30]. Similarity, time is split into hours
of a day and stored as an additional dimension to a user-venue
matrix [17], i.e., a user-time-venue cube, in which a cell is set
to one for a visited venue at a particular time; otherwise, the
cell is set to zero; the cube is then fed into a collaborative
filtering algorithm. Modeling time drifting patterns in user
behavior (i.e., the popularity of an item and the baseline ratings
of a user change over time) was considered to improve the
quality of recommendations [31].
B. Event Recommender Systems in EBSNs
In this section, we distinguish SoCaST from existing event
recommendation techniques proposed for EBSNs.
Geographical influences. To model the geographical influence of an event, Gauss formula is used to compute the
similarity between the distance of an event location and a
user’s attendance history [2]. Similarly, the distance of the
target event on the Gaussian distribution of the previously
attended events is modeled through the KDE method [3].
With the assumption of knowing users’ current locations, the
distance between the target user and other users that have
attended events together is used to model the geographical
location influence [6]. In contrast, K-means and Gaussian distributions are used to compute the probability of the location
of an event in a region based on a user’s historical attended
event locations to predict her regional preference on an event
location [5]. In SoCaST, the geographical influence of events
on a user is modeled by using the adaptive KDE method over
two-dimensional latitude and longitude coordinates of event
locations in ESBNs.
Categorical influences. In EBSNs, an event is associated
with description and category types that help users decide
whether to attend or not. Content-based influences have been
widely explored, e.g., content-based similarity method [32],

TF-IDF technique [3], and latent Dirichlet allocation (LDA)
technique [2] are used to compute the content influence. In this
work, we consider categories of events and determine how an
event category is relevant to a user and her friends in a group
based on their historical attendance records.
Social influences. The social relationships or links are in
the form of groups in EBSNs, i.e., a member has a social link
with each of other members in a group. Thus, the simplest way
of modeling the social influence of events on users is based
on the group membership [6], [33]. In contrast, friendships
without considering group membership were be employed [7],
[8], [32]. Also, social influences can be modeled through
both friendships and group membership [9], or participation
records in a group [3]. The methods considering friendships
and attendance records usually result in low-quality event
recommendations due to the cold-start user problem (i.e., new
members in a group have not had any strong relationship with
other group members or attendance record yet). In SoCaST,
we model the social influence of events in a group based on
the relevance of the group to a user and its members.
Temporal influences. The time of an event has a great
impact on a user decision whether to attend the event. Gauss
formula is employed to model temporal influences based on
the hour of the day and the day of the week of events [2]. The
event time can also be split into 24 × 7 matrix and the cosine
function is employed to compute the temporal influence [3]. In
SoCaST, the time probability density of an event is estimated
based on the temporal intervals of past events participated by
users through the KDE method.
III. S YSTEM M ODEL
The key terms and problem of SoCaST are defined in this
section. Table I lists key notations used in this paper.
Definition 1: Event. An event e ∈ E is defined as a tuple
of e = (e.t, e.l, e.c) where e.t, e.l, and e.c indicate the time,
location, and category of e, respectively, and U (e) is a set of
users committed to join e.
Definition 2: Group. A group g ∈ G has its members U (g)
and events E(g).
Definition 3: Social Link. Given two users ui , uj ∈ U , ui =
uj , a social link (or friendship) is established between ui and
uj (i.e., link(ui , uj ) = 1), if both ui and uj are in a common
group (i.e., ui , uj ∈ g and g ∈ G); otherwise, link(ui , uj ) =
0, i.e., ui and uj do not have any common group.
SoCaST is designed to recommend events to users in an
EBSN, given a set of users U = {u1 , u2 , . . . , u|U| }, a set
of groups G = {g1 , g2 , . . . , g|G| }, and a set of events E =
{e1 , e2 , . . . , e|E| }, where |U |, |G|, and |E| are the total number
of users, groups, and events, respectively. Each user ui can join
multiple groups G(ui ) (i.e., ui ∈ U and G(ui ) ⊆ G) as their
members, each group gj can create events E(gj ) (i.e., gj ∈ G
and E(gj ) ⊆ E) for its members U (gj ) (i.e., U (gj ) ⊆ U ) to
attend.
Problem definition. Given a user u in group g, the goal is
to determine the relevance scores of geographical, categorical,
social, and temporal influences of events in E(g) based on u’s

TABLE I
N OTATIONS AND THEIR MEANING
Symbols
E
U
G
C
E(g), U (g)
G(u)
L
L(u)
T
D(u)
link(ui , uj )

Meaning
Set of events E = {e1 , e2 , . . . , e|E| }
Set of users U = {u1 , u2 , . . . , u|U | }
Set of groups G = {g1 , g2 , . . . , g|G| }
Set of categories of events C = {c1 , c2 , . . . , c|C| }
Sets of events and users of group g
Set of groups joined by user u
Set of past event locations
Set of past event locations visited by u
Set of time intervals T = {00 : 00, 00 : 01, . . .,
23 : 59}
Set of time sample of events participated by user u

if ui and uj are in a common group (i.e., have a social
link), link(ui , uj ) = 1; otherwise, link(ui , uj ) = 0
ML (|U |, |L|) Visit matrix: ml (u, l) is the frequency of user u visiting
location l to attend events
MP (|U |, |G|) Group participation matrix: mp (u, g) is the number of
g’s events attended by user u
MT (|U |, |T |) Time matrix: mt (u, t) is the number of events scheduled
at t ∈ T and attended by u
MC (|U |, |C|) Category preference matrix: mc (u, c) is the number of
c’s events participated by user u

preferences, and recommend the top-k events with the highest
relevance scores to u.
IV. M ODELING OF P REFERENCES FOR
R ECOMMENDATIONS
In this section, we present how a user’s preferences are
modeled with respect to the geographical, categorical, social,
and temporal influences (Sections IV-A to IV-D), and integrate
them to provide event recommendations for the user (Section IV-E).
A. Geographical Influence Modeling
To model the geographical influence of events, we use
the adaptive KDE method to model the personalized twodimensional location distribution of a user. We compute the
geographical influence using the adaptive kernel density estimation technique in three steps which include pilot estimation,
local bandwidth determination, and adaptive kernel estimation [4].
Step 1: Pilot estimation. In our SoCaST, the pilot estimation is computed based on the densities from KDE with fixed
bandwidth. As we consider an event’s location as a pair of
latitude and longitude (lat, lon), the KDE function for L(u)
(i.e., the set of locations visited by u to attend events) of user
u is defined as:



1
l − li
fˆ(l) =
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(1)
m
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l
)
·
K
l
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where li = (lati , loni )T is a two-dimensional location vector,
σ is the bandwidth, N is the number of locations in the
samples, and K(.) is the Gaussian kernel function [12] that is
given as:
1 − 1 xT x
K(x) =
e 2
.
(2)
2π

Algorithm 1 The computation of fA (l|L(u)) using the adaptive KDE method.
Input: A set of locations visited by user u to attend events:
L(u) = {l1 , l2 , · · · , l|L(u)| }.
Output: For each upcoming event, the probability (i.e.,
fA (l|L(u))) of u visiting l to attend it.
1: fˆ(l) ← 0 // Initialize estimates fˆ(l)
2: Compute a pilot estimation fˆ(l) that satisfies fˆ(li ) > 0 as
given in Equation 1
3: for each upcoming event at location l that u can attend
do
4:
Compute the geometric mean ĝ by Equation 5
5:
Compute the local bandwidth weight wi by Equation 4
6:
for each li ∈ L(u) do
i)
i
7:
z ← z + ml (u,l
· K( l−l
wi
wi σ )
8:
end for
9:
fA (l|L(u)) ← Nzσ2
10: end for

The bandwidth for the Gaussian kernel is defined as:

σ̂ T σ̂
− 16
,
(3)
σ=N
2
where σ̂ is the sample standard deviation.
Step 2: Local bandwidth determination. This step combines the features of nearest neighbour and kernel approaches [34] by increasing or decreasing the bandwidth in an
area where the data density is low or high, respectively [12].
This is because the main idea of the adaptive KDE technique
is to remove noise in an area where the distribution of data
is sparse, but recover details in another area where data are
dense. We first determine the initial estimation to derive a
series of bandwidths that correspond to the observations; this
estimation gives an overview of the density [34], and then
construct the adaptive estimation from the bandwidths. The
local bandwidth weight is inversely proportional to the initial
density estimation and can be computed by:
 12

ĝ
wi =
,
(4)
fˆ(xi )
where ĝ is the geometric mean of the observations fˆ(xi ) that
is given as:
n
 n1

ĝ =
.
(5)
fˆ(xi )
i=1

Step 3: Adaptive kernel estimation. With the local bandwidth wi computed by Equation 4, this step computes the
probability of user u attending an event at location l as below:
 ml (u, li )
1
l − li
). (6)
· K(
fA (l|L(u)) =
2
Nσ
wi
wi σ
li ∈L(u)

Algorithm 1 outlines the process for estimating fA (l|L(u))
through Equation 6. The local bandwidth weight is dependent on the pilot estimation that is computed once by using

Equation 1 for all n upcoming events. After that, for each
upcoming event at location l that user u can attend (Lines 3
to 10 in Algorithm 1), we compute local bandwidth wi by
using Equations 4 and 5 (Lines 4 and 5), and then compute the
probability of u visiting location l to attend the corresponding
event based on Equation 6 (Line 9).
As a result, the geographical influence of event e at location
e.l on user u is computed by:
GI(e, u) = fA (e.l|L(u)).

(7)

B. Categorical Influence Modeling
The category of an event plays a significance factor for
a user to decide whether to attend an event in EBSNs. For
example, in Meetup.com, each event is associated with at least
one category. The frequency of an event’s category attended
by a user indicates her preferences on event categories. The
categorical influence involves the user’s preferences on the
event category and category popularity.
Category relevance to a user. Let C(u) be a set of
categories of events attended by user u. The relevance of the
category of event e to u is given as:
ĉ(e.c, u) = tf-idf(u, e.c),

(8)

where tf-idf(u, e.c) is the term frequency-inverse document
frequency weight [35] of user u for event’s category e.c, that
is computed by:
tf-idf(u, c) =

ui ∈U(g)

maxcj ∈C

tf-idf(ui , e.c)

ui ∈U(g)

tf-idf(ui , e.cj )

(9)

.

(10)

Finally, the categorical influence of event e associated with
category e.c on u in group u is estimated as:
CI(u, c, g)) = [ĉ(e.c, u) + ĉp (e.c, g)]/2.

ŝ(u, g) =

mp (u, g)
,
maxgi ∈G(u) {mp (u, gi )}

(12)

where mp (u, g) is the number of g’s events participated by u.
Social group relevance. To compute social group relevance,
the similarity of the group relevance of user u’s friends in
group g (Definition 3) is estimated as follows:
ui ∈U(g)∧ui =u

sg (u, g) =

sim(u, ui ) · mp (ui , g)

ui ∈U(g)∧ui =u


where sim(ui , uj ) =





gk ∈G(ui )

gk ∈G(ui )

sim(u, ui )

,

(13)

mp (ui ,gk )·mp (uj ,gk )

mp (ui ,gk )2 ·





gk ∈G(ui )

mp (uj ,gk )2

calculates the similarity between users ui and uj . Then, s(u, g)
is normalized as:
ŝg (u, g) =

s(u, g)
.
maxgi ∈G(u) {s(u, gi )}

(14)

Finally, the social influence of group g on user u is determined
as:
SI(u, g) = [ŝ(u, g) + ŝg (u, g)]/2.

(15)

D. Temporal Influence Modeling

|E|
mc (u, c)
· log
,
|E(u)|
|E(c)|

where mc (u, c) is the number of c’s events attended by u,
|E(u)| is the total number of events attended by u, and E(c)
is the set of events associated with category c.
Category popularity. In EBSNs, a user joins other members of a group to participate in an event. The perception of
the members about the event’s category is important and thus
our categorical influence model takes the category popularity
into consideration. Given group g for event e and a set of users
of group g (i.e., U (g)), the category popularity of c in group
g is given by:
ĉp (e.c, g) =

Group relevance to a user. Let G(u) be a set of groups
that user u joins for event participation. The group relevance
of u is given as:

(11)

C. Social Influence Modeling
Each user can join at least one group and participate in
events created and published by their corresponding groups.
This means that when a user joins more than one group, she
can have some preferred groups, namely, the relevance of a
group to a user. In addition, as all the members in a group
are considered as friends, the relevance of a group to a user’s
friend is also involved in the social influence model.

In SoCaST, rather than breaking down the continuous time
into discrete time slices which can result into time information
loss, temporal influence on a user can be modeled by employing the non-parametric KDE technique to estimate the time
probability density of an event.
Let D(u) be the time sample drawn from distribution
with an unknown probability density f (t|D(u)) that user u
attended. The f (t|D(u)) is given by:
f (t|D(u)) =

1
|D(u)|σ



mt (u, ti ) · K(

ti ∈T (u)

t  ti
),
σ

(16)

where σ is the bandwidth, K(.) is the kernel function given
in Equation 2 and satisfy the condition:
∀x, K(x) ≥ 0 and

−∞

K(x)dx = 1.

(17)

+∞

t  ti is the time difference between two instances of time
(i.e., t and ti ). We adopt the time difference technique of [11]
and it is given by:

|t − ti| ≤ 12 : 00;
|t − ti |,
(18)
t  ti =
24 : 00 − |t − ti |, |t − ti| > 12 : 00.
Thus, the temporal influence is determined as:
T I(e, u) =

f (t|T (u))dt.
t∈T

(19)

E. Event Recommendations
In SoCaST, we combine the geographical, categorical, social and temporal influences into unified preference score
sp (e, u, g) for user u with respect to event e using the product
rule:
sp (e, u, g) = GI(e, u) · CI(u, c) · SI(u, g) · T I(e, u). (20)
For each upcoming event e in group g that can be attended by
user u, we compute its preference score (i.e., sp (e, u, g). The
top-k events with highest preference scores are recommended
to u.

and recall is the ratio of the number of recommended topk events that user u attended to the total number of events
attended by u, i.e.,
Recall =

No. of the top-k events attended by u
.
No. of events attended by u

Furthermore, the number of recommended events (i.e., top-k)
varies from 2 to 50 for regular users, but 1 to 10 for coldstart users due to the small total number of events attended by
them.

V. E XPERIMENT S ETTINGS

VI. E XPERIMENTAL R ESULTS

In this section, we describe the data sets, baseline techniques, and performance metrics.
Data sets. All experiments are conducted on
Meetup.com [1] event data sets in New York (NY) and
San Francisco (SF), USA. Table II gives the statistical
summary of the data sets. We divide each of the data sets into
training and testing sets based on timestamps, i.e., 60% event
data with earliest timestamps are considered as the training
set and the remaining event data are constituted as the testing
set.

This section analyzes the experimental results and evaluates
the performance of our SoCaST by comparing its quality of
event recommendations with the baselines in Sections VI-A
and VI-B). The contributions of the geographical, categorical,
social, and temporal influences of SoCaST are studied in
Section VI-C.

TABLE II
T HE STATISTICAL SUMMARY OF THE DATA SETS

SF
NY

Members

Events

Groups

Venue

RSVP

324,485
910,938

169,120
432,938

11,367
13,906

18,126
35,623

1,665,591
3,614,720

Evaluated event recommendation techniques. Our proposed SoCaST is compared with the state-of-the-art event
recommendation techniques as listed below:
• SRE: This technique exploits social influences of users
(i.e., friends) in EBSNs for event recommendations [8].
• CFM: CFM exploits the collaborative filtering technique
and dynamics on temporal influences for users [31].
• CAER: This technique considers event description, time,
social group, and geographical location to rank and
recommend events to users [3].
• PAAT: This method uses singular value decomposition
with a multi-factor neighborhood to predict events attendance for members by exploiting time, distance and event
description [2].
Performance metrics. In event recommendations, it is
important to find the number of recommended events that a
target user actually visited in her testing data set. In this regard,
the standard metrics, namely, precision and recall [19], are
used to measure the quality of recommendations of SoCaST.
Precision is the ratio of the number of events that a user
attended to the total number of recommended top-k events,
i.e.,
Precision =

No. of the attended top-k events
,
No. of the top-k events

A. Comparison of Event Recommendation Techniques
Fig. 3 depicts the quality of event recommendations in the
NY and SF data sets. SoCaST gives the best performance in
terms of both the precision and recall for all values of k.
SRE. Since SRE exploits only social influence, it gives the
worst performance.
CFM. CFM considers the collaborative social and temporal
influences; and thus it performs better than SRE. However,
its performance is worse than CAER, PAAT and SoCaST
because it ignores the geographical influence of events in
EBSNs.
CAER. CAER performs better than SRE and CFM. CAER
computes the geographical influence by modeling the distance
between the pair of home and event locations and integrates it
with social and temporal influences. However, its performance
is worse than SoCaST.
PAAT. PAAT uses distance similarity to estimate the geographical influence of an event and aggregates it with content,
social and temporal influences for recommendations. Although
it performs better than other baselines, its recommendation
quality is still worse than SoCaST.
SoCaST. Our SoCaST achieves the best performance in
terms of both the precision and recall. The reason is that
SoCaST has more sophisticated geographical, categorical,
social, and temporal influence models: (1) SoCaST models
the geographical influence by exploiting the personalized twodimensional geographical locations through the adaptive KDE
technique. (2) SoCaST models the categorical influence based
on the relevance of an event category to a user and her
friends. (3) SoCaST models the social influence based on
the relevance of a group to a user and her friends. (4) For
the temporal influence, SoCaST further considers the time
probability density function of events for a target user.
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Fig. 3. Performance of event recommendation methods
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Fig. 4. Performance of event recommendation methods for cold-start users
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Fig. 5. Performance of the geographical, social, and temporal influences of SoCaST
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Fig. 6. Performance of the geographical, social, and temporal influences of SoCaST for cold-start users

B. Comparison of Event Recommendation Techniques for
Cold-Start Users

than the evaluated techniques for both regular users (Fig. 3)
and cold-start users.

Users with only a few attendance records are considered as
the cold-start users and the performance of SoCaST for coldstart users is depicted in Fig. 4. Experimental results show that
SoCaST also performs better than all the baselines in terms of
both the precision and recall. Therefore, we can conclude that
SoCaST provides higher quality of event recommendations

C. Contribution of the Geographical, Categorical, Social and
Temporal Influences in SoCaST
The contribution of geographical, categorical, social and
temporal influences of SoCaST based on Equations 7, 11,
15, and 19, respectively, for regular users (Fig. 5) and coldstart users (Fig. 6) is studied. The experimental results show

that (1) each influence plays a significant role in SoCaST for
event recommendations, (2) the geographical and categorical
influences are more important than the other two influences,
and (3) the social influence is more important than the temporal influence. The results give us an invaluable insight that the
influences do not have the same importance; and thus, one of
our research directions is to design an adaptive fusion method
for the influences.
VII. C ONCLUSION
In this paper, we proposed the event recommendation framework called SoCaST that recommends events for users in
EBSNs based on the geographical, categorical, social and
temporal influences of events on users. SoCaST employs
the adaptive Kernel Density Estimation (KDE) on the twodimensional geographical locations of events to compute the
geographical influence of events to a user. The categorical
influence model considers the relevance of an event category
to a user and the category popularity, while we estimate the
social influence of an event on a user in a group based on the
relevance of the group to the user and her friends. We develop
the time probability density function to model the temporal
influence of events on users. Two large-scale real data sets in
New York and San Francisco crawled from Meetup.com are
used to evaluate the performance of SoCaST. Experimental
results show that SoCaST performs better than the state-ofthe-art event recommendation techniques in terms of both
precision and recall for both regular and cold-start users.
Our future work will investigate how to find out personalized
weights for different influences.
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