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ABSTRACT Context-aware recommender systems dedicated to online social networks experienced notice-
able growth in the last few years. This has led to more research being done in this area stimulated by the
omnipresence of smartphones and the latest web technologies. These systems are able to detect specific
user needs and adapt recommendations to actual user context. In this research, we present a comprehensive
review of context-aware recommender systems developed for social networks. For this purpose, we used
a systematic literature review methodology which clearly defined the scope, the objective, the timeframe,
the methods, and the tools to undertake this research. Our focus is to investigate approaches and techniques
used in the development of context-aware recommender systems for social networks and identify the research
gaps, challenges, and opportunities in this field. In order to have a clear vision of the research potential
in the field, we considered research articles published between 2015 and 2020 and used a research portal
giving access to major scientific research databases. Primary research articles selected are reviewed and
the recommendation process is analyzed to identify the approach, the techniques, and the context elements
employed in the development of the recommendation systems. The paper presents the detail of the review
study, provides a synthesis of the results, proposes an evaluation based on measurable evaluation tools
developed in this study, and advocates future research and development pathways in this interesting field.

INDEX TERMS Context-aware system, contextual factors, recommender system, social network.

I. INTRODUCTION

In recent years, online social networks became the natural
way for users to socialize and search for information of inter-
est. Mobile technologies have made these activities pervasive
and accessible to any user, anytime and anywhere. Indeed,
many mobile applications use recommender systems (RSs)
to help users make various decisions such as which place to
visit, which items to purchase, or which users to follow [1].
Recommendations provided by these systems certainly have
an added value to users in guiding them through their needs.
However, users are sometimes overwhelmed by masses of
options making the recommendation task more complex and
areal challenge for researchers.

In general, recommendation systems utilize feedback from
users either explicitly by their rating or implicitly by their
actions and behaviors. These systems analyze users’ pref-
erences but in many cases, they do not consider their con-
text. There is a mutual relation between RSs and social
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networks (SNs). SNs benefit from RSs by increasing their
users and their loyalty. For instance, SNs’ users can find
other like-minded individuals who share similar interests and
subscribe to the same content. This allows them to share their
views (such as on Twitter) or suggest other accounts with
similar interests to follow (such as on Instagram). On the
other hand, RSs benefit from the enormous data available on
SN in order to enhance the quality of recommendations. This
is made possible through exploiting user-generated content in
SNs such as user profile, the user network of friends, and the
likes added by users. This enables RSs to understand topics
attracting users and their communities, which contribute to
enhancing their effectiveness [1].

RSs are the filtering engines that aggregate opinions to
help decision-making processes. They are used broadly to
influence almost everyone’s daily life in various domains
such as e-commerce, education, public health, and entertain-
ment. The efficient generation of relevant recommendations
in large-scale systems is a very complex task. In order to
provide personalized recommendations, filtering algorithms
need to capture users’ varying interests and find relations
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between them. The massive number of new users and items
with no prior data recorded — the cold-start problem, the enor-
mous data sparsity, the variety of dimensionality, and ambi-
tious real-time requirements make such recommendations
challenging in dynamic real-life situations [2].

This paper provides a thorough literature review of studies
published between 2015 and 2020 on context-aware recom-
mender systems for social networks. The main characteristics
of this review are:

- It uses a methodology to determine, choose and synthe-
size the most relevant and cited works in context-aware
recommender systems for social networks [3]. It then
provides a classification of these works based on contex-
tual factors, the recommended approach, and techniques
used.

- It describes the development of context-aware recom-
mender systems for social networks, which are used in
many applications and fields such as tourism, entertain-
ment, e-commerce, and friend-finding.

- It pinpoints research gaps and challenges in this field and
proposes future directions and research opportunities to
fulfill them.

Many surveys were published recently showing the
increasing interest in this field. Some surveys carried out on
RSs focus on a particular application field such as tourism [4],
on a unique contextual factor such as location [5], on a partic-
ular environment like mobile [6], on specific social network
platforms [7], or on given types of social media [8]. Other sur-
veys are dedicated to context-aware recommendation systems
focusing on showing the type of recommendations addressed
by social-based recommender systems [9], on the different
kinds of contexts and how context data is represented and
used in the recommendation process [10]. Moreover, some
surveys are designed to address the techniques used in the
recommendation process to incorporate and exploit context
information [11] or intelligent techniques used by recom-
mendation systems to represent and process context informa-
tion [12]. In this research, we systematically review recent
studies which have focused on developing context-aware rec-
ommender systems for social networks. The particularity of
these systems is that they are required to deal with dynamic
and data-rich ecosystems SNs while they are expected to
provide accurate, time-relevant and adaptive recommenda-
tions to users. This study, therefore has two main objectives:
The first objective is to systematically collect, summarize,
analyze and synthesize information related to research on
context-aware recommender systems used in social networks
published between 2015 and 2020. The second objective is
to report on the findings and provide a broad picture of the
current research state in this field and identify knowledge
gaps that require further exploration. The following research
questions (RQ) are put forward to achieve these objectives:

RQ1: Which context factors are used in context-aware
recommendation systems for social networks?

RQ2: What approaches and techniques have been
adopted for integrating contextual information in social

VOLUME 9, 2021

network recommendations to enhance the quality of
recommendations?

The paper is organized as follows: the next section provides
a background of recommender systems and context in RSs.
Section three describes the methodology that was used in
the review process. The fourth section presents the literature
review results, then the fifth section reports on the results ful-
filling the research questions. The sixth section is a discussion
about the results of the review. Section seven describes our
survey’s validity evaluation and proposes measurable valida-
tion tools developed for the present study. Finally, we present
our conclusions and future challenges in the eighth section.

Il. BACKGROUND

This section provides an overview of concepts related to
context-aware recommender systems in social networks.
It focuses on defining and analyzing the recommendation
process and the context in these systems.

A. THE RECOMMENDATION PROCESS

The predominant approaches in the tradition of recom-
mendation systems are collaborative filtering, content-based
filtering, and hybrid filtering [7], [13]-[15]. Collaborative
filtering (CF) provides users with items that other users
liked in the past with similar interests and tastes. In this
approach users’ similarity is used rather than content simi-
larity. Content-based filtering (CB) suggests items like those
liked in the past by the same user with similar interests or
features. A combination of CF and CB methods is known as
hybrid filtering, which is an attractive approach that aims to
eliminate the drawbacks of CF and CB.

The recommendation process determines the set of ratings
R introduced by users or inferred by a system. RSs aim
to assess the rating function fg for the user U and item
(fr : U x I — R). Traditional RSs (i.e., collaborative
filtering, content-based, and hybrid) deal with classical two-
dimensional users and items [16], but they face many chal-
lenges to overcome. The most important of these challenges
are the cold-start and data sparsity challenges. Cold-start is
the problem of not knowing, ignoring, or the unavailability
of the user needs and preferences, which may provide irrel-
evant recommendations. Data sparsity is related to the user
feedback coverage where only a limited number of items are
rated by users.

Traditional recommender systems have an inherent limita-
tion as they do not consider explicit social relations between
users [17]. Social networks provide additional information
that improves understanding of the user behavior and rat-
ings done by ranking algorithms [18]. In social networks,
the homophily principle [19] assumes that if people are
friends in social networks, they have something in common,
creating natural correlations between users exploited by rec-
ommender systems. The main point of personalized recom-
mendation is centered on the model analysis between users
and items. This analysis can build models that reflect users’
varying interests and help improve the quality of personalized
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recommendations. Some recommender systems based on
social network data combine information affecting personal
behaviors and interactive activities between users [18]. Many
studies that have been done on the use of information derived
from social networks [18], [19], [20] have proposed solu-
tions to the two challenges mentioned above, cold-start and
data sparsity. Some of these studies proposed a probabilistic
model that can be used to deal with incomplete data [19].
Others integrated friendship and tag information and used
them to analyze the social recommendation issue based
on the matrix factorization technique (See Section V for
more explanation) [14]. Other studies have proposed using
a framework integrating several social networks to exploit
the richness of data from these various sources to solve data
sparsity [20].

B. CONTEXT AWARE RECOMMENDER SYSTEM

Context is essential in describing the environment surround-
ing the interaction between a user and an
application [21], [22]. Context-aware systems have the ability
to understand users’ personal needs and provide them with
tailored services. A context in RSs is a valuable addition
to adapt information proposed to users. Integrating context
extends the traditional two-dimensional RSs to three dimen-
sions: user, item, and context C (fg : U x I x C — R). This
addition means that the goal of context-aware recommender
systems (CARSSs) is to provide accurate recommendations for
a specific user at the right time, in the specific location, using
user-related information such as his/her current activity as
well as the emotional state [3].

1) CONTEXT ACQUISITION

Context information can be acquired directly, indirectly,
or by Inference [3]. Direct context acquisition is made
through the user profile, which is provided directly by the
user. The indirect acquisition consists of extracting implicit
factors that affect the user. For instance, the user’s loca-
tion is acquired continuously by mobile devices. Most of
the implicit factors are dynamic and hence change over
time. They are more complex to handle and profoundly
impact recommender systems’ performance [2]. Acquisi-
tion by inference necessitates sophisticated methods such
as data mining techniques, statistical calculations, and arti-
ficial intelligence algorithms to derive context variables.
For example, association mining allows to infer what
items are frequently bought by users during a specific
time period.

2) CONTEXT INTEGRATION

Context integration approaches can be classified into three
categories [23]: pre-filtering, post-filtering, and contextual
modeling approach:

- Pre-filtering approaches are methods where the con-
textual information is combined with input data before
calculating the recommendations list. The idea is to
reduce the multidimensional matrix to a 2-dimensional
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user-item matrix in order to apply traditional rec-
ommendation algorithms. This approach, however,
has low accuracy in some recommendation instances
because extracting and selecting context proves to be
a challenge. For example, when the system has insuf-
ficient information about the target user’s past prefer-
ences and there are just a few ratings associated with
this context. Many studies employ various contextual
filters to increase efficiency. Different user-item matri-
ces are merged into one single matrix to perform the
recommendation process. Some studies recommend
implementing contextual pre-filtering to reduce the
number of events because events that are impossible to
recommend should be excluded [24].

- Post-filtering approaches ignore contextual informa-
tion when it is generating the list of recommended
items. This approach adjusts the recommendation list
for each user separately based on specific context infor-
mation. The adjustment can be made either by sorting
the list according to given context information as men-
tioned previously or by filtering out the irrelevant rec-
ommendations. Some studies recommend implement-
ing post-filtering to reorder the recommendation list so
that recommended information may be more suitable
for the current circumstance 25].

- Contextual modeling approaches consider contex-
tual information directly in the recommendation pro-
cess. These approaches use both predictive mod-
els and heuristics to create multidimensional rec-
ommendation functions. Some studies advocate tak-
ing advantage of different contextual information by
aggregating context’s characteristics and adapting the
random decision tree algorithm to split the con-
texts hierarchically to improve the recommendation
quality [26].

3) CONTEXT MODELING

Different contextual information types are represented by a
diversity of models such as logic-based model, graph-based
model, ontology-based model, hierarchical model, and
key-value model [27]. Logic-based models use facts, expres-
sions, and rules to represent the context. Inference tech-
niques such as fuzzy logic, which handles uncertain data
or logical programming used to express rules are employed
in these models. In graph-based models, the context is
represented by nodes while links represent relations. This
model adapts past similar contexts to solve the current one.
In ontology-based models, the context is represented by
classes, attributes, and relations. This type of model expresses
semantic relations between concepts. In hierarchical mod-
els, the context is represented by hierarchical structures
(i.e., tree), and each context is represented by a set of con-
textual dimensions shaped by a set of attributes. Another
model which relies on a simple representation is the key-value
model, which models context as key-value pairs (attribute,
value).
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lll. REVIEW METHOD

A systematic literature review (SLR) is a process of inter-
preting and evaluating the findings in a specific domain of
interest or research questions. According to Kitchenham and
Charters [28], it must follow strict and predefined steps.
For this reason, the present systematic review aims to iden-
tify gaps in research related to CARSs for social networks
and provides a comprehensive review of studies published
from 2015 till 2020. Moreover, the systematic review covers
broader questions than single empirical studies can do [29].

A. INCLUSION CRITERIA

The aim of applying inclusion criteria is to ensure that
all selected sources of information, whether primary or
secondary, are related to the study topic. The purpose of
this literature review is to analyze the aspects surrounding
context-aware recommender systems for social networks.
The data collected in this review is related to the research
questions and was collected from journal articles, conference
papers, and book chapters published between 2015 and 2020
and written in English. The following are the inclusion
criteria:

- Only papers that propose new context-aware recom-
mendation approaches are chosen — the primary stud-
ies. Therefore, surveys of CARSs are not considered
among primary studies in this research.

- Only scientific journal papers, conference papers, and
book chapters are included.

- Only papers written and published in English.

- Only papers published between 2015 till 2020.

B. SEARCH METHOD

The papers’ search has been conducted in two phases:
an automatic search phase and a manual search phase,
where both were used to explore primary studies for the
review. The automated search was conducted in online sci-
entific databases by using specific keywords. The search
has been done through our university access (at King
Saud University) provided by the Saudi Digital Library
(https://sdl.edu.sa/SDLPortal/en/A-ZDataBases.aspx), which
grants unified access to almost all major scientific databases.
The access includes ACM digital library, Cambridge Univer-
sity Press, EBSCO, Emerald, IEEE, IET digital library, IGI
InfoSci Journals, Nature Journals, ProQuest, Sage Journals,
ScienceDirect, Scientific American, Scopus, Springer Jour-
nals, Taylor & Francis, ISI Web of Knowledge, Wiley Online
Library. The Saudi Digital Library gives access to confer-
ence papers, journal papers, theses, and eBooks. Common
keywords related to context-aware recommender systems
in several platforms such as (social network, microblog,
Twitter) were used to search through the databases to match
identified keywords with the published research and relevant
literature. The following are some queries used in the search:
“context-based recommend on online social network”,
“context-based recommend in microblog”, and ‘“‘context-
based recommend in Twitter”. (context including contextual,
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contextualization, contextualize) and (recommend including
recommender, recommendation, recommended). A manual
search was employed to include additional studies that pro-
vided a broader in-depth perspective on this paper’s research
questions. We used a forward and backward approach [24].
Bibliographies of all papers published in 2019 and 2020 were
reviewed in the backward search to ensure that the review is
exhaustive and no studies covering the same research topic
within the same time scale were missed. By integrating these
two types of search, we can be more confident that the
systematic search is relatively inclusive. Microsoft Excel was
used to organize and arrange all primary studies and helped in
identifying duplicate studies so that they could be removed.

C. SELECTION PROCESS

The selection of the papers to consider in our literature
review is illustrated in Fig. 1. First, the search was con-
ducted according to the defined criteria, where 274 papers
were retrieved. Second, 125 papers of these were removed
for being duplicates (i.e., same paper) and have appeared in
various databases. From the remaining 149 papers, 9 were
removed because of being updates of existing papers writ-
ten by the same authors. In this case, only the more com-
prehensive study describing the work is kept among the
duplicates resulting in 140 papers. These papers’ titles and
abstracts were read to ensure that each paper is relevant to
the present study. This step resulted in retaining 115 papers.
Next, for these remaining papers, the full text was read,
and those which are not in the domain or not related to the
research questions are excluded. For instance, some papers

Saudi i i

Digital Springer, ScienceDirect, Scopus,
. IEEE explore, and ACM

Library

e Automatic research using keywords and exclusion criteria:
Papers that were initially retrieved: 274

e Exclude duplicate studies: Excluded: 125, Included: 149

e Exclude updates of existing papers written by the same authors,
Excluded: 9, Included: 140

o Titles and abstracts are relevant to research topic, Excluded: 25,
Included: 115

e Exclude studies not related to research questions, Excluded: 40,
Included: 75

e Manual research, Papers that were retrieved: 14

e Search for duplicate studies, Excluded: 4, Included: 10

eStudies included in the review (75+10= 85)

FIGURE 1. Search Method.
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were excluded because they discuss group recommender sys-
tems but not personalized recommender systems that are the
focus of our study. As a result, only 75 papers were remain-
ing. Following that, a manual search was applied where all
the references of studies published in 2019 and 2020 were
reviewed to discover possible studies that explore the research
topic in the required timescale from 2015 to 2020. As a
result, 14 papers were identified. Among these 14 papers,
four were excluded for being duplicates. Finally, 85 studies
were selected and used in this literature review. It is worth
mentioning that this process has been conducted through four
search cycles detailed in Section VII.

IV. STUDIES CLASSIFICATION FOR SYSTEMATIC
LITERATURE REVIEW

In this section, the primary studies for this literature review
are discussed in terms of the study type (whether it is a journal
article, a conference paper, or a book chapter), the year of
publication, and the distribution of the papers according to the
geographical area based on the affiliation of the first author
and affiliation of all authors.

A. TYPES OF STUDIES

A total of 85 papers were finally selected as primary studies;
these papers were relevant as they were published within
our target field. The results comprised 43 journal articles,
40 conference papers, and 2 book chapters.

B. STUDIES DISTRIBUTION BY YEAR

Fig. 2 shows the distribution of publications related to
context-aware recommender systems for social networks
between 2015 and 2020. Among the 85 publications identi-
fied, there are 10 research papers published in 2015. A notice-
able increase happened in 2016 and 2017, where 18 studies
were published in both years. After a decrease of papers
in 2018, a noticeable rise occurred with 12 studies in 2019 and
16 papers in 2020. We can say that this topic is regaining
attention as there is an increased demand for the integration of
sophisticated recommendation techniques specifically in the
e-business field, which targets particularly social networks to
advertise their products. Additionally, organizations that hold
conferences and workshops related to recommender systems
(like the RecSys Challenge series,' CARS series) are still
very active.

C. STUDIES BY GEOGRAPHICAL AREA

Research from primary sources of information covered at
least 24 different countries in the world spread out in
7 regions. As can be seen in Figure 3, The Asia Pacific
region produced 56% of articles (48 in total). North America
came second with 12 papers, Then Europe with 11 papers.
The Middle East contributed with 8, while Africa contributed
with 3, Latin America produced 2, and finally Oceania

1 https://recsys.acm.org/recsys19/challenge-workshop/
1 https://cars-workshop.com/cars-2019-1
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FIGURE 2. Number of articles by year.
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FIGURE 3. Distribution of articles by region.

1 paper. This geographical classification is based on the first
author’s affiliation country.

As for the distribution by county in Fig. 4, two classifica-
tions are shown. The first one is based on the first author’s
affiliation country, and the second reports on all authors’
affiliation countries for which the affiliation country of any
co-author contributing to the paper is counted. Both biblio-
metric analysis show that the republic of China is the most
active country with 32 papers, accounting for nearly 37% of
the total number for first author’s affiliation and 36% for all
authors’ affiliations.

V. RESEARCH QUESTIONS RESULTS
In the following subsections, we present our systematic
review results in relation to the issues raised in our questions.

A. CONTEXT FACTORS
RQ1: Which context factors are used in context-aware rec-
ommendation systems for social networks?

Contextual information used in recommender systems can
be categorized into four main dimensions, namely: environ-
ment, user, content, and a combination of the previous infor-
mation, which we consider as an independent category named
“Multidimensional’, as shown in Figure 5. These dimen-
sions are sometimes referred to as factors. Table 1 shows the
context factors and recommendation approaches adopted in
the articles used in this review.

1) ENVIRONMENT DIMENSION
The environment influences the state-of-mind or emotional
state of users and therefore indirectly influences users’
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mAffiiations of first athor  m Affiliations of all authors

TABLE 1. Classification based on context factor and recommendation
approach.

Recom-
mendation Content
pproach Cogiitl;(r)irrzlitlve based st Gr}zli-
& filtering p
Context factor
= [301,[32] [112] [331,(34] | [114]
‘LE’ Location
5
E [351.[36], [371.38],
5 | Temporal | [105], [107] [39]
[25],[42],[43], [401,[41], | [44],
[45],[48].[49], [471,[51], | [46],
5 Social [501,[521,[54], [56] [53]
=) [55], [104],
[109]
FIGURE 4. Distribution of articles b try (countri dered i Erooull) 1°%)1>9)100 7]
. istribution or articles by country (countries are ordered In
increasing order by first author affiliation). = [641,[711,[72] [651,[66], | [31].[61], | [62]
g [67],[68], | [63]
g [691,[70],
c (73],[111]
S = [26],[751,[78], [24],[74], | [77],
O ommend s g [821.[831,90], (761,791, | [841.
Z [911,[94],[95], [801,[81], | [87],
I 2 [971,[98],[99], [85],[86], | [88]
' ' ' ' £ [100],[101], [89].(92],
Environment User Content Multidimensional = [106] [93],[96],
s [102],
[115]
Location Social
which they live but also in a new area [32], [33]. In addition
to spatial properties of geographical influence, Xu et al. [34]
Temporal Emotion . . s . ..
emphasized the sequence properties of exploiting implicit

FIGURE 5. Context-aware recommender systems’ dimensions.

preferences. For instance, people usually go to open places
when the weather is sunny. They are more likely to read
news related to their close geographical area (city, country,
region), and they follow other users in some social networks
based on interests’ matching. The environment dimension
includes location and time as basic ingredients characterizing
the environment.

a: LOCATION-BASED RECOMMENDER SYSTEM

Obtaining the user’s position in location-based social net-
works (LBSN5) is done through the global positioning system
or sensors in urban areas or specific corporations’ systems.
Many studies [30], [31]-[34] interested in the travelling and
point of interest (POI) research field have proposed location-
based recommender systems. In LBSNs, users can share their
check-in activities as they visit POIs. However, there is a
sparsity of user check-in data. To cope with this issue, user
preferences’ spatial transfer is an important factor in improv-
ing recommendation performance by integrating users’
long-term static and time-varying preferences [30], [31].
Taking local preferences and item content information into
account facilitates people’s travel not only near the area in
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dependencies between POIs. Also, the location-based trend-
ing news feed is taken into consideration for recommending
the news contents.

b: TEMPORAL-BASED RECOMMENDER SYSTEM

Recommender systems have combined various temporal
information with different granularities to be incorporated in
the recommendation process [35]. Unlike some context data
that is difficult to gather, time data, such as time of the day,
day of the week, season, is easy to collect thanks to smart-
phones’ recent development. Temporal information plays a
significant role because users’ life patterns vary greatly, and
different locations have different proper visiting times [36].
In venue recommendation systems users visit historical sites,
venue-related information, and contextual information like
weather conditions, the season, the date, and the time of
each visit are used as venue features, and the contextual
similarities of venues will be utilized in the system [37]. User
intrinsic interests and the temporal context are two important
factors in user behavior modeling in a temporal recommen-
dation. Considering the dynamic nature of social networks,
a large part of the existing social recommendation methods
are incapable of supporting real-time recommendations. The
research proposed in [38] integrates the temporal semantic
effects, social relationships, and user behavior sequential
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patterns into the process of network embedding. It can use the
encoded representation of temporal contexts to generate news
recommendations. The study presented in [39] examines the
time feature to improve the recommendation accuracy by
dynamically analyzing user’s interests, preferences, and sup-
plementary information to demographic data over time.

2) USER DIMENSION

Compared with the environment-related context, the user
dimension has a closer relationship with users and can influ-
ence the users’ preferences directly. The user dimension
includes activity, demographical information, and emotional
state.

a: SOCIAL-BASED RECOMMENDER SYSTEM

The user’s social information including, individual interest,
explicit and implicit social relations, and social explana-
tions (feedback), e.g., likes, dislikes, etc., are extracted from
online social networks. In social network-based recommen-
dation systems, it is known that users have relevant knowl-
edge or similar interest with users they are connected with.
Event-based social networks (EBSNs) are examples of these
networks consisting of online and offline social connections.
In [40], the authors define online social connection as a
common interest between the users, while offline social con-
nection means they attend events together. Moreover, in [41],
a heterogeneous social network is built to describe companies
and researchers’ relations. The relationships between them
are extracted from their academic activities. Exploiting trust,
distrust, and neutral relations based on users’ latent features
was effective in dealing with cold-start users’ problems [42].
Once a trust relationship has been established, the ideas or
behaviors of the trustee, i.e., the one who is being trusted,
can influence the behavior of the trustor, i.e., the one who
trusts. However, itis also generally agreed that people trusting
each other may not always share similar preferences. The
study proposed in [43] analyzes the relationships between
trustees and trustors and establishes a deeper understanding
of how users’ online behaviors can be used for trust-aware
recommendations. The social recommender system presented
in [44] improves recommendation effectiveness by relying
on the reliability of implicit relationships that integrates with
explicit trust relationships and user-item interaction matrix.
The work proposed by Nobahari et al. [45] enhances recom-
mendations accuracy and obtains users, directors, and pro-
ducers’ satisfaction by combining synchronously user-item
ratings based on trust, sequential interest, and user implicit
interest. Also, the research in [46] illustrates how user’s
profile characteristics and social relationships effectively
improve the recommendations’ performance when construct-
ing a user interest network. The technique proposed in [47]
applies various interactive factors and tourists’ relationships,
such as their desires and interests, trust, reputation, affinities,
and social community, to calculate the similarity and provide
appropriate recommendations. Exploiting various social net-
works is proposed in [48] that can be very effective since
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it exploits every social network’s richness. The technique
examines more than a single social network and calculates
user similarity to provide a unified recommendation model
based on social networks.

For ridesharing services, the recommender system consid-
ers users’ profile characteristics and preferences extracted
from online social networks [49]. Another research proposed
in [50] considers activity-partner recommendation utilizing
attendance preference and social context based on past part-
ner knowledge of users. On the other hand, with the per-
centage of passive use of SNs on the rise, some researchers
investigated different types of information about followees.
The investigation of followees from list memberships infer
interest profiles for passive users [51]. Smart TV service has
also been investigated to analyze watch-log. The idea is to
collect sets of videos watched by each user with their corre-
sponding timestamps. Based on that, the strong associations
share their watching list according to their relevance [25].

Usually, users’ implicit and explicit feedback information
change over time. A modeling recommender system that
incorporates the social popularity and temporal dynamics
of explicit and implicit feedback information into the rec-
ommendation process outperform the conventional recom-
mender system [52]. Also, exploiting diverse relations and
asynchronous feedbacks in EBSNs was an efficient way to
deal with the new event cold-start problem [53]. The tech-
nique proposed by Seo et al. [54] takes into account the
contents generated by users along with their relationship and
interaction information to measure the similarity between
them, which improves recommendations in a multi-domain
environment.

In [55], the authors integrated online user contexts clus-
tering with online learning mechanisms for selecting high-
lighted news. Predicting the user’s next click was proposed
by authors in [56]. The suggested method combines user click
events within-session and news contextual features to predict
the following click behavior of a user in session-based news
recommendations.

b: EMOTION-BASED RECOMMENDER SYSTEM

Emotions are particular feelings that characterize people’s
state of mind, such as happiness, sadness, and fear. The use
of emotional information in the recommendation process has
recently grasped researchers’ attention. However, this has
not yet been sufficiently explored due to the difficulty of
emotion acquisition and incorporation. Wang et al. in [57]
showed how users’ emotional context extracted from their
microblogs can affect the performance of music recommen-
dations. In reality, the microblog users may share similar
interests in certain topics but have different opinions on
them. Sentiment analysis is an important part of personal-
ized microblog recommendation. Cui ef al. [58] proposed
to incorporate the sentimental features into the traditional
content-based microblog recommendation. They developed a
graph-based emotion-aware music recommendation method
to reveal the explicit and hidden associations between users
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and music items under certain emotional circumstances. This
method extracts the users’ music listening history along with
the corresponding emotion from their microblog texts. The
model presented in [59] enhances POI recommendation by
integrating user sentiment information with spatial-temporal
contexts. Wu et al. [60] proposed the technique for SNs
in mobile media recommendation employing unique visual
features, user’s behaviors context, location context, and social
context to model users’ social media behaviors and identify
its influence on the affective characteristics.

3) CONTENT DIMENSION

Content dimension includes all textual information related to
users or items, for instance, messages posted by users and
textual descriptions of films in film recommender systems.
Over the past few years, the use of special user-defined key-
words, called tags, to categorize or describe web and online
SN contents has gained a lot of popularity. This user-driven
phenomenon is known in the literature as folksonomy and it
is a well-studied topic in both information retrieval and rec-
ommendation systems fields. Relationships are automatically
built exploiting the tags created by the users and explicitly
assigned to contents. Tags can be seen as generic features that
can be used to create multi-domain recommender systems.
The research work proposed in [61] focuses on the textual
content of the digital traces for its availability in both social
and personal contexts. Also, [62] proposes an extended graph
representation that includes socio-demographic and personal
traits extracted from the content posted by the user on social
media. Predicting the contextual relevance of locations has
been proposed by Aliannejadi and Crestani [63]. The method
finds the mapping between user annotated tags and locations’
taste keywords. By introducing a dataset on locations’ contex-
tual appropriateness, they showed the usefulness in predicting
locations based on contextual relevance.

The profile users’ interests are built based on tracing the
users’ textual contexts. Researchers in [64] integrate textual
and contextual information of user and microtopic to generate
a ranking list of microtopic. Wang et al. [65] propose to
utilize the content of events from users’ perspectives for event
recommendation. This characterizes the latent preference of
users by deeply exploiting the contextual information of
events that users have attended, such as the time, location,
and event host.

Many studies focused on extracting hidden content fea-
tures. These studies were interested in discovering and ana-
lyzing features that, once revealed, may be of value for
the recommendation. Authors in [66] used several semantic
knowledge bases to fill the gap between the tweets’ semantic
context and the semantic meaning of hashtags. In [67] the
authors propose a recommendation algorithm that matches
user’s interests and the content of the social networks. User’s
interests are expressed through a conceptual user model build
using the concepts posted by the user. Concepts are identified
from user posts using ConceptNet and are connected based
on the textual context to form the contextual conceptual
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user model. This model is then extended with related con-
cepts to build the augmented contextual conceptual model.
Makki et al. [68] proposed a method centered around the
models of word embedding because the context of the words
is significant. In [69], the authors proposed two training
procedures that were applied. In the first one, each hashtag
is trained with a separate word embedding model applica-
ble in the context of that hashtag. In the second procedure,
each hashtag obtains its embedding from a global context.
Gorrab et al. [70] proposed hashtags and users recom-
mender system based on hashtags’ semantic analysis. They
built social user profiles, analyzed hashtags, and studied
their contextual and temporal co-occurrence. In [71], the
researchers proposed a tag-aware personalized recommenda-
tion system using a deep-semantic similarity model to extract
recommendation-oriented representations for social tags
achieving superior personalized recommendations. In [72],
the solution lies in leveraging rich user attributes and match-
ing them to event semantic knowledge accurately. The
method is based on deep convoluted neural networks that
take full context into consideration. Also, authors in [73] use
a deep neural network model for quote recommendation in
a given dialogue. This model learns the tweet features in a
sequence by extracting the meaning of semantic features that
exist in the sequential structure of dialogs.

4) MULTIDIMENSIONAL-BASED RECOMMENDER SYSTEM

In many cases, recommender systems aggregate different
types of information to model a context due to the correlation
between contextual factors. For example, combined social
interactions of users, a textual description of a restaurant
with its location for a restaurant recommendation system.
Designing a recommender system that considers multiple
contextual information may end with a complex recommen-
dation algori