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a b s t r a c t

Social networks have become very important for networking, communications, and content sharing.
Social networking applications generate a huge amount of data on a daily basis and social networks
constitute a growing field of research, because of the heterogeneity of data and structures formed in them,
and their size anddynamics.When thiswealth of data is leveraged by recommender systems, the resulting
coupling can help address interesting problems related to social engagement, member recruitment, and
friend recommendations.

In this work we review the various facets of large-scale social recommender systems, summarizing
the challenges and interesting problems and discussing some of the solutions.

© 2017 Published by Elsevier B.V.

1. Introduction

The fields of computational intelligence and knowledge man-
agement have made significant advances over the past decades.
The potential ability to create intelligence from the analysis of raw
data has been successfully applied to diverse areas such as busi-
ness, industry, sciences, socialmedia etc. The coupling of online so-
cial networks with recommender systems created new opportuni-
ties for businesses that consider the social influence important for
their product marketing, as well as the social networks that want
to improve the user experience by personalizing the content that is
provided to each user and enabling new connections. At the same
time, these changes have created new challenges for researchers in
the area of recommender systems and social network analysis. The
large volume of social network interactions that expand the size of
the social graph with increased velocity, the variety of information
provided in the form of written reviews, ratings or permanent and
volatile relations, and the veracity of data expressed in the form of
trust or distrust between users who become product reviewers or
opinion influencers, are only some of the factors that make social
networks and the associated recommender systems an ideal case
of big-data research.
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In this work we focus on large-scale recommender systems
that take advantage of the characteristics of the underlying social
network and focus on the variety and volatility of social bonds,
tackle the problems of size and speed of change of social graphs,
test the scalability of traditional recommender systems and/or
present solutions that can take recommender systems to the next
level.

2. Recommender systems and social networks

The most popular techniques used in recommender systems
are Content-based (CB) filtering and Collaborative Filtering (CF).
Each user in such systems is typically represented by a user pro-
file, that includes the ‘‘items’’ this user has rated (or purchased).
In content-based filtering, new items are recommended based
on their similarity to items already present in the user’s profile.
To achieve this, more details on each item are needed. On the
other hand, collaborative filtering approaches are ‘‘agnostic’’ to the
items. Instead, they employ the ratings assigned by the user, to find
other similar users (or items) based on their rating patterns. The
generic nature of collaborative filtering systems was the reason of
their broad success, as they are used to recommend a wide range
of products such as movies, music, news, books, research articles,
search queries, social tags, etc.

While a bipartite user-item graph containing the ratings used
to be the sole input of such systems, such a structure is no longer
sufficient to represent all available information, such as content,
context, social information, and metadata. As a result, many at-
tempts have beenmade to incorporatemore information about the
user, his/her context (spatial, temporal, social etc) and its evolution
over time.
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2.1. Beyond user-item ratings: Context-aware recommender systems

Context-aware recommender systems (CARS) generate more
relevant recommendations by adapting them to the specific con-
text of the user. The contextual factors that must be considered by
a recommender system relate to the time, location, and purpose of
the targeted user. According to [1], the user context can be static or
change over time. CARS assume a pre-filtering step, where context
information is used to select the set of relevant items, a classic
recommendation step that ranks relevant items according to the
predicted ratings and a contextual post-filtering step, that re-ranks
and filters the output of the traditional recommender [2].

Context-aware systems combine information from multiple
sources within the social network in order to refine the context
space and solve major recommender system issues such as ‘‘scal-
ability’’ and the ‘‘cold-start’’ problem [3]. For example, in [4] con-
textual information is encoded in or reflected by the user-specific
and item-specific latent factors. The user-item ratingmatrix is split
into partitions, by grouping users and items with similar contexts
and matrix factorization is applied to the generated sub-matrices.

A context-awaremultimedia recommender system,which con-
siders in tandem user preferences (in previous items’ metadata),
opinions (textual comments in user reviews), behavior (past items
observations and actions) and feedbacks (expressed in the form of
ratings) within the same framework is presented in [5].

2.1.1. Time-aware recommender systems
Time-aware recommender systems (TARS) can be considered

as specialized CARS focusing on exploiting contextual information
in the form of time. They assume that user preferences are drifting
over time and user taste is evolving as new items become available
and new trends appear. This in turns affects item popularity, which
is constantly changing, bringing old items to the long tail of user
preferences and moving new items to the head [6].

Handling the temporal dynamics of user preferences in rec-
ommender systems raises new challenges since the change on
each individual user interests is different from the concept drift
problem [7]. In a social network with multiple users and items,
many different features are changing simultaneously, and influ-
ence each other,whereas in the general concept drift problem, only
a single concept is tracked. Using sliding windows and preference
decay functions increases the sparsity of an already sparse problem
(since past information is discarded or lost) and is usually avoided.
In [8] Koren extends the static matrix factorization model and
the associated baseline predictors with functions that capture the
gradual drift of user and item bias and introduce the timeSVD++
algorithm, which outperforms its predecessors.

Several techniques have been used in the literature, to adopt
CF algorithms to temporal changes, by boosting recent ratings and
penalizing older ratings, such as discrete time windows [9] or
continuous decay function [10]. Recently, an algorithm based on
association rule and community identification approach has been
proposed to handle the drift problem in recommender systems
[11]. Bayesian Probabilistic Tensor Factorization [12] has also been
proven an appropriate temporal CF model.

2.1.2. Location-aware recommender systems
Location-aware recommender systems (LARS) have become

popular mainly through place recommendation systems in the
travel and tourism industry, as discussed by Chen and Tsai [13].
The advent of location-based social networks (LBSNs), such as
Facebook Places and Foursquare, increased the available data and
challenges for researchers [14]. LARS exploit location ratings when
partitioning user-location bi-partite rating graphs with spatial cri-
teria, so that locations that are spatially close to the users are
employed and those in a distance are ignored, in a manner that

maximizes system scalability while not sacrificing recommenda-
tion quality [15]. LARS consists of two components, an offlinemod-
eling component, which learns the interest of each individual user
and the local preference of each individual location, by capturing
item co-occurrence patterns and exploiting item contents and an
online recommender component, which automatically combines
the learned user’s local preferences and produces the top-k rec-
ommendations [16,17].

Time is a crucial factor in Location-aware recommender sys-
tems, so recent approaches in location or activity recommenda-
tions employ unified spatio-temporal frameworks [18–20].

2.1.3. Community-aware or Social recommender systems
Community-aware or ‘‘Social recommender systems’’, have

gained the attention of researchers since they leverage social
relationships in order to improve the recommendation process.
Authors in [21] give a narrow definition of social recommendation
as ‘‘any recommendation with online social relations as an addi-
tional input, i.e., augmenting an existing recommendation enginewith
additional social signals’’. A broader definition, by [22] refers to
recommender systems targeting social media domains.

The main premise in this line of research is that users’ prefer-
ences are influenced more by the preferences of their friends, than
these of unknown users. Such attempts enhance the typical rec-
ommendation process with social data, assuming that item ratings
are available and that some form of influence/trust propagation
exists within the user network. For example, a common approach
is to enhance the memory-based collaborative filtering process by
forming the user’s neighborhood using similarities derived from
the users’ ratings and/or their social relationships, focusing on
trust.

Community-aware systems employ user preferences, user con-
nectedness, or any other social information, in order to detect user
clusters and consequently partition the recommendation problem
into smaller problems. Based on the concept of homophily in social
networks, that a user’s preferences are likely to be similar to, or
influenced by these of her friends, such systems manage to fill the
gap in cold-start problem and find similarities between users [23].
This can be done through co-factorization, where the assumption
is that the users share the same preference vector in both the rating
and the social spaces (e.g. [24]), ensemble methods, where the
resulting recommendation is derived by the linear combination
of two systems (e.g. [25]), or regularization, where priority is
given to the social-based ratings (e.g. [26]). For example, in [27]
authors propose a preference-aware community detectionmethod
to group users based on their social relations, whereas in [28],
the users’ social information (user-to-user friendship network) is
used to partition the large user-to-itembipartite graph into smaller
partitions and perform collaborative filtering in a narrower social
context. When users belong to more than one community (i.e.
we have overlapping communities), multi-label propagation based
methods are used on the user-user graphs [29].

2.2. Beyond simple item recommendations

Recommender systems (RSs) have become popular since they
can personalize the user experience by providing automated rec-
ommendations. They first appeared in e-commerce sites [30], used
to recommend individual items, products of potential interest for
customers to purchase. However, their usage has span multiple
other domains in the past few years, from digital collections (e.g.
news and research articles [31], to database queries [32,33] or even
web services [34,35]).
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2.2.1. Group and package recommendations
Package Recommender Systems extend the classical RSs by

proposing to their users sets of items (packages) instead of single
items. Package recommendation is extremely useful in a number
of application domains (e.g. recommendation of packages of aca-
demic courses to students, packages of meals for a weekly diet,
travel packages and sets of movies or books). In [36], the authors
propose a system for recommending a team of experts, who have a
set of predefined skills and aminimumcommunication cost. In [37]
a course recommendation system, based on the maximum flow
algorithm, is used to personalize Stanford university curricula. In
[38], authors create trip packages that maximize user preference
score and satisfy given user constraints. Finally, in [39], the authors
propose a generic framework for package recommendations that
meets users’ preferences whilst satisfying several budget and time
constraints.

In order to target the cold-start problem that mainly affects the
performance of recommender systems that target new individual
users, group recommender systems [40,41] have been proposed
for recommending items that can be immediately experienced
by a group of users on the same place (physical or virtual) [42].
Group recommendations have also been applied to construct some
‘‘stereotypes’’, which can be applied to a single-user recommenda-
tions. Group recommender systems raise a number of challenging
issues [43], such as the need of members to examine each others
preferences, and to negotiate and reach a final decision on the
recommended items [44].

2.2.2. User recommendations/Link prediction
The problem of recommending to the users of a social network

other users (i.e. new connections) has been extensively studied
[45,46]. When explicit user-to-user trust information is available,
trust propagation models can be employed to infer which new in-
teractions among the social networkmembers are likely to occur in
the near future, and recommend new connections to the users [47–
50]. In the absence of explicit user-to-user ratings, latent factor
models that leverage implicit users feedback have been employed
[51].

From an algorithmic point of view, link prediction algorithms
performgraph traversals in different directions (path-based or ran-
domwalk-based algorithms) in order to compute the final ranking
of vertices or edges and consequently recommend links. In order to
handle large-scale networks, proposed methods [52,53] perform
a partitioning of the initial adjacency matrix, and then compute
a low-rank approximation of each partition (i.e., diagonal block),
which is then applied to link prediction. In their implementations,
they process large-scale graphs using frameworks such as MapRe-
duce [54], Fork-Join [55], Spark [56], Pregel [57] or GraphLab [58].

2.3. Beyond simple evaluation metrics

Developing an effective recommender system is not only lim-
ited to predicting user preferences and recommending the most
prominent items to each user [31,59]. Especially in e-commerce
systems, where new items are added in a rapid pace, it is important
for the recommender systems to move from popular to newly
introduced items with similar features, using only the few ratings
available. This challenge is defined as the ‘‘long tail’’ problem in the
literature [60] and can be leveraged using content-based methods
to define the similarity between popular and newer items and
replace popular items with new ones, or cluster the items in the
long tail and leverage the sparse ratings using aggregated ratings
per cluster [61]. In general, the same approaches that solve the
cold-start problem are used to tackle the long tail problem.

With the above restrictions in mind, the ‘‘diversity’’ and ‘‘nov-
elty’’ of recommendations have bacome key features for efficient

RSs, from a business perspective [62]. In order to increase novelty,
the authors in [63] invert the recommendation task and instead of
selecting items to recommend to a user, their system decides the
users each item should be recommended to. For this purpose, they
invert the rating matrix introducing interesting reformulations
of nearest-neighbor algorithms, which in turn introduce a new
neighbor selection policy.

3. Major challenges for Large-scale Recommender Systems

The main challenges for large-scale recommender systems that
employ the social network structure to enhance the recommenda-
tion process, are: (a) to take advantage of all the available infor-
mation in order to analyze the social, rating and content similar-
ity graphs that are formed, (b) to adapt to dynamically evolving
graphs, and (c) to scale to large graphs [28].

3.1. Data variety

Two of the major problems in recommender systems are data
sparsity and the poor performance of cold-start recommendations
to new users. Social networks and the multitude of personal and
preference information they keep for their users, helped in allevi-
ating the cold-start problem and also filled many gaps in the user-
item preference data, through implicit user preferences extraction
[64].

However, the use of all the information available in social
networks for users, made state-of-the-art collaborative filtering
algorithms (e.g. matrix factorization [65]) insufficient to handle
the volume and complexity of the new information. Consequently,
modifications and extensions to the popular models have been
suggested in order to incorporate latent preference or profile infor-
mation to the existing models (e.g. in matrix factorization). Social
regularization [66] and social-based matrix factorization [67,68]
are the key terms used to describe the approaches in this direction.

3.2. Data volatility

From the early works on recommender systems that capture
the user interest drifts [69,70], to more recent works that model
the dynamics of user interest in activity streams [71], the volatility
of user preferences is a parameter to consider when designing a
recommender system. The flourish of social recommender systems
that produce data in a streaming, transactional format and the
evidence that capturing the temporal dynamics of user preferences
improves the recommendation performance, makes data volatility
a major challenge for modern recommender systems [72].

Authors in [73] propose a semi-supervised framework for
stream-based recommendations, which extends a matrix factor-
ization algorithm by the ability to add new dimensions to the ma-
trix at runtime and perform semi-supervised learning. Similarly,
authors in [74] propose a novel Collaborative Evolution model,
basedprobabilistic factorization of the user-item ratingmatrix. The
factor matrices for users and items evolve over time, in order to
capture the evolution of users profiles through the sparse historical
data and be able to output the prospective user profile of the future.

3.3. Data volume

In order to address the continuously growing amounts of social
network data, researchers have focused on parallel and distributed
systems, and work on transforming existing recommendation al-
gorithms to the parallel environment. And since collaborative fil-
tering (CF) is probably themost popularmodel-based technique for
recommender systems, several implementations of CF algorithms
have been developed on parallel and distributed frameworks.
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Among themany frameworks that have beendeveloped to facil-
itate the processing of high-volume data, the ones that have been
frequently used for CF are OpenMP, Pthreads, and Java Threads
for shared memory parallel programming and CUDA and OpenCL
for GPU computing. Among the distributed solutions, Hadoop [75]
that is based on the ‘‘key-value pairs’’ model of MapReduce [76],
has been the basis for more recent distributed frameworks, such
as Mahout [77] and Spark [78]. Storm [79] and GraphLab [58]
are competitive frameworks for graph-based implementations and
algorithms based on the master-worker and the bulk synchronous
parallel (BSP) model respectively.

The work presented in [80] provides an interesting overview of
the challenges faced by social networking data analysis tools that
handle huge volumes of data and thework presented in [81] gives a
comprehensive survey of parallel and distributed implementations
of collaborative filtering algorithms.

Authors in [5] develop a context-aware recommender system
for large-scale social networks, that considers all the possible user-
to-content relationships that can occur in a social network. The
system has been implemented on Apache Spark using the Hadoop
technological stack, AllegroGraph triplestore and SPARK SQL facil-
ities.

4. Recommender systems for large-scale social networks abrief
review of accepted articles of this special issue

From the early work of Sarwar et al. [82] on scalable collabora-
tive filtering algorithms until today, the growth of social networks
and the abundance of user preference data has created the need
for recommender systems that can handle in tandem the variety,
volatility and volume of data generated by large-scale social net-
works.

This special issue contains research works that go beyond the
traditional user-item rating information and take advantage of
information extracted from social networks. The proposed solu-
tions are examined from various big-data perspectives related to
the variety and volume of social data and the volatility of user
preferences over time.

In [83], Rezaeimehr et al. propose a time-aware recommender
system, called TCARS. The TCARS recommendation algorithm, is
based on identifying overlapping communities of users and mod-
eling the dynamics of users preferences in order to minimize spar-
sity effects and keep communities updated over time. The results
obtained using TCARS are comparable to that of state-of-the-art
methods.

In [53], Corbellini et al. propose a novel graph processingmodel,
called Distributed PartitionedMerge (DPM). DPM is a hybridmodel
for processing large social networks, which combines the simplic-
ity of the Fork-Join programming style and the performance and
scalability of the Pregel framework. DPM has been evaluated for
its ability to quickly compute path-based and random walk-based
ranking of large networks’ vertices and thus its ability to serve as
a link prediction component in a user recommender system in a
social network.

In [84], Guo et al. address the volatility of user interests in
an e-commerce environment, where user purchase history is the
input for a sequential pattern mining algorithm that models the
drift of users interest for different categories. The proposed model
diversifies recommendations and improves their accuracy by in-
corporating both multi-category purchase interval and price pref-
erence information. The latter is modeled using fuzzy set theory
and the proposed recommender system is evaluatedwith real pur-
chase records showing improved performance against competitive
methods.

In [33], Margaris et al. present a social network-based query
personalization algorithm, which considers the influence from the

users social network, when searching for personalizing informa-
tion. The algorithm extends the state of the art query personaliza-
tion algorithms by (a) exploiting social graphs for improving per-
sonalization quality and (b) proposing an efficient query rewriting
technique, which handles the mapping of the personalization pro-
cedure results. Authors evaluate their approach in a typical movie
information database, where past user preferences and influence
from other network users are employed to filter the long list of
results that match a user query. For example, when a user searches
formovies of a specific period inwhich an actor stared in, the rank-
ing of the movies depends query matching the user preferences
but also user’s friends preferences. The proposed algorithm has
been experimentally validated regarding its performance, and the
accuracy of result ordering with encouraging results.

In [85], Gan et al. analyze correlations between triangularmotifs
and social relations, and conclude that if a person has a large
number of social relations, the connections among his friends will
be large as well. They find that potential social relations are related
with common connections and demonstrate the necessity of fusing
global and local associations. The authors develop a novel method,
called FLOWER (Fusing GLobal and LOcal Associations toWards
PErsonalized Social Recommendation) to integrate global and local
associations and show that methods based on FLOWER signif-
icantly outperform others in social recommendation in various
types of social network settings.

In [68], Gurini et al. propose a novel people-to-people rec-
ommender system for social networks, which is based on the
identification of users attitudes in terms of: sentiment, volume
and objectivity. In order to do this at large-scale on traditional
social networks, the system employs a three-dimensional matrix
factorizationmodel (one dimension for each attitude) and includes
the temporal alterations of users attitudes into consideration in the
factorizationmodel. The evaluation shows that the recommenders
accuracy and diversity increases with attitudes and temporal fea-
tures.

5. Conclusions—future directions

In order to address the sparsity of rating information and the
cold-start problem plaguing the traditional Collaborative Filtering
algorithms, several deep learning approaches have been intro-
duced recently in the literature, which combine item ratings with
topic information about items, that comes from other sources. For
example the hierarchical Bayesian model in [86], which jointly
performs deep representation learning for the content information
and collaborative filtering for the ratings matrix, or the deep net-
work of stacked denoising autoencoder in [87], where each layer is
trained to minimize the error in reconstructing its input (which is
the output of the previous layer).

Deep learning also opened the road for new types of recommen-
dations, such as session-based recommendations using recurrent
neural networks tomodel click-session data [88], the cross-domain
recommender systems where items are mapped to a joint latent
space [89], or the social trust ensemble learning model of [90].

A large number of research works for collaborative filtering
that go beyond matrix completion [91] is based on Nonnegative
matrix factorization (NMF) [92] and tensor decomposition [93,94]
of the ratingsmatrix.Weighted and graph regularizationNMFhave
also been proposed to incorporate information from the social
graph to the ratings model, and in order to reduce the memory
requirements for large graphs and avoid over-fitting, the Laplacian
matrix of the graph regularization has been replaced by other
regularizations (e.g. Tikhonov [95]).

Finally, as the list of possible recommendations grows, the im-
portance of algorithms that make valid but also novel recommen-
dations rises [96]. Apart from accuracy, the diversity, serendipity,
novelty and freshness of recommended items [97] and user famil-
iarity [98] with them, and avoiding user boredom [71], are a few of
the new criteria for evaluating the recommendations’ quality.
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