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Abstract Social media recommendation is foreseen to be one of the most important
services to recommend personalized contents to users in online social network.
It imposes great challenge due to the dynamical behavior of users and the large-
scale volumes of contents generated by the users. In this chapter, we first present
the principal concept of social media recommendation. Then we present the
framework of social media recommendation, with a focus on two important types
of recommendations: interest-oriented social media recommendation and influence-
oriented social media recommendation. For each case, we present the design of the
recommendation that takes both social property and content property into account,
such as user relations, content similarities, and propagation patterns. Furthermore,
we present theoretical results and observations on the social media recommendation
approaches.

1 Social Media Recommendation in Online Social Network

Online social network is attracting more and more people in today’s Internet, where
users can share and consume all kinds of multimedia contents. Social media sharing
is based on online social network, where users are able to reach various contents
shared by others. With the exponential growth in social media contents, such as
images and videos generated by users, it is of great importance to study how
to provide personalized contents in the social media service. Recommendation is
foreseen to be one of the most important services that can provide such personalized
multimedia contents to users. However, social media recommendation is different
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from traditional content recommendation in that social media recommendation
needs to take not only the content information but also users’ social relationship
and behavior into account.

1.1 Why Do People Need Recommendation in Social Media?

In online social network, many contents are generally “imported” by users from
other systems, i.e., the content sharing system where contents are hosted to serve
users. Online social network service and online content sharing service are two of
the most popular applications in today’s Internet. For example, online social network
services like Facebook! and Twitter? have attracted hundreds of millions of users all
over the world, and online content sharing system like YouTube® and Flickr* are also
providing contents to billions of viewers per day.

Recent years have witnessed a rapid convergence of online social network and
online content sharing network. An example of the convergence is illustrated in
Fig. 1. We observe that contents are first generated by users and uploaded to the
online content sharing system, e.g., more than 60h worth of videos is uploaded
every minute to YouTube.’ Then the contents which are originally hosted by the
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content sharing system are imported by users into the online social network and
shared between users. Due to the dynamical behavior of users in the online social
network and the massive number of contents generated by users, it imposes great
challenge for traditional recommendations to provide personalized contents to users.

To effectively perform recommendation in the online social network, in this
chapter, we present the conceptual design of social media recommendation, which
takes both users and contents into account. We illustrate the advantages of social
media recommendation by two types of social media recommendations in the
online social network, namely, interest-oriented social media recommendation and
influence-oriented social media recommendation, as follows:

o [nterest-oriented social media recommendation answers the question “how to
find the contents that can interest users in the online social network?” In
this recommendation, the relevance between a user and a content is to be
evaluated, so that contents that can mostly interest a user are recommended.
The recommendation is based on the user relations and actions and the content
similarity.

* Influence-oriented social media recommendation answers the question “what
contents should one share to maximize one’s influence?”” which can be extended
into two information retrieval scenarios: (1) ranking of users, given a content
item, who should share it so that its diffusion range can be maximized in a social
network; and (2) ranking of social media contents, given a user, what should one
share to maximize one’s influence among one’s friends.

1.2 Traditional Approaches for Social Media Recommendation

Traditional recommendation relies on the content similarities and the collaborative
references from users. Collaborative filtering-based [6, 28] and content-based
[24,26] approaches have been widely used in the existing recommendation systems,
where users’ rating scorings can be used to predict others’ interests. Since both
approaches have their shortcomings when being used individually, some designs
are proposed to combine their advantages. Melville et al. [23] have proposed to
use the content-based predictor to enhance the existing user data so as to provide
better personal suggestions through collaborative filtering. Debnath et al. [11]
have proposed to improve the content-based recommendations by some weights
which determine the content attributes’ importance to users. The weight values are
estimated from a set of linear regression equations obtained from a social network
graph which captures human judgment about similarity of items.

In online social network, users’ rating scores on contents are usually modeled
as a user-content matrix with each entry indicating the score a user rates a content
item. The user-content matrix is highly sparse, as there are a large number of missing
entries in the matrix. The recommendation system is to estimate the values of the
missing entries. Matrix factorization is proposed to perform the recommendation
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in such model, where users and contents can be represented by vectors that are
indicated in the factor matrices [18]. To finally suggest interesting contents to
users, the product of the vector representing a user and the vector representing a
content can be used to evaluate the relevance between them. The performance of
such matrix-based model has been verified by the Netflix prize.®

In the context of recommendation for users’ interests, Davidson et al. [10] have
studied the challenges in the recommendation for such user-generated contents
by taking YouTube as an example. Videos on YouTube are mostly short form,
and user interactions are thus relatively short and noisy, making the traditional
recommendations less effective. Baluja et al. [4] have proposed to use random walk
through a co-view graph concluded from the viewing links to give video suggestions
to users. Zhou et al. [40] have investigated the impact of such recommendation
systems on the diversity of videos on YouTube. They observe that recommendation
is the main source of views of videos on YouTube, and the number of views and the
rank of recommendation are highly correlated. Walter et al. [32] have proposed a
model to use the users’ social connections to reach contents and filter the contents
by their trust relationship. Golbeck et al. [13] have considered the social network
as a recommendation network since the cascade of information is phenomenal in
online social network. DuBois et al. [12] have proposed to improve the collaborative
filtering recommendations by using the trust information as the weights between
users.

In the context of influence maximization, there are studies on structure-level
analysis [25,29] and topic-level analysis [14,30]. The goal of influence-oriented
recommendation is to predict users’ social influence for unobserved data [9] or
to analyze the influence patterns from observed data [2, 3]. The existing social
influence analysis research can be summarized into a diagram: Who (A) influences
whom (B) given what (C). A is often regarded as a single user (or node). For B,
previous works can be categorized as macroscale, where B is the whole network
[2,37]; microscale, where B is a single user [8,30]; and mesoscale, where B is the
community or A’s friends (neighborhoods) [1,22]. From the side of C, contents can
be analyzed at structure level [25,29] and at topic level [14,30].

1.3 What Information Can Be Utilized in Social Media
Recommendation?

Traditional approaches have not taken users’ social relations and their social actions
into account, which is less effective in social media recommendation. In online
social network, users and contents are the two core dimensions. On one hand, users
can import and re-share contents in the online social network; their behavior not
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only indicates their interests but also reflects how contents can influence the users.
On the other hand, the rapid convergence of online social network service and online
content sharing service makes it possible to perform social media recommendation
using information from the contents.

Our social media recommendation is based on the users and the contents
generated by the users. To perform the interest-oriented recommendation and
influence-oriented recommendation, we refer to the social relations, the user actions,
and the content similarities:

* Social connections. The unique information that is available in the online social
network is the set of social connections between users. On one hand, social
connections reflect the social relations between people in the real world; on the
other hand, social connections reflect users’ interests and determine how contents
can propagate among users. In different types of social network services, social
connections are different, e.g., the “friending” connections in Facebook-like
systems indicate users’ general social interests, the “following” connections in a
Twitter-like systems reflect users’ information preference, and the “professional”
connections in LinkedIn-like’ systems usually show people’s career interests.

* Social actions. The online social network has recorded valuable information on
how contents are utilized by users, including which contents are imported by
users, how these contents are re-shared by users, how users view these contents,
and how users comment on these contents. On one hand, such actions make the
contents propagate through the social connections and reach other users in the
online social network; on the other hand, they reflect users’ interests in these
contents and determine the influences of users and contents, e.g., when a content
item is being shared by a user, the user probably likes the content (interested) and
wants his/her friends to see the content (influenced).

* Social media analysis. Based on the content analysis, we are able to investigate
the similarities between content items. In the content analysis, multiple similarity
analysis approaches can be utilized. For example, in Twitter-like systems where
texts are the main form of media contents, the similarity can be evaluated using
the following intuitive approaches: (1) Contents are more similar to each other
if they are published in the same category, which can be inferred from the text
tags in the content items, and (2) contents are similar to each other if they are
published at the same location, which can be retrieved from the geographic tags.
Such content similarity is not limited to text-based contents, e.g., images and
videos can be analyzed using their visual features. In social media recommen-
dation, on one hand, when performing interest-oriented recommendation, it is
possible that a user likes contents that are similar to the ones he/she likes before;
on the other hand, for the influence-oriented recommendation, similar contents
are supposed to have similar influence properties.

72012: http://www.linkedin.com/
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1.4 Basic Formulation in the Social Media Recommendation

We formulate the basic models for the social media recommendation in the online
social network.

1.4.1 Interest-Oriented Recommendation

In the interest-oriented recommendation, we formulate the social connections, social
actions, and content analysis used in the social media recommendation as follows:

» The social graph is used to represent the social connections [37], e.g., how users
follow each other in an online microblogging system. In the social graph, users
are represented by the nodes and the social connections are represented by the
edges. We use a user-user matrix A to denote the social graph. In an online
microblogging system, A can be defined as follows:

1, i follows j,ori = j

A = (D

0, otherwise

e The user-content graph is used to represent how users import and share contents,
which are motivated by traditional matrix completion-based recommendation
approaches [7]. Users and contents are represented by the nodes, and the
importing/sharing actions are represented by the edges. We use a user-content
matrix B to represent the user-content graph, which records the importing/sharing
history of users as follows:

1, user i has imported/shared content j

B;; = (2)

0, otherwise

e The content graph is used to represent the similarities between the contents
according to content analysis [19]. Contents are represented by the nodes, and
the similarities between each other are represented by the weights of the edges.
We use a content-content matrix C to represent the content graph, which records
the “similarities” between the contents as follows:

=1, i=j

Ci T 3)
€[0,1), otherwise

where larger C;; indicates that content i is more similar to content j.

The three matrices are then used to describe users’ interests in media contents:
(1) Based on the social graph A and user action B, we can infer which content
items a user may like according to people one follows (friends) by using A x B;
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(2) based on the user action B and content similarity C, we can also infer users’
interests, since a user may like content items that are similar to the ones he/she
has already imported or shared before, by using B x C. The operation “x” varies
for different applications and different sparsities of the matrices. Using (1) and (2),
user actions can be updated to a new user-content matrix B, where some missing
entries can be estimated. Based on B’, we are able to factorize user actions, i.e., the
relevance between a user and a content can be calculated to perform the interest-
oriented recommendation.

1.4.2 Influence-Oriented Recommendation

To formally define the recommendation for influence maximization problem,
suppose we have M users with the ith user denoted as u; and N content items
with the jth item denoted as p;. Let .4"(u;) denote the collection of u;’s friends (in
Facebook-like systems) or followers (in Twitter-like systems). There are two key
factors involved in the influence-oriented recommendation:

* Item-level social influence: A straightforward way to define the strength of u;’s
influence on .#"(;) given the content item p;, denoted as f;;, is the number of
u;’s friends/followers who have viewed content p;.

¢ Social influence prediction: There are M x N potential social influences in total.
However, in practice, only a tiny fraction of them can be observed. The social
influence prediction is to predict the unobserved social influences ﬁj based on
the observed f;;’s and those predictive factors.

With the above terminologies, let us formally define the task of item-level social
influence prediction. We denote the user-content influence matrix as X € RMxN,
with its (i, j)th entry

Xij _ S ifu sh'ared P @
0  otherwise
If we use g; to denote the number of u;’s friends (i.e., g; = |4 (u;)|, where | - | is
the cardmahty of a collection), then fi; < g;. Also, it should be noted that in the
matrix X there are two cases where an entry X ;j = 0. First, user u; has not shared
the content item p;, and second, user u; has shared content item p;, but none of
u;’s friends have viewed it.

Since different users have different numbers of friends/followers, the strength of
social influence (if measured by f;;) for each user-content pair should be evaluated
in different scales. To alleviate its effect on the final performance, we use the
following percentile influence matrix:

Jii s

=L if u; shared p;

Xy=1% ’ b (5)
0 otherwise

so that X;;’s are normalized into the range of [0, 1].
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The user-content influence matrix X can be reconstructed by
X = Diag(g) - X. (©)

where g = [g1.g2.---,gn]" € RY and Diag(g) is the diagonal matrix with g on
the diagonal line.

In this way, the recommendation of influential content items is converted to the
problem of predicting the unobserved entries in X.

Next, we will discuss the interest-oriented and influence-oriented social media
recommendations, respectively.

2 Interest-Oriented Social Media Recommendation

With the large number of user-generated contents in online social network, it is
crucially important for social media providers to recommend users the ones that
can interest them. In this section, we first show how users’ interests are represented
by their social behavior in online social network. Then, we present a joint social-
content recommendation framework [34].

2.1 Representation of Users’ Interests in Online Social
Network

Explicit scores can be provided by users to indicate their interests in multimedia
contents, which are commonly used in traditional recommendation frameworks.
However, such rating mechanism is not suitable in the social media recommendation
as follows. (1) Ratings are only a small fraction of users’ social actions in online
social network—many users do not rate a content even after having imported or
shared it. (2) The scores cannot always accurately reflect users’ interests, e.g., users
can provide different scores to the same content at different times. To address the
first problem, in the social media recommendation, we use the dominant social
actions to study users’ interests instead of the rating scores. To address the second
problem, we separate the actions so that the recommendation is performed for each
action, where the binary actions can be referred to in the recommendation.

We present social media recommendation for two important social actions:
importing and sharing. Importing is used by users to generate new contents in the
social network, while sharing is used by users to distribute contents that are already
imported by others. Correspondingly, contents are recommended for users to import
or share as follows:

e Importing recommendation which recommends users the contents to import to
their profiles in online social network. Since in popular online social network
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Fig. 2 Content-based, social-based, and joint social-content recommendations

systems such as Facebook and Twitter, contents (e.g., videos) are not hosted
by the systems directly, instead, they are imported from other content sharing
systems, the importing recommendation helps users in online social network to
discover contents that they want to import to online social network, among all
the contents from the external content sharing systems.

» Sharing recommendation which recommends users the contents to share in online
social network. After users have imported contents to online social network,
such contents will be distributed through the social connections. In online social
network, users who obtain the contents shared by their friends or people they
follow can further share the contents to their (other) friends or users following
them, making the contents propagate in a cascade way [17]. The sharing
recommendation helps a user discover the contents that he/she wants to share,
among all the contents shared from his/her friends.

As important social actions in online social network [35], importing and sharing
are implicit in representing users’ interests, e.g., if a user imports a content, it only
indicates that the user is interested in the content but cannot evaluate how much the
user likes the content. Since rating scores are not available to connect the users and
the contents, in the interest-oriented social media recommendation, social actions
are divided into different groups so that the recommendation can be performed
separately. The rationale is that the actions in the same group can be used to evaluate
each other.

2.2 Recommendation Based on Users and Contents

Traditional interest-oriented recommendation for social media includes both
content-based approach [26] and social-based approach [39]. In the content-
based recommendation, content filtering and collaborative filtering [28] have been
widely used. They make use of either the similarities based on content analysis or
the similarities based on the historical users’ ratings. Such recommendation can
provide a user with contents that are similar to the ones he/she has viewed before, as
illustrated in Fig. 2a. On the other hand, in the social-based recommendation, social
network is used to filter the information distributed through the social connections,
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so that content items that one likes can be recommended to their friends [32]. Such
recommendation is able to provide users with the contents that have previously
interested their friends or people they follow, as illustrated in Fig.2b. In existing
social media recommendations, users’ social connections and contents’ similarities
are used separately.

Figure 2c illustrates the new conceptual design of a joint social-content rec-
ommendation, where users and the contents are used jointly to perform the
recommendation. The design has the following advantages:

» Using social graph and social actions in the recommendation makes it possible
to take the propagation patterns into consideration [41]. Propagation determines
how contents reach different people in online social network, which can be very
important to the recommendation, e.g., if a content item repeatedly appear to a
user since it is repeatedly shared by his/her friends, he/she may get interested in
that content item as well [33]. Given the social relations and social actions, such
propagation of content items can be simulated and the strength of the propagation
can be evaluated for the recommendation.

* Since importing and sharing contents in online social network are implicit, i.e.,
users do not rate the contents they have imported or shared, which are required
in many existing recommendation approaches, we need to further refer to other
information from the social network and the content sharing network, e.g.,
comments of users in online social network can be used to further analyze users’
emotions [31].

e Cold start is even more challenging in social media recommendation for two
reasons as follows. (a) Users who have just joined the system have hardly
imported or shared any content in the system. It is difficult to recommend
any content for them, since existing recommendation systems rely on users’
historical preferences. (b) A large number of user-generated contents have no
or fewer viewers. It is difficult to decide which users these contents should be
recommended to. In the joint social-content recommendation, (a) and (b) can be
solved by updating the user-content matrix, based on the original matrices A, B,
and C, where both users’ social connections and the content similarities can be
used to assist the updating of the missing entries in B.

In the joint social-content recommendation, users’ social connections, user
actions, and content similarities are utilized to derive an updated user-content graph
to perform joint recommendation. More specifically, first, the joint social-content
recommendation utilizes a user-content matrix completion to predict which contents
are to be imported/shared by which users. In the completion, entries for cold users
and cold contents are updated so as to perform recommendation for such users
and contents. Second, based on the updated user-content matrix and the historical
importing and sharing records of users, a joint user-content space can be built to
measure the relevance between a user and a content for the recommendation. Next,
we discuss the details of the joint social-content recommendation.
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2.3 The Joint Social and Content Recommendation

The joint social-content recommendation is proposed to recommend interesting
contents to users by using their social relations, social actions, and the content
similarities. The joint social-content recommendation framework is facing the
following challenging problems: (1) How to make use of the propagation patterns
of contents to update the user-content matrix? (2) How to make use of the implicit
actions of users’ importing and sharing contents to perform the recommendation?
(3) How to improve the recommendation for newly joint users who have little
historical importing/sharing information and newly published contents which are
viewed by fewer users? The answer to these questions is the design of the joint
social-content recommendation framework.

First, a completion scheme based on the social propagation and the content
similarity is used to update the user-content matrix. In the user-content matrix
completion, the missing entries corresponding to some cold users/contents can be
estimated. On one hand, the more a user’s friends have imported or shared a content,
the more possible it is for the user to import or share the content as well. On the
other hand, if a user has imported or shared a content, the user will probably import
or share contents similar to that content as well. The matrix update procedure can
be executed based on new entries that are updated, simulating the propagation of
contents in online social network. The user-content matrix completion solves the
aforementioned problems (1) and (3).

Second, to connect the users and the contents by their implicit social actions, we
use the importing and sharing records as input to construct a dynamical user-content
space to measure the relevance between a user and a content. In the user-content
space, a user can be represented by a vector, each entry in which is calculated
according to the contents the user has imported/shared. Similarly, a content can be
represented by a vector according to the user actions as well. Thus, the construction
of the user-content space only relies on the binary entries in B’. Each import or
share will be regarded as a small increase of the user’s interest in a particular
dimension in the user-content space. The user-content space construction solves the
aforementioned problem (2).

2.3.1 Completion of the User-Content Matrix

The user-content matrix which indicates users’ social actions on the contents can
be very sparse [15]. It is difficult for the traditional recommendation algorithms to
recommend contents to users who have imported/shared no or fewer contents, which
are based on users’ historical preferences. In a joint social-content recommendation,
the user-content matrix (B) can be updated by the collaboration of social graph
(A), social actions (the original B), and content analysis (C). The completion
makes use of the original three matrices simultaneously. On one hand, the social
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Fig. 3 User-content matrix completion based on propagation and content similarity

propagation model can be used to connect the contents to the users, i.e., contents
imported/shared by a user’s friends are likely to be imported/shared by the user
as well. On the other hand, contents can be connected to users according to the
content similarity analysis. The reason is that a user is likely to enjoy contents that
are similar to the ones he/she has imported or shared before. Figure 3 illustrates
the user-content completion framework. When updating the user-content matrix B,
besides the original user-content matrix B, the user-user matrix A and the content-
content matrix C are all used. In particular, A and B will be used for the social
propagation-based completion, and C and B will be used for the content similarity-
based completion.

2.3.2 Construction of the User-Content Space

The recommendation is based on constructing a joint user-content space to measure
the relevances between users and content items in the space. Figure 4 illustrates how
the relevance between a user and a content item is measured. The joint user-content
space is constructed by combining a user space and a content space. The user space
depends on the user-user matrix, and the content space depends on the content-
content matrix. A user or a content item can be mapped to two description vectors
[38] in both spaces. Since both the user space and the content space are constructed
using a similar procedure, we take the user space as an example to illustrate how the
space is constructed. First, several representative users are selected, which are the
top-followed users in the online social network. Since these users can be followed
by many other users, it is effective to use them to represent other users’ interests.
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Fig. 4 Construction of the joint user-content space based on user actions

Second, these representative users are clustered into several groups, according to
a similarity defined between any two representative users (two representative users
are more similar to each other if they are followed by more common fans). Third,
based on the clustered groups and the user-user matrix, we can define a user’s
description vector in the user space by counting the number of representative users
he/she follows in each group, and based on the user-content matrix, we can define a
content’s description vector in the user space by combining the description vectors
of users who have imported/shared the content.

The relevance between a user and a content is then measured by combining
their dot products in both spaces, where a recommendation parameter is utilized to
control their impacts for different social actions, i.e., importing and sharing. Finally,
contents can be recommended according to their relevances to the user.

3 Influence-Oriented Social Media Recommendation

With the rapid proliferation of social applications, more and more user profiles,
interactions, and collective intelligence (such as social tags and comments) are
available online, which opens a new perspective for recommendation applications
where more focus should be put on user collaborative information. At the same time,
new recommendation scenarios, such as friend recommendation [16,21], have also
emerged. These scenarios propose a new challenge to traditional recommendation:
how to effectively handle it in the social media scenario?

One key concept related to this challenge is recommendation for influence
maximization, which has been becoming a prevalent and complex force governing
the dynamics of social relationship or social network [37]. It is also a key
dimension for modern recommendation in multiple aspects. To mention a few,
(1) each user acts as an information source in social network, and the influence
of a user is meaningful for the authority of the generated information; (2) in the
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influence-oriented recommendation, the social influence is the key indicator for
content recommendation; (3) as different contents vary with the power to affect users
to change their actions, they can be recommended by influence ranking for social
purpose. Therefore, there is a clear need for techniques to analyze social influence
and, more importantly, in recommendation field.

In the influence-oriented social media recommendation, we need to answer the
question “who should share what?” which can be extended into two scenarios as
follows. (1) Users ranking: given an item, who should share it so that its diffusion
range can be maximized in a social network. (2) Content ranking: given a user, what
should one share to maximize one’s influence among one’s neighbors.

Item-level social influence is not a general measure on users but on the
interactions of users and contents. That is, we need to discriminate a user’s social
influences with respect to different contents. Different from most of the existing
research works focusing on users’ overall social influence analysis [25,29] and
topical social influence mining [14, 30], the social influence in this section is a
finely grained measure of influence.

3.1 Motivating Recommendation Scenario

In social media, users and contents are two core dimensions, and users’ sharing
of contents (such as blog, news, and album) is the basic behavior. Actually, the
spreading out of contents is because of the user sharing in social network. The owner
of the contents, e.g., the advertisers, hopes to maximize the diffusion range of the
contents [5]. This goal makes them desire to target the influencers, who are able to
let many friends to click the information they share or even share further to extend
the sharing cascades. Psychologically, users share contents with their friends mainly
because they want to build their reputations and help others, in which fo influence
others is the important motivation for sharing [35].

According to the definition of social influence on Wikipedia,® social influence
occurs when “an individual’s thoughts, feelings or actions are affected by other
users.” In the context of online social network systems like Facebook and Twitter,
when a user shares a content item, a portion of his/her friends (or neighbors) will
click, comment, or even re-share the content, which are three levels of influence
[36]. The resulted predictive model can be used in two angles. On one side, given a
content item, we can find out the influencers for the diffusion. On the other, given
a user, we can recommend a list of content items to share, which can improve the
interactions between the user and his/her friends.

In predicting the item-level social influence, we mainly face the following
challenges:

82012: http://en.wikipedia.org/wiki/Social_influence
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» User-content specific. Item-level social influence is not a general measure
on users but on the interactions of users and contents. That is, we need to
discriminate a user’s social influences with respect to different content items.
Different from most of the existing research works focusing on users’ overall
social influence analysis and topical social influence mining, the social influence
in this chapter is a finely grained measure of influence.

* Sparsity. The interactions between users and content items are extremely sparse
compared with the total number of user-content pairs. According to our statistics
of 34 K users in Renren,” which is a Facebook style social network site in China,
each user only shares six web contents in average during a month, compared
with a total of 43 K content items, and each item is only shared by four users,
compared with a total of 34 K users. Thus, it is clear that we need subtle and
effective prior knowledge for user and content grouping to alleviate the sparsity
problem.

e Complex factors. There are a volume of factors that affect how many friends
will click a shared content item and provide potential clues for user and content
grouping, for example, the total number of friends, the tie strength between the
user and his/her friends and the semantics of content items, which are often in
different scales. How to select the effective factors and integrate these complex
factors in one predictive model is also one of the focus in the influence-oriented
recommendation.

We formulate the recommendation for influence maximization problem as the
estimation of a user-content matrix, in which each element (7, j) represents the
number of clicks by friends of user i on his/her jth shared content item. A hybrid
factor nonnegative matrix factorization (HF-NMF) algorithm is designed for item-
level social influence modeling [9]. The algorithm tries to find out the common
hidden vector space for both the users and the contents, where their multiplication
can well approximate the observed training interaction matrix. Meanwhile, in order
to deal with the sparsity problem, we construct the priors on users and contents by
incorporating the user-user similarity matrix and content topic distribution matrix.
Also, in order to alleviate the over-fitting problem, we introduce the L2-norm
as regulations for the hidden vector space to improve the generalization ability.
We apply projected gradient [20] to solve the HF-NMF problem and carry out
intensive experiments to demonstrate the effectiveness of the proposed method.
To summarize, the algorithm for recommendation for influence maximization
includes:

e The formulation of the item-level recommendation for influence maximization
problem with HF-NMF and an efficient projected gradient method to solve it.

e The predicted item-level social influence from HF-NMF can support the applica-
tions, such as influencer ranking and contents recommendation by user-content
matrix ranking in two directions.

“http://www.renren.com
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e The strength of social influence in this method is well interpreted, which makes
it easy to understand and extendable to higher-order social influence, e.g., the
influence on all the friends and the friends of friends.

3.2 Recommendation for Influence Maximization

Let us demonstrate the necessity of the item-level social influence and validate the
rationality of predictive factors by preliminary statistical analysis.

The dataset is acquired from the real social network Renren. Till now, the web
site already owns more than 150 million active users. In this web site, a user can
generate a content or share a web page as a content, and the user’s friends will
be informed through the news-feed mechanism. Then some of the friends will
click, comment, or share the content. In this section, we only consider the click
action as the manifestation of influence, and the number of clicks corresponds to
the strength of influence. As the number of friends is different for each user, the
upper bound of users’ social influence strengths is also different. In order to make
the strength of influence be measured in a unified scale for different users for the
sake of observational and modeling study, we use the proportion of friends (of the
user who publish a content) who click the shared content as the measure.

In the influence-oriented recommendation, we first assume that the influence
should be specific on each user-content pairs. In order to validate the hypothesis,
we randomly select three active users. Given a user, we calculate the proportion of
his/her influenced friends (who clicked the shared content) for each of the shared
contents. Then, we randomly select three popular contents. Given a content, we
calculate the proportion of influenced friends when the content is shared by different
users. In our observations, the social influence notably varies with different users
and contents, which implies that (1) different users have different influence power to
their friends, (2) different contents have different influence power (more intuitively,
attraction) to users who are interested in, and (3) users’ influences manifest
differently for different contents. Therefore, only item-level social influence can
reveal the users’ real influence on friends, and the strength of influence should
definitely be user-content specific.

3.3 Predictive Factors for Influence-Oriented Social Media
Recommendation

The factors that affect the strength of social influence include the following three
aspects:

» User-specific factors. Although users’ social influence varies with the shared
contents, the average of the social influences over contents determines the overall
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social influence of a user. We regard the factors that affect users’ overall social
influence (excluding the contents) as the user-specific factors.

* Content-specific factors. Similar as user-specific factors, we regard the factors
affecting contents’ overall social influence (excluding the users) as the content-
specific factors.

» User-content-specific factors. As mentioned above, the social influence is user-
content specific. The social influence of a user given a content cannot be well
estimated only by the user and content-specific factors. The factors indicating the
interactions between users and contents are also important for social influence-
oriented recommendation.

One issue that is worthy of emphasizing here is that both the users and contents are
essential for the predictive modeling. On one hand, the user-content interactions are
very sparse. We need to find effective factors to “group” those users and contents
to alleviate the sparsity problem. On the other hand, the user and content-specific
factors also provide some effective prior knowledge to complement the inference
from pure user-content interactions.

In order to find out the effective predictive factors for the influence-oriented
recommendation, we first prepare a factor pool, which includes the available
potential predictive factors including user profiles, number of users’ friends, visiting
frequency between users, and contents’ topic distributions. Given each factor, we
measure the correlation between the strength of social influence and the factor
value. Finally, we select two user-oriented factors: the percentage of active friends,
the average social tie strength (the interaction frequency) between a user and
his/her friends, and one content-specific factor—the topic distribution of a content’s
content.

3.4 Influence Maximization: A Matrix Factorization Approach

Based on the symbols and basic model we have illustrated in Sect. 1, the influence
maximization can be formulated as a matrix factorization problem. Let U € RM>k
be the latent user feature matrix and V € RY*¥ pe the latent content feature matrix,
where k is the number of latent features. Then given the observed user-content-
specific social influence matrix X, the objective is to find the optimal latent user
matrix U and latent content matrix V by minimizing the following objective:

Ji=|X-UvT|;. )

where ||.|| r denotes the matrix Frobenius norm.

The objective function _#; can be regarded as the quality of approximating X by
the inner product of U and V. However, in real cases, most of the elements in X are
zero because of the sparse interactions between users and contents. Thus, in order
to focus more on the valid elements, we propose to only measure the approximation
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loss on observed elements on X. To formulate this, we introduce the sharing matrix
Y € RM*N with its (i, j)th entry defined as

1 if u; shared p;

0 otherwise

The objective function is converted to

Jr=|YoX-Uuvh];, ©

where © is the Hadamard product.

As mentioned above, the severe sparsity of X makes it very challenging to
directly learn the latent spaces for users and contents from only observed user-
content interaction entries. We need to make full use of the user-specific and
content-specific factors to compress the degrees of freedom, so that the correlation
within users and contents can be exploited to alleviate the sparsity problem. The
solution to the optimization is similar to the maximum margin matrix factorization
approach in [27] and the joint matrix factorization approach in [18].

4 Conclusions

In this chapter, we introduce the principal concept and the framework of social me-
dia recommendation. We first present why recommendation is demanded in social
media and what unique information is needed for effective social media recommen-
dation from both users and contents. We then provide the theoretical formulation and
key insights on the social media recommendation. In particular, we have presented
two types of recommendations in online social network: interest-oriented social
media recommendation and influence-oriented social media recommendation. To
deepen the understanding of each social media recommendation, we further provide
the following results:

 In the interest-oriented social media recommendation, we present the joint social-
content recommendation. We have shown that user relations, user actions, and
content similarities can be simultaneously utilized in the recommendation, so
that two problems can be addressed as follows. (1) The completion of the user-
content matrix based on the social propagation and the content similarity makes
it possible to recommend newly published contents to newly joint users. (2) The
construction of the joint user-content space enables recommendation for implicit
social actions including importing and sharing.

* In the influence-oriented social media recommendation, we have presented the
effective user-specific and content-specific predictive factors and used a matrix
factorization method to incorporate these predictive factors for user-content-
specific recommendation for social influence maximization at content-item level.
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We see such an exploration will shed light on future applications in social media
recommendation.
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