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1. INTRODUCTION
With hundreds of millions of users worldwide, social networks

provide great opportunities for social connection, learning, politi-
cal and social change, as well as individual entertainment and en-
hancement in a wide variety of forms. Because many social interac-
tions currently take place in online networks, social scientists have
access to unprecedented amounts of information about social in-
teraction. Prior to online networks, these investigations required
resource-intensive activities such as random trials, surveys, and
manual data collection to gather even small data sets. Now, mas-
sive amounts of information about social networks and social inter-
actions are recorded. This wealth of data can allow social scientists
to study social interactions on a scale and at a level of detail that has
never before been possible. In addition to providing a platform for
scientists to observe social interactions in large scale, online social
networks are also changing the very nature of social interactions.
People now have ready access to almost inconceivably vast infor-
mation repositories that are increasingly portable, accessible, and
interactive in both delivery and formation. Basic human activities
have changed as a result, and new possibilities have emerged. For
instance, the process by which people locate, organize, and coor-
dinate groups of individuals with shared interests, the number and
nature of information and news sources available, and the ability to
solicit and share opinions and ideas across various topics have all
undergone dramatic change with the rise of social networks.

Social networks have already emerged as a significant medium
for the widespread distribution of news and instructions in mass
convergence events such as the 2008 U.S. Presidential Election
[35], the 2009 Presidential election in Iran [31], and emergencies
like the landfall of Hurricanes Ike and Gustav in the fall of 2008
[35]. Use of social networks such as Facebook and Twitter has
also been noted as providing great ease during the recent demon-
strations in Middle East [63]. In light of these notable outcomes,
understanding information diffusion over online social networks is
a critical research goal. This greater understanding can be achieved
through data analysis, the development of reliable models that can
predict outcomes of social processes, and ultimately the creation
of applications that can shape the outcome of these processes. In
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this tutorial, we aim to provide an overview of such recent research
based on a wide variety of techniques such as optimization algo-
rithms, data mining, data streams covering a large number of prob-
lems such as influence spread maximization, misinformation limi-
tation and study of trends in online social networks.

2. TUTORIAL OUTLINE
Our tutorial is intended to span three hours, and is divided into

four broad subsections. We now provide a high-level summary of
the goals of these subsections where we give a broad survey of the
recent research in the area, identifying different techniques and in-
dicate open problems and challenges associated with such research.

2.1 Characterizing Social Networks
A clear understanding of information diffusion in online social

networks can not be achieved without a clear understanding of sig-
nificance and characteristics of social networks. Therefore, we
start our tutorial with an overview of social networks identifying
its significance and characteristics. We start our tutorial with a dis-
cussion on significance of online social networks in today’s world
[25, 31, 34, 35, 45, 63, 64, 74]. This discussion lays the groundwork
for answering the following questions: How are people using social
networks today? What is the use of social networks beyond their
ability to connect people online? Are online social networks re-
defining social interactions as we know them? How can research in
social networks facilitate a more effective use of social networks?

Given the motivation provided by many examples of successful
uses of social networks, next we provide a survey of early mea-
surement studies in social networks focusing on important charac-
teristics that distinguish social networks from other networks [16,
51, 52, 73]. A few of such commonly known characteristics are
power-law degree distribution, high clustering and positive assorta-
tivity [71]. A better understanding of these characteristics clarifies
which studies from the literature applies to social networks and the
new solutions needed. At the end of this section, our goal is to pro-
vide a clear picture of characteristics of social networks and theirs
possible uses. Next we will focus on one of the most important
uses of social networks, namely information diffusion.

2.2 Diffusion of Information or Opinions
In this part of the tutorial, we outline the techniques used in op-

timizing or facilitating information diffusion in social networks.
There are a large number of problems that relate to diffusion of in-
formation in social networks. Unsurprisingly, all such problems, as
different as they are in terms of the motivation behind them, rely on
sub-problems and therefore techniques that are inherently very sim-
ilar. We identify two example problem definitions through which a
broad survey of techniques in recent research is provided. Namely,
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we study the problem of (i) maximizing spread of influence and
(ii) minimizing spread of misinformation in social networks. The
goal is to provide a summary of sub-problems that are common to
the two and other similar problems. We outline a list of interest-
ing techniques for each sub-problem. We begin with motivating
the study of diffusion of information in social networks and outline
some of the useful applications from research as well as the indus-
try that are a byproduct of such studies. Next we delve into more
detail about the sub-problems; (i) Diffusion model formation, (ii)
formalization and optimization, (iii) large-scale data analysis, (iv)
technique validation.

Diffusion Model Formation. Central to optimization prob-
lems relating to information diffusion is the problem of identifying
the right diffusion model since use of an inaccurate model would
result in optimization problems that are optimizing a non-existent
problem. Therefore it is an important research goal to increase our
understanding of information diffusion processes. To this end, we
provide a survey of available models and address following ques-
tions: Can one find one model that fits most to all human inter-
actions? Do different social networks require use of a different
model? What are the necessary and sufficient parameters of an ac-
curate model? How can we validate use of a specific model? How
can one obtain data about the parameters? Given the intricacy of
human interactions, finding the right diffusion model is still an open
problem, even in the presence of large data sets available today. A
large body of recent research that focus on diffusion of informa-
tion assume a different model [12,21,28,39,47,48,50]. In addition
to the recent research in information diffusion models, there is a
large number of studies that model the interactions between the
structure of a network and its role in disseminating diseases [3,20],
ideas [32], data, adoption of technologies [5] or even its role in seg-
regation of its members [61]. As part of this tutorial, we will give
an overview of such studies as well as studies validating some of
these models on real data.

Formalization and Optimization. Our first goal in this part
of the tutorial is to provide a summary of different formulations
for the problem of maximizing spread of influence in social net-
work. In the second part, we will focus on the problem of limit-
ing spread of misinformation. Choosing the right strategy for for
facilitating the dissemination of a piece of information in an ef-
fective and efficient manner is a problem of great importance and
recent studies in online social networks provide a great insight to
this problem. Depending on the specific goal at hand, the exact
definition of influence or the information diffusion model, a good
strategy requires a different problem formalization and ultimately
a different solution. For instance; Are the nodes of the network
of same importance or adoption of a specific group more impor-
tant? Is the timing of adoption of importance? An intensively
studied problem formulation is: Given a number k, which set S
with |S| ≤ k will eventually infect as many nodes of graph G as
possible? This problem is also referred to as the identification of
influential users or opinion leaders in a social network. We start
this part of the tutorial giving a summary of a number of recent re-
search [17, 18, 22, 39, 58, 68] on this optimization problem which
was first introduced by Domingos and Richardson motivated by vi-
ral marketing [22,58]. This specific formulation is one of the many
in the literature [1, 4, 15, 17, 18, 39, 40, 44, 49, 68, 69]. Next we give
a summary of a number of such studies and discuss the advantages
and disadvantages associated with each technique . We delve into
more detail of one such data-centric study that identifies different
types of influencers [11]. This work identifies 4 types of different

actors based on the theories introduced in the popular book “The
Tipping Point” by Malcolm Gladwell [27] and analyzes their corre-
lation with successful diffusion scenarios in the blogosphere. This
technique is orthogonal to the first set of studies we will discuss, in
that it relies on data from real social networks and diffusion scenar-
ios rather than depending on assumed models.

A characteristic common to the studies discussed so far in the
tutorial is the assumption that information cascades of campaigns
happen in isolation. Next we discuss a group of problem formu-
lations that capture the notion of competing campaigns in a social
network [8, 12, 14, 23, 41]. While the ease of information propa-
gation in social networks can be very beneficial, it can also have
disruptive effects. A number of examples of this sort are the spread
of misinformation on swine flu in Twitter [53], exaggerated reports
on a bomb attack in Grand Central and celebrities that are falsely
claimed as being dead [33]. In the light of the large number of
misinformation campaigns in social networks as well as the possi-
ble advantages of limiting such campaigns, we believe research on
this topic is of great influence. Therefore, we explore the research
in this area and discuss the desired characteristics of possible solu-
tions. We specifically focus on the study that addresses the problem
of influence limitation [12] where a “bad” campaign starts propa-
gating from a certain node in the network and use the notion of
limiting campaigns to counteract the effect of misinformation. This
work also studies the influence limitation problem in the presence
of missing data where the current states of nodes in the network are
only known with a certain probability and show that prediction in
this setting is a supermodular problem.

Large-Scale Data Analysis. No matter which technique is
used in studying information diffusion, a theoretical approach that
relies on optimization algorithms and modeling or a data-centric
method, large-scale data analysis is a significant aspect of study as
well as being a significant challenge. For the latter, large-scale data
analysis is the method, while for the former it is needed for mining
values of parameters of the model in use. In this part of the tutorial,
we will give an overview of various data analysis techniques used
in the literature and discuss which of those are applicable to study
of social networks given the very large scale of its nature. With the
increase of studies in social networks, there are a number of data
sets available to researchers [24, 43, 46, 54]. As obtaining data and
analyzing it to achieve a form from which one can draw conclusions
is an important subproblem for studying information diffusion in
social networks, we discuss the feasibility of a common repository
of data for researchers in the area and discuss possible advantages
and disadvantages associated with such repository.

Technique Validation. Next we focus on techniques to vali-
date the techniques introduced in the modeling and optimization
of information diffusion. Without a proper validation method, it is
impossible to see the greater impact of the theoretical research in
social networks on real social networks. A good validation involves
testing the accuracy of such methods on real social networks, i.e.
influence spread acquired in real social networks, as well as their
efficiency, i.e. the resources needed or the complexity of the algo-
rithm used. We focus on the challenges of technique validation.

2.3 Information Trends
As we will spend the first part of the tutorial to focus on re-

cent research on information diffusion that focuses on diffusion of
different ideas in isolation, for completeness purposes we will use
the second part of the tutorial focusing on the interplay between
different information campaigns and trends that result from such
interplay. Social networks provide large-scale information infras-
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tructures for people to discuss and exchange ideas about different
topics. Detecting trends of such topics is of significant interest for
many reasons. For one, it can be used to detect emergent or sus-
picious behavior in the network. They can also be viewed as a
reflection of societal concerns or even as a consensus of collective
decision making. Understanding how a community decides that a
topic is trendy can help us better understand how ad-hoc communi-
ties are formed and how decisions are made in such communities.
In general, constructing “useful” trend definitions and providing
scalable solutions for them will contribute towards a better under-
standing of human interactions in the context of social media. With
these notable outcomes in mind, we will provide a summary of re-
search on trend analysis in social networks. We will focus on the
following questions: What are the nature of trends in social net-
works? What are important dimensions of such trends? How can
one efficiently analyze trends in social networks given the large
scale of social networks?

Trends in social networks have recently been a major focus of
interest among researchers studying them from perspectives such as
temporal [48] and geographical dimensions [59,60,65] or sentiment
embedded in the shared information [9, 10]. A similar interest can
be observed in industry. For instance, Twitter trends [66] have been
a testament to societal concerns, to such an extent that when there
was interest in Wikileaks and the hashtag #wikileaks did not appear
in the trends list in Twitter, there was substantial discussion upon
which Twitter had to make an official announcement stating they
have not excluded #wikileaks from the trending topics [70]. The
large number of companies reporting trends in Twitter is another
testament to the importance of trends [36, 37, 66]. We will give a
summary of such studies from both research and industry.

In today’s social networks where users are highly influenced
by their friends, trend definitions that reach beyond simple heavy-
hitters approaches to integrate the importance of such flow of in-
fluence can be of great benefit. Since information diffusion on a
social network is a substantial part of the process that creates the
information trends, properties that are defined in this context are of
significant interest. We delve into one recent study that analyzes
social networks from the perspective of the structural properties
of the graph that creates such trends. [13]. This work considers the
problem of identifying the number of connected (and disconnected)
pairs of users in a social network that are discussing a specific topic
named correlated trends (and uncorrelated trends). Through this
study we will focus on methods of validation of value proposition
of new techniques and problem formulations. Since large-scale
data analysis an important subproblem of information trend anal-
ysis, we will focus on challenges associated with large-scale data
analysis as well as possible solutions.

2.4 Other Research in Social Networks
Even though the focus of this tutorial is on information diffu-

sion, we note that there are a large number of exciting and in-
fluential studies relating to other aspects of social networks. In
the last section of our tutorial, we will give an overview of such
studies. With the prevalence of social networks, researchers have
new opportunities to study how groups of people come together
and form communities. A better understanding of communities
in social networks provide great benefits. Therefore we give an
overview of state-of-the-art of research on community formation
and evolution [2, 6, 11, 19, 26, 29, 42, 55–57, 62, 75]. Another im-
portant area of research in social networks is spam detection and
elimination since the decentralized nature of social networks today
make them vulnerable to such behavior. We therefore give a sum-
mary of recent research in the area of spam detection and elimina-

tion [7,13,30,38,67,72]. With this discussion, we further highlight
the challenges associated with the rise of online social networks.

3. GOALS OF THE TUTORIAL

3.1 Learning Outcomes
Following are the learning outcomes from this tutorial:

• Overview of significance of social networks as well as their
important characteristics.

• State-of-the-art in data analysis and optimization problems
in the area of information diffusion in social networks. Sum-
mary of current research projects and future research direc-
tions.

• Identifying common subproblems in a large number of recent
studies.

• Understanding various social interaction/information diffu-
sion models.

• Understanding the advantages and shortcomings of optimiza-
tion algorithms in the area of information diffusion in social
networks compared to data-centric models

• Understanding the appropriate validation methods and using
such techniques to navigate through the large number of stud-
ies in social networks to reach the specific goal in mind.

• A list of open research challenges in social networks that
must be addressed to ensure the applicability of research re-
sults to real life and retrieving effective results as well as an
overview of other significant sub-categories of studies in so-
cial networks in addition to information diffusion.

3.2 Intended Audience
This tutorial is intended to benefit researchers and industry in

the broad area of social networks. Our tutorial would benefit both
researchers as well as the industry interested in understanding in-
formation diffusion in social networks since a survey of the current
research and applications is essential for building new models and
algorithms as well as systems.
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