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Abstract
Social media and the web have provided a foundation where users can easily access diverse
information from around the world. However, over the years, various factors, such as user
homophily (social network structure), and algorithmic ﬁ ltering (e.g., news feeds and
recommendations) have narrowed the breadth of content that a user consumes. This has lead to
an ever-increasing cycle where users on social media only consume content that agrees with their
beliefs and hence are recommended more such content, ultimately leading to a polarized society
where diverse opinions are not encouraged.
This thesis provides a broad overview of polarization on social media, along with algorithmic
techniques to identify polarized topics, understanding their properties over time, and ﬁ nally, to
reduce polarization.
First, we provide methods to identify polarized topics automatically from social-media streams.
Our methods are mainly based on interaction networks, i.e., networks of social media users,
conne ct e d throug h ce rtain typ e s of inte ractions. We ﬁ rst show t hat p olarize d t op ics have a sp e cial
b i - c l u s t e re d s t ru c t u re i n t h e i r re t w e e t ne t w o rk and p ro p o s e a n a l g o ri t h m t o qu ant i f y t h e d e g re e o f
polarization by using a random walk on this network. We then make use of sub-graph patterns
(motifs) in the reply network of users to show that we can easily identify polarized topics using
such patterns. Since our analysis does not use content, our methods are able to generalize to any
topic, domain and language.
Next, we study the dynamic aspects of the process of polarization. We understand what happens
to the interaction networks deﬁ ned above in case of a sudden increase in interest of users on the
topic. We then address the question on whether polarization on Twitter has increased over the last
8 years and ﬁ nd evidence to support that it does.
Finally, given these ﬁ ndings, we design algorithms to reduce polarization. We propose two
a p p ro a c h e s . In t h e ﬁ rs t a p p ro a c h , w e p ro p o s e c o n ne c t i n g u s e rs w i t h o p p o s i n g vi e w p o i n t s i n o rd e r
to reduce polarization. Our method takes into account the users' interests and their current level
of polarization to help them get connected to the people they feel comfortable in doing so. In the
second approach, we take an information-diffusion route. We pose the problem of reducing
polarization as a task of spreading information that reaches both sides of the polarized topic.
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1. Introduction

The internet, particularly, social media, has changed the way people connect to
each other and consume information over the past two decades. Social media has
been playing an ever-increasing role as a facilitator for democratic discussion and
debate to happen. However, social media has also been blamed for encouraging
users to connect only to other like minded users and inﬂuencing what content
users see, through algorithmic curation and ﬁltering, creating “echo chambers”.
With the advent of social media as a major source of news [97], it has become
easier for everyone to read and share information. Even though technology has
made access to diverse sources of information easy, it has not made us better
at ﬁnding viewpoints that are distant from our own. Even with the availability
of such information, it has become worryingly common and easy for people to
restrict themselves to social circles that agree with their opinion. Search engines,
social media, and news aggregators are not particularly effective at surfacing
information close to our interests, but they are limited by the set of topics and
people we choose to follow. Algorithmic bias and personalization accentuate
these effects by providing tailored content based on a user’s opinions, thus
further isolating the user from a holistic view on a topic. It is easy to see that
the above factors can lead to a vicious cycle, where users consume content they
agree with, and social media platforms suggest content similar to that already
consumed by users, thus leading users to consuming content that is restricted to
a very narrow point of view. This narrow worldview breeds contempt to opposing
voices, paving the path for a society that is more and more polarized.
Online polarization is very important to understand and counter as it might
have adverse affects on mainstream politics, decision making in a democracy
and societal life in general. Polarization can lead to users receiving biased
information, which can foster intolerance to opposing viewpoints which in turn
leads to ideological segregation and antagonism in mainstream political and
societal issues. We’ve been witnessing the adverse effects of a polarized society
through real world events such as the U.S. presidential elections, brexit vote,
etc., where, partly due to a highly polarized environment, propaganda, and fake
news have been able to make an impact.
As we observed in Publication VIII, polarized topics do not foster much dis-
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cussion on Twitter. Users on opposing ends are not discussing the issue; they
just ignore each other and share articles that support their view. This behavior
is dangerous because discussion often helps bring out facts. Such behavior is
often exacerbated by algorithmic personalization, where users are recommended
content to read/share and users to follow based on their interests and previous
interactions. Many users might not even be aware that they are being conﬁned
to a small set of opinions, mainly because of the opacity of the personalization
algorithms. Being aware and overcoming bias in the information users consume
is essential for a balanced, fair society, because social media has the power to
shape voting behavior in a democratic society [97]. Furthermore, if a small
set of sources (search engines or social networks) can deﬁne/decide what users
see/read, it might have dire consequences in situations when a minority voice
needs to be heard.
In this thesis, we present a comprehensive understanding of polarization on social media. We start by designing algorithms to automatically identify polarized
topics on Twitter using patterns in various types of interactions. We design algorithms that can detect polarized topics in a domain- and language-independent
manner. Next, given these polarized topics, we study their properties over time.
Our work is motivated by interest in observing polarization at a societal level,
monitoring its evolution to possibly understand which issues become polarized
and why. We look at what happens to polarized topics in case of a sudden increase in user attention in the topic (e.g., a mass shooting incident), and study
long-term trends in polarization on Twitter. Finally, we design algorithms to
help alleviate this polarizaiton.

1.1

Research Questions

We base this thesis on the following research questions:
• RQ1: How can the emergent structure of discussions about controversial
topics be measured? (Publication I, Publication VII, Publication VIII)
• RQ2: Can we track the evolution of these discussions and understand their
dynamics over time? (Publication V)
• RQ3: Is the amount of polarization increasing over time, and if so, how much?
(Publication IV)
• RQ4: Can we design algorithmic techniques to reduce polarization? (Publication II, Publication III, Publication VI, Publication IX)
Figure 1.1 shows the organization of the thesis.
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Thesis Organization

Using Retweets
Quantifying polarization (RQ1)

I,VII,VIII

Using Replies

Polarization
under stress

Polarization over time (RQ2,RQ3)

IV,V

Long term
polarization

Connecting opposing views

Reducing polarization (RQ4)

II,III,VI,IX

Spreading information

Figure 1.1. Thesis organization and related publications. We divide the thesis into three main
components, corresponding to the four research questions.

1.2

Conventions

In this section, we deﬁne conventions that we use throughout the thesis.
Throughout the thesis, polarization refers to political or social polarization,
deﬁned as “the act of separating people into two groups with completely opposite
opinions on a topic” (Oxford Dictionary). We are mainly interested in polarization on social media, i.e., the divergence of opinions and political attitudes to
ideological extremes on social media. Consider the following question: “Should
Finland welcome more refugees?” This is a contentious question to which we
might get different, often conﬂicting viewpoints, depending on who we ask. We
call this question polarizing and the ‘topic’ behind the question (refugees) as
a polarized topic. This is because, in line with our deﬁnition, the topic separates people into two groups with opposing opinions (supporting and opposing
refugees).
An important aspect in the above deﬁnition is the assumption on the existence
of two opposing sides. The two sides typically correspond to either supporting
or opposing a cause, or a ‘yes’ or ‘no’ (in the case of the previous example about
immigration in Finland). In this thesis, we ensure that the granularity of the
topics we deﬁne allows us to make a clear distinction of what the two sides
represent. For instance, for the topic #obamacare, we say that users who support
obamacare are one side and users who oppose obamacare are the other. On
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the other hand, if we consider a topic #USElections, the two groups that can
be extracted from such a topic could be deﬁned in many ways (democrats vs.
republicans, clinton vs. trump supporters, etc.). We discuss the validity of the
assumption about existence of two sides in Chapter 7.
In most cases discussed in the thesis, when we talk about polarization, we
mean political polarization. The deﬁnition is general enough to accommodate
other forms of polarization such as religious, cultural, and economic polarization.1 In our experiments, we use datasets from a multitude of topics, not just
conﬁned to politics. We deﬁne polarization at a topic level and at a user level. A
user is polarized if they entice opinions and information from only one side of
the discussion. A topic is called polarized if there are many polarized users on
each side of the discussion.
Most of the presentation in the thesis uses Twitter-speciﬁc nomenclature, e.g.,
retweet, reply, follow, etc. This choice is made only to simplify the explanation,
since all the experiments are done using Twitter data. All our methods, however,
can be generalized to other social networks like Facebook or Tumblr. Also,
Twitter is a natural choice for the problem at hand, as it represents one of the
main fora for public debate in online social media, and is often used to report
news about current events.
We use the terms controversy and polarization interchangeably. This is because of the way we collect data to assess polarization. Our experiments mainly
involve controversial discussions, which cause polarization. Hence, we are particularly interested in looking at controversial discussions as a stepping stone to
understand polarization on social media, though it is not a necessity.

1.3

Contributions

The contributions we make in this thesis can be described under three main
lines of work:

1.3.1

Quantifying polarization

1. Most existing work to date tries to identify polarized topics as case studies on
a particular domain (mostly politics), either using content or social network
structure. In Publication VIII, we propose an algorithm based on random walk
on the retweet network, which is one of the few approaches that quantiﬁes the
degree of polarization of a topic. We experimentally show that our approach
outperforms other competitors.
2. We then extend this method to quantify how polarized a user is. Though we
are not the ﬁrst to propose methods to quantify user polarization, as we see in
1 including less-serious forms of polarization like the dress controversy https://en.
wikipedia.org/wiki/The_dress
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Chapter 4 (section 4.1.2), our method for identifying the polarity of a user is a
natural extension of our method to quantify polarization of a topic.
3. In Publication VII, we build classiﬁers to identify polarized discussions by
considering motifs in reply networks. To the best of our knowledge, we are
the ﬁrst to do an in-depth study of the role of reply networks in the context of
identifying polarization on social media.
4. Our methods are primarily based on analyzing interaction networks, i.e.,
networks constructed using retweet and reply actions, and hence, do not
depend on the content of the discussion. By virtue of this design, these methods
are language- and domain-independent and hence they can be applied in the
wild on any topic on social media (Publication I).

1.3.2

Polarization over time

1. In Publication V, we study the effects of external events on the discussion
of polarized topics on social media. We collect large amounts of Twitter data
pertaining to 4 long-lived polarized topics (obamacare, abortion, guncontrol
and fracking) and show how different properties of these topics change with a
sudden increase in attention. To the best of our knowledge, we are the ﬁrst to
do this for long-ranging polarized topics.
2. In Publication IV, we answer the question on whether polarization on Twitter
has been increasing over the past decade. Though a lot of studies have looked
at polarization in the real-world using data from surveys and voting records,
there is no conclusive analysis regarding long-term trends in polarization on
social media. Our study provides a long-term analysis of polarization using
large-scale (over 2.5 billion tweets) and longitudinal data (around 8 years) on
Twitter. We show that there is a consistent increase in polarization (around
10-20%) over the past decade on Twitter using multiple ways to measure
polarization.

1.3.3

Reducing polarization

1. We design two algorithms to help reducing polarization. Although several
studies have been proposed to solve the problem of decreasing polarization,
there is a lack of an algorithmic approach that works in a domain- and
language-independent manner, which can scale to a large number of users.
Instead, the approaches are mostly based on user studies or hand-crafted
datasets. To our knowledge, our work in Publication II and Publication IX is
the ﬁrst to offer two such algorithmic approaches.
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2. Our ﬁrst algorithm, in Publication II, exploits the idea of connecting users
with others having an opposing viewpoint. The approach builds on existing
studies from a multitude of ﬁelds including social science, psychology and
human-computer interaction, to design a completely automated algorithm to
reduce polarization. Most studies based on the idea of connecting opposing
views focus mostly on understanding how to recommend content to an ideologically opposite side. Instead, the approach presented in Publication II deals
with the problem of ﬁnding who to recommend contrarian content to.
3. Due to the scalable nature of our algorithm in Publication II and Publication
VI, we were able to test it on a real-world study on Twitter consisting of almost
7 000 users. Previous studies in this area are mainly user studies involving at
most a few hundred users.
4. In Publication IX, we propose an algorithm to balance information exposure
and reduce polarization, in the framework of inﬂuence maximization. To the
best of our knowledge, this is the ﬁrst attempt to address the problem of
balancing information exposure in the area of information propagation.

1.4

Organization of the thesis

This thesis follows the publication-based dissertation format of Aalto University.
Due to this format, the aim of the thesis is two fold: First, to provide the
necessary background in order for a reader to understand the publications and
appreciate their contributions. Second, to summarize the state-of-the-art in
the ﬁeld, and position our contributions. We only provide high level details of
the methods proposed and highlights of the results. Detailed description of the
methods, proofs and evaluation can be found in the attached publications.
In particular, Chapter 2 provides a comprehensive overview of the topic of
polarization from different ﬁelds including social science, political science, computer science and psychology. We ﬁrst provide an overview of social theories
behind polarization and then provide a detailed backgroud related to our contributions. Chapter 3 gives details on data collection and commonly used deﬁnitions.
Chapter 4 summarizes the methods we propose for identifying polarized topics
and quantifying their severity. Our methods encompass a wide range of user
actions and interactions on social media, including retweeting, replying and
following. Chapter 5 answers two questions related to the dynamics of polarization over time. In Chapter 6, we present two proposals to reduce the increasing
polarization using algorithmic techniques. Finally, we conclude in Chapter 7 by
presenting limitations of our methods and directions for future research.
The publications that comprise this thesis are appended in chronological order
of publication.
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In the previous chapter we discussed about polarization, why it is important
to study, and outlined our contributions in better understanding polarization.
In this chapter, we ﬁrst provide answers to the social theories that cause polarization and review existing literature to place our work in context. For each
research question we pose, we review the work that has already been done in
the ﬁeld, and provide justiﬁcation for our contributions. In particular we review
work on quantifying polarization, studying the dynamics of polarization over
time, and ﬁnally, reducing polarization. The study of polarization encompasses
a vast amount of work from multiple ﬁelds, including social science, political
science, psychology and computer science. This chapter provides a sample of
studies that span these areas, and is not meant to be a thorough review.

2.1

What causes polarization?

In this section, we review some of the main factors that lead to polarization. We
frame these causes in terms of well-studied social theories and deﬁne polarization as a result of various types of bias present in the society. Speciﬁcally, we
deﬁne user-level biases, group-level biases and system-level biases, and show
how polarization can be affected by each of those. These biases are interdependent on each other and interact in a complex way. They result in getting a user
stuck in the “cycle of polarization”. In particular, users make biased choices,
which are reinforced when in combination with groups of like-minded users, and
supported by biases from the system. Such dependence is shown in Figure 2.1.

2.1.1

Individual-level bias

First, we start with individual-level biases, which are the biases in ways users
make their choices.
Cognitive dissonance. The theory of cognitive dissonance was proposed by
Festinger et al. [46] and reﬁned by Fisher et al. [48]. It refers to the phenomenon
by which people experience positive feelings when presented with information
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that conﬁrms that their beliefs or decisions are correct. The effects of this
phenomenon extend to the level of individual media consumption behavior, for
instance, the presence of opinion-reinforcing information is expected to increase
the likelihood of exposure, thus reducing the exposure to a diverse source of
information [57].
Homophily. Homophily is deﬁned as the tendency of individuals to associate
and bond with others who are similar to themself [74, 94]. Homophily has
been measured in various facets of human behavior, including gender, race, age,
status, religion, geography, etc.
On social networks, homophily leads to users connecting with (following, friending, sharing, etc) others who have similar views as their own, thus perpetuating
echo chambers.
Conﬁrmation bias. Conﬁrmation bias is deﬁned as the tendency to search for,
interpret, favor, and recall information in a way that conﬁrms one’s preexisting
beliefs or hypotheses.
Selective exposure. A related phenomenon is deﬁned by the theory of selective
exposure [50, 51] — which proposes the concepts of selective exposure, selective
perception, and selective retention. It is the tendency of individuals to favor information that aligns with their pre-existing views while avoiding contradictory
information.
Due to selective exposure, people keep away from communication of opposite
hue. Selective perception refers to cases where, even if people are confronting
unsympathetic material, they do not perceive it, or make it ﬁt for their existing
opinion. Selective retention refers to the process of categorizing and interpreting
information in a way that favors one category or interpretation over another.
Furthermore, they just simply forget the unsympathetic material.
Selective exposure and conﬁrmation bias leads to biased consumption and
assimilation of media choices, and hence reinforces polarized attitudes [118].
Biased assimilation. Biased assimilation [91], on the other hand, is a related
phenomenon, where an individual gets exposed to information from all sides, but
has the tendency to interpret information in a way that supports a pre-existing
opinion. Biased assimilation is related to selective perception and retention.
It is also known in part with other names such as “motivated skepticism” or
“backﬁre effect” [114].
This phenomenon has an impact in designing systems to reduce polarization.
For instance, studies have shown that the result of exposing contending factions
in a social dispute to an identical body of relevant empirical evidence may be
not a narrowing of disagreement but rather an increase in polarization [114].
Echo chambers. Echo chambers refer to situations where people “hear their
own voice” — or, in the context of social media, situations where users consume
content that expresses the same point of view that users themselves hold or
express. Echo chambers have been shown to exist in various forms of online
media such as blogs [59, 126], forums [43], and social-media sites [15, 66].

16

Background

Echo chambers have been used to describe how information has become a
partisan choice [57], and how those choices bias towards sources that reinforce
beliefs rather than challenge them, regardless of the source’s legitimacy [2].
However, there is contention about whether social media promotes the creation
of echo chambers [15, 32].
Information overload. Information overload refers to the difﬁculty faced by
users in understanding an issue and effectively making decisions when she has
too much information about that issue [119]. The advent of internet and social
media have accentuated this overload and hence this acts as a catalyst to other
biases described above.

2.1.2

Group-level bias

The previous section dealt with biases at an individual level. In this section, we
present group biases, stemming from collections of individuals who are similar
to each other.
Social identity complexity. Social identity theory states that individuals
associate themselves with social identities (race, religion, gender, class) and
prefer to be part of groups that conform to those identities [115]. The social
identity complexity phenomenon is similar to homophily, but at a group level.
In-group favoritism. In-group favoritism refers to favoring members of one’s
in-group over out-group members [39]. In the context of polarization and social
media, the phenomenon is manifested by supporting and evaluating users from
their own political ideology in a positive manner, while rejecting proposals by
people from other ideologies.
Group polarization. Group polarization refers to the tendency for a group
to make decisions that are more extreme than the initial inclination of its
members [120]. These more extreme decisions are towards greater partisanship
if individuals’ initial tendencies are to be partisan.

2.1.3

System-level bias

Systemic biases are those that take into account biases that are not in the control
of a user/group. These are biases that are perpetuated by existing institutions;
they can act as a catalyst encouraging individual- and group-level biases. In the
context of polarization, system-level bias could refer to two concepts:
Media bias. Media bias or operator bias refers to the perceived bias of journalists and news producers within the mass media to be biased explicitly towards
a certain ideology/point of view [69]. Though media bias could be deﬁned in a
broader sense, in the context of polarization, we talk about media bias to be
deliberate and explicitly favoring one side over the other. A commonly used
example of media bias is the case of Fox news, which purports the conservative
point of view. Studies have shown that bias in media can lead to real world
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Figure 2.1. Summary of social theories and their dependencies. Individual-level (white), grouplevel (red) and system-level bias (blue) are colored differently.

changes in voting behavior, e.g., Dellavigna et al. [37] show that Fox News,
being partisan and biased, could affect senate vote share and voter turnout.
They estimate that Fox News convinced 3 to 8 percent of its viewers to vote
Republican.
Algorithmic bias. Algorithmic bias refers to bias perpetuated by algorithms
behind online platforms such as search engines, recommendation systems, and
social networks. These biases are often invisible to users, but shape their
choices. Biased algorithmic results lead to Filter bubbles [108], where users see
information that is ﬁltered according to their preferences, and hence reinforces
their point of view.
Figure 2.1 shows the dependencies between individual-level, group-level and
system-level bias and how they accentuate polarization.

2.1.4

Is the internet causing polarization?

We end this section with some discussion about whether the advent of the
internet and social media platforms has actually increased polarization. Existing
literature on this question has conﬂicting answers.
Many studies argue that the internet and social media help cause polarization
because: (i) increase in available information and ultra personalized media
sources — leading to people choosing agreeing information (homophily, information overload, selective exposure); (ii) increase in ﬁltering power — people avoid
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reading conﬂicting information (conﬁrmation bias, algorithmic ﬁltering); (iii)
increase in social feedback — homogeneity and group think reinforced (group
polarization) [107, 124].
On the other hand, many studies have argued the opposite, stating that since
the internet allows a wide range of choices, it helps exposing users to a much
broader viewpoint [58], and facilitates cross-ideology interactions [13, 70].
A meta-analysis on whether social media encourages political participation
and polarization ﬁnds evidence of a positive association between social media
use and increased political participation, but questions the causal interpretation
of much of the underlying evidence [22].

2.2

Quantifying polarization

We provided a basic working deﬁnition of polarization in Chapter 1, which
is based on the idea of having two conﬂicting groups with different opinions
on a topic. Polarization has been deﬁned in many ways in different ﬁelds.
Bramson et al. [24] distinguishes nine senses of polarization and provide formal
measures for each one. Their main contribution is to describe polarization
as distributions of attitudes/opinions. Most measures are based on ideas of
quantifying the distribution of opinions, and contain methods such as spread,
dispersion, fragmentation, etc.
Esteban et al. [44] propose axioms for how a measure of polarization should
look like — from an economics point of view. They also propose a measure of
polarization, which is an extension of the GINI coefﬁcient [60] but also takes
into account the antagonism between two sides.
For the rest of the section, we stick to our deﬁnition of polarization from
Chapter 1 based on two groups of people having different opinions. We ﬁrst
explore topic-level polarization on social media, deﬁned using various types of
data, such as interaction networks, content and a mix of the two. Then, we look
at methods that capture user-level polarization.

2.2.1

Topic-level polarization

Analysis of polarization in online news and social media has attracted considerable attention, and a number of papers have provided very interesting case
studies. In one of the ﬁrst papers, Adamic et al. [2] study the link patterns
and discussion topics of political bloggers, focusing on blog posts on the 2004
U.S. presidential election. They measure the degree of interaction between
liberal and conservative blogs, and provide evidence that conservative blogs
are linking to each other more frequently and in a denser pattern. These ﬁndings are conﬁrmed by the more recent study of Conover et al. [33], who also
study polarization in political communication regarding congressional midterm
elections. Using data from Twitter, they identify a highly segregated partisan
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structure (present in the retweet graph, but not in the mention graph), with
limited connectivity between left- and right-leaning users.
The papers mentioned so far study polarization in the political domain, and
provide case studies centered around long-lasting major events, such as presidential elections. In this thesis, we aim to identify and quantify polarization
for any topic discussed in social media, including short-lived and ad-hoc ones
(e.g., events such as #beefban1 ). The problem we study has been considered by
previous work, but the methods proposed so far are, to a large degree, domain
and language speciﬁc.
The work of Conover et al. discussed above [33] , employs the concept of modularity and graph partitioning in order to verify (but not quantify) controversy
structure of graphs extracted from discussion of political issues on Twitter. In
a similar setting, Guerra et al. [67] propose an alternative graph-structure
measure. Their measure relies on the analysis of the boundary between two
(potentially) polarized communities, and performs better than modularity. In a
recent study, Morales et al. [98] quantify polarity via the propagation of opinions
of inﬂuential users on Twitter. They validate their measure with a case study
from Venezuelan politics.
Differently from these studies, our contribution consists in providing an extensive study of a number of measures, primarily based on the structure of
interactions, and demonstrating a clear improvement over those. We also aim
at quantifying polarization in diverse and in-the-wild settings, rather than
carefully-curated domain-speciﬁc datasets.
In particular, we assume that polarized topics induce retweet graphs with
clustered structure, representing different opinions and points of view. This
assumption relies on the concept of “echo chambers,” which states that opinions
or beliefs stay inside communities created by like-minded people, who reinforce
and endorse the opinions of each other. This phenomenon has been explored
in many recent studies [9, 11, 49, 65, 71]. Note that the clustered structure
of a retweet graph is just one condition to indicate that the topic is polarized.
We can not conclude that a topic is polarized just by looking at the structure of
the retweet graph. E.g. a retweet graph for promotion campaigns by different
organizations might also have a clustered structure. Additional factors such as
content and other interactions (reply/follow) should also be analysed to decide
whether the topic is polarized or not.
Considering a different type of interaction, conversation graphs (reply graphs)
are used to represent the dynamic nature of information and discussion threads
in a network. Various studies have proposed methods to analyze reply graphs
on Twitter [29, 105]. Those studies analyze various types of reply graphs, such
as long path-like reply trees, large star-like trees, and long irregular trees. They
also show that paths make up 60% of the reply graphs. In our work, we observe
that reply graphs of Twitter discussions are composed by a majority of star-like
trees. For polarized discussions, we additionally detect long trees with multiple
1 http://www.bbc.com/news/blogs-trending-31709983
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branches indicating the different threads of the discussions, e.g., see Figure 4.3
for an example visualization of a polarized discussion.
Analysis of reply graphs in rumor and misinformation spreading has shown
that information ﬂow in the network gives rise to certain types of local patterns [26, 36]. Smith et al. [117] study the role of social media in the discussion
of polarized topics. They try to understand reply and retweet interactions at a
user-level and conclude that users are quicker to spread information that agrees
with their position more often.
The problem of detecting disagreement in reply networks was recently studied
by Allen et al. [6], who use rhetorical structure features to identify disagreement.
They claim that this is a difﬁcult task, even for humans. Chen et al. [27], study
when, why, and how a conversation is initiated by a controversy. Their main
hypothesis is that a controversy generally brings up interest and discomfort
in users, and when the former is higher, a controversy causes a conversation,
while otherwise, the likelihood of starting a conversation is smaller. Supporting
evidence for this hypothesis is obtained by analyzing an online news website.
A different direction for quantifying polarization was adopted by Choi et al. [28]
and Mejova et al. [96]. Their method relies on text and sentiment analysis. Both
studies focus on language found on news articles. In our case, since we are
mainly working with Twitter, where text is short and noisy, and since we are
aiming at quantifying polarization in a domain-agnostic manner, text analysis
has its limitations. Nevertheless, we experiment with incorporating content
features in our approach, though that is not our main focus. For details, please
refer to Publication VIII.
A summary of related work along different dimensions is summarized in
Table 2.1. Our contribution is shown in the last two rows of the table. We make
the following distinction in existing related work:
1. Most existing work to date tries to identify polarized topics as case studies
on a particular topic, either using content or social network structure. Our
work is one of the few that quantiﬁes the degree of polarization using language
and domain independent methods. We show experimentally that our methods
outperform others that try to quantify polarization.
2. To our knowledge, Publication VII is the ﬁrst work to do an in-depth study of
the role of reply networks in the context of identifying polarization in social
media.

2.2.2

User-level polarization

Traditionally, the most common sources for estimating how polarized a user is
comprised of behavioral data generated from roll call votes [111], co-sponsorship
records [5], or political contributions [20]. These datasets were often only
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Table 2.1. Summary of related work for identfying/quantifying polarization

Paper

Identifying

Quantifying

Content

Network
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[40]





[73]





[33]





[31]





[8]





[67]





[98]





Publication VIII





Publication VII





available for the political elite, like members of congress, and hence getting
such estimates for a large population of ordinary citizens was difﬁcult, if not
impossible.
With the proliferation of social media platforms, behavioral data started being
available at an individual level and researchers have tried to use such data for
identifying political ideology for social media users at scale. Initial work started
with supervised methods [34, 109] for predicting a (binary) political alignment
of users on Twitter. Though these works report accuracies over 90%, Cohen and
Ruths warn about the limitations of such approaches and their dependence on
politically active users [30].
Unsupervised approaches have also been proposed, mainly based on the structure of user interests [78], social connections [14], and interactions [19, 52, 128].
The main idea behind these methods is that users typically either surround
themselves (follow/friend) with other users who are similar in their ideology
(homophily), or interact with others (retweet/like) similar to them.
Perhaps the closest approach to our work is by Lu et al. [92], who seek to
identify the bias of a user on a topic by combining their retweet and content
networks, where a content network is obtained based on the similarity of users
tweets. The paper, however, assumes the presence of a set of labeled bias anchors
(seed hashtags), making it not completely unsupervised. Second, fusing the
content and retweet networks is somewhat arbitrary, since there is no common
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underlying principle that holds the two networks together and hence a graph
that results from such a merger contains different types of edges (multigraph)
simply merged together.
Though we are not the ﬁrst to propose methods to identify how polarized a
user is on social media, as we see in Chapter 4 (Section 4.1.2), our method for
identifying polarity of a user is a natural extension of our method to quantify
polarization.

2.3

Polarization over time

In this section, we give an overview of work done in the area of understanding
the dyamics of polarization over time. We divide this into two parts: (i) understanding the properties of polarized networks in case of an external event, and
(ii) general trends in polarization in the society.

2.3.1

Effect of increased collective attention on polarized topics

Most of the works mentioned in the previous section (Section 2.2) focus on
static interaction networks, which are a snapshot of the underlying dynamic
networks. Instead, most real world networks are dynamic and change constantly.
In Publication V (and also the conference version of the work [53]), we are
interested in network dynamics and, speciﬁcally, in how these networks respond
to increased collective attention in the polarized topic.
Several studies have looked at how networks evolve, and proposed models
of network formation [84, 85]. Densiﬁcation over time is a pattern often observed [85], i.e., social networks gain more edges as the number of nodes grows.
A change in the scaling behavior of the degree distribution has also been observed [3]. Newman et al. [103] offer a comprehensive review on the dynamics
of networks. Most of these studies focus on social networks, and in particular,
on the friendship relationship. In our work, we are interested in studying an
interaction network, which has markedly different characteristics.
There is a large amount of literature devoted to studying the evolution of
networks. For an overview, see the book by Dorogovtsev et al. [41]. However,
none of these previous studies has devoted much attention to the evolution of
interaction networks for controversial topics, especially when tracking topics for
a long period of time.
Difonzo et al. [38] report on a user study that shows how the network structure
affects the formation of stereotypes when discussing polarized topics. They
ﬁnd that segregation and clustering lead to a stronger “echo chamber” effect,
with higher polarization of opinions. Our study examines a similar correlation
between polarization and network structure, although in a much wider context,
and focusing on the inﬂuence of external events.
Perhaps the closest to our work is by Smith et al. [117], who study the role of
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social media in the discussion of controversial topics. They try to understand
how positions on controversial issues are communicated via social media, mostly
by looking at user-level features such as retweet and reply rates, url sharing
behavior, etc. They ﬁnd that users spread information faster if it agrees with
their position, and that Twitter debates may not play a big role in deciding the
outcome of a controversial issue.
A few studies have examined the effects of external events on social networks.
Romero et al. [116] study the behavior of a hedge-fund company via the communication network of their instant messaging systems. They ﬁnd that in response to
external shocks, i.e., when stock prices change signiﬁcantly, the network “turtles
up,” strong ties become more important, and the clustering coefﬁcient increases.
In our case, we examine both a communication network and an endorsement
network, and we focus on controversial, polarizing issues. Given the different
setting, many of our ﬁndings are quite different.
Other works, such as the ones by Lehmann et al. [81] and Wu et al. [129],
examine how collective attention focuses on individual topics or items and
evolves over time. Lehmann et al. [81] examine spikes in the frequency of
hashtags and whether most frequency volume appears before or after the spike.
They ﬁnd that the observed patterns point to a classiﬁcation of hashtags, that
agrees with whether the hashtags correspond to topics that are endogenously or
exogenously driven. Wu et al. [129], on the other hand, examine items posted
on digg.com and how their popularity decreases over time. Morales et al. [98]
study polarization over time for a single event, the death of Hugo Chavez. Our
analysis has a broader spectrum, as we establish common trends across several
topics, and ﬁnd strong signals linking the volume of interest to the degree of
polarization in the discussion.
However, there are differences with Publication V:
1. We are the ﬁrst to look at the dynamics of polarized topics under the inﬂuence
of a sudden increase in user interest in the topic.
2. Most existing studies of similar ﬂavor study a local topic (e.g., California
ballot), over a small period of time [117], while we study a wide range of
popular topics, spanning multiple years;

2.3.2

Long-term polarization

In this section, we summarize work that studies polarization a long period of
time.
Lelkes et al. [83] study the impact of the introduction of broadband internet
various states in the U.S. over a period of 5 years (2005-2008) and show that
access to broadband increases partisan hostility. They explain that this is in
part due to the consumption of partisan media. Hetherington et al. [72] study
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polarization of the parties over the past few decades and conclude that the
increased party polarization has increased polarization in the real world. They
ﬁnd evidence that political parties have indeed increased in popularity by being
more and more polarized.
Abramowitz et al. [1] study polarization over the past few decades using large
data from the American National Election Studies and national exit polls and
conclude that polarization has increased over the past decades. They suggest
that, counter to popular belief that polarization turns off voters and depresses
turnout, their evidence shows that polarization energizes the electorate and
stimulates political participation.
Andris et al. [10] study the partisanship of the U.S. congress over a long period
of time. They ﬁnd that partisanship (or non-cooperation) in the U.S. congress
has been increasing dramatically for over 60 years.
Finally, recently, Boxell et al. [23] studied 8 previously proposed measures
of polarization and show that polarization has increased the most among the
demographic groups least likely to use the Internet and social media (with age
over 65 years), suggesting that the role of these factors is limited.
There are also studies that challenge the ﬁnding that polarization in real
world is actually increasing.
Fiorina et al. [47] do a survey of literature on mass polarization, making
a “critical consideration of different kinds of evidence that have been used to
study polarization, concluding that much of the evidence presents problems of
inference that render conclusions problematic.” These results, however, have
been challenged by Abramowitz and Saunders [1]. On a similar note, Prior [113]
argues that “evidence for a causal link between more partisan messages and
changing attitudes or behaviors is mixed at best.”
Lelkes [82] review the different manifestations of polarization that have appeared in the public opinion literature and show that though polarization has
increased, the average American has not become more polarized or ideologically
consistent. They show that this increase in polarization is mainly driven by
partisans, a small group of users who are politically active and increasingly
dislike the other opinion.
Though a lot of studies have looked at polarization in the real world using data
from surveys and voting records, there is little contribution on long term trends
in polarization on social media. Our study contributes to this, by providing a
long term analysis of polarization using different methods. We show that there
is a consistent increase in polarization (around 10-20%) over the past decade on
Twitter.

2.4

Reducing polarization

Given the ill-fated consequences of polarization on society [108, 121], it is wellworth investigating whether online polarization and ﬁlter bubbles can be avoided.
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One simple way to achieve this is to “nudge” individuals towards being exposed
to opposing viewpoints or read/share diverse information, an idea that has motivated several pieces of work in the literature. These related ideas on reducing
polarization have been explored in various ﬁelds, including communication/media studies, political science, social science, psychology and human computer
interaction (designing interfaces). Here we provide an overview and provide our
contributions.

2.4.1

Making recommendations to decrease polarization.

The web offers the opportunity to easily access any kind of information. Nevertheless, several studies have observed that, when offered choice, users prefer to
be exposed to agreeable and like-minded content. For instance, Liao et al. [86]
report that “even when opposing views were presented side-to-side, people would
still preferentially select information that reinforced their existing attitudes.”
This selective-exposure phenomenon has led to increased fragmentation and
polarization online. A wide body of recent studies have studied [2, 33, 96] and
quantiﬁed [4, 52, 67, 98] this divide.
Liao et al. [87, 88] attempt to limit the echo chamber effect by making users
aware of other users’ stance on a given issue, the extremity of their position, and
their expertise. Their results show that participants who seek to acquire more
accurate information about an issue are exposed to a wider range of views, and
agree more with users who express moderately-mixed positions on the issue.
Vydiswaran et al. [125] perform a user study aimed to understand ways to
best present information about controversial issues to users so as to persuade
them. Their main relevant ﬁndings reveal that factors such as showing the
credibility of a source, or the expertise of a user, increases the chances of other
users believing in the content. In a similar spirit, [99] create a browser widget
that measures and displays the bias of users based on the news articles they
read. Their study concludes that showing users their bias nudges them to read
articles of opposing views.
Graells et al. [63] show that mere display of contrarian content has negative
emotional effect. To overcome this effect, they propose a visual interface for
making recommendations from a diverse pool of users, where diversity is with
respect to user stances on a topic. In contrast, Munson et al. [100] show that not
all users value diversity and that the way of presenting information (e.g., highlighting vs. ranking) makes a difference in the way users perceive information.
In a different direction, Graells et al. [64] propose to ﬁnd “intermediary topics”
(i.e., topics that may be of interest to both sides) by constructing a topic graph.
They deﬁne intermediary topics to be those topics that have high betweenness
centrality and topic diversity.
Based on the papers discussed above, we make the following observations:
(a) Although several studies have been proposed to solve the problem of decreasing polarization, there is a lack of an algorithmic approach that works in
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a domain- and language-independent manner. Instead, the approaches listed
above are mostly based on user studies or hand-crafted datasets. To our knowledge, our works, Publication II,Publication IX, are the ﬁrst to offer two such
algorithmic approaches.
(b) Additionally, the studies discussed above on connecting opposing views focus
mostly on understanding how to recommend content to an ideologically opposite
side. Instead, the approach presented in Publication II deals with the problem of
ﬁnding who to recommend contrarian content to. Combining the two approaches
can bring us a step closer to bursting the ﬁlter bubble.
(c) The studies discussed above suggest that (i) it is possible to nudge people by
recommending content from an opposing side [99], (ii) extreme recommendations
might not work [64], (iii) people “in the middle” are easier to convince [87], (iv)
expert users and hubs are often less biased and can play a role in convincing
others [88, 125]. In the design of our algorithm in Publication II, we explicitly
take into account these considerations (i)–(iv).

2.4.2

Balancing information exposure

Another direction to reduce polarization is by convincing users to read and
share information from both sides. In Publication IX, we achieve this through
spreading information on the network so that users have a balanced information
diet. Recently, work of a similar ﬂavor has also been done by Matakos et al. [93].
In their work, they try to ﬁnd the optimal users to convince in a social network
(e.g., through education, exposure to diverse viewpoints, or incentives) to adopt
a more neutral stand towards polarized issues.
We now review the area of information diffusion on social networks.
Following a large body of work, we model diffusion using the independentcascade model [76]. The independent-cascade model has been used extensively
in different information-diffusion studies; a survey on the area is given by Guille
et al. [68]. In the basic model a single item propagates in the network. An
extension is when multiple items propagate simultaneously. All works that
study optimization problems in the case of multiple items, consider that items
compete for being adopted by users. In other words, every user adopts at most
one of the existing items and participates in at most one cascade.
Myers and Leskovec [102] argue that spreading processes may either cooperate
or compete. Competing contagions decrease each other’s probability of diffusion,
while cooperating ones help each other in being adopted. They propose a model
that quantiﬁes how different spreading cascades interact with each other.
Our work is closely related to the area of competitive information diffusion.
Most of the work in this area considers the problem of selecting the best k
seeds for one campaign, for a given objective, in the presence of competing
campaigns [17, 25, 104]. Bharathi et al. [17] show that, if all campaigns but one
have ﬁxed sets of seeds, the problem for selecting the seeds for the last player is
submodular, and thus, obtain an approximation algorithm for the strategy of the
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last player. Game theoretic aspects of competitive cascades in social networks,
including the investigation of conditions for the existence of Nash equilibrium,
have also been studied [7, 62, 123].
The work that is most related to ours, in the sense of considering a centralized
authority, is the one by Borodin et al. [21]. They study the problem where
multiple campaigns wish to maximize their inﬂuence by selecting a set of seeds
with bounded cardinality. They propose a centralized mechanism to allocate sets
of seeds (possibly overlapping) to the campaigns so as to maximize the social
welfare, deﬁned as the sum of the individual’s selﬁsh objective functions. One can
choose any objective functions as long as it is submodular and non-decreasing.
Under this assumption they provide strategyproof (truthful) algorithms that
offer guarantees on the social welfare. Their framework applies for several
competitive inﬂuence models. In our case, the number of balanced users is not
submodular, and so we do not have any approximation guarantees.
To the best of our knowledge, we are the only work that propose the idea of
reducing polarization using the information propagation approach.
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In this chapter, we ﬁrst introduce some of the preliminaries of data collection on
Twitter and provide deﬁnitions of some of the terms commonly used in the rest
of the thesis.
Twitter is an online news and social network where users post and interact
with messages posted by others. It is one of the largest social networks with
over 300 million monthly active users. Though Twitter is a social network, it
is mainly used also as a source of news [80], with Twitter providing the largest
source of breaking news — over 40 million election-related tweets on the night
of the U.S. presidential election.1
By default, content posted on Twitter is public and anyone can “follow” a
user to receive their content. Users retweet other users for content that they
agree with, and would like to spread further on the network. Retweets are not
constrained to occur only between users who are connected in Twitter’s social
network, but users are allowed to re-post tweets generated by any other user.
Throughout the thesis, we only use “pure” retweets, which do not have any
additional quotes added to them (also called “quote” retweets).2 Users can reply
and mention other others, to engage in a discussion. Since most content is open
on Twitter, it is one of the most accessible social networks in terms of allowing
data collection at a large scale for research. Our data was collected using two
main endpoints from the Twitter API.
First, the Twitter streaming API, is a 1% random sample of all tweets generated on Twitter.3 The internet archive (www.archive.org), collects and archives
historical samples of data from the streaming endpoint.4 This collection dates
back to 2011 and we use this data as a way to “look back” into the past. Suppose
that we need to collect data about an event in 2012 (say, the Sandy hook school
shooting), we ﬁrst get all tweets from that time using the Archive Twitter stream.
This represents only a sample of all the tweets during that time about the event.
We then collect users who were actively discussing the event during that time,
1 http://nyti.ms/2zKTXtp (access Nov 10, 2017).
2 https://support.twitter.com/articles/20169873
3 https://developer.twitter.com/en/docs
4 https://archive.org/details/twitterstream
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and get all the tweets of these users. Second, we use the Twitter REST API
endpoint to collect data speciﬁc to a user, such as their follow network, who they
retweet, tweets they post, etc.
Next, we present some common deﬁnitions that we use throughout the rest of
the thesis:
Topic. A topic is operationalized as a query, and the social-media activity related
to the topic consists of those items (e.g., posts) that match the given query. For
example, in the context of Twitter, the query might simply consist of a hashtag.
Users employ hashtags on Twitter to indicate the topic of discussion their posts
pertain to. For instance, tweets corresponding to a discussion on gun control
in the United States have a hashtag ‘#guncontrol’ associated with them. For
each hashtag, we retrieve all tweets that contain it and are generated during
a predeﬁned observation window. Each hashtag along with its set of related
tweets deﬁne a single topic. We also ensure that the selected hashtags (topics)
are associated with a large enough volume of activity.
Retweet network. After obtaining all tweets related to a speciﬁc topic (hashtag), we construct a retweet graph for the topic.5 Each item related to a topic
is associated with one user who generated it, and we build a graph where each
user who contributed to the topic is assigned to one vertex. In this graph, a
directed edge between two users (vertices) u and v (u → v) indicates that user
u retweets user v. An edge has a semantic meaning indicating endorsement,
agreement, or shared point of view between the corresponding users.
Reply network. When a user publishes some content item c i , possibly in
response to another content item c j authored by another user, this generates
a thread of discussion. Interactions within a single thread are modeled with a
content reply tree T = (C, R), where C is the set of content items in the thread,
and an edge r = (c i , c j ) ∈ R indicates that c i is a reply to c j . Note that T is
indeed a tree as each content item, except the ﬁrst one (the root), is a response
to exactly one other item (its parent). Additionally, the nodes of T are enriched
with information about publishing time and authoring user. The tree T can be
projected onto the users to model reply interactions among users. The resulting
structure is a user reply graph R = (U, I), where an edge e = (u i , u j ) ∈ I indicates
that the user u i has replied to some content item posted by user u j . We refer to
the user who authored the ﬁrst content item as origin.
Follow network. Users follow other users on Twitter to get access to the
content produced. We construct a topic speciﬁc follow network consisting of
follower relationships been users who discuss a topic. An edge u → v in the
follow graph indicates that a user u follows user v and both users u and v were
involved in the discussion of the topic.
It is commonly understood that retweets indicate endorsement, and endorsement networks for polarized topics have been shown to have a bi-clustered
structure [33, 52], i.e., they consist of two well-separated clusters that corre5 We use the terms network and graph interchangeably.
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spond to the opposing points of view on the topic. Conversely, replies can indicate
discussion, and several studies have reported that users tend to use replies to
talk across the sides of a controversy [16, 90]. Follows on the other hand have a
mixed role. Though, users follow other users with an opposing viewpoint, studies
have shown that follow networks are usually ideologically uniform.
These different types of networks capture different dynamics of activity on
Twitter, and allow us to tease apart the processes that generate these interactions.
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4. Quantifying polarization

As a ﬁrst step in understanding polarization on social media, we need mechanisms to detect polarized topics from large social-media streams. In this chapter,
we propose two main methods to identify polarized topics and quantify the severity of polarization of the topic. Our methods are mainly based on interaction
networks, i.e., networks of social-media users, connected through certain types
of interactions.
We ﬁrst show that polarized topics have a special bi-clustered structure in their
retweet network and propose a measure to quantify the degree of polarization by
using a random walk on this network. We then extend this method to identify
the degree of polarization of the users involved in the discussion of the topic.
Next, we make use of subgraph patterns (motifs) in the reply network of users
to show that we can easily identify polarized topics using such patterns. We
build a classiﬁer using various features extracted from reply networks and show
that using motif features improves the classiﬁcation performance signiﬁcantly.
Since our analysis does not use content, our methods are able to generalize to
any topic, domain and language. This is in stark difference to existing methods
in this area, which are mostly case studies done on a speciﬁc topic, domain (e.g.,
politics), or language (english).

4.1

Methods based on the Retweet network

In this section, we explain our pipeline to identify polarized topics using the
retweet network. The pipeline consists of three steps. (i) Creating the retweet
graph, (ii) partitioning the graph and (iii) deﬁning a measure to quantify polarization using this graph.
The ﬁrst step in the pipeline is to construct a retweet graph. We do this as
explained in Chapter 3.
Partitioning the graph. In the next stage, the resulting retweet graph is fed
into a graph-partitioning algorithm to extract two partitions (as we mention
in Chapter 1, we consider only polarized topics with two sides in this thesis).
Intuitively, the two partitions correspond to two disjoint sets of users who
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possibly belong to different sides in the discussion. In other words, the output of
this stage answers the following question: “assuming that users are split into
two sides according to their point of view on the topic, which are these two sides?”
If indeed there are two sides, which do not agree with each other — a polarized
topic — then the two partitions should be loosely connected to each other, given
the semantic of the edges. This property is captured by a measure described in
the next stage of the pipeline. In principle, any graph-partitioning algorithm
can be used to partition the graph. We used Metis, a spectral hierarchical
partitioning algorithm [75].
We found that we can detect polarizing topics on Twitter by examining the
structure of the retweet graph. Figure 4.1 illustrates the difference between
retweet graphs of polarized and non-polarized topics. Intuitively, such a biclustered structure indicates that for a polarized topic, users are stuck in their
own echo chambers and only interact with other users who agree with them.
This separation is manifested in the retweet network with dense connections
between users of the same side (red/blue colored nodes in Figure 4.1). We do
not observe the same in the case of non-polarized topics, where the red and blue
sides intersect a lot, indicating that everyone retweets everyone else.
Now, based on this observation, given a retweet graph and the two sides
(obtained by clustering the graph into two partitions), we can deﬁne measures
to automatically quantify the degree to which the topic is polarized. We present
one such measure, based on random walks on the retweet graph in the next
section. For other measures, we refer the reader to Publication VIII.

4.1.1

Random-walk controversy score

Given the retweet graph of a topic and two clusters obtained as described above,
we can deﬁne a graph based measure to capture the degree of polarization of the
topic using our method, called random-walk controversy score (RWC).
This measure uses the notion of random walks on the retweet graph. It is
based on the rationale that, in a polarized discussion, there are authoritative
users on both sides, as evidenced by a large degree in the graph. The measure
captures the intuition of how likely a random user on either side is to be exposed
to authoritative content from the opposing side.
We ﬁrst distinguish the k highest-degree vertices from each partition. High
degree is a proxy for authoritativeness, as it means that a user has received a
large number of endorsements on the speciﬁc topic. The vertices of the retweet
graph G = (V , E) are partitioned into two disjoint sets X and Y , i.e., X ∪ Y = V
and X ∩ Y = ∅.
We deﬁne the random-walk controversy (RWC) measure as follows. “Consider
two random walks, one ending in partition X and one ending in partition Y ,
RWC is the difference of the probabilities of two events: (i) both random walks
started from the partition they ended in and (ii) both random walks started in a
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(a)

(c)

(b)

(d)

Figure 4.1. Sample retweet graphs (visualized using the force-directed layout algorithm in
Gephi). The top two are polarized topics: (a) #beefban, (b) #russia_march, while the
bottom are non-controversial, (c) #sxsw, (d) #germanwings. The colors are assigned
arbitrarily to the two clusters.

partition other than the one they ended in.” The measure is quantiﬁed as
RWC = P X X PY Y − PY X P X Y ,

(4.1)

where P AB , A, B ∈ { X , Y } is the conditional probability
P AB = P r[ start in partition A | end in partition B].

(4.2)

The aforementioned probabilities have the following desirable properties: (i)
they are not skewed by the size of each partition, as the random walk starts
with equal probability from each partition, and (ii) they are not skewed by the
total degree of vertices in each partition, as the probabilities are conditional
on ending in either partition (i.e., the fraction of random walks ending in each
partition is irrelevant). RWC is close to 1 when the probability of crossing sides
is low, and close to 0 when the probability of crossing sides is comparable to that
of staying on the same side.
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Figure 4.2. Pipeline for quantifying polarization.

This measure can be computed and updated efﬁciently via two personalized
PageRank [106] computations, where the probability of restart is set to a random vertex on each side, and the ﬁnal probability is taken by considering the
stationary distribution of only the high-degree vertices. For more details, please
refer to Publication VIII.
These methods, described in the sections above can be captured in a pipeline,
that, given a stream of tweets, can give us as output a polarization score,
obtained from RWC. This pipeline is shown in Figure 4.2. We ﬁrst ﬁlter
tweets by a topic and construct a graph. Then we partition the graph into two
sides using an off the shelf graph-partitioning algorithm. Finally, we use RWC
(or other methods) applied on this graph to obtain a score for the severity of
polarization for the topic.

4.1.2

User polarization

The previous sections present measures to quantify the degree of polarization of a
topic. In this section, we propose a measure to quantify the degree of polarization
of a single user in the graph. We denote this score as a real number that takes
values in [−1, 1], with 0 representing a neutral score, and ±1 representing the
extremes for each side. Intuitively, the polarization score of a user (also called
polarity score or leaning) indicates how “biased” the user is towards a particular
side on a topic. For instance, for the topic ‘abortion’, pro-choice/pro-life activist
groups tweeting consistently about abortion would get a score close to -1/+1
while average users who interact with both sides would get a score close to zero.
In terms of the positions of users on the retweet graph, a neutral user would
lie in the “middle”, retweeting both sides, where as a user with a high polarity
score lies exclusively on one side of the graph.
We can make a simple change to the above random-walk measure (RWC) to
deﬁne the polarization score for each user in the graph. The score is based on
the expected hitting time1 of a random walk that starts from the user under
consideration and ends on a high-degree vertex on either side. Typically, in a
retweet graph, high-degree vertices on each side are indicators of authoritative
content generators because highest degree users means that their content gets
retweeted many times. We denote the set of the k highest degree vertices on
each side by X + and Y + . Intuitively, a vertex is assigned a score of higher
absolute value (closer to +1 or −1), if, compared to other vertices in the graph,
it takes a very different time to reach a high-degree vertex on either side (X +
1 Hitting time of random walk ( h ) is the expected number of steps in a random walk
uv

starting at a vertex u to reach vertex v.
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or Y + ) (in terms of information ﬂow). Speciﬁcally, for each vertex u ∈ V in the
graph, we consider a random walk that starts at u, and estimate the expected
number of steps, l uX before the random walk reaches any high-degree vertex
in X + . Considering the distribution of values of l uX across all vertices u ∈ V ,
we deﬁne ρ X (u) as the fraction of vertices v ∈ V with l vX < l uX . We deﬁne ρ Y (u)
similarly. Obviously, we have ρ X (u), ρ Y (u) ∈ [0, 1). The polarization score of a
user is then deﬁned as
RWC user (u) = ρ X (u) − ρ Y (u).

(4.3)

Note that the score RWC user (u) takes values between -1 and 1. A vertex that
is close to high-degree vertices X + , compared to most other vertices, will have
ρ X (u) ≈ 1; on the other hand, if the same vertex is far from high-degree vertices
Y + , it will have ρ Y (u) ≈ 0; leading to a polarization score RWC user (u) ≈ 1 − 0 = 1.
The opposite is true for vertices that are far from X + but close to Y + ; leading to
a polarization score RWC user (u) ≈ −1.
We also propose a variant of the user polarity score based on a modiﬁed version
of personalized pagerank used for RWC. Please refer to Publication VIII for
details.

4.2

Methods based on the Reply network

Retweets are a sign of endorsement; that is, they only capture the existence of
a positive interaction. As Figure 4.1 shows, for polarized topics, users retweet
others that they agree with and ignore users who are not from the same side. In
this section, we explore whether there are other types of interactions between
opposing groups in a polarized discussion.
Users on Twitter usually reply or mention other users to engage in a discussion/conversation. It has been shown [117, 16] that users on Twitter do not
retweet others from opposing sides, but reply to them. To this end, we looked
the structure of interactions in who replies to whom on Twitter to detect if a
conversation is polarized. Note that different from the above section, here, our
unit of measurement of polarization is a conversation and not a topic. A topic can
have multiple conversations, but a conversation will be mostly about a single
topic. Thus, we can easily extend these methods to apply to a topic level.
First, we construct the reply tree and the user reply graph as detailed in
Chapter 3. Our main hypothesis in looking at replies is that the structure of the
reply tree can be characterized by simple motifs of local user interactions that
can be effectively exploited to distinguish between polarized and non-polarized
content. Figure 4.3 shows the difference between reply trees for polarized and
non-polarized tweets for the same origin user, @realDonaldTrump.
In addition to local motifs, we also explore whether other features, including
network structure, content propagation, and temporal features can be used to
distinguish polarized tweets in Publication VII. A summary of all the features
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(a)

(b)

Figure 4.3. Sample reply trees for polarized and non-polarized conversations. All dots start with
a root tweet and each subsequent edge in the tree is a reply.

we considered are shown in Table 4.1.
Our results show that in most cases polarized conversations arise when users
participate to discussions beyond their social circles. This means that it is
less likely to have polarized discussions among friends. Our classiﬁers using
motif patterns can achieve 85% accuracy in the task of identifying polarized
discussions, with an improvement of 7% compared to a baseline classiﬁer using
just structural, propagation and temporal features.
Also, as the proposed motifs can be easily extracted from any reply tree or subtree, we experimented with the use of such patterns in monitoring the evolution
of discussions and sub-discussions over time. The idea behind this is that, even
though a discussion might start as non-polarized, it might become polarized
over time due to the way certain users reply in the discussion. Indeed, using our
approach we found that a topic of discussion develops over time changing its
level of polarization depending on different sub-topics or on external events (e.g.,
news). We found that about 7% of the direct-reply sub-trees of a non-polarized
tweet become polarized.

4.3

Methods based on the Follow network

In the previous sections, we have seen methods that use interaction networks to
identify polarization. In this section, we will brieﬂy describe other methods that
we proposed to make use of a different type of network — the follow network,
also called the social network — to identify polarization.
We observed that using the topic-speciﬁc follow network, described in Chapter 3, works decently well in detecting polarized topics, though the signal is not
as clear as it is for retweet networks. Figure 4.4 shows sample follower graphs
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Table 4.1. Summary of all features used in Publication VII.
num of nodes in T
structural

num of edges in T
Avg. degree in T
Avg. degree in R
Avg. cascade depth in T
max cascade depth in T

propagation

max size subtree in T
Max. relative degree
Max. degree in T / root degree in T
2nd max degree in R
Avg. inter-reply time

temporal

max reply time
min reply time
% replies in 1h

dyadic motifs

7 2-node motifs

triadic motifs

20 3-node motifs
Triangles ratio

(a)

(b)

(c)

(d)

Figure 4.4. Sample follow graphs for polarized topics, (a) #beefban, (b) #russia_march, and
non-polarized topics, (c) #sxsw, (d) #germanwings.

for polarized and non-polarized topics. We can clearly see that the two sides (red
and blue) are separated for polarized topics, but the separation is not as clean
as in Figure 4.1.
Another approach to make use of the follower network is by simply counting
the number of users with a known polarity followed on a speciﬁc side of the discussion. This gives us the probability of a user to follow a certain side. Examples
of users with known polarity could include, left and right leaning media outlets
like @dailykos or @breitbart; or how @barackobama and @realDonaldTrump
lean on the topic of immigration.
As, due to sparsity, following only a single user from one of the two sides is
not necessarily a strong signal for polarization, we decided to apply a Bayesian
methodology. Before observing any evidence, we gave each following user a
uniform prior probability to follow a set of seed users — users with known
leaning towards the polarized topic.2 Concretely, we used a beta distribution
2 In our case, we used a list of U.S. politicians who are either democrats or republicans.
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with a uniform prior (α = β = 1), where α measures the level of polarization for
one side and β for the other side.
Then every follow to either side increases the count for that side by +1, basically
simulating a repeated coin toss where we are studying the bias of the coin. As
the beta distribution is the conjugate prior of the binomial distribution, we might
obtain something like α = 4, β = 2 for a user who (mostly) supports the ﬁrst
side. The mean of the beta distribution, and hence the “level of polarization” l of
the following user, is deﬁned as l = α/(α + β). We deﬁned the polarization p as
p = 2 · |0.5 − l |, giving a measure between 0.0 and 1.0 measuring the deviation
from a balanced leaning. We use this measure of user polarity to estimate the
increase in polarization over the last decade on Twitter in Publication IV. Details
on the application of this measure are given in Section 5.2.
Using follow information does not add much value and it is practically hard to
obtain due to stricter restrictions on the Twitter API for getting follower data.
Retweet information, as we’ve explained above, is easier to obtain using the
Twitter API and has a cleaner signal in identifying polarized topics.
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In the previous chapter we tried to automatically identify polarized topics by
representing them as networks. Can we understand what happens to these
networks over time, and how they evolve, especially when there is an external
event (e.g., a mass shooting) that leads to a sudden increase in user interest
in the topic? Can we use the methods proposed in Chapter 4 to answer if
polarization is increasing on Twitter over the years?
This chapter provides answers to these questions. We divide the research questions into two parts. In the ﬁrst part, we look at the effect of a sudden increase
in collective attention on the structure of the network and the discussions of
polarized topics. In the second part, we answer whether polarization on Twitter
has increased over the last decade.

5.1

Effect of collective attention on polarized debates

We study the evolution of long-lived polarized debates as manifested on Twitter
from 2011 to 2016. Speciﬁcally, we explore how the structure of interactions and
content of discussion varies with the level of collective attention, as evidenced by
the number of users discussing a topic. First, we build two types of interaction
networks, a retweet network and a reply network, as described in Chapter 3.
Let us now consider the temporal dynamics of these interaction networks.
Given the traditional daily news reporting cycle, we construct these networks
with the same daily granularity. This high resolution allows us to easily discern
the level of interest in the topic, and possibly identify spikes of interest linked
to real world external events, as shown in Figure 5.1. The ﬁgure shows the
daily number of active users discussing 4 long-term polarized topics: abortion,
guncontrol, obamacare and fracking. Spikes in the volume of users typically
correspond to external events that increase the public attention on the topic, as,
for instance, discussions about ‘gun control’ often erupt after a mass shooting.
Core users. As shown in Figure 5.1, there is a base mass of users who are
always active on the topic (shown with the black mass at the bottom of each
sub plot). These users are typically topic speciﬁc, dedicated accounts, which
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Figure 5.1. Daily trends for number of active users for the four polarized topics under study. Clear
spikes occur at several points in the timeline. Manually chosen labels describing
related events reported in the news on the same day are shown in blue for some of
the spikes.

tweet only about that topic, for instance, gun-rights groups, gun-control advocacy
groups, etc. Therefore, to understand the role of these more engaged users, we
deﬁne the core network as the one induced by users who are active for more
than 3/4 of the observation time. Nodes of a network that do not belong to the
core are said to belong to the periphery of that network.
We now present some of the results of the effect collective attention on (i)
the retweet network (Section 5.1.1), (ii) reply network (Section 5.1.2) and (iii)
content (Section 5.1.3).

5.1.1

Retweet network

When an external event happens, we investigate changes to the retweet network.
Usually, the core set of users are actively discussing the topic. When a sudden external event happens, we observed the following changes to the retweet
network:
• New users enter the discussion — these are users who join the core users
(called the periphery) and start discussing the topic. This is expected given
that when an external event happens, there is media coverage on the event
and normal users join the discussion.
• Most retweets are to an existing set of core users — the new users who join the
discussion disproportionately retweet the existing core set of users. This can
also be understood as a way that the core users becoming the “authoritative
voice” during the event and other users reinforcing their voice.
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Figure 5.2. RWC score as a function of the activity in the retweet network. An increase in interest
in the controversial topic (x-axis) corresponds to an increase in the controversy score
of the retweet network.

• Across-side retweets decrease and within-side retweets increase — during an
event, the polarization of the retweet network increases, which is manifested
by a considerable increase in endorsement of users who belong to the same
side and a decrease in endorsements across sides.
Figure 5.2 shows the RWC score as a function of the quantiles of the network by volume. The x-axis shows volume of users bucketed into 10 buckets.
This trend suggests that increased interest in the topic is correlated with an
increase in controversy of the debate, and increased polarization of the retweet
networks for the two sides.

5.1.2

Reply network

As we saw in Section 4.2, reply networks for polarized topics consist of cross
edges, i.e., edges that go between the two sides. The main change that occurs in
the dynamics of reply networks in case of an external event is:
• There is an increase in the amount of discussion. The discussion is mainly
due to across-side edges — users reply more to other users from the other side.
This, in addition to the above observation of decreasing cross side retweets
indicates that the reply network might be used for disagreeing with the other
side.

5.1.3

Content

Let us now switch our attention to the content being discussed and the impact of
the increased collective attention on the content being generated. We measure
differences in content using the differences between the unigram word distributions for the two sides before and during an event. The main observation is
that the Jensen-Shannon divergence [89] between the two sides decreases. This
decrease indicates that the lexicon of the two sides tends to converge. The cause
of this phenomenon might be the participation of casual users to the discussions,
who contribute a more general lexicon to the discussion. Alternatively, the
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Figure 5.3. Entropy of the distribution over the lexicon for one side of the discussion as a function
of the activity in the network (the other side shows similar patterns). As the interest
increases, the entropy increases, thus indicating the use of a wider lexicon.

(a)

(b)

(c)

(d)

Figure 5.4. Word clouds of content in a discussion on abortion before (a,b) and after (c,d) an
event.

cause might be in the event that sparks the discussion, which brings the whole
network to adopt similar lexicon to speak about it, i.e., there is an event-based
convergence.
To further examine the cause of the convergence of lexicon, we report the
entropy of the unigram distribution. Figure 5.3 shows that the entropy for one of
the sides increases as interest increases (results for the other side show similar
trends). Thus, we ﬁnd that the lexicon is more uniform and less skewed, which
supports the hypothesis that a larger group of users brings a more general
lexicon to the discussion, rather than the alternative hypothesis of event-based
convergence.
Figure 5.4 shows a visual example in case of the topic abortion. We can clearly
see in Figure 5.4 (a,b) that there were two distinct groups — prochoice and
prolife, where, as we see in Figure 5.4 (c,d), after the event the discussion is
more uniform and speciﬁc to the event (planned parenthood).
A complete set of other measures we tried and results we obtained are discussed in Publication V.

5.2

Long-term Polarization

In the previous section, we looked at local changes in behavior of polarized topics
when there is an external event. In this section, we want to answer the question
on change of polarization at a global level, over a long period of time. Twitter
and other social networks have only been in existence since the last decade or
so. There have been studies using real world surveys to quantify the increase in
polarization over time [1, 113], though there are other studies that conﬂict this
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Table 5.1. U.S. seed accounts with known political leaning. Top: political candidates and parties.
Bottom: partisan media outlets.

Political accounts

Side

barackobama,joebiden,timkaine,hillaryclinton,
thedemocrats

left

realdonaldtrump,mike_pence,mittromney,gop,
speakerryan,senjohnmccain,sarahpalinusa
Media outlets

right
Side

npr,pbs,abc,cbsnews,nbcnews,cnn,usatoday,
nytimes,washingtonpost,msnbc,guardian,
newyorker,politico,motherjones,slate,
hufﬁngtonpost,thinkprogress,dailykos,edshow

left

theblaze,foxnews,breitbartnews,drudge_report,
seanhannity,glennbeck,rushlimbaugh

right

conclusion [47].
We test the hypothesis on whether polarization has increased over the years on
Twitter in Publication IV. We test this hypothesis along the various dimensions
on Twitter: retweets, follow and content. This is the ﬁrst long-term analysis of
polarization on Twitter.
We used a dataset focused on a set of public seed Twitter accounts: politicians
and media outlets, with known political leaning. From these seed users we then
crawl outwards by collecting data for users who follow or retweet the seed users.
Details as follows.
Seed Accounts. Our point of departure is a list with two types of polarized
seed accounts. The ﬁrst type consists of presidential/vice presidential candidates
and their parties (see the political accounts in Table 5.1) for the last eight years.
The second type consists of popular media accounts listed in Table 5.1. The list
of media outlets was obtained from a report by the Pew Research Center on
polarization and media habits.1
Following Users. For each seed user, we obtained all their followers. The
combined set of all followers for all seed accounts gave us a total of 140M users.
We estimated the time when a user followed a particular seed account using the
method proposed by Meeder et al. [95]. This method is based on the fact that the
Twitter API returns followers in the reverse chronological order in which they
followed and we can lower bound the follow time using the account creation date
of a user. So, as at least some of @BarackObama’s followers started to follow him
right after creating their Twitter account, this leads to temporal bounds for the
other followers as well. These estimates are reported to be fairly accurate when
1 http://www.journalism.org/2014/10/21/political-polarisation-media-habits/
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Figure 5.5. Content polarization over time. Red vertical lines indicate the mid term and main
elections in the U.S. The blue line is the linear ﬁt, which has a non-zero slope tested
using a t-test (p<0.0001).

Figure 5.6. Follow (left, middle) and retweet (right) effects over time for politicians (left, right)
and media (middle) seed accounts.

estimating follow times for users with millions of followers. For our analysis, we
used all cases with estimated follow dates from January 2009 onwards.
Retweeting Users. For the set of seed politicians, we obtained all their public,
historic tweets.2 The earliest tweets in this collection date back to 2006. For
each collected tweet, we used the Twitter API to collect up to 100 retweets. This
gave us a set of 1.3M unique users who retweeted a political entity since 2006.
We randomly sampled 50% of these users (679,000), and used the Twitter API to
get 3,200 of their most recent tweets in December 2016. This gave us around
2.5 billion tweets. Though we have tweets dating back to 2007, we only consider
tweets from September 2009 onwards in the analysis since the volume for earlier
tweets is low.
Based on this dataset, we ﬁnd that polarization on Twitter has increased over
the last 8 years, in terms of various dimensions such as following, retweeting
and content produced. Figure 5.5 shows polarization of content over time, as
measured by a measure of hashtag polarization proposed by Weber et al [127].
This trend is consistent across measures, and depending on the measure
(follow, retweet or content), the relative change is 10%-20% (e.g. see Figure 5.6
for results using follow and retweet measures). Our study is one of very few
with such a long-term perspective, encompassing two U.S. presidential elections
and two mid-term elections, providing a rare longitudinal analysis. For more
details on the measures and the dataset, please refer to Publication IV.
2 Since the Twitter API restricts us to the last 3200 tweets, we used a public tool to get

all historic tweets https://github.com/Jefferson-Henrique/GetOldTweets-python
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6. Reducing Polarization

In the previous sections, we identiﬁed polarized topics and understood some of
their properties over time. We also show that polarization on Twitter has been
increasing over the last decade. In this section, we devise algorithmic solutions
to handle this increasing polarization. In particular, we propose two methods.
First, we propose reducing polarization by connecting Twitter users with
opposing viewpoints. This is based on the idea of people being stuck in echo
chambers, where they only see content from their own side and are not exposed
and hence are not aware of any content from the other side. Next, we take an
information propagation approach and propose an idea to spread information in
the network in such a way that every user gets a balanced access to information
from both sides of the debate.

6.1

Connecting Opposing Views

Society is often polarized by controversial issues that split the population into
groups with opposing views. When such issues emerge on social media, we
often observe the creation of “echo chambers”, i.e., situations where like-minded
people reinforce each other’s opinion, but do not get exposed to the views of the
opposing side.
In this section, we study an algorithmic technique for bridging these chambers,
and thus reduce polarization. Usually, discussions on polarized topics involve
a fair share of “retweeting” or “sharing” opinions of authoritative ﬁgures that
the user agrees with. Therefore, it is natural to model the discussion as an
endorsement graph or a retweet graph: a vertex v represents a user, and a
directed edge (u, v) represents the fact that user u endorses the opinion of user
v.
We then cast our problem as an edge-recommendation problem on this graph.
The goal of the recommendation is to reduce the controversy score of the graph
(RWC), which is measured by a metric based on random walks (see Section 4.1.1
for details). In particular, given a metric that measures how polarized an issue
is on social media (RWC), or how biased is a user who discusses the issue
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(RWC user ), our goal is to ﬁnd a small number of edges, called bridges, which
minimize these measures (RWC or RWC user ). That is, we seek to propose
(content produced by) a user v to another user u, aiming that u endorses v by
spreading their opinion. This action would create a new edge (a bridge) in the
endorsement graph, thus reducing the polarization score of the graph (topic) or
the user itself.
Clearly, some bridges are more likely to materialize than others. For instance,
people in the “center” might be easier to convince than people on the two extreme
ends of the political spectrum [87]. We take this issue into account by modeling
an acceptance probability for a bridge as a separate component of the model. This
component can be implemented by any generic link-prediction algorithm that
gives a probability of materialization to each non-existing edge. However, we
propose a simple model based on RWC user (detailed in Section 4.1.2) [55], which
captures the dynamics and properties of the endorsement graph. Therefore, we
seek bridges that minimize the expected controversy score, according to their
acceptance probabilities.
We consider two variants of the problem. First, a global version where we
aim to ﬁnd the best possible connections to make for the good of the entire
society [56], and second, a more practical version which deals with individual
level, i.e., propose the best recommendations for a user that will reduce her
polarization [54].
We can deﬁne the ﬁrst variant of our problem formally as follows:
Problem 1 (k-E DGE A DDITION). Given a graph G(V , E) whose vertices are partitioned into two disjoint sets X and Y (X ∪ Y = V and X ∩ Y = ∅), and an
integer k, ﬁnd a set of k edges E  ⊆ V × V \ E to add to G and obtain a new graph
G  = (V , E ∪ E  ), so that the controversy score RWC(G  , X , Y ) is minimized.

6.1.1

Acceptance probability

Problem 1 seeks the edges that lead to the lowest RWC score if added to the
graph. In a recommendation setting, however, the selected edges do not always
materialize (e.g., the recommendation might be rejected by the user). In such a
setting, it is more appropriate to consider edges that minimize the RWC score
in expectation, under a probabilistic model A that provides the probability that
a set of edges are accepted once recommended. This consideration leads us to
the following formulation of our problem.
Problem 2 (k-E DGE A DDITION E XPECTATION). Given a graph G = (V , E) whose
vertices are partitioned into two disjoint sets X and Y (X ∪ Y = V and X ∩ Y = ∅ ),
and an integer k, ﬁnd a set of k edges E  ⊆ V × V \ E to add to G and obtain a new
graph G  = (V , E ∪ E  ), so that the expected controversy score E A [RWC(G  , X , Y )]
is minimized under acceptance model A.
We build such an acceptance model A on the feature of user polarity described
in Section 4.1.2. We employ user polarity as a feature for our acceptance model
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Figure 6.1. An example retweet graph for the topic #russia_march. The green and black dots
indicate nodes picked by our algorithm.

because, intuitively, we expect users from each side to accept content from
different sides with different probabilities, and we assume these probabilities
are encoded in, and can be learned from, the graph structure itself. For example,
a user with polarity close to −1 is more likely to endorse a user with a negative
polarity than a user with polarity +1.
Now let u and v be two users with polarity R u and R v , respectively. Moreover,
assume that u is not connected to v in the current instantiation of the graph.
Let p(u, v) be the probability that u accepts a recommendation to connect to v.
We estimate p(u, v) from training data. Given a dataset of user interactions, we
estimate p(u, v) as the fraction
N e (R u , R v )/N x (R u , R v )
where N x (R u , R v ) and N e (R u , R v ) are the number of times a user with polarity
R v was exposed to or endorsed (respectively) content generated by a user of
polarity R u . N x (R u , R v ) is computed by assuming that if v follows u, v is exposed
to all content generated by u.
Figure 6.1 shows an example retweet network with edges recommended by
our algorithm added.

6.1.2

User level recommendation

Problems 1 and 2 solve the problem of ﬁnding the best pairs of users to connect
in a network. These are the best pairs in an ideal situation that help to make
the entire society (or the topic) less polarized. However, even with the addition
of the acceptance probabilities, there is no guarantee that these pairs of users
will accept a recommendation to connect.
A simpler, more realistic variant of the above problem is to make connections
at a user level, that is, to help a user reduce their polarization. Based on this,
we deﬁne the following problem.
Problem 3 (k-E DGE A DDITION U SER). Given a graph G(V , E), a user u and an
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integer k, ﬁnd a set of k edges E  ⊆ V × V \ E to add to G from u so that the
controversy score RWC user (u) is minimized.
Problem 3 is much more practical and feasible in real world. Though our main
focus is to connect users with content that expresses a contrarian point of view,
we also want to maximize the chances of such a recommendation being endorsed
by the user. As we propose above, taking into account the acceptance probability
is one way to address this issue. We can also take into account other factors such
as:
Topic diversity. We want to ensure that the recommendations made for a user
are topically diverse and similar to the interests of the user. To achieve this, for
each user, we compute a vector t u that contains the topics extracted from the
tweets written and the items shared by the user. Similarly, we extract a vector
of topics t i for each content item being recommended. Topics are deﬁned as a
named entity, and we extract them using the tool TagMe.1 Given a user vector
t u , we compute the cosine similarity with all item vectors t i , and rank items in
a decreasing order of cosine similarity.
Popularity on either side. We can also take into account the popularity of
the recommended items, so that users receive content that is popular and, likely,
of good quality. For each item, we compute a popularity score as the maximum
number of retweets obtained by a tweet that contains this item.
Given these different factors, we can produce a ﬁnal recommendation for
the user by simply modeling the recommendation problem as a weighted rank
aggregation problem.
To evaluate the recommendations generated by our algorithm, we run an
online user study involving around 7,000 Twitter users who were active participants on the 2016 U.S. election result night. For each user in the study, we
generate two recommended items that are personalized based on their Twitter
activity: one item is highly contrarian, while the other is more likely to be
accepted, according to our model. Our expectation is that users enjoy reading
the item with high acceptance probability, and disagree with the contrarian item.
Each user was contacted using a Twitter bot that sent automated messages. We
ﬁnd that most users indeed enjoy reading the item with high acceptance, and
disagree with the contrarian item. Details of the algorithms and experiments
can be found in Publication III and Publication VI.

6.2

Spreading information

In the previous section, we looked at methods to reduce polarization by convincing people to connect to others with an opposing viewpoint. In this section, we
take a look at the problem of reducing polarization from a different perspective,
instead looking at spreading information that balances users exposure to news.
1 https://services.d4science.org/web/tagme
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We consider social-media discussions around a topic that are characterized
by two conﬂicting viewpoints. Let us refer to these viewpoints as campaigns.
Our approach follows the popular paradigm of inﬂuence maximization [76]: we
want to select a small number of seed users for each campaign so as to maximize
the number of users who are exposed to both campaigns. In contrast to existing
work on competitive viral marketing, we do not consider the problem of ﬁnding
an optimal selﬁsh strategy for each campaign separately. Instead we consider
a certalized agent responsible for balancing information exposure for the two
campaings.
Consider the following motivating examples on how such an approach could
reduce polarization.
Example 1: Prominent social-media companies, like Facebook and Twitter,
have been called to act as arbiters so as to prevent ideological isolation and polarization in the society. The motivation for companies to assume this role could
be for improving their public image or due to government policies.2 Consider a
controversial topic being discussed in social-media platform X , which has led
to polarization. Platform X has the ability to algorithmically detect polarization [52], identify the inﬂuential users on each side, and estimate the inﬂuence
among users [42, 61]. As part of a new polarization reduction service, platform
X would like to disseminate two high-quality and thought-provoking dueling
op-eds, articles, one for each side, that present the arguments of the other side
in a fair manner. Assume that X is interested in following a viral-marketing
approach. Which users should X target, for each of the two articles, so that
people in the network are informed in the most balanced way?
Example 2: Government organization Y is initiating a program to help assimilate foreigners who have newly arrived in the country. Part of the initiative
focuses on bringing the communities of foreigners and locals closer in social
media. Organization Y is interested in identifying individuals who can help
spreading news of one community into the other.
From a technical standpoint, we consider the following problem setting:
We assume that information is propagated in the network according to the
independent-cascade model [76]. We assume that there are two opposing campaigns, and for each one there is a set of initial seed nodes, I 1 and I 2 , which are
not necessarily distinct. Furthermore, we assume that the users in the network
are exposed to information about campaign i via diffusion from the set of seed
nodes I i . The diffusion in the network may occur with independent or correlated
probabilities for the two campaigns; we consider both settings to which we are
referring as heterogeneous or correlated.
The objective is to recruit two additional sets of seed nodes, S 1 and S 2 , for the
two campaigns, with |S 1 | + |S 2 | ≤ k, for a given budget k, so as to maximize the
expected number of balanced users, i.e., the users who are exposed to information
from both campaigns (or from none!).
Although our approach is inspired by the large body of work on information
2 For instance, Germany is now ﬁning Facebook for the spread of fake news.
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propagation, and resembles previous problem formulations for competitive viral
marketing, there are signiﬁcant differences and novelties. In particular:
• This is the ﬁrst paper to address the problem of balancing information exposure to reduce polarization, using the information-propagation methodology.
• The objective function that best suits our problem setting is related to the size
of the symmetric difference of users exposed to the two campaigns. This is in
contrast to previous settings that consider functions related to the size of the
coverage of the campaigns.
• As a technical consequence of the previous point, our objective function is
neither monotone nor submodular making our problem more challenging. Yet
we are able to analyze the problem structure and provide algorithms with
approximation guarantees.
• While most previous papers consider selﬁsh agents, and provide bounds on
best-response strategies (i.e., move of the last player), we consider a centralized
setting and provide bounds for a global objective function.
We start with a directed graph G = (V , E, p 1 , p 2 ) representing a social network.
We assume that there are two distinct campaigns that propagate through the
network. Each edge e = (u, v) ∈ E is assigned two probabilities, p 1 (e) and p 2 (e),
representing the probability that a post from vertex u will propagate (e.g., it
will be reposted) to vertex v in the respective campaigns. Given a seed set S,
we write r 1 (S) and r 2 (S) for the vertices that are reached from S using the
independent cascade model.
Given a directed graph, initial seed sets for both campaigns and a budget, we
ask to ﬁnd additional seeds that would balance the information adopted by the
vertices. More formally:
Problem 4 (B ALANCE). Let G = (V , E, p 1 , p 2 ) be a directed graph, and two sets
I 1 and I 2 of initial seeds of the two campaigns. Assume that we are given a
budget k. Find two sets S 1 and S 2 , where |S 1 | + |S 2 | ≤ k maximizing

Φ(S 1 , S 2 ) = E [|V \ (r 1 (I 1 ∪ S 1 )

r 2 (I 2 ∪ S 2 ))|] .

The objective function Φ(S 1 , S 2 ) is the expected number of vertices that are
either reached by both campaigns or remain oblivious to both campaigns.
In Publication IX, we show that it is NP-hard. We develop different algorithms
by decomposing the above objective function Φ(S 1 , S 2 ), one of which has a
(1 − 1/e)/2 approximation guarantee.
We experimentally evaluate our methods, on several real-world (and realistic)
datasets, collected from Twitter, for different polarized topics. Details of our
algorithms and experiments can be found in Publication IX.
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7. Limitations and future work

In this section, we discuss some of the limitations of the approaches presented in
this thesis. Next, we try to provide some avenues for improvement and questions
to ponder over.

7.1

Limitations

The thesis studies polarization, a timely and relevant topic, which spans a wide
range of scientiﬁc disciplines, including social science, political science, psychology, design and computer science. In our study, we make some assumptions and
simpliﬁcations to make the thesis tractable. In this section, we describe a few
limitations of our work and suggest potential steps to alleviate these limitations,
wherever possible.
Twitter only. The thesis is based primarily on Twitter-speciﬁc details and all
experiments are done using Twitter. An important consequence of depending
entirely on Twitter is the question of how generalizable our approaches are.
Twitter has only a certain reach — according to a recent Pew research center
survey [110], only 18% of the U.S. adults use Twitter as a source of information.
It also has its own biases in terms of demographics [18], e.g., users over the age
of 65 might not be well represented.
While this is certainly a limitation, Twitter is one of the main venues for online
public discussion, and one of the few for which data is available. Hence, Twitter
is a natural choice. In addition, our methods generalize well to datasets from
other social media and the Web.
Choice of data. In many of our experiments, we manually pick the polarized
topics, deﬁned as hashtags or a group of hashtags, which might be limiting and
introduce bias. These hashtags are picked from common knowledge (e.g., say,
assuming that #obamacare is a polarized topic). Since there is no clear way to
evaluate whether this is true in all cases, this might be a limitation.
To counter issues with speciﬁcity of deﬁning the topics, we select topics that
represent a broad set of typical polarized issues coming from religious, societal,
racial, and political domains. Unfortunately, ground truths for polarized topics
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are hard to ﬁnd, especially for ephemeral issues. Moreover, the hashtags represent the intuitive notion of polarization that we strive to capture, so human
judgment is an important ingredient we want to use.
Contradictory results. An important consequence of the above limitation is
clearly evident in producing slightly contradictory results in this thesis. For instance, in Publication V, we ﬁnd that there is no consistent trend in polarization
for the long term polarized topics obamacare, abortion, guncontrol and fracking,
where as in Publication IV, we ﬁnd a consistent increase in long term polarization. This is because we use different datasets — in Publication V we consider
speciﬁc topics and collect data pertaining to those topics, while in Publication IV
we collect a larger dataset.
Since we do not have access to the complete data and we work with subsets,
we can try to be as thorough as possible and not introduce biases in our measurements, but this is not always possible. As we mentioned in Chapter 2, there is no
consensus in the literature on many of the topics we study, including, whether
polarization in the society is increasing, and whether social media helps creating
echo chambers.
Only two sides. In the thesis, we make a strong assumption that all polarized
topics we deal with have two clear opposing sides and that these two sides can be
obtained by clustering the retweet graph. Not all polarized discussions involve
only two sides with opposing views. Oftentimes discussions are multifaceted,
and there are three or more competing views on the ﬁeld. Although this is a big
assumption, it makes the analysis and development of algorithms easier. The
principles behind our methods neatly generalize to multi-sided polarized topics.
We acknowledge that there is a need to develop techniques that do not strictly
depend on this assumption and defer such cases for future work.
No use of Content. Our methods are primarily network based. We (mostly)
do not make use of the language of the tweets. This is a deliberate choice that
allows us to deal with multiple topics from different domains and languages.
However, depending solely on network features hurts our case because we miss
important signals from text. For instance, in the conference version of our
work [52], as well as in Publication VIII and Publication VII we show that using
text based-features (e.g., sentiment) also helps in identifying polarized topics.
Focus on algorithms. One of the main challenges we deal with in this thesis is
to develop algorithms to reduce polarization. While developing and performing
experiments in Publication VI, we observe that reducing polarization is not just
a technical problem, but also a social and psychological problem. We should also
take into account the psychological and social aspects and literature into account
when considering recommending content that goes against a user’s viewpoint,
to avoid pitfalls such as the Backﬁre effect [114]. To a certain extent we are
already trying to address these issues (e.g., using the acceptance probability),
but ideally one should work more closely with experts from other ﬁelds.
That said, it is still very important to work on computational tools, in tandem
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with developments in other ﬁelds, like social science and psychology to help
us scale the ﬁndings from those ﬁelds to a large number of users and help be
deployed to millions of users. We feel that our results contribute to this direction.
Real-world evaluation. Related to the above point, another limitation of the
thesis is that though we propose techniques to reduce polarization, there is no
way to objectively evaluate if our methods actually work. An objective evaluation
is only possible with access to click/browse logs, which are unfortunately only
accessible from within the social media companies (like Facebook or Twitter).
We try our best to elicit response from real social network users, by creating a
bot and sending out messages to users (Publication VI), but still, this is limited.
Combining different signals. In Chapter 4, we present various methods
using different types of interactions to decide whether a topic is polarized or not.
We make the assumption that certain patterns in these interaction networks,
e.g. clustered structure of the retweet network, help us identify polarized topics.
We must note though, that this is just a necessary condition but not a sufﬁcient
condition. A topic might have a clustered retweet structure but not be polarized,
e.g. a retweet graph for a promotion campaigns by different organizations might
also have a clustered structure. One way to tackle this issue is to combine the
different signals we propose in order to make a conclusion. Using multiple
approaches together (e.g. retweet network, reply network and content), we can
be more conﬁdent that the topic is polarized.

7.2

Future work

In this section, we discuss some directions for future work.
Modeling. One of the important areas in the study of polarization deals with
building generative models to explore opinion formation and the dynamics of
polarization. In this thesis, we do not explore this direction at all. However,
we can build upon the ﬁndings from the thesis to understand and build better
models for polarization. Our observations pave the way to the development of
models for evolution of interaction networks in polarized topics, similar to how
studies about measuring the web and social media were the stepping-stone to
developing models for them. We can also design probabilistic generative models
to capture the observed effects of polarization in terms of content and network
features. Our ﬁndings (in Publication X) show the interaction between network
importance and the content produced and consumed by a user. Most of the
existing models for dynamics of opinion formation and polarization on social
networks either use exclusively content features, or use a dynamic process on a
ﬁxed random network [12]. However, in light of our results, a comprehensive
model for polarization should affect not only the opinion spread over the social
network, but also the structure of the network itself.
Content. As mentioned in Section 7.1, most of our methods do not take content
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into account. In our brief experiments with content, we ﬁnd that though using
content might have its own limitations, it carries some signal of value and
helps in better identifying polarization. In the future, we could look at two
aspects of content analysis. First, using existing tools like topic modeling, we
could extract topics from text to deﬁne at a better granularity what users might
be interested in. For instance, consider again the topic #obamacare. A user
might be supporting of #obamacare in general, but might be opposed to a special
subtopic, say, Hillary Clinton’s plan to reform #obamacare. To ﬁnd such granular
details, we need to analyze the content. Second, the interaction between content
and network in the context of polarization has also not been explored well. These
are interesting directions to explore.
Generalization. Most of our methods are deﬁned in a Twitter-speciﬁc terminology, but almost all other social networks have equivalent mechanisms, e.g.,
retweet on Twitter has a similar meaning as “share” on Facebook, or “reblog” on
Tumblr. Though these methods generalize across social networks, the results
of applying these methods might vary because of different populations [18],
or differences in the intended usage of other social-media platforms. It will
be interesting to see to what extent these methods generalize to other social
networks.
Tackling root causes. Assuming that excessive polarization is bad for the
society, what can we do to handle the root cause of it? As we saw in Section 2.1,
one of the root causes of polarization is the various types of biases that exist
at various levels in the society. As we see in Figure 2.1, user biases constitute
a major portion in this. Though it is not easy or practical to tackle and ﬁnd
solutions to all these, we could start with imbibing simple traits such as valuing
opinions from the other side and building tools that engage users in a healthy
discussion. One way to achieve such an objective would be to have applications
for serving a “healthier” and more balanced news diet to social-media users [79].
Ethical questions. Finally, this thesis touches upon topics that raise certain
ethical questions. What does it mean to depolarize the society? Polarization by
itself may not be a totally negative phenomenon. Several studies [101, 35] argue
that some level of polarization is needed for a democracy. Mutz el al. [101] state
that “a democracy needs deliberation, and polarization enable such a deliberation
to happen in the public, to a certain extent, thus informing people about the issues
and arguments from different sides”. Given such a setting, it is of paramount
importance to understand how we can create constructive polarization. But how
can we decide what constitutes constructive polarization that needs to be encouraged? As we design algorithms that make recommendations to people, how can
ensure that these recommendations are right for people? Does it constitute to
manipulating their decision making? It is important to ponder answers to these
questions as computer scientists before developing such systems. There is a
recent interest in the ﬁeld of transparency and explainability of algorithms [45],
which might help answering some of these questions.

56

8. Conclusions

As social media is coming of age and soon teenagers will no longer remember
a pre-social-media era, we need to be aware of both the positive and negative
effects that come in reinventing how users get their information. Though the
internet and social media have been envisioned as places that create an open
forum for discussion, they also create avenues for isolation and hatred towards
other users who do not necessarily agree with your opinion.
We could clearly observe the inﬂuence of nefarious actors such as automated
bots, fake news and propaganda in the outcomes of recent high proﬁle events
such as the 2016 U.S. presidential elections & brexit, and the potential role of
polarization in abetting these actors. Thus, understanding polarization and
aspects that surround it are the need of the hour.
This thesis contributes in improving the understanding of polarization, mostly
from a computer-science perspective. We provide automated tools to identify
polarization on social media and use these tools to study properties of polarized
topics over time. We then develop algorithms to reduce polarization by connecting users with opposing viewpoints and by prompting information to spread in a
network in such a way that existing viewpoints received a balanced coverage.
As we hint in Chapter 7, these are not just problems in computer science. Our
thesis just scratches the surface in getting a better understanding of polarization.
In our work, we highlight some potential techniques to understand and handle
polarization and placed the results within the context of a larger debate. A close
collaboration of different ﬁelds, including input from humanities and computer
science are needed to completely tackle the issue of polarization.
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