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Abstract

Social media has transformed political communication. Nowadays, political discourse
occurs mostly in public and private digital spaces. Originally, social media was regarded
as a tool that gave everyone a voice, especially in oppressive systems. However, it has
proved to also have dangerous side-effects as it potentiates negative sentiments ingrained
in society, such as polarization, extremist rhetoric, and racism. During the second decade
of the twenty first century, social media companies have been in the news limelight, seen
as important stakeholders that oversee and indirectly control the flow of communication.
A new area of research has emerged, which studies the effect of algorithms and design
on political communication. However, social media remains a complex ecosystem, and
specific platform analyses do not suffice to explain the dynamics of politics-laden digital
spaces. Multiplatform analysis consists of evaluating different platforms based on a
common theme, actor, or political event. Enough data makes possible the performance
of a cross-platform analysis that additionally investigates the diffusion of information
between platforms.

This thesis presents a framework for understanding three of the main stakeholders
in political discourse on social media: political actors, partisan users, and bad-natured
agents. The last encompasses different types of entities that make the political con-
versation toxic, irrespective of their degree of automation. Throughout a series of case
studies, this work tries to understand these stakeholders and their interactions on differ-
ent social media platforms. This thesis underlines the importance of monitoring social
media to gain insights into these interactions. In the case of political actors, this thesis
investigates the rise of the populist right-wing German political party, the Alternative
für Deutschland (AfD). Additionally, it studies the online political advertising of the
AfD and the other main German political parties, in the months leading up to the 2019
European election. Regarding partisan users, this work presents the first analysis of po-
litical communication on TikTok. The analysis also focuses on the interactions between
Democratic and Republican users in the United States and on the new distinct feature
called the duet. The final case study concentrates on bad-natured agents on YouTube,
in the context of misinformation about the COVID-19 pandemic. With the help of
state-of-the-art natural language processing (NLP) methods, the case study shows how
to detect conspiratorial videos based on the user comments. To conclude, this thesis
presents the challenges and future research needed to study political communication on
new platforms and how to address the social problems that have manifested in the offline
world.

vii





Zusammenfassung

Soziale Netzwerke haben die politische Kommunikation verändert. Heutzutage findet der
politische Diskurs vor allem in öffentlichen und privaten digitalen Räumen statt. Ur-
sprünglich wurden Soziale Netzwerke als ein Instrument angesehen, das jedem Bürger,
besonders in repressiven Systemen, eine Stimme verleiht. Es hat sich jedoch gezeigt, dass
es auch gefährliche Nebenwirkungen gibt, da in der Gesellschaft verankerte negative
Phänomene wie Polarisierung und extremistische Rhetorik potenziert werden können.
Social-Media-Unternehmen stehen im Fokus der Nachrichten, da sie als wichtige Akteure
angesehen werden, die den Kommunikationsfluss überwachen und indirekt kontrollieren.
Es ist ein neuer Forschungsbereich entstanden, der die Auswirkungen von Algorith-
men und Plattformdesign auf die politische Kommunikation untersucht. Soziale Netzw-
erke sind jedoch nach wie vor ein komplexes Ökosystem und spezifische Plattformanal-
ysen reichen nicht aus, um die Dynamik politischer digitaler Räume zu erklären. Eine
Multiplattform-Analyse besteht darin, verschiedene Plattformen anhand eines gemein-
samen Themas, Akteurs oder politischen Ereignisses auszuwerten. Wenn genügend
Daten zur Verfügung stehen, ist es möglich, eine “Cross-Plattform Analyse” durchzuführen,
die darüber hinaus die Diffusion von Informationen zwischen Plattformen untersucht.

Diese Arbeit stellt einen Rahmen vor, um drei der Hauptakteure des politischen
Diskurses in Sozialen Netzwerken zu untersuchen: politische Akteure, “partisan”-Nutzer
und “bad-natured agents”. Letztere umfassen verschiedene Arten von Entitäten, die
die politische Konversation unabhängig von ihrem Automatisierungsgrad kontaminieren.
Anhand einer Reihe von Fallstudien versucht diese Arbeit, diese Akteure und ihre In-
teraktionen auf verschiedenen Plattformen zu untersuchen. Dabei wird die Bedeutung
des Monitorings Sozialer Netzwerke hervorgehoben, um Einblicke in deren Interaktionen
zu erlangen. Im Bezug auf die politischen Akteure untersucht diese Arbeit den Aufstieg
der rechtspopulistischen Partei Alternative für Deutschland (AfD). Darüber hinaus un-
tersucht sie die politische Online-Werbung der AfD und der anderen großen deutschen
Parteien in den Monaten vor der Europawahl 2019. Im Hinblick auf “partisan”-Nutzer
präsentiert diese Arbeit die erste Analyse der politischen Kommunikation auf TikTok.
Die Analyse konzentriert sich auch auf die Interaktionen zwischen demokratischen und
republikanischen Nutzern in den Vereinigten Staaten und speziell auf das Feature na-
mens “duet”. Die letzte Fallstudie untersucht “bad-natured agents” auf YouTube im
Kontext von Falschmeldungen über die COVID-19-Pandemie. Mit Hilfe von “Natural
Language Processing” (NLP) zeigt die Fallstudie, wie man konspirative Videos anhand
der Nutzerkommentare erkennen kann. Abschließend werden in dieser Arbeit die Her-
ausforderungen und der zukünftige Forschungsbedarf für die Untersuchung politischer
Kommunikation auf neuen Plattformen und die Bewältigung der sozialen Probleme, die
sich in der Offline-Welt manifestiert haben, dargestellt.
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1 Introduction

The real problem with humanity is the following: We have paleolithic emotions, medieval
institutions, and god-like technology.

- Edward O. Wilson [14]

Social media is now an important part of many people's lives [15]. It de�nes how people
communicate, interact, and form groups in the digital world. This has repercussions for
how society evolves over time [16]. One of the main aspects that these new media have
transformed is political communication. Even though social media platforms were not
designed to foster political conversations, they have become central spaces for political
exchange, communication, and campaigning. Citizens discuss political issues, externalize
their political preferences, and take part in online groups for political activism [17, 18].
At the time that social media started to become ubiquitous in daily life, it provided hope
for a more diverse, open, and democratic political discourse [19, 20]. Especially, as it
provided a new space for every politician to share his or her message [21], and could help
to raise voices that authoritarian regimes have repressed [22, 23]. The hope depended on
social media providing a space for information [24], connection [25], civic responsibility
[26], and diversity [27].

Nowadays, politics plays a large role in social media. Political parties have developed
new methods and tools for externalizing party attitudes and evaluating the reactions of
potential voters. They deploy digital political campaigns in order to in
uence public
opinion, especially in the form of personalized advertising [28]. Political parties train
data-intensive models used for decision-making, using large databases that contain de-
mographic and personal information [29, 30]. However, negative events have shadowed
the bene�ts that social media brings to political discourse. Social media can foster nega-
tive and toxic content that damages political communication. In turn, this makes social
media spaces a fertile ground for various actors to exploit. Notable examples are auto-
mated, fake, and militant accounts that spread misinformation as part of disinformation
campaigns targeting vulnerable groups [31, 32]. Detecting the di�erent types of manip-
ulation techniques on social media is a considerable challenge, given that they evolve
over time with new strategies to fool the audience, the politicians, and maybe even the
researchers.

The users that produce political content on social media are not the only actors
that in
uence political communication. The algorithms that decide what to present
to users directly impact it. They can even lead to a reality construction for the users
[33]. Through these automated decision-makers, social media platforms play a role in
forming users' opinions. The knowledge that users obtain from these channels then
can be transformed into action in both the online and o�ine worlds. The closeness of
algorithms and politics has led to the emergence of data politics [34], which deals with
the functionality of algorithms [35], the biases they may introduce [36, 37], and, most
importantly, how do they in
uence users and social groups [38, 39]. Researchers have
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1 Introduction

attempted to investigate whether social media helps to the democratization of society or
has a net negative political impact [40, 41, 42]. This question relates to studies on the
detrimental aspects of using social media, which expose how the data business model
behind platforms does not always align with ensuring civic political discourse [43].

This dissertation presents several case studies of political communication on social
media. It focuses on the online political landscape of Germany and the United States.
It presents a framework that identi�es the di�erent stakeholders of political communi-
cation on online platforms. The cases show the importance of monitoring social media
to understand political communication. Finally, this work calls for the use of statistical
algorithms to defend the discourse from bad-natured agents, but warns of the oversim-
pli�cation of content moderation.

1.1 A Reality Check

At the time of this writing, Joe Biden has been o�cially inaugurated as the 46th president
of the United States. The era of Donald Trump comes to its end (for now). In the last
three years since I started my dissertation, politics and online digital platforms have
lived through many ups and downs. I feel the need to perform a quick reality check
of what were the events that occurred in this period, as they strongly in
uenced my
research. This also gives to you, the reader, the political context in which the included
publications were written. This period starts with the Cambridge Analytica data scandal
in 2017, where the personal data of millions of Facebook users were acquired without their
consent. Some assume that the data helped in electing Donald Trump [44]. Although
the veracity of this assumption is contested, this event changed how the public and the
government regard social media. It is no longer all about connecting people for the
social good [45]. It is also a helpful tool for extremist voices. In my �rst publication
[1], I studied how the Alternative f•ur Deutschland, Germany's far-right populist party
successfully employed social media to spread its message.

As a response to the Cambridge Analytica scandal, Facebook and the other major
tech companies pledged more transparency. In 2019, they introduced ad libraries that
reported the advertisements with political content. These libraries provided previously
undisclosed data regarding online political campaigns. I performed the �rst analysis of
these libraries in the context of the European election in 2019 [3]. Apart from trans-
parency, the social media companies promised to increase their content moderation of
misinformation. After the 2016 U.S. election, the topic of disinformation on social media
became a relevant topic of research. However, the real consequences of disinformation
campaigns for the o�ine world were not evident. This all changed with the COVID-19
pandemic that not only changed the world but it also created amisinfodemic [46]. In
this light, I studied how conspiracy theories spread on YouTube, and I developed an
algorithm to detect videos with conspiratorial content [5].

The digital world changes fast, and social media evolves at a similar pace. In 2019,
TikTok, a new video-sharing social media platform, arose to popularity. It became the
most downloaded app in 2020. As on Facebook and Twitter, politics play an important
role on TikTok. I performed the �rst analysis of political communication on this platform
[4]. In ten years, the social media ecosystem may be completely di�erent. Thus, research
that is relevant now may not seem so in the near future. Nevertheless, I hope this work
can help future researchers in the study of political communication on social media.
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1.2 Political Communication on Social Media

1.2 Political Communication on Social Media

Communication between the government and the people is central to any political sys-
tem [47]. The political discourse permeates the civic discourse in a society [48] and is
an essential part of a democracy [49]. Denton and Woodward [50] characterize political
communication in terms of the intentions of its senders to in
uence the political envi-
ronment. Therefore, its content and purpose characterize political communication. The
elements of political communication reside in the actors that undertake it: citizens, the
media, and political organizations [51]. Social media has allowed for a large part of po-
litical communication to move to digital spaces. These new digital public squares allow
users to interact and exchange ideas. Social media platforms also create online groups
that share interests or ideologies. Facebook, Twitter, TikTok, YouTube1, and other plat-
forms have transformed how political communication takes place. In this subsection, I
present �rst related work and then the main framework of this thesis.

1.2.1 Related Work

There is vast research on the topic of political communication and social media. In this
subsection, I only consider general and relevant studies. This omits countless research
papers on speci�c political events in countries around the world (e.g., general elections,
debates, social issues, policy-related topics). Such a compilation is outside the scope of
this thesis. Coelho et al. [52] provide a literature review of the importance of public and
political communication through social media. Others focus on the disruption by social
media of political communication [53, 54].

The �rst general topic on social media and political communication is the e�ect of
the new media on democracy. Iosi�dis and Wheeler [55] tried to �nd out if social media
is an aid to democratic representation or contributes to a greater destabilization of
modern politics. They conclude that engagement with social media in preserving political
consensus is highly questionable, and it has exposed the �ssures in modern democracies.
The work of Van Aelst et al. [56] supports this, focusing on the main concerns that social
media present as a challenge to democracy: a high-choice media environment, declining
quality, and diversity of news; increasing media concentration, increasing fragmentation
and polarization, and increasing inequality in political knowledge.

The second general topic focuses on the usage of social media by politicians. Stier
[57] investigated how politicians use di�erent social media platforms for political com-
munication. Similarly, Hegelich et al. [58] investigated how politicians use social media
to interact with the public. Varol et al. [59] studied how promoted political campaigns
dynamically develop on social media. Xi et al. [60] tried to understand how images on
social media convey the political ideology of politicians. With text, images and videos,
social media gives politicians the ability to control the online political landscape. For
example, through his political messages, Donald Trump successfully diverted the media
from topics that he considered threatening [61].

The third general topic focuses on user behavior in politically-laden circumstances.
Himelboim et al. [62] �nd that interpersonal informational trust is positively associated
with the perception of online activities as political participation. Kruikemeer et al. [63]

1Although YouTube is not a social media platform per se, it is often considered under the same umbrella.
YouTube videos are shared on social media platforms, they have a comment section, and users can
follow channels.
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1 Introduction

show that highly interactive and personalized online communication increases citizens'
political involvement. This e�ect di�ers across age groups, and it can directly in
uence
people's inclination to participate politically [64]. Studies in political participation show
that users are likely to argue over wide ideological divides and increasingly likely to
engage with those who di�er from them [65]. This suggests that users have an interest
in engaging in prolonged political discussions. Barnidge [66] studied the exposure to
political disagreement in social media versus face-to-face and anonymous online settings.
The political news diet that users have implies di�erent political alignments [67]. In
his seminal paper, Barbera [68] demonstrates an approach to determining ideological
positions based on the social network of users.

Social media gives researchers the possibility of performing large studies of behavior
[69] and classical political-science research on large datasets [70]. Facebook performed
one of the most famous examples of large-scale experiments on voter mobilization, with
61 million users [71]. Researchers should be careful when interpreting social media
results, as the sample is often not representative of the general population [72]. However,
social media can complement survey data as an indicator of changes in public opinion [73]
or as signals in unpolled topics [74]. Stieglitz and Dang-Xuan [75] propose a framework
for social media analytics in a political context, from data tracking and data analysis to
analytical methods that gather insights into political discussions. Additionally, network
analysis enables depicting political communication as graphs, where users are nodes, and
their connections represent communication patterns. Pfe�er [76] presents a thorough
review of political networks visualizations.

The thesis by Kalsnes [77] is the most similar to the present dissertation; she tries to
understand the logic of social media in the presence of political communication. However,
the similarities only apply to the general setting; the study cases and focal points di�er
substantially. Both works complement each other by focusing on the impact of social
media and how disruptive technology translates into real-world events. Whereas Kalsnes
focuses on the new mechanisms for attention, visibility, and popularity on social media
platforms, this thesis focuses on a multiplatform framework.

This thesis's main framework is grounded on previous theories of political commu-
nication. The basics were developed by Harold Lasswell in his studies on propaganda
e�ects [78]. He proposed a simple communication framework that starts with the source,
then the message, followed by the channel, and ends in the receiver. For much of human
history, the 
ow of communication was mostly a linear, top-down process from leaders
to people [47]. Democratization of the political process allowed political involvement
from other actors in the community. Technology has always been at the center of the
changes in political communication, transforming the paths of interactions. From the
press, the radio, the television, the Internet, and most recently social media, theories
of political communication have been adopted to understand the complex processes the
occur between actors. Dahlgren [79] presents the role of the Internet as a destabiliza-
tion of political communication systems, where the destabilization can present positive
e�ects as it extends and pluralizes the public sphere. Shah et al. [80] present a model
that identi�es two types of actors; those that encourage civic engagement and those that
erode institutional legitimacy, foster distrust, and partisan divergence. Political com-
munication models, irrespective of the technological channels, include opinion leaders
as a central part of the ecosystem [81]. These leaders, including government o�cials,
opposition, and pressure groups, use communication channels to convey their ideas and
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1.2 Political Communication on Social Media

exert in
uence. The following subsection presents a general framework that puts social
networks on center stage.

1.2.2 Main Framework

I introduce a framework that considers the main stakeholders who de�ne how polit-
ical communication occurs on social media. It is platform-independent and can also
function for future social media applications. Figure 1.1 presents a visual guide to this
framework (including emojis to keep up with the zeitgeist of the social media era). The
main subjects in the framework appear as circles.Political actors can be politicians,
governmental organizations, political parties, or institutions, such as unions. They rep-
resent the decision-making actors in a government, the opposition to the government,
or a system that supports a group's interest. Thenews media include organizations
and the journalists working for them. They play the role of gatekeepers of information,
even though this role is thwarted in the social media era [82]. In the framework, I divide
users into two categories: partisan users and passive users.Partisan users actively
create political content, either by means of original posts, commenting on others' posts,
or directly communicating with political actors. Partisan does not necessarily imply
that the content supports one speci�c political actor, but that the users have a political
ideology or ideologies that they share on social media. On the other hand,passive
users do not actively create political content. However, they are still interested in polit-
ical communication and interact with political content through reactions or shares. The
normal de�nition of passive users refers to any user who follows and consumes content
on a social network, without interacting with it. In the proposed framework, passive
users do interact with political content and are interested in politics. For this reason,
they are an important part of this political communication framework.

The �fth type of actor is part of the framework: the bad-natured agents . They
encompass di�erent types of entities that make the political conversation toxic. Toxicity
includes false information, hate speech, racism, and sexism [83]. The accounts may
be automated (trolls, bots, coordinated accounts) [84], fake personas controlled by real
users [85], or real users. I decided not to separate them, as there is no consensus on the
real taxonomy of fake accounts. It is hard to de�ne the boundaries of these entities, as
they are most commonly a mixture of automated sources and real persons. It is more
important to measure these agents at the level of what they share in the network and
the implications they may have for the political environment, irrespective of the type
of agent. Bad-natured agents distort reality and undermine the principles of respectful
argumentation. Especially di�cult is categorizing users, political actors, or news media
as completely bad-natured agents, as they may sometimes behave in a toxic manner
and sometimes not. This means that the concept of bad-natured agents is 
uid and
depends on the conversation, topic, and social media "place" (forum, post, page, or
similar venue). Extensive studies on bad-natured agents employ classi�ers that divide
accounts into two classes (social bots or not, coordinated accounts or not, trolls or not)
by assigning strict thresholds that divide them [86, 87, 88]. This is acceptable for a
computer science approach but does not depict the social reality that is almost never
black or white. Rauch
eisch and Kaiser [89] discuss the problem of false positives in the
study of bot detection. These facts are highlighted with the dashed lines in Figure 1.1
and the hexagon instead of the circle for the bad-natured agents.
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Figure 1.1: Framework of stakeholders in the political communication taking place on a social
media platform.

Two other important agents have a high impact on the political communication that
occurs on social media: the recommenders and the monitors. Whereas the previously
discussed actors also apply to o�ine settings, these two are speci�c to the Internet era.
Additionally, they are a combination of programmed algorithms and heuristics that each
social media company introduces. Therecommender is in charge of deciding which po-
litical content to present to a user, based on user interactions, preferences, and optimized
algorithms. The algorithms contain parameters that engineers of the recommender sys-
tems can tweak. For this reason, recommenders are not only pieces of software, but
also a product of people's decisions. In the extreme case, editorial decisions without
the use of algorithms determine what to show to the user. For example, Facebook uses
human intervention at almost every stage of its trending news headlines, similar to a
traditional media organization [90]. Months before the U.S. election in 2020, Facebook
even changed its recommendation system to lift news from authoritative outlets, over
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hyperpartisan sources, and rolled it back at the end of the year [91]. Apart from the en-
gineers and decision-makers at social media companies, monetary o�erings can in
uence
the recommenders to push speci�c political views throughpolitical advertising . On
the other hand, the monitor is the agent who oversees the political communication and
can directly or indirectly a�ect it|directly, by in
uencing the recommender agents (e.g.,
if users are engaging more, decide to increase the political content; if polarized politics
a�ect users, decide to decrease the amount of polarized news, probably to the detriment
of user engagement); indirectly through advertising platforms that show user trends
(e.g., users that like a speci�c type of music are right-leaning) and can be employed for
microtargeting techniques (Section 1.3.1).

The arrows determine the 
ow of political communication between the stakeholders.
The center dot in black is the abstract representation of political communication itself.
On social media, the 
ow of communication follows a di�erent broadcasting model than
the classical one, where the news media had the main agenda-setting e�ect [92]. As
Figure 1.1 shows, the communication path is two-sided for all actors. This is evident for
political actors and partisan users who are creators of political content and have a high
number of two-sided interactions on the platform. For news media accounts, they report
politically relevant stories but also decide what to report, depending on what is popular.
For example, trending topics can become agenda-setting mechanisms [93]. Passive users
mainly receive political content. However, they also interact with it, by sharing it with
their network or by simply reacting to it. Even passive users who consume political
content impact the political communication 
ow. The more political content, the more
it is expected to be recommended to them. At the same time, similar users will receive
similar political content. Thus, passive users contribute to the 
ow of communication,
albeit with a lower degree of in
uence. Social media provides the channels for di�erent
interests and opinions to be expressed, heard and counterposed [11]. These elements
constitute the very essence of political communication.

Users perceive social media platforms as di�erent entities and decide where to share
their experiences, ideas, or other content. The distinction comes primarily from thede-
sign of each platform, what the user sees, and how the user interacts with it. Therefore,
design a�ects the user experience on the platform and the way political communication
can take place on it. I divide design into two main subcategories: visuals and features.
Visuals relate to the user interface (UI), such as how to use screen space, the interaction
mechanisms, the colors, and the fonts, speci�cally, the adaptation to di�erent displays:
mobile, web, and tablet [94]. A successful visual design is the �rst step toward having
satis�ed users who stay engaged with the platform [95]. For example, the color of a plat-
form can directly in
uence how much time a user spends on it [96], or how much users
interact with it [97]. The second step is implementing features that allow the users to
interact with other users. These are related to the user experience (UX) and de�ne how
information 
ows in a social network. From Facebook shares and Twitter retweets to
Twitter trending topics and TikTok duets, each feature a�ects political communication
and provides measurements to identify relevance on the network.

Not only the actors in the network but also by the algorithms that decide what
information is shown to a speci�c actor determine the 
ow of political communication.
I select three main types of algorithms that in
uence political communication:

ˆ Recommendation: This is the principal component of a social media platform,
with the responsibility of either giving the user choices of what to consume next
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or automatically populating a content feed (naturally, directly connected to the
recommender actor described before). The algorithms are based on the users'
actions and the general dynamics of the information 
ow. Usually, they are trained
to solve an optimization problem, set speci�cally to each social media platform,
but most probably set to try to maximize user engagement [98]. The e�ects of
recommendation systems have been studied before [11] and do not play a central
part in this thesis.

ˆ Ranking: Similar to the recommendations, these algorithms make decisions about
what to show to a user. However, they di�er in that ranking will also a�ect content
that is not a recommendation to the user. For example, responses to a user post
are not recommendations, but direct contact from other users. The responses can
be ordered simply by time of posting or by a more complex ranking mechanism
that decides which is more relevant. Ranking mechanisms play a larger role for
content that receives a high number of interactions. Most of the users to whom this
content appears will contextualize it, depending on the top responses the ranking
algorithm selects.

ˆ Moderation: Social media platforms depend on moderation algorithms to keep
undesired content away from the platform or to advise its users of inappropriate
content. The algorithms may be simple, from removing content containing swear
words to more complex ones that detect hate speech or label false claims. What
is moderated will directly in
uence political communication. An example is the
moderation of Donald Trump's tweets after the 2020 U.S. election [99]. Gillespie
[100] states that moderation shapes social media platforms as tools, as institutions,
and as cultural phenomena, resounding more in the context of political content that
may a�ect public opinion.

Figure 1.1 shows on the top right a second social media platform. Although its design,
functionality, and algorithms may work di�erently, the political communication frame-
work presented also holds for any of the existing social media platforms. The connections
between them correspond to the information that 
ows between them. Nowadays, the
possibility of sharing content between some platforms is a built-in feature. In case
this functionality does not exist, users also share screenshots, or re-upload videos from
other platforms. Additionally, a user can share a link found in one platform on another
one. All these possibilities make the social media ecosystem complex, and political
communication dynamic. Political content 
ows from fringe social media platforms to
the dominant platforms and the other way around. Given that users, political actors,
and even bad-natured agents can have pro�les on more than one social media platform,
de�ning and understanding how political communication takes place on social media is a
complex task. For this reason, political communication must be studied simultaneously
on multiple platforms.

1.3 Motivation

The �rst motivation behind the presented framework relies on identifying the actors that
in
uence political communication online and their interactions. Given that social media
play a signi�cant role in the learning of political information within the modern media
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environment [101], it is important to identify how the structure has changed in relation to
traditional mass media. According to Klinger [102], social media platforms operate with
a distinctly di�erent logic from that of traditional media, though overlapping with it.
By providing a framework, this thesis tries to �ll in the gap between research on classical
political communication and countless analysis of political events on social media.

A di�erent approach would be to focus on the content and treat the actors as users of
a platform without di�erentiating their political roles. This would be correct, as every
user has the same possibilities of online interaction and have the same tools at their
disposal (apart from blue ticks that signify the account's authenticity of a person of public
interest). However, this approach would fail to identify the intent that di�erent actors
have. Although the discussed topics may be similar, the user that creates a post on social
media will have a varied impact depending on the role they represent. Moreover, avoiding
an actor-centric approach would neglect the communication mechanics between di�erent
platforms. Political actors and campaign strategies depend on exploiting the various
social media to reach di�erent demographics and interest groups. The second motivation
of this thesis is to show the importance of a multi-platform analysis. Studying political
actors throughout the social media ecosystem allows understanding the strategies and
communication channels that reach citizens.

This thesis presents to the reader a collection of papers that navigate the di�erent
political actors present in digital channels. The case studies undertake the analysis of
di�erent social media platforms, actors, and political events with a particular focus on
US and German politics. This work represents an addition to the research of social
media and politics. Its uniqueness relies on presenting a unifying framework of political
communication that can be useful to study current and future digital platforms.

1.4 Selected Topics

This section presents a selection of topics from social media analysis that provides a
better theoretical background for the papers I present in the next chapters. I selected
them in terms of relevance, complexity, and impact on social media research. Important
omissions includepolitical polarization , hyperactive users , and bias in social media
analysis. These topics are extensively discussed in two theses to which I contributed:
[103] and [104] (Section 1.4).

1.4.1 Microtargeting

With the coming of the Big-Data era, increasing number of �elds of human behavior can
be categorized, quanti�ed, and aggregated, especially through social media where large
amounts of information are obtained from users, most of whom do not know the power
that sharing their data gives to third parties. One of the most familiar usages of this
data was in the U.S elections, by political parties who used microtargeting to in
uence
voters [105].

Microtargeting is a strategic process in which detailed information is collected and
processed to obtain results that will allow in
uencing voters. It tries to �nd out political
preferences and form a precise description of each voter, so it is a personalized method.
Microtargeting includes not only relevant data from the voter, such as names, addresses,
and gender, but also abstract characteristics, e.g., social interactions, cultural inter-
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ests and sociodemographic factors [7]. The term was �rst used by political consultant
Alexander P. Gage.

The usage of microtargeting was �rst identi�ed in the 2000 U.S. presidential elections,
when the Republican party tried to use it to in
uence voters. Nevertheless, the full
e�ects of microtargeting where seen in 2008, with Obama's campaign [106]. Since then,
the use of microtargeting has been an essential part of U.S. elections. U.S. laws allow
companies to store users' data and pass it to third parties for analysis. This is not the
case in Germany, where the laws are very sensitive regarding data protection. But even
in Germany, it is possible to use microtargeting in the elections [6]. Inferences can be
made by tracking users who have interacted with di�erent public pages. One example
is the case of users who have interacted with more than one of the political-party pages.
They are presumably the ones to convince to vote for one of those parties since they can
appear as indecisive users interested in politics.

One of the main elements of microtargeting ispro�ling , which is the generation of user
pro�les generated by computer analysis of data. The company Cambridge Analytica used
this method heavily to in
uence past political events. According to [107], microtargeting
was mixed with psychological operations, normally used in military strategies on the
civilian population. The study of microtargeting as a phenomenon has increased in
the last few years. Endres [108] and Kruikemeier et al. [109] studied the impact of
microtargeting on the creation of knowledge in individuals. Bod�o et al. [110] discussed
the abilities of microtargeting to in
uence individuals and its limits. Schipper et al. [111]
investigated its e�ciency in comparison to other information channels, with the help of
simulations. Zarouali et al. [112] showed that users are more strongly persuaded by
political ads that match their own personality traits. This result elevates the relevance
of personalization in political campaigns.

1.4.2 Social Bots

Social bots are automated accounts that try to appear as real users, often with the
speci�c goal of manipulating public opinion [113]. Social bots do not act alone and are
often part of bot networks of thousands [114]. They amplify articles from low-credibility
sources in the early spreading stages before an article goes viral [115]. Investigations
of their activity during di�erent political events, such as Brexit [116], the U.S. 2016
elections [117], a 2017 German state election [118], and many more, have occurred.
Oxford's computational propaganda research project monitors the use of algorithms,
automation and computational propaganda in politics across the world2.

The main problem in tackling misinformation through automated accounts is that
detecting social bots is a hard job. Their behavior varies and evolves over time to avoid
detection. The developed algorithms to detect them are far from perfect and have varying
accuracy, depending on the data available. The literature shows two main approaches
to dealing with social bots: machine learning approaches [119] and heuristic approaches
[120]. The Botometer tool [121] appears extensively in the literature, used for detecting
bot accounts on Twitter. It is based on a machine learning model, trained on hundreds
of thousands of English tweets. Recently, more advanced tools from deep learning have
been applied in bot detection [122].

2https://comprop.oii.ox.ac.uk/
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The direct e�ect of social bots on users has not yet been quanti�ed. However, simu-
lations show that they can have a profound impact on content popularity [123]. Even
with the complete support of platforms like Twitter and Facebook, understanding the
reach of social bots is a challenging task. For example, one of the most documented
events of organized manipulation was the Internet Research Agency's (IRA) attempt
to in
uence the 2016 U.S. election. Twitter provided the U.S. Congress with the data
on the accounts involved. Since then, researchers have analyzed the data thoroughly
[124, 125, 126, 127]. Although the results are helpful in understanding the IRA strategy,
no real quanti�cation of the e�ect of the misinformation campaign on the U.S. election
exists.

1.4.3 Fake News Detection

Fake news is a loose term, used increasingly in the literature and in the media. Lazer et
al. [128] de�ne it as \fabricated information that mimics news media content in form but
without the editorial norms and process to ensure the credibility of the information."
There are di�erent categories of fake news, for which di�erent classi�cation frameworks
have been developed. For example, Rubin et al. [129] present three types of deceptive
news: serious fabrications, large-scale hoaxes, and humorous fakes. A major problem
with fake news is that it can deceive and transform the perceived reality of targeted
groups. Moreover, it can spread online faster than the truth [130].

The spread of fake news has been in the limelight of traditional media since the
aftermath of the 2016 U.S. election. According to several reports, fake news did not play
a signi�cant role in the 2016 U.S. election [131], nor in the 2017 German election [132].
However, they are part of misinformation campaigns whose goal is to create a di�erent
perspective on world events and to polarize the discourse. The techniques used often
incite aggressive behavior that goes hand-in-hand with sensationalist reporting.

The task of detecting fake news is as loose as the de�nition of the concept. Most of
the time, it revolves around a classi�cation problem between \fake" or \not". However,
most fake news presents some true information and misleads the reader only through
some controversial claims. So, the task can also correspond to �nding veracity on the
claim level. Since users tend to only read the news headline, some fake news simply
uses a fake headline that does not correspond to the content of the article. For this
reason, some research studies means of detecting whether the title corresponds to the
news article's text [133].

Automatic classi�cation methods should be able to tackle disinformation on the World
Wide Web [134]. As with any classi�er, the features used to categorize an item de�ne the
accuracy of the model. Shu et al. [135] distinguish between news-content features that
include linguistic and visual content from and social-context features based on user and
publisher interactions. As with the bot detection problem, machine learning approaches
are used to identify fake content.

Increasingly, deep learning techniques like CNNs, LSTMs, and Transformers (Section
2.1.5) are also being used for fake news detection [136, 137, 138, 139]. Most present work
combines network analysis with deep learning approaches [140]. Zhou and Zafarani [141]
present a complete overview of research on fake news.
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1.4.4 Cross-Platform Social Media Analysis

The analysis of political communication on social media comprises three categories:

ˆ Single Platform Analysis : The analysis centers on one social media platform
and treats it as a single entity.

ˆ Multiplatform Analysis : The analysis centers on more than one social media
platform. It quanti�es the interactions between actors for each platform separately.
It treats social media platforms as separate entities.

ˆ Cross-Platform Analysis : The analysis compares more than one social media
platform and the communication units between them. The social media ecosystem
allows users to share entries from one platform to another. In this way, content

ows throughout the whole ecosystem.

These three categories are integrated with the framework presented in the last sec-
tion. However, the title of this thesis refers to multiplatform analysis. The reason for
this is that most of the research I present here considers either multiplatform or single
platform analysis. I preferred to keep this thesis in the mulitplatform category as I do
not focus on understanding the 
ow of information throughout social media channels
(With the exception of [1], where I introduce a framework to compare interactions be-
tween platforms). Nevertheless, I have contributed to research regarding cross-platform
analysis. In [13], we try to explain how content moderation on one platform a�ects the
virality of content on other platforms. The methodology comes from previous research
by Zannettou et al. [142]. They analyzed how mainstream and alternative news 
ows
between Twitter, Reddit, and 4chan. Spangher et al. [125] analyzed the aforementioned
IRA Russian strategy on Twitter, Facebook, and Bing. They focused on �nding sim-
ilarities between platforms, to identify which platform had taken a larger role in the
disinformation campaign.

Cross-platform analysis enables understanding how moderation policies on some plat-
forms a�ect misinformation on others. Information or discussion boards that start on
4chan or Reddit can move to Facebook and Twitter and then back to other fringe social
media platforms. Ribeiro et al. [143] analyzed two communities that Reddit banned and
that subsequently migrated to their own websites. New social media platforms emerged
after content moderation practices arose on Twitter and Facebook|for example, Par-
lor, and Gab [144]. The social media ecosystem is changing rapidly, and without a
thorough understanding of the 
ow of political content between platforms, there is no
way to completely understand the ecosystem and act accordingly, to prevent the spread
of misinformation.

1.5 Thesis Structure

This work is a collection of �ve peer-reviewed papers that try to explain the di�erent
aspects of political communication on social media. The main research question that
this thesis seeks to answer is:

Research Question How do di�erent actors (de�ned in Section 1.2) express
their political ideas on multiple social media platforms?
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The approach to answering this question stems from investigating relevant case studies.
In this case, relevance is con�ned to political and social events that happened between
2017 and 2020. The social media ecosystem transforms itself often, and new platforms
start to overshadow old ones. With this thesis, I try to explore aspects of political
communication that did not exist a couple of years ago and may not exist in the near
future. For this reason, my goal is not to provide a generalized theory of political
communication on social media. Doing so would require an ever-evolving framework
that copes with a disruptive ecosystem. My approach is more practical as it provides
selected examples ofhow to perform multiplatform social media analysis . These
approaches are still useful even for new social media platforms in the future. The main
platforms in this study are Facebook, Twitter, Instagram, YouTube, and TikTok.

For a complete contextual background, I feel obliged to present two other theses that
are closely connected to this work. With the permission of both authors, I assert they
can be considered the �rst two volumes of a trilogy. The three works complement each
other, by portraying di�erent aspects of online political ecosystems:

ˆ Shahrezaye [103] presents the infrastructure to gather social media data also used
in this thesis. He introduces a framework to continuously store the raw data on
scalable distributed databases . Additionally, he studies polarization in social
media and how to detect political orientations on networks of friends and follow-
ers. He approaches political communication from the big data side, by providing
methodologies to detect political patterns in large-scale datasets.

ˆ Papkyriakopoulos [104] presents a generalized theory ofpolitical machines . He
de�nes a political machine as an extension of Wiener's social machine theory [145].
He provides an overview of machine learning and natural language processing tech-
niques for the evaluation of political interactions. His main focus is on hyperactive
users, recommendation systems, and bias in machine learning models. His ap-
proach to political communication is more theoretical in nature; he focuses on in-
terpreting the human-computer-social media interaction as a complete cybernetic
system.

As an extension of these two theses, my work provides a practical approach to studying
political communication on multiple social media platforms. The focus of this work relies
on �ve case studies to explain the dynamic transformation of political communication.
The thesis is divided into the following four sections:

A: Monitoring Political Communication

The �rst step to correctly understand how political communication occurs on social me-
dia is through data collection and monitoring. For researchers, accessing the data is not
always possible. Twitter only provides a percentage of the total tweets at a given mo-
ment in time, and this sample has proved to be biased [146]. Facebook severely restricted
access to platform data via its Application Programming Interface (API), in the after-
math of the Cambridge Analytica controversy [147]. Other social media, such as TikTok,
do not even have o�cial APIs. This makes monitoring political communication di�cult.
However, it is important to try to understand as much as possible of what happens on
the platforms. In The Political Dashboard: A Tool for Online Political Transparency , I
present a dashboard that monitors the German online political landscape. It shows live

13



1 Introduction

analysis of Twitter, Facebook, and online news media. The dashboard also covered anal-
ysis for the 2020 U.S. election. Dashboards are useful tools for researchers, journalists,
and politicians to get an understanding of the current environment. They present a more
unbiased view than navigating the social media platform itself, as such an experience is
highly personalized.

B: Political Actors

Political actors use social media as a major channel of communication to present their
ideas to the public in a more direct manner, without such gatekeepers as journalists
or news media. Some politicians are avid social media producers (e.g., Donald Trump),
others stay mostly quiet (e.g., Angela Merkel). Political parties as entities also have their
presence online to persuade and mobilize voters. As Section 1.2 discusses, there are two
types of communication from political actors to users: organic content, and sponsored
content. The spread of organic content depends on the structure of the follower network
and the users that spread their content. On the other hand, the reach of sponsored
content depends on the parties' �nancial investment. In the 2016 campaign, Hillary
Clinton spent 38 million dollars on Facebook ads, and Donald Trump spent 44 million
dollars [148]. By comparison, in 2020, Joe Biden spent 103 million dollars, and Donald
Trump spent 85 million dollars on this platform [149]. Political content is booming
on social media, from which political actors try to pro�t. At the same time, social
media platforms should keep political actors accountable for the content they share.
Researchers can help with auditing whether the platforms are following the norms and
laws that regulate online political communication.

In The Rise of Germany's AfD: A Social Media Analysis, I investigate the extent to
which Germany's far right-wing party, the Alternative f•ur Deutschland, employed social
media to attract attention in its �rst �ve years of existence. I also analyze their content
and their reach on four social media platforms. At the same time, I compare their suc-
cess with the rest of the German political parties, considering both federal and regional
accounts. In this study, I only consider the organic content that the political parties
created. By contrast, in Exploring Political Ad Libraries for Online Advertising Trans-
parency: Lessons from Germany and the 2019 European Elections, I focus on studying
the political ads that generated German political parties generated during the period
leading up to the 2019 European election. They comprise ads on Facebook, Instagram,
Google, and YouTube, the main platforms for political advertising. Other platforms, in-
cluding Twitter and TikTok, prohibited political ads [150]. I could investigate sponsored
content only because in 2019, Facebook and Google created ad archives that included
the political ads that ran on their respective platforms. Although these archives do not
provide the complete information on the advertisers' targeting schemes, they represent
a step towards accountability and transparency.

C: Partisan Users

Social media allows citizens to express their political opinions and share their ideologies.
Some social media users are highly active in political discussions, whereas others are
rather passive users who perceive social media as a source of information. Journalists
and politicians are no longer the only sources of political content. Partisan users belong
to the active user category. They create content that supports their party or their
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political ideas. Popular partisan users becomein
uencers on a social media platform,
therefore, play an important role in the political communication. Exchanges between
partisan users of di�erent political parties tend to permeate the political fabric of social
media.

TikTok, a new social media platform, has taken the spotlight in terms of creating new
forms of political communication. Its user base increased 75% in 2020 and is predicted
to soon reach more than 1 billion monthly active users [151]. Based on short videos
propelled by music trends, TikTok's algorithm rewards creativity more than popularity
[152], which lowers the entry bar for new users with good ideas. InDancing to the
Partisan Beat: A First Analysis of Political Communication on TikTok , I study how
users create and interact with political content on this platform. This study centers
around U.S. politics, given the high amount of political content on the platform leading
up to the U.S. 2020 election [153]. I investigate the patterns of communication and
interaction between Republican and Democratic users. On TikTok, users are the central
part of the political communication. Although some politicians are already on this
platform [154], they stay at the outskirts of the conversation. This user-driven political
ecosystem allows users to �nd new, creative paths to persuading others of their political
ideologies.

D: Bad-Natured Agents

The �nal section of the thesis deals with bad-natured actors, who behave against the code
of conduct of a platform, share misinformation, or constantly spread toxic comments. As
previously discussed in Section 1.2, these actors can be automated or not, political actors
or partisan users. The distinction is not straight-forward, especially if users share ideas or
links to stories that they believe are the truth because they trust a source (cable news,
newspaper, blog, or other) that provides false information. Research on bad-natured
agents increased after the 2016 U.S. election, but the consequences of these actors in the
real world were hard to measure. However, the 2020 coronavirus pandemic originated
an environment of misinformation on social media, amisinfodemic [155] that has had
spillover e�ects on real events. Conspiracy theories, such as coronavirus being a product
of 5G towers or the QAnon conspiracy [156], are at the center of social media discourse.
In NLP-based Feature Extraction for the Detection of COVID-19 Misinformation Videos
on YouTube, I propose an algorithm to detect YouTube videos containing conspiracy
theories related to COVID-19. Instead of analyzing the video itself, the methodology
looks at the comment section. It classi�es comments as conspiratorial or not, using
state-of-the-art natural language processing techniques. Videos with a high number of
conspiratorial comments tend to include conspiracy theories in their content. In this way,
I exploit the published content from bad-natured agents as input to an early-detection
mechanism for identifying malicious videos.

As a complement to the papers in this thesis, I append two other �rst-author works
that I wrote during work on the thesis, related to bad-natured agents. In Appendix A, I
present excerpts fromSocial Media Report: The 2017 German Federal Elections[132], a
published (non-peer-reviewed) report that analyzed social media activity in the months
leading to the 2017 German election. The excerpts discuss the e�ects of social bots and
trolls on Twitter. I explore the activity of the Russian trolls detected during the 2016
U.S. election [157] as they were also active during the months before the German election.
In Appendix B, I include the unpublished article Coordinated and Suspended Accounts
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on Twitter in the run-ups to General Elections. This study investigates coordinated
behavior and suspended accounts on Twitter during the fourteen days leading up to the
general elections in the United Kingdom, Mexico, Germany, and Greece. I manually
labeled the partisanship from a sample of both coordinated and suspended accounts
to understand their political intent. In this way, I show how Twitter responded to
coordinated accounts in di�erent elections, and which political party these accounts
supported.

1.6 Theoretical Contributions

Here I state the theoretical contributions of my thesis. Contributions measure the impact
of the research and the key takeaways. The methodological counterpart appears at the
end of the next chapter.

ˆ I propose a multiplatform approach that uni�es the di�erent features of
social media channels. This allows researchers to compare the reach of
political accounts on multiple social media. The approach re
ects four cat-
egories: party engagement, user engagement, user support, and message
dissemination.

ˆ I show the superior social media popularity of the AfD in comparison to the
other German political parties.

ˆ I demonstrate that as part of its social media strategy, the AfD avoided
discussion of its economic proposals and instead focused on pushing its anti-
immigration agenda to gain popularity.

ˆ I provide the �rst analysis of political advertising in Germany and show that
the German political parties are still not deploying large-scale microtarget-
ing in their ad campaigns.

ˆ I illustrate the shortcomings of Facebook's and Google's ad archives, and
discuss the challenges for enhancing transparency in the online advertising
ecosystem.

ˆ I perform the �rst analysis of political communication on TikTok. I show
that politics is an important part of the TikTok ecosystem in the United
States. I �nd that the duet feature creates new forms of communication
between partisan users, which I describe as acommunication tree.

ˆ I show that Democratic users on TikTok engaged signi�cantly more in cross-
partisan discussions, whereas Republican users preferred to duet with users
who professed their same ideology to boost their message.
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2 Methods

In this chapter, I discuss the methodological techniques that I employed for this thesis.
I do not include an exhaustive list of statistical methods that can be applied to analyze
online political communication (For a thorough presentation of methods, please refer to
one of these books [158, 159, 160, 161]). I group the methods according to the di�erent
schools of statistical inference and statistical learning. I provide a short explanation of
the di�erent paradigms and the algorithms I employed from each of them. Although
most statistical techniques tend to be labeled as arti�cial intelligence (AI) [162], it is
crucial to understand their di�erence and how the interpretation of the results depends
on the paradigm that the method belongs to. At the end of the chapter, I present the
methodological contributions of this thesis.

2.1 The Di�erent Paradigms of Data Science

Data science is a \concept to unify statistics, data analysis, and their related methods"
to \understand and analyze actual phenomena" with data [163]. It combines classic
statistical methods with computational methods from arti�cial intelligence and computer
science �elds. Its potential relies on the fact that data science can be applied to any �eld
of research. However, expert knowledge in a given �eld is necessary for data science to be
useful. Without this knowledge, the algorithms can provide good accuracy to a problem,
but the interpretation would be missing. In politics, sociology, and other social sciences,
a better term for applied data science iscomputational social science [164]. Social
science research has always been based on the classic statistical methods to understand
social phenomena. By including computational approaches, computational social science
employs more advanced statistical methods that heavily rely on computational power.
Given the plethora of methods available for statistical modeling, it is important to

Figure 2.1: Di�erent paradigms of data science and their connections.
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understand the di�erent paradigms of data science (or similarly computational social
science) to decide which methodology to use to answer a research question. Figure
2.1 show a categorization of the di�erent paradigms. On the top, the two schools of
statistical inference appear: frequentist and Bayesian statistics. The dotted line shows
that frequentist statistics can be expanded to a Bayesian setting. The next level is
machine learning, which focuses more on learning from data and predicting. However, it
needs a solid base on the statistical methods for inference. The deep learning paradigm
appears at the bottom of the �gure. Although it is a sub-�eld of machine learning,
deep learning is considered separately given its popularity and the framework based on
neural networks. The following subsections will provide a more detailed description of
each of these paradigms. I exclude Bayesian deep learning as I did not employ it in my
research. Its methods are still more on the experimental side and have not been applied
yet to the social sciences. It may take more relevance in the future, given its potential
for explainability and parameter uncertainty.

Table 2.1 shows which paradigms I employed for the published papers included in this
thesis. Four papers include algorithms belonging to more than one paradigm. This is
often the case in research as each method provides di�erent perspectives to solve the
research question. In the following subsections, I also show the methods that I employed
in the research papers. For a detailed list of methods that each paper used, please refer
to the paper itself.

Paper Short Title FS BS ML BML DL

The Rise of Germany's AfD

The Political Dashboard

Exploring Political Ad Libraries

Dancing to the Partisan Beat

NLP-based Feature Extraction

Table 2.1: Published papers and the paradigms employed for the analysis (Abbreviated with
their respective capitals)

Note: The following sections discuss di�erent probability distributions. An explana-
tion of each distribution is outside the scope of this thesis. Please refer to any classic
statistics book to get a better understanding of them.

2.1.1 Frequentist Statistics

Frequentist statistics or classical statistics has been a staple of scienti�c research. The
term frequentist derives from the fact that it relies on the concept of a sampling distri-
bution, a distribution that an estimator has when applied to multiple data sets sampled
from the true but unknown distribution. The frequency of the events determines the
statistical parameters and their standard error. All the parameters are viewed as �xed
and the data as random.

The frequentist school uses conditional distributions of data given speci�c hypotheses.
A hypothesis plays the center role in designing a rigorous statistical analysis. First, a
null hypothesis (H 0) is de�ned, which presupposes the absence of a speci�c property
or relationship. Then, a statistical test tries to quantify if the null hypothesis holds
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or not. For this, a test statistic is calculated by comparing a proposed probability
distribution and the sample distribution. The selection of the test statistic and the
probability distribution highly depends on the problem at hand and is selected if the
dataset follows speci�c mathematical assumptions. If the test statistic exceeds a speci�c
value (or equivalently, the p-value is smaller than a prede�ned threshold like 0.5), the
null hypothesis is rejected and the alternative hypothesis (H 1) holds. If this is not the
case, the conclusion is that the data does not provide su�cient evidence to reject the
null hypothesis but does not imply that it holds.

For statistical inference, the main principle of classic statistics is themaximum like-
lihood estimation (MLE). It allows estimating the parameters in a statistical model,
which would make the observed data the most probable. The likelihood is de�ned as:

L (� jx) = f (xj� )

where � represents the parameter or parameters andf is the selected likelihood function
to model the data. For independent and identically distributed random variables, f will
be the product of univariate density functions. It is important to notice that likelihoods
are not normalized as probabilities.

Most of the statistical methods were conceived before the computational intensive
era. Therefore, they use mainly mathematical approaches with assumptions to consider
to calculate signi�cance. However, there are also computational intensive methods in
frequentist statistics. For example, the bootstrap is used to approximate the sampling
distribution. It works by selecting a random sample of the data with replacement and
calculating parameters. The average of all the samples is selected as the estimated
parameter.

The statistical tests I present in the following subsections are still used extensively
in scienti�c research. They are part of the non-parametric approaches employed when
the observed data does not follow a normal distribution. This is the case for most of
the data originating on social networks. Most complex social media interactions follow
a log-normal distribution [165, 166]. Non-parametric tests mostly work on the principle
of ranking . The lowest value in a dataset has rank 1, the next rank 2, and so on. If
observations have the same value, they become tied ranks.

Kolmogorov-Smirnov Test

This test is useful to identify if two probability distributions are statistically similar. It
can measure the goodness of �t between the distribution of a data sample to a reference
distribution. The test compares the empirical distribution function of the sample to the
cumulative distribution function of the reference. The Kolmogorov-Smirnov test takes
the longest distance between these two distributions as the test statistic and compares
it to the Kolmogorov distribution. It is also possible to use this test to compare two
sample distributions to identify if they originate from the same distribution. In this case,
the null hypothesis is rejected at a level� if

Dn;m >

r

� ln (
�
2

) �
1 + m

n

2m

where n and m are the size of the two datasets. Figure 2.2 shows the two possible use
cases for the Kolmogorov-Smirnov test.
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Figure 2.2: Left: Comparing the empirical distribution function of a sample distribution and a
cumulative distribution function of a reference distribution. Right: Comparing two
empirical distribution functions. Both �gures show the maximum distance between
distributions.[167].

Wilcoxon Rank-Sum Test

This test is the non-parametric equivalent to the independent t-test, which compares the
means between two independent groups (control and treatment). The core idea is that
the groups are di�erent if we rank the data from both groups together and then �nd if
one of the groups has signi�cantly higher ranks than the other. In this way, it compares
the medians of the groups instead of the means. The test performs a simplez-test
between the summation of the ranks of a group and the mean rank of the two groups.

This test is also known in the literature as the Mann-Whitney U test.

Kruskal-Wallis Test

This test is the non-parametric version of the one-way ANOVA test, which compares
the means between more than two independent groups and �nds if they are statistically
di�erent. Similar to the Wilcoxon rank-sum test, the values of all groups are combined
and ranked. It then calculates a test statistic with the ranking of the di�erent groups.
Finally, it uses the chi-squared distribution to compare with the test statistic. The null
hypothesis is that all the groups have the same median. Rejection does not imply which
of the groups are di�erent. To uncover this, we perform pairwise Wilcoxon rank-sum
tests between each of the groups. We add a correction for each of the pairwise tests
to consider that we apply multiple tests to the same data. The Bonferroni correction,
for example, takes the division of the prede�ned signi�cance level� by the number of
comparisons as the new criteria to reject or not the null hypothesis. We perform the
pairwise tests only after the rejection of the null hypothesis from the Kruskal-Wallis
tests.

Chi-Squared Goodness of Fit Test

This test is a non-parametric test for categorical variables with counts. This means
di�erent categories where each category has several occurrences in the dataset. It com-
pares the di�erent proportions in the categories with a null hypothesis that entails that
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the proportions (counts in a category divided by total counts) follow a predetermined
pattern. For example, it can test whether the proportion of all categories is the same.
The test statistic for C categories is:

� 2 =
CX

c=1

(Oc � Ec)2

Ec

where Oc and Ec are the observed and expected counts in categoryc. As the name
implies, the test uses the chi-squared distribution with C � 1 degrees of freedom to
compare with the test statistic. The null hypothesis can test for a speci�c pattern of
proportions other than equality between categories.

2.1.2 Machine Learning

Machine learning is a sub�eld of computer science based on many of the fundamentals
of classic statistics. Instead of focusing on inference, machine learning relies more on
predictive algorithms that learn from the data. Accuracy, optimization, and data min-
ing approaches play a larger role than interpretability and closely following statistical
assumptions. In other words, it is a more data-driven discipline, and without considering
the Bayesian paradigm, it is sometimes better labeled as statistical learning. Whereas
inference allows us to test hypotheses, learning is interested in making predictions from
future data.

There are three main types of learning: supervised learning (uses labeled data), un-
supervised learning (uses unlabeled data), and reinforcement learning (consists of an
agent with actions, states, and rewards). Supervised learning further subdivides into
two main categories: regression, where the target to predict is a real-valued label, and
classi�cation, where the target is discrete, often belonging to a set of categories. All
model-based learning algorithms try to minimize the objective known as the cost func-
tion, which consists of a term that averages di�erences between the real target labels and
the predicted ones. There are di�erent ways of representing these di�erences according
to the speci�c method. The di�erences are commonly referred to as loss functions. In
the following subsections, I present three supervised classi�cation models that I used in
this thesis.

Logistic Regression

Even though it has the term regression in its name, logistic regression is a classi�cation
method. It takes its name from the fact that its mathematical formulation is similar to
linear regression. For two classes, it tries to calculate the probability of a data sample
x belonging to class 1: P(y = 1 jx). This is called binary classi�cation. The sigmoid
function is applied to x to model this probability:

P(y = 1 jx) = � w ;b(x) =
1

1 + e� (w T x + b)

The sigmoid transforms any input to be in the [0; 1] interval to interpret it as a prob-
ability. The argument of the exponential function is equivalent to the linear regression
function, where the weights multiply with x together with a bias term. The weights
and the bias are the parameters that logistic regression should learn. A threshold must
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be de�ned to classify the data. For example, all values below 0.5 belong to class 0 and
higher to 0.5 to class 1. Figure 2.3 shows the di�erence between linear and logistic
regression. The importance of using the sigmoid function should become more evident
with the image.

Figure 2.3: Linear regression vs. logistic regression [168].

The optimization criterion in logistic regression is the maximum likelihood, which tries
to maximize the model's likelihood. As is the case of most machine learning algorithms,
the logarithm of the likelihood is easier to work with:

LogLw ;b =
NX

i =1

yi ln (� w ;b(x i )) + (1 � yi )ln (1 � � w ;b(x i ))

There is no closed analytical solution to optimizing this quantity. A numerical optimiza-
tion that is commonly employed to solve it is gradient descent [169].

It is straightforward to extend this algorithm to more than two categories (multiclass
classi�cation). Instead of the sigmoid, the softmax function is used:

P(y = cjx ; W ) = sof tmax W (x) =
exp(w T

c x)
P C

c0=1 exp(w T
c0x)

wherewc is the c'th column of W , and c represents a class. The bias term still exists, but
is included in the w vector for notation clarity. The log-likelihood is simply generalized
as:

LogLW =
NX

i =1

CX

c=1

yi;c ln (sof tmax w c (x i ))

and is known as the cross entropy loss.

Support Vector Machine

A support vector machine (SVM) [170] tries to �nd a good decision boundary between
data from di�erent classes. In a high-dimensional space, the boundary consists of a hy-
perplane that separates positive examples from negative ones. A good decision boundary
should have the largest margin between classes. The margin is de�ned as the distance

22



2.1 The Di�erent Paradigms of Data Science

between the closest examples of the two classes to the decision boundary. The equation
of the hyperplane is simply the linear regression formulation again:

w T x � b = 0

The predicted label depends on the sign of the right-hand side of the equation. SVM
requires that the positive label has the numeric value of +1, and the negative label has
the value of � 1. The constraint for a correct classi�cation is:

yi (w T x + b) � 1

The one is selected to make the margin to be of size2
jw j (the denominator is the norm

of w). This is a result of a geometrical interpretation of the distance between a point a
line. The data points that lie in the margin are called support vectors. The graphical
illustration of this appears in Figure 2.4.

Figure 2.4: A SVM model for two-dimensional feature vectors [171].

The problem consists of optimizing the norm ofw subject to the previously de�ned
constraint to �nd the maximum margin. This is a constrained convex optimization
problem, which requires knowledge in Lagrangian multipliers and algorithms such as the
sequential minimal optimization [172]. This implementation of the SVM is better known
as linear-SVM. The method can extend to non-linear boundaries by incorporatingker-
nels. Kernels are outstanding mathematical calculations that allow to calculating inner
products in high-dimensional (even in�nite) dimensions without explicitly transforming
the data.

Random Forests

Random forests is an ensemble algorithm that consists of simpler classi�ers calleddeci-
sion trees . A decision tree is an acyclic graph with branches that represents decisions.
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Each branch node compares a feature ofx to a given threshold. If the value is lower
than the threshold, a left branch follows, otherwise a right branch. The tree can be
followed from top to bottom until reaching a leaf node to make a prediction. The pre-
dicted probability P(y = cjx in leaf node ) = �̂ c is easily calculated by dividing the
number of training samples that fall into a leaf node with class c by the total number of
samples in the given node. A decision tree considers for each graph node which feature
and threshold maximize the reduction of the cost function. The cost function consists
of either the entropy (H) or the Gini impurity (G) of the two lead nodes, weighted by
the number of samples in each node:

C =
jSlef t j

jSj
H (Slef t ) +

jSright j
jSj

H (Sright )

where S is the set of training data and H can be replaced byG. Entropy and Gini
impurity are de�ned as:

H (�̂ c) =
CX

c=1

�̂ cln (�̂ c)

G(�̂ c) =
CX

c=1

�̂ c(1 � �̂ c)

Additionally, the algorithm needs a set of stopping conditions. The most logical one
is if a leaf node contains only samples from one class. Decision trees are non-parametric
models, as the number of parameters are not �xed at the beginning of training. To avoid
the over�tting of training data, a pruning mechanism can remove branches that don't
contribute signi�cantly to the error reduction.

A decision tree model has high interpretability but has less predictive power than
other machine learning classi�ers as they are high variance estimators. An ensemble
of trees reduces the variance and creates a more stable model. A random forest model
combines the prediction of a large number of decision trees via bagging. Bagging (short
for bootstrap aggregation) is a sampling mechanism that takes several random samples
with replacement from the training data and trains a tree for each one. Moreover, each
decision tree considers only a random sample of the input features at split time. The
trees will be di�erent from each other due to both random sampling approaches. After
training N number of trees, the average prediction is the ensemble model prediction.
Figure 2.5 compares a single decision tree versus an ensemble of trees. The random
forests algorithm also works for regression tasks by considering a cost function similar
to the mean squared loss.

2.1.3 Bayesian Statistics

Bayesian statistics has a di�erent philosophy to interpret data than frequentist statistics.
It considers data as being �xed and the parameters as being variable. In this way, it tries
to identify the probability distribution of the parameters and not only point estimates.
Bayesian statistics rely on the Bayes theorem to achieve this:

P(� jX ) =
P(X j� ) � P(� )

P(X )

24



2.1 The Di�erent Paradigms of Data Science

Figure 2.5: A single decision tree (left) vs. a random forest model (right) [173].

where X represents the data, and� the parameters of the model. The termP(X j� )
corresponds to the likelihood from frequentist statistics. The main di�erence relies on
the P(� ), which is referred to as the prior distribution. The prior convey some previous
knowledge of the model and is one of the tricky parts of Bayesian statistics. With a
large number of data, the prior will not play a large role as with small datasets. If the
prior is the uniform distribution (no previous knowledge of the model), the Bayesian
setting transforms into the frequentist setting. The distribution of the parameters is
referred to as posterior distribution. The con�dence intervals can be obtained directly
from this distribution and do convey the uncertainty of the parameters. In contrast, the
con�dence intervals in frequentist statistics can convey the same but often do not, as
they are based on the data and not on any parameter distribution [174].

Bayesian statistics do not rely on the classic hypothesis testing with null hypotheses,
alternative hypotheses, and p-values. Although a Bayesian approach allows p-values,
called Bayes factors, they do not play a decisive role. The prior can be interpreted as
the probability that the hypothesis is true before the data is observed. The likelihood
is the evidence about the hypothesis given the data, and the denominator is the total
probability of the data taking into account all possible hypotheses.

Bayesian statistics is more computationally intensive than frequentist statistics be-
cause the denominator of the Bayes formulaP(X ) has to be approximated for most
of the cases. There are few analytical Bayesian solutions (for example, Bayesian linear
regression) given that this probability needs to integrate over many parameters. To ap-
proximate the posterior distributions, Bayesian statistics rely on sampling techniques,
mainly Markov chain Monte Carlo (MCMC). A thorough analysis of Bayesian statistics
can be found in Gelman's book [175].

Bayesian Logistic Regression

The goal of this method is the same as for logistic regression explained in the machine
learning section. However, the Bayesian setting is slightly di�erent:

� = sigmoid(w T x + b)

y � Bernoulli (� )

b � Normal (� b; � b)

wi � Normal (� w(i ) ; � w(i ) )
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The sigmoid still de�nes the main structure of the logistic regression. The prediction is
modeled as a Bernoulli trial. In the non-Bayesian setting, this interpretation is similar.
However, what changes is that the parameters are modeled as normal distributions. The
prior distributions of the model relate to the mean and standard deviations of the normal
distributions. The prior for the mean is modeled as a normal distribution, and the prior
for the standard deviation is modeled as a Half-Cauchy distribution. The extension to
multiclass classi�cation changes the sigmoid to a softmax function and the Bernoulli
to a Categorical distribution. Figure 2.6 shows this Bayesian model represented as a
Kruschke diagram.

Figure 2.6: Kruschke diagram of multiclass logistic regression [176]. Small notation changes:
w to � and b to �

An attentive reader would ask why did I include logistic regression in the machine
learning section and not in the frequentist statistics section, or similarly, why did I
not include Bayesian regression in the Bayesian machine learning part (next section)?
This illustrates the di�culty in separating methods in the di�erent paradigms of data
science. Especially the most popular ones that exist in all paradigms, such as linear
and logistic regression. Each paradigm treats the same method in di�erent manners,
especially the interpretation part. The logistic regression in machine learning is mostly
used for learning, whereas the logistic regression in classic statistics is used for inference,
where the weights of the model play the centric role, not the accuracy. In this thesis,
I employed Bayesian logistic regression for inference and interpretability and not to
calculate posterior predictive distributions. Posterior predictive distributions consist of
integrating over all parameters to make a prediction and have a larger focus in Bayesian
machine learning.
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2.1.4 Bayesian Machine Learning

Similar to Bayesian statistics, Bayesian machine learning uses Bayes rules and prior
probabilities to calculate posterior probabilities of the variables under consideration.
The main set of models that comprise Bayesian machine learning are theProbabilis-
tic Graphical Models (PGMs). They encode complex joint multivariate probability
distributions using graphs. A node in the graph corresponds to a random variable,
and the edges correspond to conditional independence relationships between variables.
The graph structure allows solving inference (by computing marginal probabilities) and
learning tasks (by estimating parameters of the probability functions) easier than by
considering the full joint distribution probability of all variables. There are two main

avors of PGMs: directional graphs, better known as Bayesian Networks, and undirec-
tional graphs, called Markov Random Fields. Figure 2.7 shows an example of a Bayesian
Network where the random variables are the nodes and the joint probability distribution
is factorized to be composed of simpler conditional probabilities. Observed variables are
depicted as colored nodes, and non-observable variables that (may) have some in
uence
on the observed variables are depicted as uncolored nodes. These variables are referred
to as latent variables.

It is important to understand which variables are independent of each other to work
with graphical models. With simple diagrams this is trivial, but with highly complex
networks, more strategic algorithms are needed, for example, d-separation [177]. In
Figure 2.7, the probability of having congestion and the probability of muscle-pain are
independent if we know that the person has 
u or not. If we do not know this fact, both
probabilities have a dependency.

Figure 2.7: Schematic of a Bayesian Network, with the independencies and a factorized joint
probability [178].

Some graphical models can be solved analytically but require long mathematical calcu-
lations. Other models with an intractable analytical solution require variational inference
or sampling strategies to be solved. Koller et al. [178] presents a complete treatment
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on probabilistic graphical models. One of the most popular Bayesian machine learning
algorithms in computational social science is latent Dirichlet allocation.

Latent Dirichlet Allocation

The goal of this method is to assign a distribution of K prede�ned topics to the M
documents in a text corpusT. Each documentD consists of a collection of N words. A
word w is represented as a one-hot vector of size V, the vocabulary size. Latent Dirichlet
allocation (LDA) [179] is a generative probabilistic model that assigns high probability
both to the documents and to other similar documents. The assumptions of the model
are that documents with similar topics will have similar words, that documents are
probability distributions over latent topics, and that topics are probability distributions
over words. The generative process is as follows:

1. Choose� � Dir (� )

2. For a prede�ned number of N wordswn :

a) Choose a topiczn � Multinomial (� )

b) Choose a wordwn jzn � Multinomial (� )

where� is a K-1 Dirichlet random variable, and � is the parameter that controls its
distribution, working as a prior. The Dirichlet can be seen as a set of probabilities
that sum up to one, and � as a concentration parameter of the probability mass.
With a value much less than 1, the mass is highly concentrated in few components,
whereas with a value greater than 1, the mass will be dispersed almost equally
among all the components. The� parameter represents the prior on the per-topic
word distribution. The model can be better appreciated as a graphical model (see
Figure 2.8). The rectangles areplates that represent 1 to N words and 1 to M
documents. Only the words are observable and this is represented with a �lled
node.

Figure 2.8: Plate notation of the LDA model [179]

The factorized joint distribution is expressed as:

p(�; z; w j�; � ) = p(� j� )
NY

n=1

p(zn j� )p(wn jzn ; � )

In other words, LDA is a method that uses a bag of words approach with a three-level
hierarchical clustering model. An iterative approach similar to k-means clustering is
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applied to solve it. This iterative process is based on variational inference to determine
the posterior distribution of the words and topics. The most common solution approach
is through collapsed Gibbs sampling [180]. There are several methods to optimize the
number of K topics similar to the methods that identify the optimal number of clusters
in clustering algorithms.

2.1.5 Deep Learning

Deep learning is a branch of machine learning that uses neural networks as its core
component. Neural networks are universal function approximators as they can learn an
approximation of any function f() . They are composed of nested functions applied to
a given input. Figure 2.9 shows a schematic of a deep neural network, in this case, a
feed-forward neural network (FNN). Each inner layer represents a linear functionWx,
where W is a matrix that multiplies with the previous input x (Similarly

P
wi � x i in

non-matrix notation). The edges between nodes in layers represent the weights in the
W matrix. Additional to the linear transformation, each layer can include a non-linear
function. This non-linearity (also known as activation) is almost always applied since
it helps the network learn complex non-linear functions. The most famous non-linear
function is the ReLU, which converts every negative number to zero and leaves the
positive values untouched. Even though it is a simple non-linearity, it has proven to be
successful. A three-layer neural network with input x and ReLU activation would be
equal to the function:

f = W3 � max(0; W2 � max(0; W1 � x))

The input layer consists of nodes that represent the features (numerical) input data.
A simple neural network with only one hidden layer and a sigmoid (or softmax) activa-
tion function is equivalent to the linear regression equation for binary classi�cation (or
multiple classi�cation). It represents a sum of the features multiplied by the weights
and then the activation function. For a binary classi�cation problem, one output node
is used to represent the probability of belonging to class one. Multiple classi�cation
needs N output nodes. The function will be identical to a linear regression model in
the absence of an activation function. Feature selection in deep learning plays a smaller
role than in machine learning. The common practice is to let the model over�t the data
and then select the point in time before the over�t started (early stopping). The inter-
pretability factor is not inherent in deep neural networks. This has the highest contrast
with frequentist statistics which requires assumptions to be met to accept a model to
be valid. In deep learning, having more features is better, as accuracy is commonly the
�nal goal.

Similar to most machine learning algorithms, a loss function has to be de�ned to
train the neural network. In the case of classi�cation tasks, most of the time the cross-
entropy loss is used. The method to train a neural network is called backpropagation. It
consists of calculating the function values (forward pass) and then calculate gradients of
each neuron with respect to the weights from the deepest layer and backpropagate the
gradients to the upper layers (backward pass). The weights are updated according to the
gradient descent mechanism that tries to �nd the lowest loss by subtracting the gradient
times a learning rate parameter. Given that the number of parameters is high and the
input data normally consists of thousands of training examples, it is not advisable to
calculate the gradients with respect to all the input data. Stochastic gradient descent
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Figure 2.9: Schematic of a deep feed forward neural network (FNN) [181].

allows to take non-repeating mini-batches of the data and update the gradients only with
the gradients of the mini-batch. A complete pass of weight updates with the complete
data constitutes one epoch. For thorough explanations on deep learning, please refer to
Goodfellow et al. [182]. In the following subsections, I describe state of the art neural
architectures for visual and textual data.

Convolutional Neural Networks

The most popular neural architecture for dealing with visual data (images or video) is
the convolutional neural network (CNN). CNNs rely on discrete convolutions between
images and �lters. A 1-dimensional convolution is described as:

(f � g)[n] =
MX

m= � M

f [n � m]g[m]

where f is the input and g is the �lter. This convolution is an element-wise multiplication
of the �lter at continuous positions of the input. A 2-d convolution would require a 2-d
�lter that covers the di�erent parts of the input. Figure 2.10 shows an image of binary
pixels and a �lter (numbers in red) of size 3x3 applied to the image's �rst nine elements.
The element-wise multiplication is then summed, and a new element (in the case of the
image a 4) is extracted. The �lter would then move to the right and later downwards to
cover the uncovered pixels. In the end, the 5x5 image reduces to a 3x3 feature.

A deep CNN architecture consists of several convolutional layers. A convolutional
layer consists of many �lters of the same size that allow extracting many features si-
multaneously. Although the �lters decrease the dimensionality of the original image,
concatenating many �lters increases the depth dimension. Figure 2.11 shows a typical
deep CNN architecture for classi�cation. On the left, the image consists of a 3xNxN ma-
trix where each element is a pixel value between 0 and 255. The number three is related
to the three visual channels (red, blue, green). The �rst convolutional layer transforms
the three channels into a K dimensional block (with K number of �lters) each of a re-
duced size depending on the �lter size. The �lters are not �xed during training, they are
learned through backpropagation. The goal is that each �lter learns to extract meaning-
ful features. After the convolution, a RELU activation is applied. Before passing to the
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Figure 2.10: A dummy image, a �lter, and the result of the convolution between them [183].

next convolutional block, there is often a pooling layer. This layer is similar to a �lter
given that it visits continuous parts of the image. However, its purpose is to calculate
either the maximum or the average of a given patch. In this way, it is not a convolution
but a simple reduction mechanism. Pooling is useful for extracting dominant features
and to reduce the spatial size of the convolved feature.

Figure 2.11: A typical deep CNN architecture for classi�cation [181].

The stack of convolutional blocks represents the feature learning part of the archi-
tecture. At the other end of the architecture, there is a fully connected (also called
dense) layer that takes the 
attened output (transformed from N-d to 1-d) and uses a
softmax function to transform every output into a probability between zero and one.
The softmax function acts as a simple logistic regression that selects the category with
the highest probability. Even in complex architectures, logistic regression is a staple of
classi�cation tasks.

The major progress for CNNs came withtransfer learning . This technique �ne-
tunes pre-trained large models to work for another application with substantially fewer
data. Transfer learning works by exchanging the last fully connected layer of a CNN
architecture and connecting it to a dense layer suited for a di�erent task. All the pa-
rameters from previous layers can be �ne-tuned. However, it is also possible to freeze
some layers (commonly the lowest ones) and only propagate the gradient to the unfrozen
layers. Transfer learning represented a schism in the deep learning world. It has allowed
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developers to create highly accurate applications with less data than usual and tailored
tasks with pre-trained knowledge.

Transformers

Transformers are a family of neural architectures based on the Transformer model pre-
sented by Vaswani et al. [184]. Since 2018, they have proven superior to recurrent neural
network (RNN) architectures in processing textual data. Figure 2.12 shows the main
blocks that constitute the Transformer. It consists of two main blocks: the Encoder
and the Decoder. The Encoder block (right) takes as input the word embeddings of a
sentence (or sentences) summed with a positional encoding.

Figure 2.12: Transformer architecture [184].

ˆ Word Embeddings are numerical vectors that represent a word (or a character)
[12]. The mapping from string to an n-dimensional vector can be learned during the
training process of the neural architecture. Words with similar meanings should
have similar vectors, and directions in the word vector space should have a semantic
meaning.
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ˆ Positional Encodings They are �xed vectors of the same size as the word em-
beddings. Their purpose is to tell the model the position of each word in the
sentence(s). For example, they can be simply ordinal numbers from one to the
number of words in the input. However, the size of the input will vary with dif-
ferent examples and this makes this simple encoding prone to errors. The original
paper selects complex sine and cosine functions to create the encoding. This allows
the model to understand that the text is sequential and that structures often repeat
themselves (e.g., noun, verb, noun, punctuation, noun, verb, noun, punctuation).

The Encoder block consists of a multi-head attention layer and a feed-forward neural net-
work. The multi-head attention creates inner products between linear transformations of
the input embeddings to calculate which words in a sentence relate to each other. It cre-
ates many self-attention blocks, each learning di�erent syntactic and semantic features
of a sentence. Attention is the mechanism that drives the Transformer to understand
the relationship between words. For a thorough explanation of the multi-head atten-
tion refer to this tutorial 1. The feed-forward neural network consists of a dense layer of
higher dimensionality than the input embedding and a second dense layer that returns
the vector to the original embedding. Both layers have a normalization layer on top with
the input embedding being summed to the output embedding. This direct connection
between input and output relies on residual connections that allow training very deep
neural architectures.

While the Encoder encodes the important information of the input sentence, the De-
coder tries to decode this information by transforming it into a new representation. In
the original Transformer, the Decoder learns to translate a sentence from one language
to another. The input to the Decoder at training time is the translated sentence. The
Decoder block also has a multi-head self-attention layer as its �rst component. However,
for each word, the attention can only occur between itself and the preceding words. This
is needed, given that at inference time, there is only the possibility to generate a trans-
lated word one step at a time. However, during training, the model will always know
the correct translation (called teacher forcing) and will apply all calculations in parallel.
After the �rst self-attention block, there is another multi-head attention layer. However,
this is not a self-attention block but an attention block between the Encoder's output
and the Decoder's input. Here the Decoder can use the complete information from the
original sentence.

Both the Encoder and Decoder can consist of one to N number of layers. The input
of the �rst Encoder layer is the word embeddings with positional encodings. The subse-
quent layers take as input the output of the previous layer. Each Decoder block obtains
the information from the last Encoder layer. The last layer of the architecture consists
of a Dense layer with a softmax activation function. The classi�cation task consists of
selecting the word from the output language vocabulary that represents the translated
word.

The original Transformer architecture was applied mainly to the task of machine trans-
lation. The breakthrough occurred after taking the same building blocks and apply them
to other NLP tasks. BERT (Bidirectional Encoder Representations from Transformers)
[185] takes the Encoder part to train a language model. Language modeling is the task
of predicting the next word given a sequence of previous words. A good language model

1http://jalammar.github.io/illustrated-transformer/
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takes a text corpus and is good at understanding common sequences of words and help-
ful in the language generation task. Normal language models are autoregressive models.
They take the previous input (the past) and predict the next words (the future) and
incur a loss if the predicted word is not the original from the text corpus. BERT is a
bidirectional model given that it changes the training task to allow using the past and
future words to predict a word at a speci�c position. For this, it trains the Encoder with
the masked language model, which consists inmasking 15% of the words in the text
corpus and try to predict them, similar to a classi�cation task. Figure 2.13 shows this
task with the masked word embeddings and a simple positional encoding. The power
of BERT and similar methods rely on transfer learning. First, the language model is
trained on an extremely large dataset. Then, BERT is �ne-tuned by exchanging the last
layer of the architecture to train on a speci�c task, commonly on a signi�cantly smaller
dataset.

Figure 2.13: BERT's masked language modeling task [184].

A variety of BERT-based models have emerged in the last years. For example,
RoBERTa [88] takes the same architecture but trains the language model longer, with
more data, more parameters, and longer sequences. The newest language models continu-
ously scale the number of trainable parameters and computations. Additionally, another
family of Transformer models takes the Decoder block to train a language model. They
are autoregressive models given that the masked self-attention layer of the Decoder does
not allow to learn from future words. The most famous model with this architecture is
GPT [186]. As of the time of writing, Transformers are starting to become ubiquitous
for every NLP task. They are even applied to computer vision tasks and may prove
superior to the CNN architectures in the near future [187].

2.2 Methodological Contributions

ˆ I propose a simple method to compare the social media content from a
political account and the manifesto, or o�cial message, of a party with the
help of LDA.

ˆ I introduce a method to measure the success of boosted Facebook posts
even without the real ads' click-through rates. I compare the engagement
between organic posts without any sponsorship and boosted organic posts
using Kruskal-Wallis tests. I propose that signi�cant di�erences between
the two groups be considered as a proxy of campaign success.
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ˆ I present a framework to explore multimedia content, which includes audio
recognition, text extraction from images, and deep learning techniques to
identify the age and gender of users on Tiktok videos. With this framework, I
analyzed the di�erent levels of communication made possible by the platform
design.

ˆ I developed a multi-label classi�er based on transfer learning and state-of-
the-art language models that can detect conspiratorial comments. I em-
ploy this classi�er to calculate the percentage of conspiracy comments on a
YouTube video and select it as a feature to detect COVID-19 misinformation
videos. The accuracy of the model reaches 89.4%. The high accuracy also
applies by considering only the �rst hundred comments of a video. Thus,
this method would work as an early-detection mechanism as it requires sig-
ni�cantly less computation than a classi�er of the video itself.
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3 Social Media Monitoring

3.1 The Political Dashboard: A Tool for Online Political
Transparency

Authors
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tion for the Advancement of Arti�cial Intelligence (AAAI), volume 14, pages 983{985,
(2020).
URL: https://ojs.aaai.org/index.php/ICWSM/article/view/7371

Abstract

Contemporary political communication is a multi- and cross-platform process. Because
of its complexity, new tools are necessary to monitor and understand it. We present a
system that ingests, stores, and processes political data from Twitter, Facebook, and
online news articles. We visualize the data in the form of a freely accessible online
dashboard. The political dashboard (https://political-dashboard.com/) aims to provide
online political transparency and assist researchers, journalists, and the general public
in understanding the German online political landscape.

Contribution of thesis author

Theoretical design, model design and analysis, manuscript writing, revision and editing
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4 Political Actors

4.1 The Rise of Germany's AfD: A Social Media Analysis
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Abstract

In 2017, a far-right party entered the German parliament for the �rst time in over half
a century. The Alternative f•ur Deutschland (AfD) became the third largest party in
the government. Its campaign focused on Euroscepticism and a nativist stance against
immigration. The AfD used all available social media channels to spread this message.
This paper seeks to understand the AfD's social media strategy over the last years on
the full gamut of social media platforms and to verify the e�ectiveness of the party's
online messaging strategy. For this purpose, we collected data related to Germany's
main political parties from Facebook, Twitter, YouTube, and Instagram. This data was
subjected to a uni�ed multi-platform analysis, which relies on four measures: party en-
gagement, user engagement, message spread, and acceptance. This analysis proves the
AfD's superior online popularity relative to the rest of Germany's political parties. The
evidence also indicates that automated accounts contributed to this online superiority.
Finally, we demonstrate that as part of its social media strategy, the AfD avoided dis-
cussion of its economic proposals and instead focused on pushing its anti-immigration
agenda to gain popularity.
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Theoretical design, model design and analysis, manuscript writing, revision and editing
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4.2 Exploring Political Ad Libraries for Online Advertising
Transparency: Lessons from Germany and the 2019
European Elections
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Abstract

This study investigates the possibilities and limits presented by the newly created ad
libraries from Facebook and Google to analyze online political campaigns. We selected
Germany as a case study and focused on the months leading up to the 2019 elections
to the European Parliament. We identi�ed the political actors that were active adver-
tisers, compared their spending, and contrasted the number of ad impressions with user
engagement on their organic online content. From the political ads, we extracted the
unique ads and manually analyzed a subsample of them. Furthermore, we explored re-
gional and demographic distributions of users reached by the advertisements and used
them as a proxy for the advertisers' targeting strategies. We also compared the success
of the ad campaigns on boosted Facebook posts. We found that even though all the ma-
jor German political parties engaged in online ad campaigns, they kept their attempts
at microtargeting to a minimum. Although their Facebook-sponsored posts were more
successful than normal posts, we did not �nd statistical signi�cance for all the political
parties. Interestingly, we noticed that the distribution of users reached by the right-wing
party Alternative f•ur Deutschland (AfD) diverges from that of the other parties. Finally,
we discuss further challenges for enhancing transparency in online advertising.

Contribution of thesis author

Theoretical design, model design and analysis, manuscript writing, revision and editing
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5 Partisan Users

5.1 Dancing to the Partisan Beat: A First Analysis of Political
Communication on TikTok
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Abstract

TikTok is a video-sharing social networking service, whose popularity is increasing
rapidly. It was the world's second-most downloaded app in 2019. Although the platform
is known for having users posting videos of themselves dancing, lip-syncing, or showcas-
ing other talents, user-videos expressing political views have seen a recent spurt. This
study aims to perform a primary evaluation of political communication on TikTok. We
collect a set of US partisan Republican and Democratic videos to investigate how users
communicated with each other about political issues. With the help of computer vision,
natural language processing, and statistical tools, we illustrate that political communica-
tion on TikTok is much more interactive in comparison to other social media platforms,
with users combining multiple information channels to spread their messages. We show
that political communication takes place in the form of communication trees since users
generate branches of responses to existing content. In terms of user demographics, we
�nd that users belonging to both the US parties are young and behave similarly on the
platform. However, Republican users generated more political content and their videos
received more responses; on the other hand, Democratic users engaged signi�cantly more
in cross-partisan discussions.
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