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Abstract

Advances in digital technologies have fundamentally reshaped how individuals participate
in political communication. Today, the production, circulation, and (mis)interpretation of
political information unfold within a sociotechnical system that is increasingly interper-
sonally networked, algorithmically curated, and infused with Al-generated content. Thus,
challenges such as political polarization are now embedded in a more complex media envi-
ronment, which calls for renewed examinations of classic theories, the continuous adapta-
tion of methods to new datasets, and critical reflections on how key concepts like political
polarization are defined and measured.

Motivated by this growing complexity, my dissertation seeks to operationalize—and criti-
cally reflect on the current operationalizations of—classic theories (i.e., intermedia agenda
setting) and social constructs (i.e., political polarization) in today’s information ecosystem.
Specifically, it examines the stability of a classic theory—intermedia agenda setting (IAS)—in
a fragmented media environment, and addresses three key limitations of existing polariza-
tion research: (1) the conflation of attitudinal and behavioral measures, (2) the reliance on
linear, uni-dimensional metrics in modeling political beliefs, and (3) the measurement bias
introduced by focusing exclusively on online engagement data that is easily retrievable via
public APIs.

The dissertation consists of one conceptual chapter and three empirical chapters. Chapter
1 establishes the theoretical framework, delineating the key developments in political com-
munication in the contemporary media environment and articulating how polarization is
conceptualized and operationalized from attitudinal and behavioral perspectives. Chapter 2
assesses the stability of IAS theory by analyzing agenda alignment across different types of
news media during the 2016 and 2020 U.S. presidential elections, revealing the increasing
divergence and the shifting IAS roles of different media. Chapters 3 and 4 turn to political
polarization and focus on the attitudinal and behavioral perspectives, respectively. Chapter 3
introduces a novel application of Response-Item Networks (ResIN) to measure polarization
using attitude data, modeling belief systems as statistical networks of interconnected be-
liefs. This approach captures ideological polarization as a structural transformation in belief
systems and provides nuanced, multi-level metrics. Chapter 4 reflects on the current behav-
ioral measurements of polarization that rely on political engagement documented by public
platform APIs (i.e., visible engagement). Using a combined dataset of survey responses and
user-donated YouTube traces from Hungary, the analysis reveals how a sole focus on visible
engagement can distort our understanding of the broader ideological landscape.

Overall, this dissertation bridges network science, computational social science, and polit-
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ical communication through conceptual clarification, methodological innovation, and em-
pirical reflection. The main contributions include: (1) clarifying the conceptual distinc-
tion between attitudinal and behavioral polarization, enabling more consistent interpretation
across studies; (2) expanding belief network analysis (BNA) through the use of ResIN, offer-
ing new tools for visualizing ideological divides and quantifying belief system polarization
with greater granularity; (3) introducing a novel framework to address measurement bias in
behavioral polarization studies by integrating digital traces and survey responses; and (4)
advocating for a more globalized approach to polarization research through analyzing data
from the U.S., Hungary, and other European countries.
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Chapter 1

Contemporary media environment and
political polarization

1.1 Introduction

Deliberation should not be confined to constitutional conventions, Supreme
Court Opinions, or their theoretical analogues. It should extend throughout
the political process—to what we call the land of middle democracy. The forums
of deliberation in middle democracy embrace virtually any setting in which cit-
izens come together on a regular basis to reach collective decisions about po-
litical issues—governmental as well as nongovernmental institutions. (12)

— Gutmann and Thompson, Democracy and Disagreement (1996)

Deliberative democracy relies on efficient political communication that meaningfully en-
gages the public in discussions of social issues [1, 2, 3, 4]. While such communication
once occurred primarily through real-time, in-person dialogues such as citizen forums, town
halls and conventions, it is now often mediated by online platforms that connect distant
users through synchronous and asynchronous threads of discussions, constituting today’s
virtual territory of what Gutmann and Thompson termed as “the land of middle democ-
racy” [2]. As the usage of the Internet and smartphones has risen globally over the past two
decades [5, 6], political communication has become deeply embedded in a sociotechnical
system that is interpersonally networked, algorithmically curated, and increasingly popu-
lated by artificial intelligence (Al)-generated content. Debates over military aid to Ukraine
amid its conflict with Russia may unfold within the friend circle we connect with. Elec-
tion campaigns, op-eds, and messages from elected officials may surface in algorithmically
recommended “for you” feeds, readily available for real-time engagement through repost-
ing, liking or commenting. Political events are being reported, circulated and digested in

1



CEU eTD Collection

public discourses via text, image, audio and video—human or Al-generated—across various
mobile applications and websites, all of which jointly build a multimedia environment of
growing complexity. For political communication researchers, such complexity introduces
new challenges: long-standing concerns—such as hate speech [7], mis-/dis-information [8],
and political polarization [9]—are now entangled with new sociotechnical architectures that
demand updated analytical approaches.

Motivated by this agenda, my dissertation is broadly situated in the interdisciplinary area
of political communication research (with a topic focus on political polarization) and com-
putational social science (with a methodological focus on network science). Following a
background project investigating the intermedia agenda setting (IAS) dynamics of political
news among mass media, the main body of my PhD research focuses on a specific challenge
in modern democracies—political polarization. Building on existing studies of political po-
larization across multiple disciplines, my work highlights the bias and oversimplification
of its current measurements using new datasets (i.e., combined survey and digital traces in
Hungary) and fresh models (i.e., response-item networks).

My dissertation aims to address three key limitations in existing studies of political polariza-
tion. First, there is a lack of distinction between the attitudinal and behavioral conceptual-
izations of political polarization. While scholars in political science and sociology strive to
delineate a detailed taxonomy for various types of polarization from the attitude perspective
[e.g., 10, 11], many computational social science works take on a rather coarse approach
in defining and measuring polarization, umbrellaing various forms of behavioral cluster-
ing as a polarized state [11]. Second, when measuring polarization based on attitudinal
data, survey-based studies often rely on unidimensional and linear measures, overlooking
the multidimensional nature of ideology as a complex system of beliefs and failing to cap-
ture the non-linear, non-monotonic inter-dependencies among political beliefs. Although
belief network analysis (BNA) offers a more nuanced perspective, its application to po-
larization research remains limited, with existing models not yet adequately capturing the
spatial dividing lines in an ideological space. Third, when studying polarization through on-
line behaviors, many analyses focus exclusively on engagement with retrievable data points
through public application programming interface (API) (e.g., posting, commenting), while
neglecting engagement that is not well documented and less available to researchers (e.g.,
viewing, searching). Thus, our observations of online political engagement are often re-
stricted to a small subset of highly engaged users within their political engagement that is
visible to researchers. However, online political participation takes numerous forms, and a
sole focus on visible engagement may introduce measurement bias for political polarization.

Through addressing these limitations, my dissertation makes the following key contribu-
tions. First, through distinguishing between the attitudinal and behavioral perspectives in
measuring polarization, the theoretical chapter clarifies the often conflated concepts of po-
litical polarization, which has been operationalized through a variety of measures with dif-
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ferent datasets. Such a distinction is not only conceptually valuable—allowing researchers
to pinpoint what their context-specific measures actually capture—but also practically indis-
pensable for interpreting, organizing, and synthesizing existing findings, as well as identify-
ing potential gaps or discrepancies across studies for future investigations.

Second, my work on response-item networks (ResIN) expands the currently scarce appli-
cations of belief network analysis (BNA) in polarization studies, which enriches the under-
standing of political polarization through a complex-system view with network-based mea-
sures. By applying ResIN to the analysis of political polarization, I demonstrate its capacity
in visualizing the ideological divide and quantifying both the system-level and attitude-level
shifts during the process of ideological polarization. In doing so, I argue that this multi-
dimensional and nonlinear approach offers unique insights that are not easily captured by
traditional measures.

Third, my investigation on measurement bias offers a critical reflection on existing mea-
sures of polarization that rely solely on digital traces available via public platform APIs.
By comparing the outcomes of various polarization measurements across different types
of engagement data, this study introduces a novel framework for addressing measurement
biases that arise from the use of limited behavioral data, a task that was previously challeng-
ing when relying solely on digital traces retrieved via public APIs. This work underscores
the benefits of utilizing combined datasets of digital traces and surveys, and incorporating
diverse engagement metrics when measuring polarization. Through this work, we motivate
future researchers to more concisely scope their findings within the lens of observation (e.g.,
polarization in terms of what form of engagement?) and to explore the nuanced variation of
this phenomenon across a broader range of engagement data.

Fourth, through analyzing a user-donated dataset from Hungary and publicly available sur-
vey data from both the U.S. and European countries, my work advocates for a more glob-
alized vision of polarization studies, an endeavor that deserves more research attention in
a field still dominated by a U.S.-centric focus [12]. While polarization is often studied in
the context of a binary partisan system, with two opposing poles representing the dominant
ideological divide, this phenomenon also exists in settings shaped by different cleavages
(such as the anti-/pro-government divide in Chapter 4), or in multiparty political systems
that structure distinct belief systems (as demonstrated in my supporting work [13]). There-
fore, understanding how polarization manifests and evolves in these varied contexts not
only broadens the current lens that is largely confined to a single ideological divide, but also
deepens our understanding of the fundamental mechanism of polarization across different
political contexts.

Overall, my work aims to operationalize—while also reflecting on the current operationaliza-
tions of—classic theories (e.g., intermedia agenda setting) and social constructs (e.g., polit-
ical polarization) in the context of today’s information environment where data generation
and collection are deeply embedded in complex sociotechnical processes. Drawing on di-
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Figure 1.1: A summary graph for the main entities of political communication involved in
this thesis, and the focal entity for each chapter.

verse datasets, including news headlines, survey responses, and digital traces, I employ a
broad range of analytical approaches that seek to balance the trade-off between achieving
computational efficiency and preserving contextual nuances. Through this methodological
pluralism, I demonstrate how political communication research—and polarization research in
particular—can benefit from the complementary strengths and perspectives of richer methods
and more diverse data sources. In particular, my methodological emphasis on network sci-
ence further bridges the field of complex system with the study of polarization. The ResIN
study, for instance, showcases the benefit of modeling belief systems as interconnected net-
works, specifically that such a network-based approach can deliver fresh observations of
belief system dynamics during ideological polarization and enable novel, multi-level quan-
titative metrics.

1.1.1 Chapter summary

The remainder of this dissertation is structured as follows. Following this brief introduc-
tion, Chapter 1 establishes the theoretical foundation of the entire dissertation. I begin
with broadly describing political communication in today’s media environment and the chal-
lenges that come along, motivating an ongoing investigation of political polarization in this
complex ecosystem. Then, I summarize how polarization as a social construct has been con-
ceptualized and operationalized across various research disciplines. Specifically, I catego-
rize these measures into attitudinal and behavioral categories, articulate the specific aspects
being measured in each of these perspectives, and highlight limitations in these existing
measurements.

From Chapter 2 to Chapter 4, I present three empirical projects addressing existing gaps in

4



CEU eTD Collection

the studies of political news agenda dynamics and polarization measurements.

To start with, Chapter 2 serves as a background work [14] outlining the information land-
scape shaped by mass media in a high-choice media environment of growing fragmentation
and polarization [4]. Based on a case study of 2016 and 2020 U.S. presidential elections,
this chapter looks into the intermedia agenda setting (IAS) dynamics—the process of different
news media influencing the agenda of each other—among mass media domains, identifying
the main agenda setters in candidate-related news reports and capturing the shifting roles of
different media types over the four-year course from 2016 to 2020.

Next, Chapters 3 and 4 showcase the projects that address the limitation in measurements
based on attitudinal and behavioral data, respectively. Chapter 3 focuses on the attitudinal
perspective and addresses the limitations of unidimensional and linear methods commonly
adopted in existing polarization measurements based on attitudinal data. Polarization can
happen through sorting [15] across multiple political beliefs, even without a sharp division
on a single issue dimension. Here, I emphasize the multidimensional nature of political
belief systems, as suggested by Converse [16], and apply a novel belief network analysis
(BNA) approach—response-item network (ResIN)—to model the process of ideological sort-
ing. Using American National Election Studies (ANES), I visualize the sorting process as
“an egg being broken”—*“the transformation of an initial, amorphous, or egg-shaped belief
system into a single, polarized, left-right ideological dimension.” [17] Using ResIN, I also
propose network-based metrics to evaluate the overall polarization level and the structural
role of individual beliefs in a polarized system.

In Chapter 4, I turn to the behavioral perspective and address the bias in polarization mea-
surement due to limited behavioral datasets retrieved from social media platforms, i.e., the
observed online political behaviors may capture a skewed representation of the broader ideo-
logical landscape. What researchers usually observe on social media—politically active users
on specific platforms and their political engagement captured by digital traces available in
public APIs (i.e., visible engagement)-may not comprehensively cover the underlying ide-
ological composition of a broader population, or depict a complete picture of political en-
gagement of various kinds. I back up this claim through a work that analyzes a combined
dataset of survey responses and user-donated YouTube data. In this work, I show how re-
lying only on visible engagement (e.g., commenting) and excluding invisible engagement
(e.g., viewing, subscribing), would lead to a biased outcome that paints a more segregated
landscape of political communication on YouTube [18].

Finally in Chapter 5, I present the conclusions and discuss several promising avenues for
future work related to the two chapters on polarization.
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1.2 (Mediated) political communication in the contempo-
rary media environment

Political communication—the process through which individuals exchange information re-
lated to politics through some form of interaction—serves as a cornerstone for deliberative
democracy [1, 2, 3, 4]. In a rapidly evolving media environment where political communi-
cation is no longer confined to face-to-face dialogues and increasingly mediated by a variety
of media [19], analyzing (mediated) political communication—and addressing the challenges
within—entails understanding both the individuals who participate and the channels that af-
ford such communication. Historically, mass media (e.g., newspapers, television, and radio)
have been dominating the public sphere as agenda setters of political discourse [20]. In
the recent two decades, such domination has been challenged by the rise of social media
platforms [21], which provide virtual infrastructures for online political communication and
enable more decentralized, interactive and participatory forms of political engagement [22].
In this section, I outline key developments in political communication in recent times, with
special attention to how these developments may relate to political polarization—a challenge
that constitutes the focus of later chapters.

To start with, it is helpful to clarify how political communication is afforded in distinct
ways by mass media and social media. Let us recall, for instance, the spring of 2022, when
Russia launched its military attack on Ukraine. One might have become aware of this po-
litical event by skimming news headlines on Guardian’s homepage, listening to discussions
of the war timeline in a podcast hosted by a columnist they follow on Twitter/X, watching
a weekly news digest recommended by YouTube’s algorithm, or viewing Instagram sto-
ries shared by a friend expressing their strong opinions about the conflict and international
aid. In this example, mass media (e.g., news websites, podcasts) and social media (e.g.,
Twitter/X, YouTube, Instagram) coexist and intertwine in one’s day-to-day experiences of
political communication; yet, they operate through different channels and afford different
types of political engagement. Through mass media, political information typically flows in
a one-way direction from content producers to content consumers, uniformly broadcast to a
broad audience who mostly consume passively with no instant feedback loop. Social me-
dia, in contrast, provides infrastructures for two-way information flows—and thereby blurs
the divide-between content producers and content consumers, facilitating not only a global
dissemination of news but also localized circulations of political information within users’
personal networks.

As contemporaries living in a “hybrid media environment” [23] where individuals have no
shortage of information sources or opportunities to connect and interact with distant others,
researchers hold mixed views on its impact on deliberative democracy, with both cautious
optimism and deepening concerns. On the positive side, some scholars have highlighted the
agency of audiences in navigating diverse information streams [24], emphasizing the poten-
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tial of media—especially social media—to promote a pluralistic democratic ideal and foster
participatory politics among the broader public [e.g., 25, 26]. Yet the path to a healthy delib-
erative democracy appears fraught with numerous challenges for political communication,
with political polarization standing out as a key concern [27, 28].

In the context of mass media, concerns about political polarization often co-appear with the
observation of media fragmentation and audience segmentation, which is largely driven by
partisan selective exposure in a high-choice media environment [e.g., 29, 30, 31, 32, 33, 34].
Selective exposure—formally defined as “any systematic bias in audience composition” [35]—
occurs when individuals selectively seek out information sources that align with their pre-
vious beliefs or attitudes [34]; partisan selective exposure is thus a special form of such
bias along the partisan dimension, that individuals selectively consume content that aligns
with their partisan identities [34]. As the media content market expands, individuals now
have greater freedom to opt out of political information entirely or to consume only con-
tent congruent with their ideological preferences [36, 37]. On the supply side, in order to
stay competitive, media outlets are motivated to cater to more niche audiences with clearer
preferences, contributing to the rise of partisan media [38, 4] and the erosion of “a com-
mon place to meet and debate contrasting views” [31]. According to agenda setting theory,
media can exert their influence to the audience through shaping their agenda: determining
what issues are important (i.e., first-level agenda setting), what attributes of those issues are
important (i.e., second-level agenda setting), and how issues and attributes are associated
(i.e., third-level agenda setting) [39, 40]. In an ideologically segmented media landscape,
individuals with different partisan leanings are thus likely to get exposure to distinct parti-
san content, resulting in the separate formation of issue agendas [41, 42], and undergoing
a reinforcing trajectory of political predispositions [43]. Such divergence may erode trust
in mainstream news and limit shared understanding, deliberation, and reflection on political
events—a tendency that can exacerbate political polarization [34, 44].

Given this theoretical linkage between mass media fragmentation and political polarization,
my first project (presented in Chapter 2) offers a background view of political communica-
tion via mass media. Based on intermedia agenda setting (IAS) theory—which posits that
media outlets can influence the agenda of each other [45]—this study analyzes media cover-
age of presidential candidates during the 2016 and 2020 U.S. elections to evaluate the degree
of agenda fragmentation between high- and low-credibility media, as well as between left-
and right-leaning media. The results uncover patterns of overall high alignment yet grow-
ing divergence of news agenda between different types of media, and reveal the shifting
IAS roles of these media types with an alarming signal of the declining IAS power of high-
credibility media. Additionally, we notice interesting partisan asymmetries in agenda align-
ment, that the coverage of Trump is better aligned across different media types, compared
to the coverage of his Democratic opponents.

The IAS patterns discussed in Chapter 2 can be viewed as the starting point of a broader
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chain of dynamics that unfold across the political belief systems and online behavioral pat-
terns examined in Chapters 3 and 4. Growing divergence between partisan media may
contribute to an increasingly segmented audience landscape [31], where individuals with
different ideological leanings cultivate more distinct media repertoires [46], which, in turn,
incentivizes partisan media to produce ideologically targeted content in order to maintain or
expand their market share [46, 47]. Through the mechanism of agenda setting, the division
in media choice may result in the division in political issue, attributes, and their associations
that become salient in consumers’ minds [48]; or, in framing theory terms, the “frames in
thought” [49]. For belief system structuration, as discussed in detail in Chapter 3, this divi-
sion has important implications: when different groups of individuals repeatedly encounter
distinct clusters of issues framed in particular ways, the cognitive linkages between these
issues may solidify along partisan or ideological lines, reinforcing internally coherent yet
mutually divergent worldviews. Moreover, as discussed soon in the next paragraph, such a
separation in beliefs may inform and motivate distinct patterns of online political behaviors.
Thus, the initial divergence in media agendas does not merely signal fragmentation on the
supply side of political information; if may also serve as a condition under which polariza-
tion can deepen towards the individuals at the demand end, through intertwined processes
of belief formation and behavioral reinforcement.

Alongside ongoing investigations about mass media and political polarization, debates on
social media’s role in the process of political polarization also persist among scholars [e.g.,
28, 50, 11, 51]. A common line of argument starts with the suspicion that social media
facilitates the formation of “echo chambers” and “filter bubbles”, where users encounter
ideologically congruent opinions and interact with like-minded others [52]. With reduced
exposure to diverse perspectives, individuals may become more entrenched in their pre-
existing beliefs [35, 53, 54, 55], which increases the inter-group distance and ultimately,
heightens the degree of political polarization. This theory rests on two causal assumptions:
first, social media use would decrease ideological diversity in users’ information environ-
ments; and second, ideologically homogeneous exposure would increase political polariza-
tion. Both assumptions remain contested, with mixed empirical findings [50]. For the first
assumption, while many studies have documented ideological segregation on multiple so-
cial media platforms such as Twitter/X, Facebook, and Reddit [e.g., 56, 57, 58, 59], others
argue that such segregation exists primarily around political topics [55], that social media
actually facilitates greater exposure to ideologically diverse content and connections than
other communication settings [60, 61, 62, 63], and that inter-group interactions are more
frequent than conventionally believed [64, 50]. As for the second assumption regarding
the relationship between polarization and the ideological homogeneity of consumed infor-
mation, some studies have indeed found evidence supporting the moderating effect of both
counter-attitudinal news exposure [65] and cross-cutting user interactions [66, 67]. Others,
however, contend with evidence of a backfire effect, suggesting that encountering opposing
views would further polarize users and deepen the ideological gap across groups [68, 69].
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Figure 1.2: A summary diagram for the theoretical framework for later empirical chapters.

While this dissertation does not directly address the role of social media in the process of po-
litical polarization, it engages critically with how polarization is measured using a variety of
datasets—including social media data. In particular, I reflect on how existing measurements
may be biased by analyzing certain types of digital traces captured by public platform APIs
while leaving out those that are not captured (see Chapter 4). The aim is to contribute to the
field of polarization research by offering recommendations on how scholars shall more care-
fully scope and interpret polarization observations through digital traces, which, I hope, can
be helpful to disentangle multiple factors that contribute to aforementioned inconsistencies
regarding the relationship between social media usage and political polarization.

In sum, this dissertation traces political communication from mass media agenda fragmen-
tation on the supply side of information, to the challenge of polarization on the demand side,
as reflected in attitudes (structured belief systems) and online behaviors (selective engage-
ment). The overall framework is summarized in Figure 1.2.
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1.3 Measuring political polarization

Now, I dive deeper into the concept of political polarization and discuss the measurements
of this phenomenon in empirical studies.

As a worldwide issue frequently occurring in warnings from media, politicians and scholars
[28, 70], political polarization has become a prevalent concern among many democracies
[71, 72], a chasm obstructing the pluralist ideal [73], a catalyst for political hatred and
violence [74], a hindrance to social cooperation in public health emergencies [75], and more
detrimentally, a key driver of “democratic backsliding” [76, 70]. Understanding its trends,
underlying mechanisms, and interactions with today’s multimedia environment has become
a focal point of interdisciplinary research, with researchers from traditional social sciences
and computational fields offering diverse measurement frameworks [11]. Traditional social
science disciplines, such as political science and sociology, typically rely on survey data and
conceptualize political polarization as a specific structure of political attitudes [e.g., 77, 78,
79]. In contrast, computational social scientists have turned to social media data, analyzing
polarization through patterns of behavioral segregation in online political activities [e.g.,
56, 80, 58].

At a high level, the variety of datasets and measurement approaches has enabled two main
perspectives of observation: attitude and behavior. The attitudinal perspective captures in-
dividuals’ psychological states related to political beliefs or opinions, typically measured
through self-reported surveys with pre-defined questions. These questions often assess ide-
ological leanings (e.g., left/right, liberal/conservative), views on key social issues (e.g., guar-
anteed jobs and income, abortion legalization), and attitudes toward political parties (e.g.,
feeling thermometers). Based on attitudinal data, political polarization is generally defined
as a divergence or consolidation of public ideologies (i.e., ideological polarization), or as
a state of hostility between partisans (i.e., affective polarization) [10]. The behavioral per-
spective! looks into a wide range of political activities in digital environments (e.g., social
media). Compared to attitudinal data from surveys, the behavioral data retrieved from social
media is usually richer yet noisier, and cannot be directly mapped onto well-defined political
constructs. Drawing on behaviors such as following, commenting, and (re-)posting, politi-
cal polarization can manifest through selective exposure to ideologically congruent content
[81, 82], homophilic interactions within like-minded users [55, 57], and toxic communica-
tion between opposing ideological communities [83, 84, 85].

The attitudinal and behavioral aspects of polarization, albeit closely intertwined and mutu-
ally influential [86, 87], need to be conceptually disambiguated and analytically integrated.
In other words, polarization in attitudes and behaviors should be clearly defined as separate

! Although political engagement can take forms of both online and offline activities, this dissertation focuses
primarily on the online facet as it represents an emerging area of interest in polarization research [11, 28].
Given this emphasis, I generally omit the prefix “online” when discussing behavior-based measurements.

10



CEU eTD Collection

constructs; however, as I will show in Chapter 4, combining data and analysis from both
perspectives is crucial for understanding their interrelations and more broadly, the role of
social media and other sociotechnical systems in shaping this dyad.

In the following sections, I review how political polarization has been defined and measured
in attitudinal and behavioral perspectives, highlighting the limitations of each perspective,
and motivating my research in later chapters.

1.3.1 Political polarization reflected by attitudes

Marking a year of political turmoil and 74 national elections?, Merriam-Webster crowned
“polarization” as its Word of the Year for 2024, defining it as a “division into two sharply
distinct opposites” and in particular a “state in which the opinions, beliefs, or interests of
a group or society no longer range along a continuum but become concentrated at oppos-
ing extremes.” The dictionary definition prioritizes how (political) polarization is frequently
conceptualized in the mass media* and in traditional social science disciplines—that is, po-
litical polarization happens through a significant division in the psychological states related
to political opinions, beliefs, or interests between two distinct groups [78, 88].

To measure such a division in public mentalities, researchers have explored—also debated the
importance of—ideology-based and affect-based methods [89, 90]. Ideology-based methods
focus on the salience of division in terms of political ideologies, which, according to Erik-
son and Tedin’s definition, is a “set of beliefs about the proper order of society and how
it can be achieved” [91]. Political ideology includes (1) symbolic ideology that describes
one’s abstract self-identification as left or right, liberal or conservative; and (ii) operational
ideology that corresponds to one’s views on specific social issues or policies, such as uni-
versal healthcare or legalizing abortion [92]. The salience of division could be assessed by
the strength of inter-group divergence (i.e., “ideological divergence”), which captures the
extent to which different groups shift away from moderate positions toward opposing ideo-
logical extremes; or by the strength of intra-group consistency (“ideological consistency”)
[10], which reflects the extent to which individuals within a certain group develop ideologi-
cally consistent positions across multiple issues. This aligning process, termed “ideological
sorting”, often happens along the partisan line in the U.S. context (i.e., “partisan sorting”),
such that Democrats would adopt predominantly liberal views and Republicans, conserva-

2Source: https://www.idea.int/initiatives/the-2024-global-elections-supercycle, URL accessed on March 3,
2025.

3Source: https://www.merriam-webster.com/wordplay/word-of-the-year, URL accessed on March 3, 2025.

4See a few examples at https://www.washingtonpost.com/science/2024/01/20/polarization-science-
evolution-psychology/,  https://edition.cnn.com/2021/11/09/politics/political-typology-pew-poll/index.html,
https://www.nytimes.com/2024/09/22/style/storycorps-partisan-divide-election.html. =~ URLs accessed on
March 3, 2025.
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Term Brief definition

affective polarization the degree of division in terms of inter-group hostility/bi-
as/distrust

ideological polarization | the degree of division in terms of political ideologies

ideological divergence | the extent to which groups shift away from moderate posi-
tions toward ideological extremes

ideological consistency | the extent to which groups align their issue positions con-
sistently with their liberal or conservative ideals

ideological sorting the process by which individuals’ issue positions become
more consistent with their liberal/conservative ideals

partisan sorting the process by which individuals’ ideologies become more
aligned with their partisan identities

political ideology a bundle of political beliefs that delineate one’s ideal of how
a society should function

symbolic ideology the ideological label that describes one’s political identity at
an abstract level (e.g., liberal/conservative, left/right)

operational ideology the concrete policy preferences or issue positions that re-
flect one’s ideological beliefs in practice (e.g., supporting
transgender rights)

Table 1.1: A list of relevant terms with brief definitions.

tive views [15]. An increase in ideological consistency indicates a diminishing cross-cutting
space along the main ideological cleavage and a tendency towards all-encompassing social
conflict [93].

In contrast, affect-based methods emphasize the emotional elements in political polarization
(i.e., affective polarization) rather than the ideological stance within or between groups, as
scholars argue that polarization may stem not solely from ideological disagreement, but from
emotional conflicts such as intergroup disdain and hostility [89]. In practice, researchers
measure affective polarization by evaluating the degree to which individuals develop posi-
tive feelings for in-group members while harboring negative feelings for out-group members
[94], keywords one uses to describe the parties [95], and the degree to which one (dis)trusts
the parties [96].

Next, to more concisely delineate each type of polarization, I briefly specify the essence of
each polarization type while providing examples of widely adopted measures. It is important
to note that the polarization is not inherently limited to bipartisan systems or confined to a
binary structure. However, it is often studied in the U.S. context, where the polarized social
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Figure 1.3: Toy models to graphically illustrate (a) ideological divergence and (b) ideolog-
ical consistency. From left to right, the represented population becomes more polarized in
terms of ideological divergence (from al to a2), or ideological consistency (from bl to b2).
In panel a, the X-axis can be an ideological spectrum of interest (e.g., left/right, liberal/-
conservative), the gray dot lines mark the modes for each distribution. In panel b, each
block represents one person, and the color and shape represents different issue positions
respectively (e.g., black (white) means support (oppose) transgender rights, square (circle)
represents support (oppose) universal healthcare); the red dot lines mark the cleavages that
split the population.

landscape is characterized by two prominent groups of opposing partisans. For simplicity,
the discussion below considers these measures within a bipolar framework, in which two
primary groups hold distinct and opposing ideologies (e.g., liberal and conservative).

Ideological Polarization: Divergence

First, ideological divergence measures the extent to which two opposing groups move fur-
ther away from each other towards the extremes of a specific ideological spectrum (see
Figure 1.3 from al to a2). Consider a group of N respondents with self-reported ideological
positions, for example, along the liberal/conservative spectrum on a 7-point scale (1 = ex-
tremely liberal, 7 = extremely conservative). Let the ideological position of respondent i be
denoted as x;, and the set of all responses as X = {xj,x2,...,xy }, which forms the empirical
ideological distribution f(x).

Intuitively, ideological divergence shall reach its maximum when the distribution is perfectly
bimodal, with respondents split 50/50 at two opposing extremes and minimal representation
around the moderate center. To quantify this divergence, researchers commonly employ
statistical measures such as variance, kurtosis, and the bimodality coefficient (BC) [77, 10,
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97], each capturing a unique aspect of the shape and dispersion of the ideological distribution

f(x).

* Variance measures the average squared deviation from the mean, indicating the sta-
tistical spread of ideological positions. A higher variance indicates a more dispersed
distribution and thus a greater level of polarization.

1 N
Ve = 1.1
ar(X lezi (1.1)

N
where X = N Z x; represents the average ideology level for all respondents.
i=1
* Kurtosis measures the “tailedness” of the distribution, with lower kurtosis suggesting
a flatter, more bimodal distribution, corresponding to a more polarized population.

N):z (X — )4

(1{7 fvl( x)2)2

* Bimodality Coefficient (BC) combines skewness and kurtosis to evaluate the pres-
ence of bimodality in the distribution. A higher value of BC means a greater level of

Kur(X) = (1.2)

polarization.
3
Skew(X) = (1N§l 1 (i = ))3/2 (1.3)
N &~i 1(xl _x)
_ Skew(X)?*+1
BC(X) = T Rur(X) (1.4)

Ideological Polarization: Consistency

Unlike ideological divergence, which focuses on how respondents are distributed along a
single ideological dimension, ideological consistency examines the alignment across multi-
ple ideological dimensions (i.e., constraint), as demonstrated in Figure 1.3 from b1 to b2.
At the individual level, constraint measures the degree to which one’s position in a certain
ideological dimension can reliably predict their position in another dimension. In a low-
constraint scenario (bl), such prediction power is so weak that knowing one’s position on
issue A (e.g., supporting transgender rights) gives no information on their position on is-
sue B (e.g., supporting universal healthcare). On the contrary, in a high-constraint scenario
(b2), one’s position on issue A can immediately indicate their position on issue B, as these
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people align their ideological dimensions perfectly. At the population level, the stronger the
constraint, the more ideologically distinctive the opposing groups are, the less likely they
can find a common ground with partial (if not full) agreement, and eventually the greater
the overall level of political polarization we will observe.

For mathematical formulations, let us recall the same example of N respondents who, in
addition to reporting their liberal/conservative scale X, also provide their views on K polit-
ically relevant issues (e.g., whether the government should implement tax cut or universal
healthcare), each measured on a 7-point scale (e.g., 1 = strongly support tax cut, 7 = strongly
oppose tax cut). These sets of responses are denoted as 9" (1)79/ (2), Y (K). With respon-
dents’ ideologies captured across multiple dimensions, issue consistency can be assessed
either through the internal alignment among operational or symbolic ideologies, or through
the alignment between symbolic and operational ideologies.

In previous research, operational ideologies are typically assigned fixed orientations [e.g.,
98]—supporting tax cut, for instance, is coded as a liberal stance and opposing tax cut as
conservative. These directional codings are taken into account when evaluating cross-
dimensional ideological alignment. In practice, scholars have compared the issue consis-
tency scale (i.e., how one consistently chooses liberal or conservative issue positions) be-
tween partisan groups [98], calculated identity alignment score (i.e., the absolute distance
between party identity and liberal/conservative position) [15], and correlations between mul-
tiple ideological dimensions [78, 93, 99] as aggregated measures of ideological consistency.

Specifically, for a given political party A, one can calculate the issue consistency score
within that party, denoted as Cy, as:

Ca=— yije (1.5)
Na = j=1 Y
where yﬁ-’}”"ed = —1 (or 1) if y; is a liberal (or conservative) response, and y,-b}””e‘l =0 if

central. In a polarized population with two parties A and B, the distribution of C4 and Cp is
expected to be concentrated on two opposing ends, with one party being consistently liberal
and the other consistently conservative.

Meanwhile, the identity alignment score, denoted as D, measures the average distance be-
tween partisan identity and ideological position among N respondents:

1 N
D:N;|x,-—y,-| (1.6)

A lower value of D suggests a higher degree of partisan alignment overall.
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Lastly, ideological alignment between any two dimensions can be assessed via the Pearson
correlation coefficient r:

. Yo (i —%)(i—7)
VI (i =)/ X (i —)?

The higher the correlation, the more aligned these ideological dimensions are, and the more
ideologically consistent the population is.

(1.7)

Affective Polarization

Affective polarization measures the emotional stance individuals hold towards outgroup
members who stand at the opposite end of an ideological spectrum. This aspect of polar-
ization can be reflected by how one feels about the opposing partisan group or how willing
they are to interact with outgroup members in a social context (e.g., workplace, friendship,
family relationship) [10]. For quantitative measures, the most commonly adopted approach
is based on feeling thermometers that assess how warm one feels towards a given political
party (e.g., on a 101-point scale, 0 = very cold, 100 = very warm) [89]. The difference
between the ingroup and outgroup ratings, reflects the degree of intergroup bias—a greater
difference indicates a stronger bias, and thus a higher level of polarization. In practice,
one can quantify the level of affective polarization AP as the average feeling thermometer
difference (FTD) between the ingroup and outgroup ratings.

FTD[ - FTlﬂ,l - FTout7i (1.8)
1 N

AP = — ) FTD; 1.9

N ; (1.9)

where FTj, ; and FT,y; are the feeling thermometer ratings for the in-party and out-party by
individual i.

Alternatively, scholars have developed indicators such as social distance (e.g., whether one
would accept the opposing group members as in-laws) [89, 100], as well as assessments
of stereotypes about outgroup members [101, 102]. These measures vary more widely in

formulation and are therefore not discussed in detail here; for a comprehensive review, see
Iyengar et al. [103] and Wagner [104].
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1.3.2 Political polarization manifested in online behaviors

Next, we turn to the behavioral perspective—specifically, how political polarization can be
studied through human behaviors in political participation. While political participation can
occur both online (e.g., sharing political content on social media) and offline (e.g., attending
political rallies or protests), online participation is afforded by and intertwined with digital
infrastructures of a rapidly evolving sociotechnical system, which urgently calls for ongoing
empirical updates to classic theories and the flexible development of large-scale analytical
tools [105]. Thus, this section focuses on online political behaviors, particularly on how
polarization has been measured through various forms of political participation on social
media.

As of February 2025, the number of social media users worldwide has reached 5.2 billion > ,
accounting for roughly two-thirds of the global population. Among younger generations, in
particular, social media has become a primary channel for accessing news and information
(e.g., in the U.K. [106], Europe [107] and the U.S. [108]). Unlike mass media, which typ-
ically facilitates a unidirectional flow of information from media to audience, social media
enables two-way interactions—both between users and content and among users themselves—
fostering what has been termed participatory politics [22]. Indeed, the digital infrastructures
provided by social media allow for broader civic engagement that goes beyond traditional
offline means [109]. Such a transformation from offline, face-to-face activities to online,
computer-mediated interactions has generated a vast amount of datasets of online political
behaviors, which enables novel observational angles for phenomena that used to be stud-
ied only in offline settings, yet at the same time demanding adjustments in measurement
frameworks of conventionally defined social constructs into the online context.

To date, there remains a lack of conceptual clarity in how polarization is defined, measured
and interpreted in studies based on online behavioral datasets [11, 83, 110]. Meanwhile, the
theoretical connection between traditional conceptualizations of polarization in the social
sciences (as described in Section 1.3.1) and its operationalization using social media data
is insufficiently discussed in many computational studies [11]. These research gaps make
it difficult to reconcile findings from earlier survey-based studies with those emerging from
contemporary analyses of political polarization on social media, thereby complicating the
ongoing debate about the role of social media in exacerbating polarization. In what follows,
I aim to articulate specific aspects of polarization manifested through social media activities,
to clarify their theoretical relationship with survey-based measures, and to set the stage for
a discussion of their limitations in Section 1.3.3.

Depending on the specific data point being analyzed, online political polarization can man-

Source: https://www.statista.com/statistics/617136/digital-population-worldwide/, URL accessed on
March 30, 2025
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Figure 1.4: A summary graph for two manifestations of political polarization online. Sub-
figure (a) [111] is a media bias chart that maps out the political leanings of online news
outlets in the U.S.; the left (right) side lists media with clearly left-leaning (right-leaning)
ideologies, and the center column lists media without a particular political leaning. Subfig-
ure (b) [112] is a directed retweeting network, where nodes represent individual users, and a
link from user i to j indicates that i has retweeted from j. Node color reflects the ideological
leaning of the corresponding user.

ifest mainly in two ways: interactional segregation (focusing on interaction patterns) and
textual extremity (focusing on textual content), as demonstrated by Figure 1.4.

Interactional Segregation

Interactional segregation evaluates the degree to which ideologically homogeneous users
interact with congenial content or like-minded others [83]. For instance, let us consider two
ideological groups, liberals and conservatives. We would observe a high level of interac-
tional segregation when liberals (conservatives) primarily interact with other liberals (con-
servatives), subscribe to liberal-(conservative-)leaning media, and share content that aligns
with their liberal (conservative) beliefs. In this segregated state, inter-group dialogue is min-
imal and their media repertoires show little overlap. This segregation pattern can be driven
by: (i) selective exposure, i.e., the tendency to seek information that confirms one’s preex-
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isting beliefs [35], particularly ideologically aligned content in political contexts [113], and
(i1) network homophily, i.e., the tendency to form connections with like-minded others who
share similar sociodemographic traits, including political ideology [114]. To operationalize
interactional segregation based on behavioral data at scale, scholars have developed a variety
of computational methods, including network analysis that illustrates the separate clusters
between ideological communities [56, 57], latent variable models that extract users’ ideol-
ogy based on their consumption patterns and further shows how such patterns differ across
groups [55, 59], and community embedding training that demonstrates the segregated user
base of ideologically opposing communities [58].

Textual Extremity

Textual extremity investigates the language use in online political communication to as-
sess the degree to which it reflects extreme sentiment or radical issue stances. Leveraging
natural language processing (NLP) techniques on user-generated texts, researchers extract
latent variables such as issue position and sentiment [e.g., 83, 84, 85] to measure the inter-
group conflict, as a proxy for (affective) polarization, since such linguistic features could be
driven by inter-group hostility and bias. With this measure, a polarized digital sphere would
be characterized by toxic and extreme language use in cross-group discussions of social
issues. Unlike interactional segregation that views polarization through a “cluster-analytic
perspective” [70]-that people would cluster together with in-group members and differ from
out-group others, textual extremity underscores the conflicting nature of polarization—that
people hold negative evaluations of out-group others regardless of their proximity in online
interactions [70].

Clarifying these specific polarization measures is critical for us to understand the process
of political polarization on social media—specifically, what form of polarization can be im-
pacted, and how social media facilitates the change in the polarization degree. For instance,
one commonly held notion is that interactional segregation may be amplified by social me-
dia with recommendation algorithms [115], which personalize content and user suggestions
based on individual preferences [116]. This algorithmic design can intensify informational
silos, creating so-called echo chambers and filter bubbles that further limit users’ exposure
to counter-attitudinal content [115]. Public discourse has linked such concerns with the in-
crease in social division, as media and political elites adopt a harsher causal language—for in-
stance, describing echo chambers as “straining [and ripping] the social fabric of [Australia]”
amid the Israeli—Palestinian conflict [117], “ensure[-ing] we remain divided” around the US
presidential election in 2024 [118], and even “destroying democracy” [119]. To further ad-
dress these concerns, however, researchers need to first articulate whether interactional seg-
regation is actually contributing to a more divided ideological landscape (i.e., ideological
polarization), or to greater disdain between opposing partisans (i.e., affective polarization).

To summarize, a widely held view is that social media fosters the formation of echo cham-
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bers and filter bubbles, isolating users within ideologically homogeneous communities and
limiting their exposure to diverse information sources. As a result, social media use is per-
ceived to reinforce—and potentially radicalize—users’ preexisting beliefs, thereby exacerbat-
ing political polarization. However, this view is not fully supported by empirical research,
as discussed by the end of Section 1.2. Indeed, recent reviews have questioned the strength
of the evidence supporting the claim that social media inherently exacerbates polarization
[28, 11, 50], calling for more nuanced statements rather than sweeping conclusions about
social media’s impact on political polarization, and more comparative research across un-
derstudied countries and underexplored datasets [12].

1.3.3 Limitations of current approaches

Last but not least, I highlight the gaps and limitations in existing measurement frameworks in
both attitudinal and behavioral perspectives, as a motivation for my projects to be presented
in Chapters 3 and 4.

Unidimensional analyses cannot capture belief system dynamics

In social and political science fields, research on political polarization has yielded the fol-
lowing points of consensus. First, in Western democracies, public opinion has remained
largely moderate and stable over decades [10, 120, 121, 122], indicating a low level of ide-
ological divergence overall. However, in the US, polarization is more conspicuously mani-
fested through in partisan sorting—such that partisan identity has grown increasingly salient
[93] and consolidated with political beliefs [123], signaling a significant rise in ideological
consistency®. At the same time, affective polarization in the U.S. has intensified, growing
notably faster than in other OECD countries [126], which, according to Mason [15], could
be driven by partisan sorting that divides the population into an all-encompassing disagree-
ment along the partisan line.

The relationship among different types of polarization—how they influence one another, or
whether one serves as a core driver of the rest-remains ambiguous in the political science
literature [89, 90]. Regardless, we can see that one critical shift has taken place in a more
complex ideological space beyond the traditional left-right spectrum, prompting scholars
to examine the mechanism of polarization via ideological sorting across multiple political
dimensions [15, 127], especially how each of these dimensions interrelates one another in a
complex system of political beliefs [16]. For instance, one’s stance on the Supreme Court’s
decision to overturn Roe v. Wade is likely to be associated with their stances on transgen-

®This trend, however, has not yet been observed in Europe, as suggested by Adams et al. [124] and Adams
et al. [125].
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der rights or the Black Lives Matter movement. Such associations among multiple beliefs
(i.e., belief constraints) constitute a complex system, i.e., belief network, a concept first
introduced by Converse [16] and recently operationalized through belief network analysis
(BNA) [e.g., 128, 123, 129]. BNA is a powerful tool for modeling and understanding po-
larization [123], and for dissecting the specific role of certain political issues or beliefs in
this process [129, 17]. Despite its potential, the use of BNA in polarization research has
been scarce and, as I will argue in Chapter 3, BNA can provide more nuanced insights on
system-level and attitude-level shifts in the process of polarization [17].

Reliance on visible online traces ignores invisible political engagement

With the growing availability of diverse data sources, researchers have sought to adapt clas-
sic measures of political polarization across different contexts [130]. As online datasets
enable researchers to observe facets of polarization absent in survey data, it is crucial to
reflect on what types of political engagement are captured by these data—and, just as impor-
tantly, what they leave out. Most polarization research drawing on social media focuses on
political engagement that are retrievable via platform APIs (e.g., (re-)posting, commenting)
[e.g., 59, 131], while overlooking engagement that is generally not well documented and
thus less visible to researchers(e.g., viewing videos, searching news). This raises a critical
question regarding the bias in polarization measurement: can analyses based solely on visi-
ble engagement truly reflect the full picture of political polarization online? For instance, is
the level of interactional segregation observed through re-posting behaviors comparable to
that observed through viewing behaviors? Are ideological opponents similarly segregated
in the content they engage with via commenting, compared to the content they engage with
via browsing?

To answer these questions, I discuss the importance of accessing multidimensional behav-
ioral datasets—including visible and invisible engagement—and present an empirical project
in Chapter 4, where I utilize digital traces that were once unavailable (or less accessible)
through public API queries. Through comparing user-level and content-level variations in
political engagement, I argue that leaving out invisible traces may generate significant bi-
ases in our observations of the ideological landscape online and mislead our interpretations
of the measurement outcome for political polarization.
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Chapter 2

Dynamics in the mass media
environment: intermedia agenda setting

during the 2016 and 2020 U.S.
presidential elections

Building on the broader discussion of political communication in a hybrid media environ-
ment in Section 1.2, this chapter turns to the supply side of political information by analyzing
how mass media agendas interact and diverge in the context of U.S. presidential elections.
In particular, I focus on intermedia agenda setting (IAS) theory to examine the extent to
which media outlets align or differentiate in their coverage of presidential candidates dur-
ing the 2016 and 2020 U.S. elections. By comparing agenda alignment across media types
distinguished by credibility and ideology, this chapter aims to refresh our understanding
of whether the pressures of a high-choice media environment are destabilizing traditional
IAS relationships, and the implications for the broader media ecosystem and public political
discourse.

2.1 Introduction

How do news media select the coverage they present to their audience? Intermedia agenda
setting (IAS) theory identifies one important force setting the agenda of a given news pro-
ducer, that is, other news producers. While this theory is well-established, with a significant
amount of early theoretical and empirical support [45], its stability is in question in today’s
high-choice media environment [132]. Theoretically, one can make a case for either diver-
gence or convergence. News organizations might diverge in their coverage by catering to
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different audience segments [133]. However, commonalities in journalistic training and the
broader social context (e.g., events happening in the real world) can lead to convergence
despite economic pressures [134]. Empirical evidence is similarly mixed, with support for
both divergence [e.g., 135, 46, 136] and convergence [e.g., 137, 138] of media agendas.

Past work has examined agenda alignment across various media categories such as distri-
bution channels (e.g., TV, newspapers, online news) [138] and ideology [135, 46, 136].
Investigations related to ideology are particularly pertinent and common, given the signifi-
cant role ideology plays in the U.S. political system and audience preferences. Yet, ideology
is no longer the only element that activates the selective news coverage adapted for a seg-
mented audience base. Today’s high-choice media environment includes low-credibility
news producers that deviate from traditional journalistic standards, at times explicitly pro-
viding a “critical meta-discourse on traditional journalism” [139]. This might pose a more
fundamental threat to the stability of IAS. It is this threat that motivates our study. We ask:
To what extent does the news agenda between low- and high-credibility media diverge? Fur-
thermore, is IAS more significant along the credibility dimension than the ideology dimen-
sion? We answer these questions by re-examining IAS across media with varying credibility
levels and different partisan leanings.

In this chapter, we present two important case studies, the 2016 and 2020 U.S. presidential
elections. We determine the degree to which different media types (low-credibility vs. high-
credibility and left-leaning vs. right-leaning) align in terms of the candidate attributes they
focus on. We examine two types of attributes: keywords (e.g., how often the word “liar”
is associated with Clinton) and topics (e.g., how often the topic “healthcare” is associated
with Trump). We focus on the 2016 and 2020 presidential elections for three reasons. First,
these case studies are consequential. During nationally pertinent events such as presidential
elections, the news agenda can shape the public political discourse, potentially impacting
voting behaviors and, ultimately, the election outcome [140]. Second, the similar nature of
these case studies helps us determine the degree to which findings from one IAS analysis
generalize to other similar contexts. Finally, the four-year course from 2016 to 2020 has
witnessed fundamental shifts in the news ecosystem with the growing prominence of and
public attention on low-credibility media [141], on top of the longstanding partisan division
in the contemporary U.S. media environment [96]. Up-to-date studies are needed to refresh
our understanding of the impact brought by these shifts.

Our examination of IAS theory is carried out in two stages. First, we show how media
agendas align with one another concurrently in their coverage of each presidential candidate.
We measure the degree of alignment by correlating the distributions of the overall attention
on various attributes across media of different credibility and ideology. We find that the level
of agenda alignment between low- and high-credibility media is comparable to that between
left- and right-leaning media. Moreover, we observe (i) a better-aligned coverage for the
Republican candidate than the Democratic candidate in general and (ii) an increasing level
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of divergence from 2016 to 2020. We explain the variation in alignment by highlighting the
crucial role controversial candidate attributes play in agenda divergence.

Second, we look into the temporal dynamics of IAS and identify the agenda leader and
follower for specific attributes associated with a given candidate. We primarily focus on
topic attributes and determine which media type leads the changes in topic coverage. We
see that high-credibility media is the dominant agenda setter in general, leading the agenda
on more attributes and for longer periods of time than low-credibility media. Meanwhile,
we notice the decline in IAS power of high-credibility media for the Democratic candidate,
as well as the increased interactions between low- and high-credibility media from 2016
to 2020. Although we observe similar patterns between high-credibility (low-credibility)
media and left-leaning (right-leaning) media, there are still subtle differences between these
two lines of comparison. For instance, while low-credibility media never takes a persistent
agenda leader role, right-leaning media has led a few topics for Trump in 2020.

Finally, although we adopt terms such as “agenda setter” and “Granger causality”, it is
crucial to bear in mind the constraints of relying solely on temporal correlations to assess
causal relationships. Thus, we suggest taking our study as suggestive insights rather than
definitive causal assertions.

2.2 Related works

2.2.1 Intermedia agenda setting

Agenda setting theory suggests that news media shape public opinions on issue salience
through their coverage—the more media cover a topic, the more important that topic becomes
in the public agenda [39]. Alongside the inquiry of agenda flows between media and the
public, intermedia agenda setting (IAS) theory looks into the agenda dynamics among media
and suggests that different news sources can influence one another.

Previous studies have explored the IAS process with these questions: who takes the lead,
on what specific issues, and in what time frames? Regarding the agenda leader/follower,
researchers have identified the powerful role of elite news media in setting the agenda for
others [142, 20], the tendency of junior newspapers to follow the lead of senior ones [143],
and more recently, the potential of emerging online media to participate in IAS [144]. The
rising prevalence of fake and partisan news media has motivated research efforts to examine
IAS through lenses of credibility and ideology.

Most relevant to our study, Vargo et al. [145] found a reciprocal relationship in the network
issue agenda between fake news and fact-based news, as well as between fake news and
partisan news from 2014 to 2016; Guo and Vargo [141] further pointed out the difference in
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IAS dynamics between two presidential candidates in 2016, that (a) compared to attributes
associated with Clinton, those associated with Trump were tied closer between fake news
and fact-based news, and that (b) partisan media were able to lead the agenda for fake news
media on attributes associated with Trump, whereas in Clinton’s case, the interaction be-
tween partisan and fake news media was much weaker. In terms of the temporality of the
IAS process, researchers have distinguished between breaking stories and ongoing debates
[146], discussed cases of breaking news being manipulated by false reporting [147], and
called for future work to address the nuances in the time scale of the IAS process [144]. Be-
cause IAS can happen through linked temporary spikes and correlated ongoing fluctuations,
understanding these dynamics requires us to examine the temporal aspect of convergence or
divergence with flexible time scales.

Our study contributes to this line of research in the following aspects. First, instead of
focusing on a single election, we study two elections to determine the consistency of IAS
patterns. Second, the parallel analysis for two media pairings allows us to benchmark the
IAS process between low- and high-credibility media, compared to that between left- and
right-leaning media. Through this comparative perspective, we are able to reflect upon the
significance of agenda divergence, as well as the positioning of agenda leader/follower along
the credibility dimension, with respect to a longer-standing media segmentation along the
ideology dimension. Third, as we will discuss in the next section, we introduce and validate
a dictionary-based topic model that automates text coding and allows for IAS analysis at two
different levels of granularity (i.e., aspects and central themes). Combining expert-curated
and data-driven attribute schemes, our study outlines an interpretable and well-performing
pipeline for computational studies of IAS.

2.2.2 Second-level agenda setting and candidate attributes

Both agenda setting and intermedia agenda setting can be examined at three different levels,
each corresponding to distinct units for comparisons of agenda. The first level focuses on
broad issues; the second level examines attributes used to describe issues [148, 136]; and the
third level investigates the linkages, or co-occurrences, among various issues or attributes
[149]. Here, we focus on the second-level agenda setting; that is, we take each presidential
candidate as a single issue and ask whether and how the attributes associated with these
candidates are aligned and flow between different media types.

In previous studies that also conceptualize political figures as issues, scholars have explored
various dimensions of their attributes, the very basic application being the shaping of “can-
didate image” during political campaigns [e.g., 150, 141]. Among dimensions of attributes
compositing such a “candidate image”, McCombs et al. [151] specified two fundamental
dimensions: the substantive dimension and the affective dimension. The former dimen-
sion organizes the candidate image with a set of relevant subtopics (e.g., personality, issue
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positions); and the latter dimension focuses on sentimental elements (i.e., positive, neg-
ative, or neutral) linked to the candidate. As the varying salience of linkages between
attributes and a given candidate provides a cognitive frame through which a candidate is
portrayed, researchers have connected framing theory with the second-level agenda setting
[151, 152, 153]. In our study, we inherit this theoretical connection and model the candidate
frame using three main groups of substantive attributes: (i) attributes that discuss general
government operations (including election campaigns), (ii) attributes that describe a partic-
ular policy-making aspect, and (ii1) attributes that mention candidate-related controversies.

In terms of the “granularity” of the frame, scholars have distinguished between two types of
attributes—aspects and central themes—when investigating the second and the third level of
agenda setting [20]. An aspect is “a micro attribute with a lower level of abstractness” and
a central theme is a “macro-level attribute” that “describes a more abstract conceptual cate-
gory” [154]. With existing studies suggesting a higher level of fragmentation at the aspect
level than at the central theme level [155, 45], we consider it necessary to keep incorporat-
ing both levels of granularity when examining IAS. Our work measures the degree to which
different media types are aligned in terms of both the central themes (e.g., how much do
low- and high-credibility media align when associating Trump with various themes?) and
the specific aspects of those central themes (e.g., how much do left- and right-leaning me-
dia align when associating Biden with various aspects?). We operationalize this dual-level
measurement using a dictionary-based approach for text coding. Specifically, we capture
aspects by detecting phrases (i.e., keywords) that occur in texts (e.g., “vote”, “bank”, “tax”),
and capture central themes by identifying bundles of phrases (i.e., topics) that correspond
to a particular candidate attribute (e.g., the topic “civil rights” includes keywords such as
“vote” and “discrimination”).

2.3 Dataset and preprocessing

We start our examination by identifying a set of low- and high-credibility online news out-
lets. We borrow the list of news domains from Bozarth and Budak [156] that combines
five sources of domain credibility labels [157, 158, 159, 160, 161]. In our study, a domain
belongs to the low-credibility class if it is explicitly marked as “fake” or “low-credibility”
by any of the five sources. We then filter out domains that contain satire or mixed-factual
content and group the remaining domains into the high-credibility class. We also assign ide-
ology labels (i.e., left-leaning, right-leaning) to these news domains based on the bias rating
tags assigned by Media Bias Fact Check . Note that ideology labels only cover approxi-
mately 60% of all domains, with an imbalanced distribution across low- and high-credibility
categories (the left-to-right ratio is 0.28 for the low-credibility group and 2.67 for the high-

I mediabiasfactcheck.com
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credibility group). Thus, dimensions of ideology and credibility present two overlapping
but not entirely aligned grouping structures.

Next, we collect the headline corpus of the aforementioned news domains. Using Wayback
Machine, a webpage scraping API provided by Internet Archive, we retrieve homepage
snapshots from 5521 low- and high-credibility news domains® during five-month periods
of the 2016 and 2020 election seasons (i.e., from July 1 to November 30). From these
timestamped snapshots, we extract news headlines that mention the first or the last name of
at least one presidential candidate for the corresponding election 3. To make candidate-wise
comparisons in the IAS analysis, we split the headlines into two candidate groups for each
year; headlines in a given candidate group capture the media coverage of the corresponding
candidate in a certain election.

media types by credibility media types by ideology
year high-credibility low-credibility left-leaning right-leaning total # of domains (coverage > 50%)
2016 362 (81.7%) 47 (10.6%) 185 (41.8%) 83 (18.7%) 443
2020 504 (62.6%) 222 (27.6%) 249 (30.9%) 233 (28.9%) 805

Table 2.1: Number of domains included in our analysis and group size for each domain
category.

Given that the snapshotting frequency varies greatly across domains and across days, we
assign a multiplication index to each snapshot, which will be used as a weight when we
aggregate topic and keyword counts. The multiplication index equals the inverse of the
number of snapshots for a given domain in a given day. This allows us to make sure that
each domain will have at most one ‘“average snapshot” per day that describes its overall
agenda. We also filter out domains without sufficient snapshot coverage 4 to avoid temporal
patterns being distorted by exogenous factors related to the Wayback scraping jobs (e.g., file
size, number of parallel ongoing crawls). We report the number of qualified domains and
the group sizes for each category in Table 2.1).

2.4 Methods

In this section, we elaborate on specific steps of the dictionary-based topic modeling: how
we construct the topic dictionary, how the model computes topic and keyword vectors for

Note that not all domains have snapshots for both years. There are 4540 unique domains for 2016 and
3109 for 2020.

30ur data extraction does not include dynamic or nested content.

“Domains that do not have at least one snapshot for at least 50% of the days are dropped in downstream
analysis.
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each input, and how we validate the model output with crowd-sourced labels collected from
Amazon Mechanical Turk (MTurk). Then, we explain how we utilize the model output for
downstream analysis, first to measure agenda alignment and then to identify agenda leaders
and followers.

2.4.1 Dictionary-based topic modeling
Constructing topic dictionaries

For each of the 2016 and 2020 election seasons, we construct a customized dictionary by
merging (1) a highly reliable > base dictionary [155] that uses the Comparative Agendas
Project (CAP) taxonomy [162], and (2) an extended dictionary customized for each election
season. The extended dictionaries are curated by political communication experts through
consensus labeling (Bode et al. [163] for 2016 and Agiesta [164] for 2020). These dictio-
naries contain context-specific keywords (e.g., catchphrases, names of political elites) that
not only improve keyword coverage in the headline data but also better capture the election-
related expressions in both years. The dictionary merging proceeds as follows. We preserve
the topic taxonomy established by the CAP codebook, match topic categories from the ex-
tended dictionary to the base dictionary, and create a new topic if there exists no reasonable
match. After the initial merge, the 2016 dictionary includes 1340 phrases from 26 topics, and
the 2020 dictionary contains 1405 phrases from 26 topics. The topics include “government
operation” that encompass general administrations and election campaigns, policy-related
categories such as “healthcare”, “economy” and “international affairs” (included in the CAP
taxonomy), as well as scandals-related categories such as “Trump controversies”, “Biden
controversies” and “Clinton controversies” (added after merging the extended dictionary).6
The list of topics with their brief descriptions are provided in Table 2.2.

To further enrich the dictionary, we use a semi-supervised topic model, Guided Topic-noise
Model (GTM) [165], to identify additional keywords and topics that are salient in the con-
text of presidential elections. GTM utilizes an input dictionary that contains keywords for
topics of interest to guide the topic-generation process. It expands the provided lists of key-
words using a generalized generative model called Generalized Polya Urn (GPU) [165] to
iteratively enhance existing topics and generate new topics containing new keywords and
associated weights. Based on previous practices and preliminary runs on our data samples,
we set the number of topics to 50; we then inspect all new keyword-topic pairs generated by

5 Krippendorff alpha was 0.84 across trained coders constructing the dictionary.

®Note that both candidates have “DEM candidate controversies” and “REP candidate controversies” in
their own attribute lists, since it is possible to mention one candidate within the context of a controversial issue
associated with the other candidate (e.g., Trump discusses Clinton’s email scandals). Keeping the topic lists
consistent across candidates also allows for more convenient comparisons.
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GTM and score the degree of relevance for each pair (i.e., 0 for non-relevant, 1 for weakly-
relevant, and 2 for highly-relevant), given the possible contexts of a keyword in our dataset.
The complete inspection is performed by one author, after two authors reach an acceptable
level of inter-rater reliability on their independently-assigned relevance scores for dictionary
samples from both years (Krippendorft’s alpha = 0.81 for 2016 and 0.7 for 2020). After the
inspection, we drop non-relevant keyword-topic pairs and evaluate three strategies of key-
word filtering/weighting: (i) only including the highly relevant phrases, (ii) including both
the highly and weakly relevant phrases, (iii) including both while giving higher weight to
highly relevant phrases. We discuss how we evaluate these strategies in the subsection Val-
idating Output. The final model uses only the highly relevant phrases, consisting of 1426
keywords in 2016 and 1453 keywords in 2020.

Identifying topics

The core idea of dictionary-based topic modeling is to detect keywords that occur in a given
text, bin those keywords into their corresponding topic categories, and record the count of
topics. Given K unique topics, W unique keywords, and text i, we first generate an aspect
(keyword) vector X; of length W, where each element X;,, equals the raw count of keyword
w in text i. Then, we group those identified keywords by topic to obtain a central theme
(topic) vector of length K for text i. Finally, the model filters the topic counts and generates
a normalized topic vector y; of length K, where each element y; ; equals the probability of
topic k for text i.

The topic-count filtering controls the number of topic(s) we assign to a single text. We have
explored three options: (a) the “primary” option treats this as a single-label classification
task, in which each text gets one topic label that is most frequently mentioned and obtains a
one-hot y; with a single non-zero element, (b) the “primary + secondary” option assigns the
first and the second most frequent topic to a text, with topic weights corresponding to the
relevant frequency, and (c) the “all* option includes all topics identified in a text, weighting
topics based on relevant frequencies.

Validating output

We finalize and validate our model output by comparing model-human agreement against
human-human agreement. Our evaluation rests on the following premise: If the dictionary-
based model performs as reliably as a human labeler, the extent to which the model agrees
with a random human labeler should be comparable to the extent to which two random
human labelers agree with each other. To perform the aforementioned evaluation, we collect
human labels through a topic-labeling task on Amazon Mechanical Turk (MTurk), in which
we ask MTurk workers to select the primary, secondary and all relevant topics applicable
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2016 2020
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Figure 2.1: Agreement scores for model-human and human-human pairs. The random base-
line adopts the topic distribution generated by the best-performing topic model and shuffles
the topic label per text. “rnd” refers to the baseline model that randomly assigns a topic
label; “pw” refers to the model using the original CAP dictionary; “pw + bt” refers to the
version after the initial merge with the extended dictionary; “pw + bt + gtm” refers to the
final version that included GTM keywords.

for each of the 10 texts displayed per Human Intelligence Task (HIT). We describe details
of the MTurk task in Appendix A.1.

We include detailed evaluation steps in Appendix A.2, and report concrete agreement scores
in Appendix Table A.2. We find that the best performance is achieved when using only the
strongly relevant keywords and limiting our attention to the primary topic. Using this model
version, we show the progression of model-human agreement in Figure 2.1 as we update the
topic dictionary. The figure shows that the worker-model agreement scores are comparable
to worker-worker agreement scores, especially for the news media and survey data. We also
see that the progression is consistent across the two elections, allowing us to make reliable
comparisons between the two elections. Although the suboptimal level of overall human-
human agreement reflects the inherent difficulty of the labeling task itself, the model does
identify meaningful topical cues from the text that make sense to humans in a considerable
proportion of texts. In circumstances of conflicts between human-model pairs, roughly 42%
of the texts have at least one matching pair of human and model labels, and 57% have at
least one human including the primary model topic in their expanded topic list (i.e., primary,
secondary or relevant topics). For topics that have low agreement levels between the model
and workers and occur rarely in our data’, we drop them in the downstream analysis.

LE RT3 LE RT3 CLINNT3

"Topics excluded downstream: “forestry”, “land water management”, “agriculture”, “housing”, “trans-

9%

portation”, “culture”.
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2.4.2 Downstream analysis
Measuring agenda alignment

We first assess agenda alignment by comparing the aggregated attention distribution be-
tween different media types. The attention distribution can be described at both the keyword
level and the topic level. At the keyword level, we compute an aggregated keyword vector
X4 for media type A by adding up8 keyword vectors X; for each text i from media type A,
and normalizing the output by its sum. Similarly, at the topic level, we obtain an aggregated
topic vector y4 for media type A, which sums up all topic vectors of texts from media type A
and normalizes the output by its sum. An aggregated topic or keyword vector is essentially a
probability vector that sums up to 1. With these aggregated vectors, we use Pearson correla-
tion coefficient, a widely-adopted metric in previous agenda-setting studies [e.g., 166, 149]
to quantify the degree to which the priorities of candidate attributes align between media
type A and B, i.e., p(¥4,Xp) for the alignment at the aspect (keyword) level and p(¥4,5) at
the central theme (topic) level. The higher the correlation, the better the agendas align.

Since all domain snapshots are timestamped, we can define the time frame of inputs when
aggregating topic or keyword vectors and measure the degree of alignment over time (i.e.,
temporal alignment). For instance, we can measure the daily level of temporal alignment
using aggregated topic (keyword) vectors generated from headlines on a given day.

Identifying agenda leader and follower

Agenda alignment reveals how much the priorities of candidate attributes match between
two media within concurrent time frames, yet it does not capture the dynamics of agenda
flow over time or assess the IAS power of a given media type. Thus, a natural next step is to
explore the temporal relationship of media agendas and assess the degree to which a given
media type serves as a leading/following actor in the IAS process.

We perform Granger causality tests for daily time series of attribute proportions. Granger
causality analysis is a classic approach to evaluate the (intermedia) agenda-setting power
using time series [e.g., 167, 168, 169, 145, 141]. It allows us to statistically assess the
temporal “causation” between two time series with varying time lags9. Let’s say we focus
on attribute k (e.g., topic “healthcare” for Trump), and extract the time series of its attention
proportion in media type A (e.g., low-credibility media) and B (e.g., high-credibility media),
Xax and Xp ;. If regressing the past of X4 ; and Xp ; yields a better prediction for Xp ; than

8 As mentioned in Section Data and Preprocessing, this step computes a weighted sum of all input vectors.
The topic (keyword) vectors for individual texts are weighted by the multiplication index assigned to each
snapshot to avoid over-counting (under-counting) domains that have too many (few) snapshots per day.

‘We apply time lags of 1, 2, 3, 4, 5 days for individual topic time series.
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regressing only the past of Xp, we say X4, “Granger causes” Xp; and in our context,
we identify media type A as the agenda leader and B as the agenda follower on attribute
k. Before being fed into the Granger causality tests, all time series have been detrended
by first-level differencing and have passed augmented Dickey-Fuller (ADF) tests, which
indicate that they are stationary.

Finally, we collapse the results yielded by different time lags into four categories: (i) led by
media type A if we only see significant results in cases of B lagging A; (ii) led by media
type B in the reversed situation; (iii) mutual interaction if we see significant results in both
directions; and (iv) no relationship if we do not see significant results in either direction.
We consider a collapsed result to be significant and robust if (i) the Granger causality test
returns p < 0.05, so we can reject the null hypothesis that changes of attention on attribute
k in media type A fail to Granger cause the changes of attention in B; and (ii) the same
result category appears consistently in at least 95% of the bootstrapping runs. Apart from
performing the test on the full time series, we also test a shorter time window of 90 days and
slide it by daily unit. The daily sliding allows us to distinguish the persisting roles of agenda
leaders/followers from flashing patterns boosted by momentary and spurious correlations.

2.5 Results and discussion

We provide two views when comparing agendas across different media types: (1) static
alignment, which examines the similarity of aggregate agendas, and (2) temporal dynamics,
which characterizes the extent to which a given media type leads the other type in a lagged
time frame.

Topic-level Alignment Keyword-level Alignment
1.04 = - 1.0 A
- - - -
oo L J L J -
o - - o
Yos Yos
[ [
o o
(2] 0
- j -
8 0.6 8 0.6 - -
[a [ - -
® REPcand ® REPcand
04 ® DEM cand 04 ® DEMcand
2016 2020 2016 2020 2016 2020 2016 2020
CRED CRED IDEO IDEO CRED CRED IDEO IDEO

Figure 2.2: Agenda alignment for the 2016 and 2020 election seasons, at the topic level
(left) and at the keyword level (right). We keep the top 18 topics that occur frequently and
meaningfully in the data, and keep the top 500 keywords with high frequencies. CRED
refers to media types by credibility (i.e., low- and high-credibility media), and IDEO refers
to media types by ideology (i.e., left- and right-leaning media).
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2.5.1 Static alignment: divergence or convergence of media agenda?

We start by presenting the aggregate alignment in Figure 2.2. The first striking finding is
the similarity in patterns observed for ideology and credibility. Past work that compares
the role ideology and credibility play in news production has found that credibility plays a
more significant media fragmentation role [170]. Based on this, we would have expected
the media to be more fragmented along the credibility dimension. However, surprisingly,
we see that media are no more divided along the credibility line compared to ideology. This
could be because ideology is one of many factors that shape broader news production, while
it is the decisive factor in election campaign coverage. This highlights the enduring role
ideology plays in election coverage.

At the topic level, agendas of different media types are still largely aligned in both years
(r > 0.8), with a slight decrease from 2016 to 2020 (average Ar = —0.041). In contrast, at the
keyword level, the correlations for both candidates have dropped dramatically (average Ar =
—0.350), reaffirming previous findings of a more severe fragmentation at the aspect level
than the central theme level [46, 45, 155]. The downtrend in keyword alignment is more
pronounced for the Republican candidate (average Ar = —0.399 per media pairing) than
for the Democratic candidate (average Ar = —0.302 per media pairing), evincing partisan
asymmetries in agenda fragmentation at the keyword level.

Candidate-wise, the coverage of the Republican candidate is generally better aligned than
that of the Democratic candidate. As shown in Figure 2.2, at the topic level, low- and
high-credibility media share highly similar priorities for Trump’s attributes in both years
(r=0.997 in 2016 and r = 0.946 in 2020); so do left- and right-leaning media (r = 0.991 in
2016 and r = 0.956 in 2020). For his opponent candidate, the correlations between these two
media pairings are weaker (r = 0.891 in 2016 and 0.845 in 2020 across credibility types;
r =0.902 in 2016 and 0.869 in 2020 across ideology types). Interestingly, in 2020, the
coverage of Trump achieves a higher level of alignment than that of Biden at the topic level
(¥ = 0.951 per media pairing for Trump and 7 = 0.857 for Biden), but not at the keyword
level (7 = 0.538 per media pairing for Trump and 7 = 0.602 for Biden). This reveals the
level at which media diverge for a given candidate. Different types of media organize similar
priorities for Trump-related topics, but the specific keywords used in their discussions are
poorly coordinated. Whereas for Biden, although the topic-level agendas are not as well
aligned as his Republican counterparts, the keywords used in different media types have
relatively greater overlaps.

2.5.2 Candidate controversies: key attributes as divergence drivers

After observing a higher level of agenda divergence for the Democratic candidate (as op-
posed to the Republican candidate) and for 2020 (as opposed to 2016), we question the
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source of these differences. On what attributes do media diverge the most? Is the over-
all pattern of divergence dominated by the divergence on a few attributes or, more or less
equally by the divergence on most attributes? Thus, we extend candidate-wise and election-
wise comparisons into topic-level and keyword-level breakdowns.

Candidate-wise, we find that higher proportions of attention on “DEM candidate controver-
sies” (topic related to Clinton controversies in 2016 and Biden controversies in 2020) from
low-credibility and right-leaning media are the main source of salient agenda divergence
for the Democratic candidate. Focusing on blue dots in Figure 2.3, we see that the two
largest topics that deviate significantly from the diagonal line are “DEM candidate contro-
versies” and “government operations”. Low-credibility and right-leaning media highlight
“DEM candidate controversies” more than their counterparts, limiting the attention devoted
to “government operations”. Such deviations have become more salient in 2020. We again
observe similar patterns for the credibility and ideology divide.

The attention on “DEM candidate controversies” not only diverges at the aggregated level
but also signals the specific point in time when different media types will diverge. To illus-
trate this, we examine the temporal dependence between the attention disparity on “DEM
candidate controversies” and the temporal fluctuations in overall topic alignment. Specif-
ically, we apply a uni-variate ordinary least squares (OLS) model for topic k, using the
time series of temporal alignment as the dependent variable Y, and the time series of the
temporal difference in the proportional attention on topic k between a given media pairing
as the independent variable X. We find that regressing the difference in “DEM candidate
controversies” can explain more of the variance (i.e., achieve the highest R-squared values)
than any other topic, especially for Biden in 2020 between left- and right-leaning media
(R-squared = 0.7565). We report the full results in Appendix Table A.1. Comparing the
time series of “DEM candidate controversies” between low- and high-credibility media (see
Figure 2.5) with that of temporal topic alignment between low- and high-credibility media
(blue lines in Appendix Figure A.3 Al and A2), we see that agenda divergence is brought
forward by the misaligned attention spans or the different spotlighting intensity on “DEM
candidate controversies”. For Clinton’s case in 2016, for instance, we can link some dra-
matic drops in temporal alignment to the time periods when low-credibility media discussed
“Clinton controversies” much longer than high-credibility media after breaking events such
as Bill Clinton and Loretta Lynch’s meeting in early July and Hillary Clinton fainting in
mid-September.

Furthermore, at the keyword level, we notice that the drop in keyword alignment for “REP
candidate controversies” contributes greatly to the drop in overall keyword alignment from
2016 to 2020. The patterns observed for ideology are, again, similar and show interesting
parallels. As shown in the left two subfigures in Figure 2.4, “REP candidate controversies”
is among the noteworthy topics that have a dramatic drop in keyword alignment from 2016
to 2020 and that occur frequently enough to have a sizable impact on the overall alignment.
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Figure 2.3: Comparisons of topic proportion between different types of domains in 2016
(left) and 2020 (right). The upper two figures compares topic proportions between low- and
high-credibility domains, while the bottom two figures compares topic proportions between
left- and right-leaning domains. Please refer to Table 2.2 for the list of topics the abbrevia-
tions in the figure stand for.
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Figure 2.4: By-topic alignment of top 500 keywords across years between different types of
domains in 2016 and 2020. The left (right) two figures show the alignment for Republican
(Democratic) candidates, and the upper (bottom) two figures show the alignment between
low- and high-credibility (between left- and right-leaning) domains. Dot size is a function
of the overall frequency of the corresponding topic. Please refer to Table 2.2 for the list of
topics the abbreviations in the figure stand for.
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Figure 2.5: Time series of the topic “REP/DEM candidate controversies” from low- and
high-credibility media in 2016 (left) and 2020 (right). Blue rectangle boxes in the sec-
ond row highlight a few periods with drastic drops in overall topic alignment, when low-
and high-credibility media have different spotlighting intensity or attention spans on “DEM
candidate constroversies”.
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Looking closer at specific aspects (i.e., keywords) addressed for “REP candidate controver-
sies”, we see that high-credibility media dedicate more attention to Trump’s family mem-
bers; and that low-credibility media put the spotlight on the deep-state conspiracy, and push
stories co-mentioning Trump with figures such as Jeffrey Epstein, Adam Schiff, and Roger
Stone. While there is a lack of consensus on central aspects of “REP candidate controver-
sies” across different media types in 2020, the divergence of aspects for “DEM candidate
controversies” is much weaker'? (see the right two subfigures in Figure 2.4). Conditioned
on the topic “DEM candidate controversies”, we notice that controversies centered around
Hunter Biden are heavily debated on both sides of media with high occurrences of keywords
“Hunter Biden”, “laptop” and “Ukraine”.

2.5.3 temporal dynamics: who leads and who follows?

Next, we shift our focus from concurrent correlations within the same time frame to temporal
correlations between lagged time frames. We describe the IAS dynamics captured between
low- and high-credibility media, and briefly contrast it with the dynamics between the left-
and right-leaning media as a reference system.

We assess the IAS power based on (1) the number of attributes one media type leads for the
other, as well as (ii) the length of time period during which such IAS power can persist. We
summarize this information in the sliding-window plots displayed in Figure 2.6, where the
starting points of all 90-day windows with a significant and robust Granger causality result
are marked with plus signs (4-). Each plus sign is followed by 90 dots (-) colored the same
as the plus sign to visually demonstrate the full length of sliding windows. For example,
for Trump 2016 there is only one time window with significant and robust results on the
attribute “economy (ECON)”, spanning from early July to early October.

Overall, we see that high-credibility media serve as the dominant actor in IAS, setting the
agenda for more candidate attributes than low-credibility media. Out of the top 10 attributes
that appear frequently in a given year, high-credibility media lead the agenda of 5.5 attributes
for the Republican candidate and 3 attributes for the Democratic candidates on average, with
varying window lengths!!. Meanwhile, we do not see low-credibility media persistently
leading the agenda on any attribute in either election season. Despite the encouraging re-
sults, we observe that high-credibility media’s IAS power has declined from 2016 to 2020
for the Democratic candidate, with a decrease in terms of the number of attributes it leads

10 Among the top 500 frequent keywords for Trump-related texts in 2020, we correlate keywords that belong
to “Trump controversies”. Pearson’s R = 0.1446 between low- and high-credibility media; Pearson’s R =
0.1139 between left- and right-leaning media. In Biden-related texts, the corresponding Pearson’s Rs for
keywords belonging to “Biden controversies” are 0.8095 between low- and high-credibility media, and 0.7597
between left- and right-leaning media.

""We count attributes with at least three consecutive windows showing consistent causality results.
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Figure 2.6: Granger causality results between low- and high-credibility media for 2016 (the
first and second figures) and 2020 (the third and fourth figures). We test Granger causalities
in a sliding window of 90 days and display robust results that appear in more than 95% of
the bootstrapping runs. Each plus sign marks the starting point of the 90-day sliding window
with a significant result. We include results for the top 10 topics that show frequently in all
news headlines for a given election year.
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(from 4 to 2), and the total number of windows it leads (from 165 to 60). Furthermore,
agendas between high- and low-credibility media appear to be more intertwined, mutually
interacting with each other on 3 attributes for Trump and 4 for Biden in 2020, but only 1 for
Clinton in 2016.

Notably, while “candidate controversies” acts as a crucial attribute that drives the divergence
of the media agenda, discussions of “REP (DEM) candidate controversies” in the coverage
of the Republican (Democratic) candidate are always led by high-credibility media. Based
on Figure 2.6, the longest consecutive high-credibility-leading windows (i.e., consecutive
time windows with a significant and robust result of high-credibility media taking the lead)
lasts for 135 days (45 windows) for the Republican candidate and 134 days (44 windows)
for the Democratic candidate on averagelz. Moreover, the election-wise comparison re-
iterates the diminishing IAS power of high-credibility media specifically on “DEM/REP
candidate controversies”, as the length of the longest consecutive high-credibility-leading
windows shrinks from 141.5 days (51.5 windows) per candidate in 2016 to 127.5 days (37.5
windows) per candidate in 2020. Such shrinking in window length happens more severely
for the Democratic candidate (AL = -20 days) than the Republican candidate (AL = -8 days).

To sum up, high-credibility media is more powerful in IAS compared to low-credibility
media, as it leads the agenda for more attributes and consistently for longer periods of time;
however, the IAS power of high-credibility media has declined from 2016 to 2020, together
with a few more attributes seeing mutually interacting agendas in 2020 (e.g., “crime” for
Trump, “government operation” and “healthcare” for Biden). Contrasting these patterns
with the IAS dynamics between left- and right-leaning media (see Appendix Figure A.5),
we see shared patterns between high-credibility and left-leaning media in terms of their
dominant role in IAS in general, as well as their weakening leader advantage from 2016 to
2020, especially for the Democratic candidate. While some level of symmetry does exist
between credibility and ideology, we see the value of separately addressing IAS along these
two dimensions. Right-leaning media clearly take a more active role than low-credibility
media in 2020, persistently setting agenda for a few attributes of the Republican candidate
(e.g., leading “civil rights” and “international affairs” for Trump in 2020).

2.6 Ethics statement and broader impact

Given the political context of the case studies, we understand and try to minimize the risk
of misinterpreting spurious patterns. We test the significance and robustness of the results
by bootstrapping and de-noise the temporal volatility through sliding-window analysis. We
also re-iterate the correlational basis of our analysis.

2The length of a set of consecutive time windows equals the length of one time window (i.e., 90 days) plus
the number of consecutive time windows within the set, as the unit per slide is one day.
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Apart from cautiously deriving the implication, we have incorporated the following ethical
considerations: (1) once collected and preprocessed, the headline dataset is stored on the
server with restricted access; (2) we remove personally identifiable information from the
MTurk output; (3) we actively communicate with MTurk workers who raise questions or
concerns, and make sure that those who attentively work on the labeling tasks are fairly
compensated (even if they fail the screening); and (4) we release the dictionary and the
model source code in a GitHub repository'>.

In an era marked by growing concerns of polarization and fake news, our study enhances the
understanding of IAS along both the credibility and the ideology dimensions by providing
detailed comparisons at multiple levels of granularity. We hope to inspire open dialogues
among media entities, policymakers, and the public to address challenges evidenced by the
alarming trend in our results—the decline in the IAS power of high-credibility media.

2.7 Conclusions and limitations

In this chapter, we re-examine IAS theory for news headlines related to presidential candi-
dates during the 2016 and 2020 U.S. presidential elections.

Overall, we observe a high level of agenda alignment in candidate coverage between low-
and high-credibility media. The agenda convergence indicates that low- and high-credibility
media still share a common ground for candidate-related discussions on broad issues; how-
ever, the initiator of such assimilation remains unclear. Low-credibility media could be
borrowing stories from traditional players with higher credibility levels, due to their lim-
ited resources to independently produce impactful news stories in the fierce attention bat-
tleground. Alternatively, past work also shows that traditional media can spread misinfor-
mation, especially by indexing political elite talking points [171]. High-credibility media
might be loosening their journalistic standards in order to attract and retain their audience,
generating stories of disputable issues that are easier to be re-packaged into low-credibility
clickbaits, as we see in our results the significant proportions of attention devoted to “candi-
date controversies” rather than policy topics in high-credibility media.

In addition, our study adds to the growing body of literature that highlights partisan asym-
metries in the news ecosystem [e.g., 172, 173] by demonstrating the stronger alignment in
agendas for the Republican candidate compared to the Democratic candidates. Past work
shows that media exhibit their bias largely through negative depictions of the opposing side,
as opposed to positive depictions of the preferred side [174, 175]. Here, the diverging agen-
das for the Democratic candidate provide evidence that such bias may extend to selective
coverage of topics.

13 https://github.com/yijingch/intermedia-agenda-setting
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We also observe meaningful shifts of IAS dynamics when comparing results between 2016
and 2020, which underscore two valuable insights. First, agenda divergence between dif-
ferent types of news media has increased noticeably over this period. In line with studies
of the same election cycles using social media data [176], this suggests that agenda frag-
mentation has grown not only among mass media, but also among influencers and users on
social platforms as a multimedia phenomenon. This parallel points to a promising direc-
tion for future work—extending IAS analysis to social media texts. Second, this chapter
reveals a decline in the IAS power of high-credibility media, which may signal that low-
credibility media are gaining greater autonomy in setting their own agendas, or even influ-
encing the agendas of traditionally dominant high-credibility media. This finding resonates
with previous work documenting the growing visibility and distinctive role of hyperparti-
san and low-credibility outlets [e.g., 177, 145, 141]. My results extend this literature by
demonstrating that such outlets are not merely competing for audience attention, but may
also be destabilizing the traditional IAS hierarchy. This complicates—though does not fully
overturn—the classic assumption that elite, high-credibility media primarily lead the agenda
[178, 179, 142]. Third, our findings caution against overgeneralizing from single-case stud-
ies: the U.S. news ecosystem remains in flux, with IAS power shifting across media types.
These results underscore the value of large-scale empirical research to test and refine well-
established communication theories using contemporary data.

There are various limitations to this work. First and foremost, although we use terms such as
“influence” and “Granger causation” when assessing IAS, the IAS process captured in our
study is based on correlational analysis. While we follow the terminology used in scholar-
ship and theorize about setting the agenda, we caution the reader that the associations found
here are not sufficient evidence of a causal relationship. Secondly, our dictionary-based
model utilizes context-specific topics and keywords related to a certain issue (e.g., presiden-
tial candidates), which limits its generalizability. While the dictionaries themselves are not
generalizable, the pipeline we introduced for constructing and validating topic dictionaries
is. Our modeling approach allows interpretability and cross-year comparisons. Finally, we
use a set of existing source lists for determining the credibility of different websites, where
sizable disagreements exist across lists constructed by different fact-checkers and scholars
[180]. Furthermore, the limited coverage of ideology labels has restricted our scope of anal-
ysis when comparing left- and right-leaning media. We encourage future studies to explore
more source lists of domain credibility and ideology, and incorporate a better-labeled dataset
for such parallel analysis.

Our findings also identify new directions for future work of IAS. First, it is worth follow-
ing up with more recent datasets to examine if the IAS trends identified in 2016 and 2020
continue in future elections. Second, we notice a few signals for the insufficient explana-
tory power of the current models in capturing temporal “causation” between left- and right-
leaning media. For instance, in Appendix Figure A.5, we see the absence of significant
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and robust IAS results in most 90-day sliding windows, particularly for the Democratic
candidate. This may be a substantive finding: left- and right-wing media fail to set each
other’s agendas. Or, this may be a result of linear regression models failing to capture the
increasingly complicated agenda interactions. Such obscurity invites future explorations
of different methodologies to validate or extend our findings. Third, our parallel analysis
points out that the divisions along ideology and credibility share some structural features
but are not entirely overlapping. Future work could look into the interplay between these
two dimensions.

Finally, the findings from this chapter set the stage for a deeper inquiry into the nature of
political polarization—a central theme in Chapters 3 and 4. By analyzing IAS patterns be-
tween low- and high-credibility outlets as well as between left- and right-leaning media, this
chapter has illuminated how the supply side of political information is structured, and how
presidential candidate coverage diverges across different types of news producers. These
patterns not only shape the information environment to which individuals are exposed but
also condition the opportunities and constraints through which citizens develop political at-
titudes and engage with political content online, both of which are closely linked to the
phenomenon of political polarization. This chapter provides an essential context for the fol-
lowing analyses of the demand side of political communication, which turn to individuals—
their belief systems and their online political engagement—as key sites for addressing the
challenge of political polarization.
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Chapter 3

Multidimensional belief modeling: Using
response-item networks (ResIN) to
measure ideological polarization

Following a background study of political news dynamics among mass media, this chapter
turns to a specific challenge in political communication: political polarization. As sum-
marized in Section 1.3, polarization can be studied via observations of both attitudes and
behaviors. In political and social sciences, scholars typically measure polarization based
on attitudinal data collected through surveys and define polarization within the scope of
political beliefs. This chapter dives deeper into this attitudinal perspective, elaborating on
existing measurement frameworks for political ideologies and belief systems—the fundamen-
tal components for understanding polarization in the realm of attitudes, and introducing a
novel network-based method—Response-Item Network (ResIN)-to the study of polarization,
which addresses the complexity of belief systems and the limitation of current approaches.
Through a case study of ANES (2000-2020), I show that ResIN is a valuable tool for visu-
alizing political cleavage lines and measuring polarization at both the system and attitude
levels.

3.1 Introduction

Although more than eight decades have passed since Converse famously advocated for
analyzing political ideologies as networks of interrelated beliefs [56], scholars have only
recently begun to model political attitude systems as dedicated statistical networks [e.g.,
128, 181, 123, 129, 182]. By conceptualizing individuals’ opinions on political issues as
nodes and the associative strength between them as weighted edges, belief network analysis
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(BNA) not only provides a methodological framework that well-aligns with Converse’s orig-
inal conception, but also allows researchers to rigorously investigate ideologies as wholistic,
system-level phenomena. However, BNA does not adequately capture the spatial dimension
of political ideologies, that is, their role in representing abstract dividing lines—such as the
familiar left-right or liberal-conservative spectrum—that demarcate political conflict within
societies [183, 184, 185, 186, 92, 187, 188]. Since key processes of ideological realignment
and polarization are often framed as positional shifts along such dividing lines, BNA offers
only limited insights into the structural transformations within belief systems during such
dynamics.

We aim to bridge this gap by applying Response Item Networks (ResIN)—a novel class
of belief network models operating at the issue response level—to the study of ideological
polarization. While previous works on ResIN have either focused on validating its method-
ology [189], or applied it to static phenomena such as vaccination attitudes [190] and social
identity construction [191], our focus here is to explore ResIN’s potential to understand po-
litical attitude polarization as a dynamic, system-wide process (cf. [192]), without assum-
ing the existence of latent variables. Using six waves of American National Election studies
(ANES) from 2000 to 2020, we demonstrate ResIN’s capacity in capturing multi-level shifts
in U.S. belief systems during ideological polarization, presenting the spatial transition from
a largely unstructured, to a fully structured, polarized opinion space.

By visualizing the polarization process among five key political issues in the U.S., we notice
that the underlying dynamic resembles the “breaking of an egg”, that is, the transformation
of an initially amorphous, or egg-shaped belief system into a single, polarized, left-right
ideological dimension. Furthermore, we show how ResIN-based metrics can enhance our
understanding of this process both at the system and the attitude level. Our proposed system-
level measures are able to reveal increasing trends both in belief constraint and polarization,
as well as interesting patterns of partisan asymmetries that underlie both processes. At
the attitude level, our proposed statistics can identify specific roles different attitudes play
in constraining belief systems of different partisan groups as well as which attitudes build
bridges between them. We argue that these results and measurements cannot be easily ob-
served in standard BNA, demonstrating that ResIN offers a novel angle to explore ideologi-
cal polarization with belief networks.

Our contributions to the fields of BNA and ideological polarization are twofold. First, by
applying ResIN to study political polarization, our work adds to the relatively scarce litera-
ture on conceptualizing polarization in belief networks. Taking this perspective is promising
for uncovering psychological mechanisms that drive ideological polarization. Second, our
measures at the system and attitude levels evaluate the degree of polarization across various
facets in one cohesive framework. Using ResIN, we are able to connect the mental maps
of how individuals organize political attitudes, with the collective patterns of how the pub-
lic structurally constrains different beliefs. A model that encodes this individual-collective
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nexus, which is a crucial aspect for deconstructing ideological polarization [193], may allow
us to synthesize insights of polarization studies at different levels.

The remainder of this chapter is organized as follows. In Section 3.2.1, we review the notion
of political belief system since its introduction by Converse [16], articulating its definition
and connections with the formation of ideologies in the mass public. We then refresh the
conceptualization of ideological constraint and polarization and discuss the strengths and
limitations of existing BNA frameworks in Section 3.2.2. Then, in Section 3.3, we describe
the dataset for this study, specify the steps of constructing ResIN snapshots, and introduce
different measures of ideological constraint and polarization afforded by ResIN. We show
the results and demonstrate ResIN’s advantages over BNA in Section 3.4, acknowledge the
limitations in Section 3.5.

3.2 Related works

3.2.1 Belief systems and ideologies

Certain postures tend to co-occur and this co-occurrence has obvious roots in
the configuration of interest and information that characterize particular niches
in the social structure, ..., not simply because both are in the interest of the
person holding a particular status but for more abstract and quasi-logical reasons
developed from a coherent worldview as well. It is this type of constraint that
is closest to the classic meaning of the term “ideology” (8).

— Converse, The nature of belief systems in mass publics (1964)

Political attitudes rarely exist in isolation. For instance, support for increasing government
spending on social welfare is usually linked to favoring higher income taxes for wealthy cit-
izens in many Western democracies [194]. Public opinion scholars have long relied on the
concept of constraint, i.e., the functional interdependence between two or more issue posi-
tions [16], to study the prevalence of connected political beliefs at the individual [195, 196]
and the collective level [128, 197, 182]. Viewed through this lens, an ideology, then, is a
package of constrained beliefs that have been logically, quasi-logically, or socially devel-
oped to form an integrated framework [16, 188].

Building upon this conceptualization, our understanding of mass ideologies further rests on
two key premises. First, we view ideology as a latent construct at a level of higher abstrac-
tion, which stems from, and might exert influence on multiple issue positions and identi-
ties [186, 188]. Yet, ideologies and issue positions are not always aligned [184, 92, 198];
ideological misalignment can have broad and meaningful implications for understanding
political cognition and behavior [195, 16, 92, 199]. We therefore refrain from assuming
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any alignment between ideologies and issue positions a priori, that is, defining ideological
orientation based on particular issue positions, and vice versa (e.g., fixating opposition to
redistribution as a right-wing attitude or right-wing identity to entail opposing redistribu-
tion). Furthermore, we explicitly acknowledge that the way ideologies and issue positions
align may vary over time and across different political contexts [200]. We therefore be-
lieve it particularly beneficial to let ideological structure emerge organically from observed
co-endorsement patterns within political attitude data.

Understanding why variation in ideological alignment exists is key to our second premise:
we consider ideologies as socially constructed attitude bundles. This assertion rests on the
well-documented observation that the co-occurrence of response patterns is often shaped by
an underlying social structure, including socialized partisan leanings [201, 16, 202, 93, 15].
For example, support for social security policies is far from randomly distributed across the
population; it is significantly more prevalent among Democrats than among Republicans.
The collective identity formed by social and partisan groups often serves as ideological
heuristics when individuals try to position themselves on a new issue or update their for-
mer beliefs. For instance, when a Democrat positions themself on a new issue, they might
first take into account how other Democrats position themselves on this very issue. Conse-
quently, ideological alignment implies more than a sorting process along various ideologi-
cal dimensions. It should also be understood as a consolidation and polarization process in
which political beliefs can become fused with group identities [93, 15].

3.2.2 Ideological polarization and belief network analysis (BNA)

Despite substantial research effort investigating political polarization, debates among social
and political scientists persist regarding its overall trends in the mass public and the under-
lying mechanisms that drive it [121, 78, 203, 204, 188]. One reason such debates persist
is that ideological polarization has been conceptualized and measured in various different
ways. Two influential conceptualizations of polarization are divergence and alignment [10].
Divergence describes a process of people moving apart from one another towards the ex-
treme ends of an ideological dimension, such as the left-right spectrum [204]. Alignment,
by contrast, means that people develop ideologically coherent beliefs (i.e., constraint; [16])
because their partisan identities are increasingly aligned with political issue positions (i.e.,
partisan sorting [98]). Regarding alignment, a system is considered strongly polarized if
people’s position on one issue or their partisan identity can be used to reliably predict their
position on various other issues. Conversely, a system in which people’s position on one
issue or their partisan identity is a weak predictor of issue positions would be considered
less polarized.

Over the past few decades, researchers have not seen a vast divergence along many political
issues in the United States [77, 120, 10]; however they do observe alignment in terms of the
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increasingly pronounced partisan identities [205, 93] that now have stronger ties with politi-
cal beliefs [206, 207, 123]. Our study uses a belief network perspective to better understand
this process.

To assess the degree of ideological alignment, researchers have explored linear methods
[e.g., 15, 208, 93], and more recently belief network analysis (BNA) [e.g., 128, 181, 129].
Following Converse’s idea of belief constraint, BNA operationalizes belief systems by rep-
resenting issues (e.g., abortion restrictions, government spending on welfare, and tax cuts) as
nodes while modeling the associations between them as links, assuming that the constraint
between two issues can be measured by the degree to which they are aligned in the mass
public [128]. Hence, BNA imposes a greater link strength among more highly correlated
issue pairs.

Leveraging the network properties of belief system graphs, scholars have attempted to iden-
tify the central belief elements [128, 181] to examine how belief centrality may predict the
change in the system [129], and more pertinently to our present study, to explain the mech-
anism of polarization [123]. According to DellaPosta [123], polarization can unfold both
in the “heightening alignment across pairs of issues”, and in the “broadening alignment
across a wider range of issues”. In BNA, these processes manifest through a rise in edge
weights (i.e., increased correlation among issues), or an expansion in the size of connected
components.

While inter-issue correlations can serve as indicators for the strength of dependency between
variables, they cannot fully capture non-monotonic relationships where the change of one
variable with regard to the other is not simply increasing or decreasing [189]. Moreover,
while BNA can capture the issue-wise alignment process, they do not explicitly encode
ideologies (i.e., a coherent set of issue positions) as a spatial component of a belief network.
Thus, we see an important gap between the theoretical framing of ideologies as the core
product of (organized) belief systems [16], and the operational obscurity of how ideologies
spatially manifest within a belief network. It is this gap that motivates our application of
Response Item Networks (ResIN) to the analysis of ideological polarization within belief
networks.

3.3 Data and methods

3.3.1 American National Election Studies (ANES)

The current study utilizes the American National Election Studies (ANES) from 2000 to
2020, a cross-sectional nationally representative survey of the general U.S population. We
select six waves conducted in each presidential election year with a four-year interval. Using
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ResIN-a spatial belief network model described in further detail below—we create one snap-
shot for each wave to visualize the shifts in political beliefs throughout this period. In each
snapshot, we include a set of politically relevant issues that were consistently assessed in all
six waves of ANES (i.e., government service spending, government healthcare insurance,
guaranteed jobs and income, aid to blacks, legal abortion), which allows for meaningful
temporal comparisons. ANES respondents are asked to self-report their positions (i.e., atti-
tudes) on these issues on either a 7 or 4 point scale. The complete set of issues is listed in
Appendix B.1 ANES Included Items.

3.3.2 Creating ResIN snapshots using ANES

While BNA uses individual nodes to represent a single issue (e.g. legalization of abortion),
ResIN, instead, treats individual nodes as issue positions (e.g. the response “strongly agree”
to legalization of abortion). Furthermore, as a ‘“spatial network”, each node in ResIN is
located in an N-dimensional space, which can form the basis for a spatial model of ideology
as an underlying left-right continuum. In what follows, we describe how we apply the main
components of ResIN to the ANES data'. Readers should be advised that this procedure
follows the exact steps as described in the work by Carpentras et al. [189], which provides a
comprehensive description of the method. In this article, we briefly walk through the main
steps involved in ResIN-based analysis and focus on how this methodology can be used to
explore the polarization dynamics in the belief system.

For a given issue selected from ANES, we first dummy code each issue position as a re-
sponse variable. For instance, for the issue “guaranteed jobs and income”, respondents
indicate their attitudes via the response options ranging from 1 (i.e., “strongly agree; gov-
ernment should guarantee job and good standard of living”) to 7 (i.e., “strongly disagree;
government should let each person get ahead on their own™). For each response x from 1
to 7, we construct a set of binary variables guar_jobs:x indicating whether or not a given
respondent has chosen response x (1 for yes, O for no). These binary variables are repre-
sented as nodes in ResIN. A positive’ association between a given pair of binary variables
from two different issues produces a weighted link between the corresponding two nodes.
The link weight equals the strength of association, in this case, the phi correlation, which
is an equivalent measure of the Pearson’s correlation index for binary variables® [189]. In-

A full description of ResIN and its properties is beyond the scope of this article but we encourage inter-
ested readers to refer to Carpentras et al. [189] and Liiders et al. [191].

2Negative edges are excluded from the visualization to avoid visual clutter and because previous research
[189] has shown that the positive edges contains already enough information for studying the network struc-
ture. Furthermore, many useful visualization algorithms or analysis methods cannot handle negative edges
(e.g. force-directed algorithms).

3Please note that phi correlation, Pearson correlation and Spearman correlation are identical for binary
variables [? ].
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tuitively, the correlation between two responses A and B is a measurement of how often
people who select A also select B (and vice versa).

After setting up nodes and weighted links, we implement the force-directed layout algo-
rithm [209], where node positions are determined by an equilibrium state that balances the
attractive and repulsive forces among them [189]. The greater the link weights between any
two response node pairs, the more powerful the attractive force between them. This allows
ResIN to visualize the network structure of political beliefs organically, placing nodes con-
nected by stronger links closer to each other. We also use Principal Component Analysis
(PCA) to identify the main dimension among the obtained spatial coordinates among all
nodes, which we align with the X-axis by rotating the initial solution. Thus, ResIN en-
ables a spatial organization of attitudes (i.e., nodes) within a 2-dimensional plane, where
the distribution of nodes along the (major) X-axis reflects their relative position along the
most relevant latent variable. As we will later show in Section 3.4.1, the X-axis happens to
align well with partisan identities, a node-level attribute that averages respondents’ partisan
identities. Carpentras et al. [189] have shown that node positioning in ResIN is practi-
cally equivalent to latent variable modeling using Item Response Theory, in that distances
between nodes represent corresponding distances in a latent space. Thanks to these unique
features, ResIN is capable of identifying asymmetries in attitudinal patterns across the latent
space of interest, as is shown in a recent application on vaccination attitudes [190].

To further assist in visualizing how node positions correlate with other covariates—such as
party identity—we can use node color to indicate the average covariate value of all respon-
dents who endorse the corresponding attitude in a given year. Here, we choose to color
nodes based on partisan leaning, which, at the individual level, is measured by a Likert scale
ranging from 1 (i.e., strong Democrat) to 7 (i.e., strong Republican) (see Appendix B.1 Party
Identification of Respondent). For instance, the color of the node guar_jobs:1 in 2020 is
determined by the average partisan leaning of all respondents who strongly believe that gov-
ernment should guarantee jobs and a good standard of living, according to their responses
in 2020 ANES.

Here, we provide a simple simulation to showcase ResIN’s ability to spatially organize nodes
in a 2-dimensional space, which is a key feature absent from classic BNA models. Figure 3.1
displays BNA and ResIN using the same synthetic data, where 1000 respondents self-report
their positions on 12 issues via 3 possible response levels (i.e., agree, neutral, disagree).
When all issues are correlated at similar levels, BNA displays a single connected component
with no clear modular structure. In contrast, ResIN can reveal that responses corresponding
to the same position are strongly connected (e.g., people who agree on one issue tend to
agree on all other issues). Furthermore, we see that the neutral position (position 2) is closer
to agree (position 1) than to disagree (position 3), which implies that people who remain
neutral on some issues are more likely to agree rather than disagree on other issues. This
simulated example shows how ResIN can reveal an asymmetric shape of a belief system that
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remains hidden in BNA.

(a) BNA (b) ResIN

position 3

Figure 3.1: Comparison between BNA and ResIN on the same synthetic dataset. While
BNA represents issues as nodes and association between issues as links, ResIN represents
issue positions (i.e., attitudes) as nodes and association between issue positions as links.

3.3.3 Multi-level constraint and polarization measures afforded by ResIN

Moving beyond revealing simple structural asymmetries within belief networks, we next
discuss how ResIN can be used to study attitude structuration and polarization dynamics
by offering quantitative, network-based polarization measures. In total, we propose five
measures which operate at different levels: (1) two system-level measures that summarize
the overall structuration and thus indicate the degree of constraint and polarization for an
entire ResIN-network, and (ii) three attitude-level measures that articulate the specific role
a given attitude plays in a (polarized) belief system.

System-level: how constrained and polarized is a given attitude space?

Based on Converse’s definition of belief system constraint, we expect a highly constrained
belief system to produce more interlocked issue positions, that is, more attitude pairs held
together via stronger links. Therefore, an intuitive network metric to assess the system-level
constraint is link density D, i.e., the proportion of manifest links among all possible links
within in a given network. Hence, let G = (V,E,W) denote a ResIN with a set of nodes V,
edges E and the corresponding edge weights W, produced by responses to a set of issues
K, each with L; possible response options. Thus, the numerator is the sum of link weights;
and the denominator, the number of all possible links, equals the number of links that can
connect nodes sourced from different issues. The link density of a given ResIN is therefore:
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Apart from computing D for the whole graph, we can also compute D for a partisan sub-
graph G’ in a single ResIN. For instance, we can compute Dg,,, for a subgraph G, consist-
ing of only Republican-leaning nodes, i.e., attitudes that are selected mainly by respondents
who lean closer to Republicans.

Next, we introduce linearization as a measure of polarization, i.e., the degree to which a net-
work gets squeezed into a dominant latent ideological dimension [e.g., 210]. In combination
with force-directed layout algorithm, node positions in ResIN are determined by a varimax
rotation that aligns the main orientation of the network with the X axis (i.e., the dominant la-
tent ideological dimension). In this way, the spatial information of each node meaningfully
indicates their position in a latent ideological space — a feature that we will demonstrate em-
pirically in Section 3.4.1. In this space, a highly polarized belief system would flatten-out,
or distribute linearly, such that knowing one’s position along a single ideological dimension
can well predict their positions on a variety of issues (we elaborate on this through simu-
lation in Section 3.3.3). We leverage ResIN’s spatial property and quantify the degree to
which attitudes towards the five issues collapse into a single, dominant dimension, which
can be visually grasped by the degree to which the nodes are being “squeezed” into a flat
shape linear line. The linearization score E equals the ratio of X coordinates spread to Y
coordinates spread for all nodes in a given ResIN network.

E— Xmax - Xmin

Yinax — Ymin

To assess the robustness of these system-level metrics, we conducted a subsampling-based
sensitivity analysis by randomly re-sampling 80% of the yearly ANES data (without replace-
ment). In each of 200 iterations, we regenerate the ResIN network, yielding a distribution
of polarization scores for each year. Here, we report the interquartile ranges (IQRs) to show
the degree of variability across subsampled results. We choose subsampling rather than
classical bootstrapping, as duplicating responses from individual respondents—necessary in
bootstrapping—may distort the network structure in ways that do not reflect realistic data
variation. Furthermore, subsampling provides a more conservative estimate of robustness
by testing how sensitive the polarization score is to partial data omissions.

Simulation of a “broken egg’’: the linearization process

Why, one may wonder, does ResIN change its shape in response to variations in belief sys-
tem polarization? And more precisely, why would an increase in polarization bring forward
a “broken-egg” process in ResIN? Remember that proximity between nodes (i.e., issue po-
sitions) in ResIN indicates a high degree of attitude co-endorsement. We answer this by

53



CEU eTD Collection

observing how ResIN changes in shape as we move from a perfectly polarized system to a
fully random one. To control the degree of polarization, we interpolate between a highly
polarized model derived from Item Response Theory (IRT) [211] and a random model that
encodes no polarization. Details of the simulation are provided in Appendix B.2.

Given the structure of IRT, issue positions with similar mean value in their item characteris-
tic curves are likely to be co-selected by the same people, and thus tend to form clusters in
ResIN. Within a structured IRT model (i.e., a polarized belief system), the item character-
istic curves are well sorted along the natural order of issue positions, such that respondents
with the same 6 value are most likely to select the same position, fairly likely to select ad-
jacent positions, but less likely to select more distant positions. For instance, consider three
positions (i.e., support, neutral, and against) towards gun control. A structured IRT would
predict left-leaning respondents to most likely to choose “support”, moderately likely to
choose “neutral”, and least likely to choose the “against” option. The inverse would be true
for right-leaning respondents. Meanwhile, centrist respondents would most likely be neutral
towards gun control, and less likely to support or be against gun control. A belief system
with multiple issues resembling this very item response structure would naturally lead to
a ResIN solution in which the neutral positions are connected to the support and against
positions, yet the support and against positions are only weakly connected. A force-directed
layout balancing the attractive and repulsive patterns would thus result in a linearized, left-
right attitude structure indicative of a highly polarized system.

To sum up, the present simulations help us understand how and why the shape of ResIN-
networks is indicative of belief polarization along a latent ideological dimension. A weakly
polarized belief systems produces an unstructured cloud-like ResIN, while a strongly polar-
ized belief system produces a linear-shape ResIN that map issue positions closely along a
single dimension.

Attitude-level: how (de-)polarizing are certain attitudes?

Next we analyze ResIN at the node level. Our main aim here is to reveal heterogeneity in
the structural function of different attitude nodes within ResINs. More particular, we are
interested in identifying (a) ideological centroids, i.e., nodes at the center of divided ideo-
logical communities and (b) attitudinal bridge(s), i.e., nodes that could help bridge distinct
ideological camps.

To accomplish the former, we focus on the node strength centrality as a measure of local
importance. Previous research relying on classic BNA models claims that nodes higher in
strength are more central to people’s belief systems [128, 181, 182]. Leveraging ResIN, we
can extend this approach to within-cluster analysis, investigating which issues are relatively
more important to Democrats rather than Republicans. Purportedly, these issue positions
should also be the most polarizing to the opposite ideological camp.
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(a) without bridge (b) with bridges

Figure 3.2: Illustration of a toy ResIN model with two issues (a) and three issues (b). Each
issue has three positions. The left panel (a) demonstrates the scenario where the population
perfectly sorted along issue A and B, and there is no bridge connecting mismatched positions
such as Aj and Bs. The right panel (b) shows a scenario where some positions along issue C
serve as bridges connecting previously isolated attitudes; similarly positions along A and B
can also serve as bridges for B-C and A-C. The green color highlight those bridge attitudes.

Now, we turn towards attitudinal bridges. To illustrate how we find issue positions with
the most de-polarizing potential, let us consider a scenario featuring two completely sorted
issues (i.e., A, B; Figure 3.2-a), where knowing one’s position on issue A can give full infor-
mation on their position on issue B (e.g., people who choose position 1 for A, i.e., Aj, would
definitely choose position 1 for B, i.e., B1). Here, two respondents either agree completely
on both issues or share no common position at all. However, if a comparable number of re-
spondents who select A; and By, and those who select A3 and B3, can agree on another issue
C (e.g., if they have all selected C3), it would be possible to bridge the debate through find-
ing a common ground on C. In this case, response C3 would thus function as an attitudinal
bridge. In Figure 3.2-b, we highlight six such attitude bridges through which respondents
can establish partial agreement on one issue while disagreeing on the other(s). Using ResIN,
we can measure such bridging power by computing the node-level betweenness centrality, a
measure counting how many times a node lies on the shortest path between any pair of nodes
#[212]. Nodes that are frequently on the shortest paths connecting two or more ideological
communities are more likely to serve as the common ground, thus likely showing the highest

“Because ResIN assign link weights based on attitude associations, attitudes with a greater association
are thus connected with stronger links and pulled closer, which means node distances would decrease as link
weights increase. Hence, we use the inverse of link weight to attribute edges in the calculation of shortest path
length.
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de-polarization potential in cross-community engagement. Alternatively, we also compute
closeness centrality, which is the weighted inverse of the total shortest-path distance from
a node to every other reachable node and hence represents a quantitative measure of global
connectedness of a given attitude. Conceptually, a high betweenness and closeness central-
ity should be jointly indicative of node-level bridging power in a belief system.

3.4 Results and discussion

In this section, we first present BNA and ResIN belief networks for the ANES 2000-2020
before discussing the insights we can glean from each. We show that ResIN represents spa-
tial node positions that reflect meaningful ideological differences. BNA solutions, however,
do not offer a comparable method of spatial node positioning. Second, we use system-level
constraint and polarization measures (i.e., link density and linearization) to summarize the
overall trend of polarization over time. Third, our analysis of the ANES 2020 data fo-
cuses on more details of our attitude-level metrics, allowing us to discuss the varying roles
of particular response nodes in constraining different partisan groups while contributing to
system-level (de-)polarization within belief networks.

3.4.1 Meaningful spatial organization of Democratic/Republican Crowd

We start with ResIN’s capability to visualize the spatial clustering of co-endorsed issue
positions. Figures 3.3 and 3.4 display the BNA and ResIN snapshots of political belief
system modeled based on the same six waves of ANES data from 2000 to 2020.

BNA captures belief constraint through bivariate correlations among the issue-level re-
sponses. The top pane of 3.3 thus illustrates the overall trend of increasing constraint among
the five issues while showing how abortion has evolved from a weakly constrained issue
at the periphery of the system, into a well integrated component. In Figure 3.3, we also
correlate issue responses with the average partisan leaning and color nodes based on the
correlation strength. While BNA-based visualizations could reveal how issue positions are
increasingly sorted with partisan leanings over the past two decades, they are unable to cap-
ture the increasingly spatial polarization of the attitude space. Because different positions
towards a certain issue are collapsed to a single node, BNA is not designed to map beliefs
based on their relative positions in an intuitive and theoretically meaningful latent space.

In contrast, ResIN paints a richer and more granular picture of the polarization process.
Overall, the evolution of the belief system resembles the breaking of an egg: starting from
a very diffuse attitude “blob” in 2000, with mixed endorsements from Republicans and
Democrats on many issue positions, the belief system gradually develops a more modular
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Traditional BNA snapshots for ANES (2000-2020)
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Figure 3.3: Traditional BNA snapshots of ANES data from 2000 to 2020, every four years
in the presidential election cycle. Each node represents a single issue (e.g., spend_serv
represents the issue regarding increase or decrease government’s service spending). The
edge width is a function of weights, indicating the absolute correlation strength between two
corresponding issues. The node color is a function of the absolute correlation between the
average partisan leaning and positions toward the given issue. Node positions are determined
using the force-directed layout algorithm to ensure a fair comparison between BNA and
ResIN.

structure with a clear division between Republican and Democratic attitudes, a trend that has
become more pronounced since the 2008-2012 interval. Such crystallization of Democratic
and Republican belief clusters may be linked with the rise of a “galvanizing and divisive
figure” [213] marked by the historic win of Barack Obama and intensified partisan iden-
tities during his administration [214]. Meanwhile, the overall shape of the attitude space
becomes gradually more linear as different attitudes towards policy issues increasingly ex-
perience alignment with the dominant Republican-Democratic divide. This development
largely resembles the simulation results from the least to the most polarized attitude systems
discussed in Section 3.3.3.

Moreover, the X coordinate of each node in each ResIN snapshot corresponds reasonably
well with the average partisan leaning (see Figure 3.5). This suggests that the X coordinate
can be interpreted as a latent variable (as shown in [189]) which in our this corresponds to
the latent ideological position of each attitude. We would like to stress that ResIN is able to
organically reconstructs the main ideological divide without any prior knowledge about the
ideological implications of issue positions in the U.S.
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ResIN snapshots for ANES (2000-2020)
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Figure 3.4: ResIN snapshots of ANES data from 2000 to 2020, every four years in the pres-
idential election cycle. Each node represents a specific attitude toward a given issue (e.g.,
abort:1.0 represents the attitude “abortion should never be permitted” and abort:4.0 rep-
resents “abortion should never be forbidden™); the link strength between two nodes reveals
the extent to which those who choose or did not select these two attitudes overlap. Node
color indicates the 7 point scale partisan leaning averaged at the node level; 7 (1) means the
attitude is selected only by strong Republicans (strong Democrats). Node positions are de-
termined by the force-directed algorithm that pulls strongly linked nodes closer and a final
rotation that aligns the main dimension of the network with X-axis.

In sum, ResIN not only retains the BNA feature of displaying belief constraint, but also
captures how the increase in ideological polarization occurs together with the enhance in
alignment of issue positions with partisan identities. By moving the analysis to the attitude
level, ResIN provides a more detailed picture of evolving belief constraint, polarization,
and partisan sorting than issue-level BNA models, while uncovering spatially meaningful
organization along latent political ideology.

3.4.2 System-level analysis: ideologically distant, and sorted partisans

We now turn to the quantitative results of system-level constraint and polarization. Using
two metrics—link density and linearization—we discuss the overall belief structuration trends
among U.S. political beliefs between 2000 and 2020 in this section.

Figure 3.6 shows the results of link density, both for the entire network (left) and for Repub-
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Figure 3.6: System-level polarization measure: link density over years for the entire network
(left) and for partisan subgraphs (right). The errorbars show the interquartile ranges (IQRs)
of metrics produced by 200 rounds of re-sampling, each taking 80% of the survey responses.

lican and Democratic subgraphs® (right). We note that constraint has been steadily rising

> As mentioned in Section 3.3.3, the Republican (Democratic) subgraph refers to a subset of ResIN con-
sisting of nodes representing attitudes endorsed primarily by respondents who lean towards Republicans
(Democrats).
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Network-level Polarization: Linearization
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Figure 3.7: System-level polarization measure: linearization over years for the entire net-
work. The errorbars show the interquartile ranges (IQRs) of metrics produced by 200 rounds
of re-sampling, each taking 80% of the survey responses.

over the past two decades, as the link density has increased by 51.1% from 0.032 to 0.049.
Following a period of relatively mild increases from 2004 to 2016, the public saw its most
rapid episode of rising constraint between 2016 and 2020, during the first presidency of
Donald Trump. This trend, however, did not unfold symmetrically across partisan groups.
As shown in the right subfigure, the Democratic and Republican subgraphs have undergone
quite distinct trajectories. Compared to its Republican counterpart, the Democratic sub-
graph generally showed a lower link density, with the exception of 2020. From 2000 to
2020, the Democratic side reached its first local peak in 2004, bounced back to a low level
in 2008 and has been consistently growing since then. Subgraph density among Republi-
cans peaked out early on in 2008, with the density level continuously declining from 2008
to 2020. These differences in belief constraint reflect a partisan asymmetry: the higher link
density of the Republican cluster may reflect a focus on “doctrinal purity” and ideological
coherence [215], whereas the Democratic cluster initially exhibits more heterogeneous be-
liefs encompassing interests of different social groups. Convergence on certain social issues
among liberal-leaning respondents may explain the observed growth in link density post-
2008 [216]. These observations highlight an asymmetry in partisan belief structures, which
warrants further investigation.

In terms of linearization, the result delivers a fairly similar message: while the overall be-
lief system has become more polarized from 2000 to 2020, the most dramatic shift occurs
between 2016 and 2020 (see Figure 3.7). Beyond attitudes simply forming stronger inter-
locking structures (which results in a higher link density), our analysis shows that the system
is also becoming increasingly well-sorted along a dominant ideological axis. The rising de-
gree of polarization is not driven by some random new ties between attitudes, but by a more
systematic sorting that arranges issue positions along the ideological dimension into a con-
sistent, liberal-conservative orientation. This finding is aligned with broader intensifying
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Figure 3.8: Node centrality statistics in BNA and ResIN using the same ANES 2020 data.
Color intensity denotes more central nodes. Based on strength and closeness centrality, the
most central nodes in the BNA model are government health insurance (0.138), guaranteed
jobs (0.137), aid to African Americans (0.132), government service-spending (0.131), fol-
lowed by legal access to abortion (0.11). Note that strength and closeness centrality are
equivalent in BNA (but not in ResIN) as all closest network paths are direct paths.

trends in other aspects of polarization during the 2016-2020 Trump era, which, was indeed
marked by heightened affective polarization [217, 218], the consolidation of partisan iden-
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tities [219], and the alignment of attitudes across economic, cultural, and racial issues into
a more unified liberal-conservative structure [220].

3.4.3 Attitude-level analysis: centroids and bridges in a polarized be-
lief system

Delving deeper into the micro-structure of attitude networks, ResIN further enables inves-
tigations at the node-level, including details on how much a given attitude is contributing
to aggregate polarization dynamics. Mirroring existing work using BNA literature, ResIN
can uncover that different political beliefs perform different roles in structuring mass a be-
lief system. A classic yet still prominent argument, for instance, holds that some beliefs
are more central and thus exert a greater structural influence over others [16]. A number
of recent works have successfully leveraged node-level centrality metrics, such as strength,
betweenness, and closeness, to test claims the relative importance of individual nodes to the
structural cohesion of belief systems at large [128, 181, 182].

While insightful, strength, betweenness, and closeness arguably capture a very similar phe-
nomenon, that might be labeled general attitude centrality in classic BNA models (see
[181]). However, these quantities allow us to discriminate fundamentally different struc-
tural roles in ResIN. As opposed to its corresponding interpretation in BNA, high strength
centrality denotes local importance to a particular belief sub-cluster. A comparison of node
strength centrality in ResIN can therefore be indicative of the relative importance of differ-
ent attitudes to different partisan-ideological communities. As seen in the second panel of
Figure 3.8, defending abortion rights is a much more central attitude to Democrats while the
most central issues for Republicans deal with government sponsored healthcare and federal
job guarantees. These results cannot easily be obtained using classic BNA (see the top panel
in Figure 3.8), which would simply locate the guaranteed jobs issue as the most central over-
all, remaining oblivious to the possibility that different attitudes can be more or less central
to different ideological communities.

One peculiar feature inherent in BNA is that strength and closeness centrality are equivalent
for networks in which all shortest network paths are direct paths. In this case, betweenness-
centrality remains constant at zero across all nodes. Figure 3.8 shows that this is indeed the
case if we apply BNA to the ANES 2020 case. In ResIN, however, closeness and between-
ness centrality not only indicate different belief system functions, but they are also largely
decoupled from metric equivalencies with strength centrality.

Gleaning at the third panel in Figure 3.8, we note that nodes with high betweenness and
closeness centrality tend to lie in between the Democrats and Republican clusters. These
attitudes are typically moderate in nature and tend to be more frequently endorsed by Inde-
pendents. According to our model in the bottom panel of Figure 3.8, if one would like to
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find the most likely issue position providing common ground between Democrats and Re-
publicans, the best bet would be to establish conversations about the general state of public
services and about government healthcare. In contrast, one should avoid issues concerning
abortion and race.

Then, how stable are the above referenced node-level metrics across time? Do Democrats
and Republicans consistently prioritize different issues or was there once more common
ground between them? Figure 3.9 summarizes the relative strength centrality estimates
within the Democratic and Republican clusters over the past 20 years, highlighting the
top, runner-up and bottom two attitude nodes within each cluster. Again, we assign each
response node to either partisan camp based on whether more Democrats or more Repub-
licans, on average, endorsed the given item response6. Focusing on relative within-cluster
strength centrality statistics, we notice that while both partisan groups consistently possess
attitudes about government health insurance and job guarantees at the center of their attitude
clusters over the past 20 years, there were also marked and evolving variations throughout
this process. Whereas abortion attitudes featured among the least important to early 2000’s
Democrats, their importance in structuring the remainder of their attitude cluster has steadily
risen, until becoming the most central attitude in 2020 (that is, by substantial margins). Dur-
ing the same period, aid to African Americans almost entirely lost its once central position
within the liberal attitude cluster. Among the Republican community, meanwhile, abortion
attitudes never played a pivotal role as an ideological anchor in any of the measured years.

In Figure 3.10, we map the evolution of node closeness and betweenness centrality across
time. To avoid visual crowding, we only label top three nodes based on their centrality
statistics in each ANES wave. While both quantities generally point to similar nodes as
providers of attitudinal bridges between partisan communities within each year, we notice
a general trend in falling closeness but growing betweenness centrality estimates as time
progresses. This trend appears to be bourne out of the attitude polarization process cap-
tured in the ResIN networks depicted in Figure 3.4: as cross-partisan edges disappear and
the system linearizes, fewer and fewer attitudes provide effective communicative bridges
between partisan camps. This makes the few remaining linking nodes ever more vital, as
signified by growing absolute betweeneess centrality statistics of nodes, particularly in the
upper right corner in Figure 3.10’s lower pane. These nodes, which generally represent is-
sue positions mildly in favor of greater re-distribution and government intervention in the
economy, appear most likely to equally appeal to both partisan camps.

%Note that ResIN offers other clustering options as well; see Warncke et al. [221].
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ResIN node strength centrality within each partisan community by year
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Figure 3.9: ResIN node strength centrality statistics within each partisan sub-cluster and
presidential election year. For clarity, we only labeled the top, runner-up, and bottom two
attitude nodes within each cluster. Clusters memberships were assigned based on whether
more Democrats or more Republicans endorsed a particular issue position in a given year.
Source: ANES cumulative file.

3.5 Limitations and future research

While our study adds valuable insights to the field of BNA and belief system structuration,
it has important limitations. First, both the structure of ResIN and the derived polarization
measures depend on the selection of issue items. In this study, we carefully select politi-
cal issues that we assume to be salient and relevant to the U.S. political context; however,
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ResIN node betweenness and closness centrality statistics 2000-2020
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Figure 3.10: ResIN node closeness and betweenness centrality statistics for each presidential
election year. Only labeled the top three nodes based are labeled based on each centrality
statistic. Source: ANES cumulative file.

our choices are limited by data availability. Because the network structure largely depends
on how selected issues and their corresponding attitude items are interconnected, including
or excluding particular issues can substantially alter the observed ResIN shape and, con-
sequently, the pattern of polarization. For instance, omitting a key bridging issue during
2008-2012 (a period when ResIN begins to exhibit clear belief modularity) would accel-
erate the network’s collapse, potentially resulting in a flattened network structure by 2012.
Conversely, including more cross-cutting issues, such as government spending on education,
crime control, or social welfare, would slow down this collapsing process. Future research
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could explore richer datasets with more diverse issues and evaluate the generalizability of
ResIN under different issue selections.

Second, since the ResIN-based polarization measures we propose are novel, there is much
left to explore beyond our current analyses. This includes testing their unique predictive
power for different forms of attitude structuration processes—such as belief constraint and
polarization—as well as assessing their performance on other datasets or through simula-
tions. We hope our findings will encourage researchers to further investigate these proposed
measures in the future.

Third, although we have demonstrated that ResIN provides novel insights into polarization
in the U.S., our model still needs to be tested and validated in comparative contexts. While
other work has applied ResIN across European countries using European Social Survey
(ESS) and showcased the varying structural properties of European belief systems [13, 222],
the current analysis on the case study on ANES may not be directly applicable in scenarios
where the belief system remain largely unstructured. Moreover, the two-dimensional space
used in our visualizations may be sufficient to describe the structure of belief networks in
a two-party system, but it may oversimplify the ideological space in other contexts where
belief networks might follow a higher-dimensional structure. Although ResIN is capable of
capturing multidimensional belief networks, it may lose detail when being projected onto
a low-dimensional latent space. Therefore, the extent to which ResIN can offer similar
insights in cases where belief networks are higher-dimensional remains uncertain and should
be explored through further research applying ResIN to other datasets and contexts.
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Chapter 4

Biases in online polarization
measurements: what visible engagement
fails to capture in online political
communication

Through analysis of political attitudes in belief systems, we observe how political polariza-
tion unfolds in collective mental states with increasing alignment across multiple ideological
dimensions. Yet, political polarization also manifests in segregated behavioral patterns on-
line, which, with the rise of digitization and especially social media, has been a growing
area of research attracting interdisciplinary researchers.

Building on the summary in Section 1.3.2, this chapter zooms into polarization measure-
ments via the behavioral perspective, addressing the limitations and biases in existing mea-
surement outcomes introduced by the incomplete data points collected through public APIs.
Specifically, this chapter categorizes various forms of political engagement (e.g., viewing
or commenting under political videos, subscribing to political channels) into the “visible”
and “invisible” categories, depending on whether a given form of engagement has been well
documented in the platform APIs and thus more publicly available and retrievable to re-
searchers. Given that measurements of political polarization online have so far been largely
focused on visible engagement while neglecting invisible engagement, this chapter aims
to investigate the measurement bias that arises from such a restricted lens, highlighting the
benefits of exploring novel data collection approaches to access richer and multidimensional
data.
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4.1 Introduction

Political polarization, the phenomenon of individuals diverging into distinct ideological
camps, or becoming antagonistic towards out-group members, has become a critical global
concern [9]. The measurement of this phenomenon, which traditionally relies on survey re-
sponses, now increasingly incorporates online behavioral data from social media platforms,
re-conceptualized in ways such as the extent to which users opt into ideologically congruent
content that align with their preexisting beliefs (i.e., selective exposure) [82], and how the
overall user activities are segregated along the ideological line [223]. While online datasets
enable researchers to observe facets of polarization absent in self-reported data, it is essen-
tial to critically examine the observational perspective these datasets afford. When using
social media datasets to measure polarization, most researchers focus solely on activities
that leave visible traces and are accessible by platform application programming interfaces
(APIs), i.e., visible engagement, while neglecting activities that are harder to retrieve and
remain hidden, i.e., invisible engagement [224, 225]. However, can the analysis of visible
traces alone provide a valid measurement of political polarization?

We address this question through a case study of political communication on YouTube, fo-
cusing on Hungary, one of the most severely polarized countries in Europe [226] that has
so far received disproportionately little attention from researchers [11]. From a sample of
Hungarian Internet users (N = 758), we compile an individually-linked dataset of survey
responses and digital traces. Our analysis centers on three forms of political engagement
on YouTube: viewing, subscribing, and commenting, examining potential biases introduced
when only visible engagement (i.e., commenting) is analyzed while invisible engagement
(i.e., viewing and subscribing) is overlooked. For each form of engagement, we identify the
corresponding user group—viewers, subscribers, and commenters—who interact with Hun-
garian political content. Depending on how data is aggregated and what analysis unit is
used, measurement bias can result in incomplete or deviated descriptions at different levels.
Here, our study elaborates on two analytical levels: the user and the channel level, which
represent the platform’s demand and supply sides. This focus aligns with most prior re-
search that analyzes either a specific user group [e.g., 227, 131] or a set of channels [e.g.,
228, 229]. More specifically, we define user- and channel-level biases as follows:

 User-level bias refers to disparities in measurement outcomes across user groups that
engage in different forms or at different levels.

— We examine how users’ political attributes (e.g., ideological leaning) correlate
with their form and level of engagement. For example, if right-leaning users are
more likely to comment, studies based solely on comment data may misrepresent
the distribution of public opinion.

— We also assess how the ideological distribution of consumed content varies by
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engagement type. For example, if users comment primarily on ideologically
aligned videos but view a more ideologically diverse set, reliance on comment
data alone would yield a skewed picture of selective exposure.

* Channel-level bias refers to disparities in measurement outcomes across audience
landscapes built on user groups that engage in different forms.

— We explore how patterns of audience overlap between channels vary depending
on the observed form of engagement. For example, if left- and right-leaning
channels attract distinct commenters but share many viewers, comment-based
analyses would overstate the degree of polarization.

By examining the measurement differences between visible and invisible digital traces, this
chapter centers on the bias stemming from trace selection error, while interpreting results
within a broader framework of digital data collection error [224]. To clarify, we do not sys-
tematically examine other biases that may arise during the data collection phase (e.g., sam-
pling bias), although in our later discussion of API-based and user-centric data collection
these biases may become relevant. Our work contributes to the studies of online political
communication as follows. Firstly, we reveal the relationship between political attributes
and forms of online political engagement, helping researchers to reflect on their observed
ideological space given the engagement form included in the analysis. Secondly, we connect
the discussion of political engagement forms with reflections on the measurement processes
that presume the selection of certain forms of engagement. By evaluating how excluding
invisible engagement may impact downstream observations, we highlight the importance of
articulating the scope of observations (e.g., only users who comment) when measuring po-
larization based on a limited dataset (e.g., only including the comments). Third, our analysis
of a combined dataset showcases how obtaining richer and multidimensional user data can
capture variations in ideologies and behaviors across different lenses of observation.

While our case study on Hungarian YouTube usage is unique, we caution readers about
its generalizability, and hope to encourage explorations of more responsible approaches
for collecting comprehensive datasets as well as analyses across different platforms and
countries.

4.2 Biases from selecting digital traces of online political
engagement

Regarding ways of online political engagement, existing works have distinguished cate-
gories such as passive and active political Internet use, and discussed ways in which they
correlate with offline political engagement of various types [e.g., 230, 231, 232]. Yet, few
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have examined whether different categories of engagement lead to varying outcomes of
polarization, ambiguating the ongoing debate about the relationship between social media
usage and polarization [233]. Among the few that have considered this perspective, work
by Matthes et al. theorizes about how active and passive social media use can shape af-
fective polarization differently, and demonstrates that affective polarization is linked with
active, but not passive political engagement [233]. Furthermore, when assessing online
polarization through the lens of selective exposure—defined as a tendency for users to selec-
tively consume ideologically congruent content [34], researchers have drawn on behavioral
traces of passive consumption (e.g., browsing [234]) and active consumption (e.g., liking
and commenting [235]), but not yet jointly consider how different categories of engagement
may encode varying implications for selective exposure.

In this chapter, we connect the categorization of active/passive consumption with visible/in-
visible engagement, not only because they are practically overlapping (e.g., passive engage-
ment such as viewing is usually invisible to researchers and to other users), but also because
the visible/invisible framework helps articulate how limitations of data sources could impact
findings derived from observational analysis. Given the scarce discussion on how various
categories of engagement are accessible through platforms’ APIs, it remains unclear how
the visible and invisible engagement data would capture different polarization patterns. We
now address these open tasks by leveraging a combined dataset of survey and digital traces
on YouTube, focusing three forms of engagement with varying visibility (i.e., viewing, sub-
scribing, commenting).

As one of the most popular video-sharing platforms, YouTube has been instrumental in fa-
cilitating online political communication through disseminating political content generated
by politicians, news organizations, and grassroots content producers [236]. Studies collect-
ing data from YouTube, mostly relying on its public API, have used three types of seeds—
channels, videos and users—as the starting point for data queries. Many studies begin with
retrieving relevant content, such as channels or videos grouped under a certain theme. Some
borrow a pre-defined list of channels or videos [e.g., 236, 228, 227], while others expand
these lists through snowballing [237, 238, 239]. A few also collect YouTube links sourced
from external sites [131, 240]. For works starting with users or utilizing user endpoints to
expand samples, obtaining a random user sample appears impractical, and snowball sam-
pling has been applied in this case as well [229, 241]. Very few have explored alternative
pathways such as user-centric data collections [242]. One study that explores this path-
way collects web-browsing data from a representative sample in the US to extract YouTube
URLs viewed by the participants [243].

Compared to Facebook or Twitter/X studies where users are usually the elementary units
of collection and analysis, YouTube studies are more content-centered and content-driven.
Investigations of the information landscape on YouTube typically begin by identifying the
relevant content and, if needed, proceed to collect data on users who have engaged with it.
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As pointed out by Heft et al., content-centered approaches rely heavily on the dictionaries
used to query for relevant content [244], which may introduce sampling bias if certain users
deliberately avoid using dictionary terms [245].

Because most of the aforementioned studies collect data via the YouTube API, the type of
data accessible to researchers is almost always determined by what is available in the API
scheme. Researchers have access to channel-level metadata (e.g., title, category, counts
of views and likes) and video-level metadata (e.g., title, description, upload time), but not
detailed subscriber or viewer lists for these contents. For videos, researchers can further
retrieve user comments; and for users, researchers can retrieve their subscription lists only
if the user has made them public [241]. Thus, among all forms of user engagement, com-
menting has a more accessible—in our case, more visible—source of data than viewing and
subscribing, making it a more common basis for measuring polarization. For instance, work
by Bessi et al. quantifies polarization as the proportion of comments a user leaves on con-
tent supporting one ideological side [131]. This underscores the importance of assessing
whether, and how, a reliance on commenting-based engagement data introduces measure-
ment bias in polarization research on YouTube.

4.3 Data and Methods

In this section, we present our pipeline for data collection and analysis. We start with broadly
introducing the user-centric approaches for data collections in Section 4.3.1, followed by
our data donation procedure in Section 4.3.2, where we outline the sampling strategies and
describe the datasets we obtained. We then detail how we identify and label political content
in Section 4.3.3, and explain how we filter respondents during preprocessing and define
respondent groups engaging via different forms in Section 4.3.4. Finally, we describe our
analytical steps to address user-level and channel-level biases in Section 4.3.5 and 4.3.6,
respectively.

4.3.1 User-centric approaches of data collection

Among the various ways to access online political engagement data, retrieving data through
platform APIs was the most common method in the 2010s. However, novel methods are
needed as many popular platforms (e.g., Facebook, Twitter/X) increase their API restric-
tions [246, 247]. One promising alternative in recent years is user-centric approaches [247],
where participants are invited to voluntarily share access to their digital traces. There are
two main user-centric approaches [242]. The first involves implementing tools that moni-
tor participants’ online presence, such as software that tracks browsing history or records
content encountered on social media platforms [248]. The second is data donation, which
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utilizes Data Download Packages (DDPs) that users can manually download from platforms
[249]. Due to the General Data Protection Regulation (GDPR) law, technology giants such
as Google, Meta, and Netflix are required to allow users to access and download their per-
sonal data stored on the platform. Through data donation, researchers invite participants to
voluntarily donate their DDPs to legally and ethically retrieve their digital traces.

Compared to API-based access, the data donation approach is not bound by the restrictions
of data availability from APIs, and provides richer—though not always complete—views of
users’ online activities. However, due to the complexity of the data donation procedure (e.g.,
recruiting participants, designing instructions and filtering out ineligible donations), sample
sizes in these studies tend to be much smaller than those in API-based research. Addi-
tionally, ensuring sample representativeness can be challenging and is not easily addressed
through survey design alone [250]. One goal of our study is thus to showcase how to work
through these challenges and obtain valuable insights from such datasets.

4.3.2 Collecting data through data donation

Now we detail our data collection procedure and the datasets we obtained from participants.
Our data collection was conducted from February to June 2023'. After quality checks,
we were able to obtain a combined dataset of survey responses and DDPs from a non-
probability sample of Hungarian Internet users (N = 758). Participants who consented to
donate were asked to upload their DDPs from YouTube, and complete a survey questionnaire
with demographic and political ideology questions. Details of recruitment and collection are
provided in Appendix C.6.

The population of interest is defined as Hungarian Internet users aged 16 and older who use
the Internet for communication via chat or email. To mitigate potential sampling biases, we
applied individual weights to align the sample more closely with population distributions
based on socio-demographic factors. These weights were generated using iterative propor-
tional fitting [251] to adjust for discrepancies. The weighting factors include gender, age,
education level, type of settlement, and geographical region. Additional analysis indicates
that the data donation process does not introduce non-response biases in terms of respon-
dents’ political interests or ideological leanings (see Appendix C.6 for details).

Through data donation, we obtain two sets of data from each participant: survey responses
and digital traces on YouTube. In the survey, participants self-report their basic demograph-
ics (e.g., gender, age, education) and various political attributes (e.g., interest in politics,
ideological positions). These data points are later used in user-level analyss, as we discuss
later in Section 4.3.5 and 4.3.5.

I'The data collection project has been approved by the HUN-REN Centre for Social Science Ethical Board
(1-FOIG/130-37/2022).
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For digital traces, we consider both visible (i.e., accessible via YouTube API, commenting)
and invisible (i.e., inaccessible via YouTube API, viewing and subscribing) engagement that
are included in the DDPs. Given the significant shifts in Hungarian’s media environment
under Orban’s evolving media policies [252], we restrict our analysis to user activities from
the most recent five years of our dataset—May 2018 to May 2023.

4.3.3 Identifying (Hungarian) political content and assigning ideologi-
cal labels

Given our focus on political engagement, we limit our analysis to political content within the
donated dataset. To efficiently identify such content, we retrieved metadata via the YouTube
API for all channels and videos that the respondents have engaged with. We first retrieved
profile metadata for all 787,945 channels that appear in respondents’ viewing, subscribing,
or commenting activities. This metadata contains aggregated statistics (e.g., viewer and
subscriber count) and YouTube-assigned topic tags. We classified channels as political if
they included “politics” among their topic categories—approximately 1% of all channels).
At the video level, we also collected API metadata for over 2.4 million videos viewed or
commented by respondents, again using the presence of the “politics” tag to identify political
videos.

After narrowing down to political channels and videos, we further focus on one specific
context—Hungarian politics—that delivers consistent ideological implications. We manually
labeled a set of political channels and channels containing political videos (i) to distinguish
domestic (Hungarian) channels from international ones, and (ii) to assign political leaning
labels for domestic channels along the anti-/pro-government spectrum, which is the most
pronounced cleavage in today’s Hungarian media system2 [253]. The detailed labeling pro-
cess is described in Appendix C.7. Among the 11,065 channels with political videos or
tagged as “politics”, we identified 626 Hungarian political channels, of which 139 were
classified as pro-government, 276 as anti-government and 149 as neutral.

2Although YouTube is non-traditional media, the most popular sites offering political content are either
linked to politicians or to media outlets who have “traditional” non-social media platforms (e.g. online news
sites, TV channels).
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Filter level (group abbreviation) Size

All respondents who participate in data donation (ALL) 758
Respondents who have some level of YouTube activity 735
(YTB)

Respondents who have engaged with political channel(s) or 700
video(s) (POL)

Respondents who have engaged with Hungarian political 668
channel(s) (POL-HU)

Table 4.1: Groups of respondent obtained in each filtering step.

Respondent group Viewing Subscribing Commenting
# of unique respondents 640 299 72

# of unique channels 545 210 108

# of unique videos 57400 - 993

Table 4.2: Number of unique respondents, channels and videos for three forms of engage-
ment (i.e., viewing, subscribing, and commenting) with Hungarian political channels.

4.3.4 Filtering and extracting groups of respondents

Through the preprocessing above, our respondent sample has been incrementally narrowed:
from the initial sample of 758 respondents, to the subgroup of 735 with some level of
YouTube activities, to the smaller subgroup of 700 who have engaged with any political
channels or videos via viewing, subscribing, or commenting, and finally to our focal group
of 668 who have engaged with at least one Hungarian political channel via one of these
engagement forms. We include all these groups in comparisons as a preliminary check, so
that the biases introduced by selecting different engagement forms are not conflated with
those caused by excluding non-active and non-political YouTube respondents. We report
the group size for each stage in Table 4.1.

Within the focal group of 668 respondents, we identify three respondent groups—viewers,
subscribers, and commenters—based on whether one has engaged with at least one of the
Hungarian political channels through viewing, subscribing, or commenting respectively. We
report the group size, and the number of unique channels and videos for each group in Table
4.2.
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4.3.5 Addressing the user-level bias

We start our analysis with investigating user-level bias—the disparity in measurement out-
comes across respondent groups engaging via different forms. First, we outline how we
measure bias in self-reported ideologies across respondent groups (Section 4.3.5). We then
describe how we identify factors associated with levels of engagement, which may be biased
if only highly engaged users are included in the analysis (Section 4.3.5). Lastly, we illus-
trate how we compare the selective exposure pattern across different forms of engagement
(Section 4.3.5).

Analyzing bias in self-reported ideologies across different forms of engagement

First, we capture the bias in polarization measurement based on the self-reported ideologi-
cal leanings from the survey. Focusing on respondents’ anti-/pro-government position (see
detailed description in Section 4.3.5), we compare the polarization degree using two long-
standing polarization metrics: variance and kurtosis [77]. Significant variations in these
metrics across respondent groups indicate that studies focusing only on visible groups (e.g.,
commenters) risk measurement bias and should avoid generalizations about YouTube users.
Further details of statistical tests used for the comparison are provided in Appendix C.1.

Analyzing bias in political attributes across varying levels of engagement

Besides comparing respondents who engage or do not engage in a certain form, we also
examine the variation across different levels of engagement. To assess bias in political at-
tributes, we compare these attributes across engagement levels using Negative Binomial
Regression3 to account for over-dispersion in the data. For each form of engagement, we
construct a model comprising respondents who have engaged via this form with any content
on YouTube* (i.e., from the respondent group YTB in Table 4.1) during the five-year pe-
riod. The dependent variable (DV) is the level of engagement, quantified by the number of
recorded activities (e.g., the number of videos viewed, the number of channels subscribed)
for the corresponding engagement form with Hungarian political content (see Table 4.3).
For respondents who have engaged with some YouTube content but not Hungarian political
content, their DVs would be zero.

3We tested four different models: Poisson, Negative Binomial, and the zero-inflated version of these mod-
els. Based on fit statistics, the negative binomial model was the best to use in this study.
“*For a robustness check we tested different sample compositions, see Section 4.4.1 and Appendix C.4.
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Model DV Size
view number of Hungarian political videos viewed by a respondent 690
subscribe number of Hungarian political channels subscribed by a respondent 680
comment number of Hungarian political videos commented by a respondent 314

Table 4.3: Dependent variables and sample sizes (i.e., number of respondents who have
engaged in a certain form) for Negative Binomial models for each engagement form.

v Encoding

gender binary (1: male, 2: female)

age continuous (divided by 10)

education 3-level (1: low, 3: high)

timespan continuous (percentage of active months on YouTube; range from
Oto1)

interest in politics  5-level (1: not interested, 5: very interested)

pro-gov binary (1: belong to the pro-gov group, 0: does not belong)

anti-gov binary (1: belong to the anti-gov group, 0: does not belong)

neutral* binary (1: belong to the neutral group and NA, 0: does not belong)

left binary (1: belong to the left-leaning group, O: does not belong)

right binary (1: belong to the right-leaning group, 0: does not belong)

center* binary (1: belong to the center group and NA, 0: does not belong)

Table 4.4: Independent variables (IVs) for Negative Binomial Models. The star sign (*)
marks the reference variables.

For independent variables (IVs), we control for basic demographics (i.e., gender, age, and
education) and timespan. Timespan quantifies the amount of time a respondent is potentially
active on YouTube in the five-year period, ranging from O (not active at all) and 1 (active all
the time). We compute this by calculating the number of overlapping months between the
respondent’s activity interval (from the earliest to the latest activity of a respondent) and the
five-year interval, and normalizing it by the maximum length (i.e., 60 months).

The main focus of this analysis is to explore how political attribute varies across different
engagement levels. To address this, we include the following political variables as IVs.
Political interest is measured on a five-point scale (1 = not interested, 5 = very interested).
Ideological variables are constructed using respondents’ anti-/pro-government and left/right
positions. The anti-/pro-government position is measured on a 0-10 attitude scale toward
Fidesz, the incumbent party in Hungary (0 = strongly dislike, 10 = strongly like)>. As we

3In the sample, 46% of the respondents lean towards anti-government, while only 15% lean towards pro-
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do not expect a simple linear relationship between this variable and engagement levels, we
recode it into three binary indicators corresponding to ideological groups: anti-government
(0-2), neutral (3-7), and pro-government (8-10). The neutral group serve as the reference in
the regressions. We impute the missing values (see Appendix C.5), and adopt these binary
indicators to preserve the statistical power given the limited sample size. Similarly, the
left/right positions are also recoded into three categories: left (1-3), 4 center (4), right (5-7),
with the center group used as the reference. Additionally, we include extremity measures
for anti-/pro-government and left/right to capture the effect of individual polarity. Extremity
value equals the absolute distance between the center (5 for anti-/pro-government, 4 for
left/right) and the actual value. Descriptive statistics for the main variables are available in
Appendix C.9.

For brevity, we present the results with the anti-/pro-government variables in the main text,
since this dimension is the most salient one in Hungarian politics [255], and is correlated
with left/right (Pearson’s r = 0.59, p ~ 0.00), producing similar results downstream. Sup-
plementary analyses using left/right variables are provided in the Appendix C.2.

Analyzing bias in observed selective exposure across different forms of engagement

Next, we investigate the variation in selective exposure—a tendency of users to selectively
consume ideologically congruent content [34]—across viewers, subscribers and commenters.
Selective exposure has been shown to be causally linked to political polarization [34], with
social media potentially facilitating this process [82]. Evaluating differences in selective
exposure across engagement forms helps identify potential biases in polarization-related
findings based solely on visible engagement.

We characterize selective exposure by assessing the average and diversity of the content
leanings for each respondent, and compare the distribution of these measures across respon-
dent groups. For a given respondent i, we extract three sets of political content: videos they
have viewed (V;), channels they have subscribed to (§;), and videos they have commented
(C)). For each set, we calculate the average and variance of content leanings6, which indicate
the overall orientation and the ideological diversity of consumed content.

To assess whether selective exposure patterns in visible traces (i.e., commenting) differ from
those in invisible traces (i.e., viewing and subscribing), we compare the distribution of lean-
ing average and variance using the Kolmogorov—Smirnov (KS) test. We benchmark the
empirical D statistics against a distribution of statistics derived from within-group resam-

government. Please note that such an imbalance reflects the nature of Hungarian Internet users being generally
more anti-government than the general population. Pro-government people use the Internet less frequently and
are under-represented in all online samples [254].

®As discussed in Section 4.3.3, each channel is labeled as one of the following: pro-government (1), neutral
(0), or anti-government (-1); and each video carries the label of its channel.
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pling (see details in Appendix C.8), so that noises (i.e., within-sample fluctuation) are dis-
tinguished from what we hope to examine (i.e., between-sample difference).

4.3.6 Addressing the channel-level bias

Next, we turn to channel-level analysis. We show that relying on a convenient form of en-
gagement (e.g., commenting) and using only visible traces to characterize the user bases of
political channels, researchers risk overlooking structural properties of channel landscapes
captured through less visible traces such as viewing and subscribing. We illustrate this bias
using both graphical presentations of channel networks, and quantitative evidence of varying
community structures of Hungarian political channels across different engagement forms.

Analyzing bias in degree of segregation in channel networks

We construct network projections for Hungarian political channels, based on three sets of
engagement data from respondents’ DDPs: viewing, subscribing, and commenting. These
channel networks illustrate how channels are interconnected via shared user bases, with in-
dividual channels represented as nodes and links formed between channels that share similar
audiences. To quantify audience similarity, we define a user vector u; of length U (i.e., the
number of unique users who engage in a certain form) for each channel i; the nth element
of u; equals the total number of times user n has engaged with channel i in a certain form.
For any pair of channel i and j, we assess the audience overlap based on cosine similarity
between i; and if}.

Similarity (i, j) = cos(8) = ——~—
[ezdiliizd

Edges in the network are weighted by these similarity scores. We set a non-zero threshold

to filter out weak links for visualization puroses, and retain all links with positive weights in

the assortativity analysis.

Measuring channel assortativity

Besides network visualizations, we also quantitatively evaluate the degree of segregation by
assessing the extent to which ideologically similar channels share overlapping audiences.
High segregation indicates that channels cater to distinct ideological audience groups, re-
flecting siloed consumption patterns within Hungary’s political landscape.
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Distributions of anti-/pro-government scale in 4 respondent groups
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Figure 4.1: Distributions of respondent positions along the anti-/pro-government scale for
four respondent groups (i.e., the entire sample, viewers, subscribers, and commenters).

We first compute an overall assortativity score of the leaning attributes for the entire net-
work, then compute the EI homophily index [256] at the node level. The overall assortativ-
ity score equals the weighted correlation between the leaning labels of two connected nodes
(i.e., channels) with a positive edge weight. The higher the correlation, the more likely two
channels with the same leaning have a similar user base, hence the more segregated the en-
tire network. At the node level, the EI index measures the extent to which a given channel
shares a similar user base (and thus is connected) with others on the same leaning side (i.e.,
internal links), versus others on different leaning side (i.e., external links). A lower EI index
reflects stronger homophily, contributing to a more segregated network overall.

Y external link weights — ) internal link weights

El index =
naex Y external link weights + )" internal link weights

As with the user-level metrics, we compare the distribution of EI indices across different
engagement forms using KS-test. To test robustness, we conduct 1,000 bootstrap rounds
and report two p-values for the D statistics, accounting for within-sample fluctuations (see
details in Appendix C.8).

4.4 Results

4.4.1 User-level disparity

We first present our results from the user-level analysis. In this section, we report how
engagement forms interact with ideological distribution (Section 4.4.1), how engagement
levels associate with political attributes (Section 4.4.1), and how selective exposure patterns
differ across engagement forms (Section 4.4.1).
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Polarization measures for anti-/pro-government scale
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Figure 4.2: Variance and kurtosis of users’ anti-/pro-government scale across four respon-
dent groups (i.e., the entire sample, viewers, subscribers, and commenters). The value range
comes from 200 rounds of bootstrapping with survey weights applied.

Engagement forms and ideological polarization

We start with comparing respondent groups in terms of self-reported ideologies’. We see
slight visible variations in the ideological distribution between viewers/subscribers and com-
menters, but not between all respondents and viewers (see Figure 4.1). Anti-government
respondents constitute the majority across all three groups, with their dominance being es-
pecially pronounced among subscribers. Pro-government respondents, in contrast, are more
dominant among commenters compared to subscribers and viewers. These differences are
reflected in the variation in average anti-/pro-government positions across three groups (3.24
for viewers, 2.85 for subscribers, and 4.07 for commenters). The tendency for commenters
to concentrate less on the center and spread further to the ideological extreme suggets that
the commenters of Hungarian political content likely represent a more polarized fraction of
the Internet users.

As expected, commenters have a significantly higher level of polarization, with greater vari-
ance and lower kurtosis than viewers, subscribers, and all respondents (see Figure 4.2).
Moreover, the higher proportion of anti-government and left-leaning respondents in sub-
scribers also leads to subscribers having a higher kurtosis than viewers. This finding, com-
bined with the above observations, suggests that subscribers exhibit a more decentralized
ideological spread, albeit in an imbalanced way. Statistical tests using Mann-Whitney con-
firm these differences (see Appendix C.8 Table C.1).

"Since we do not see significant ideological variations in respondent groups in different filtering stages, we
include the analysis for all respondents and respondent groups across engagement forms in the main text, and
provide the results comparing respondent groups during filtering stages in Appendix C.1.
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Figure 4.3: Negative binomial regression coefficients with 95% confidence intervals for
viewing, subscribing and commenting activities on Hungarian political content. The DVs
are the number of recorded activities for viewing, subscribing, and commenting from left to
right for each panel.

Engagement levels and ideological characteristics

The previous analysis compares users who do and do not engage in a certain form but does
not assess the difference among users who engage at different levels. Thus, we further
examine how different levels of each engagement form associate with individuals’ political
attributes. As shown in Figure 4.3, we find that the only persisting salient factor is interest in
politics. Individuals with greater political interest exhibit higher levels of engagement with
Hungarian political content across all forms.

Controlling for basic demographics and timespan, we find that pro-government respondents
are likely to engage in lower levels of viewing, as indicated by a significant negative co-
efficient (-0.429, p = 0.025); anti-government respondents, while showing a similar trend,
do not exhibit statistically significant predictive power (coefficient = -0.255, p = 0.052).
This asymmetry might stem from pro-government respondents being more more averse to
ideologically incongruent content. When breaking down DVs into different channel cate-
gories, pro-government respondents would view significantly less neutral channels, while
anti-government respondents would not (see Appendix C.3 Figure C.6). Models with left-
/right variables deliver similar findings (see Appendix C.2). Interestingly, when we assess
the joint effect of political interest and anti/pro-government variable, we see that highly-
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Figure 4.4: Average leaning score (left) and the leaning variance (right) for the Hungar-
ian political content the respondents have engaged with through viewing, subscribing or
commenting. An average leaning score of -1 (+1) means consuming only anti-government
(pro-government) content, and 0 means consuming balanced or neutral content. Density
functions are generated by kernel density estimate (KDE) methods.

interested people view much more political content and those uninterested, regardless of
their political leaning (Appendix C.2 Figure C.5). This further confirms that interest in
politics, instead of ideology, is the main driver of higher engagement levels.

If belonging to one side of the ideology generally cannot predict the engagement level, can
the extremity of ideological positions do so? The answer is also no, as we do not see any
strong coefficients from the extremity variables included in separate models (Appendix B
Figure C.4).

For a robustness check, we re-run the models with an alternative filtering approach®, and
a different imputation method”. Both approaches yield results consistent with our main
findings.

Engagement form and selective exposure

We now turn to respondents’ behavioral aspect and explore the variation in selective expo-
sure across different engagement forms. For each respondent, we compute the average and
variance of the leaning of the content viewed, subscribed, and commented, and show the
distribution for respondents with the corresponding engagement records in Figure 4.4. In
the left panel, the average leaning score for viewing is more centralized and less skewed
than subscribing and commenting, with its mean falling around -0.166 (-0.540 for subscrib-

81nstead of including only those who have engaged in a certain form (e.g., commenting), we also add those
who have not engaged with a 0-value DV (see Appendix C.4).
9We used multiple imputation methods and analyzed pooled regression results (see Appendix C.5).

82



CEU eTD Collection

A. view B. subscribe C. comment

@ anti-government
@ neutral

@ pro-government

@ activity level

Figure 4.5: Networks of Hungarian political channels based on different types of user en-
gagement. Each node represents one unique channel. Two nodes are connected if the users
who engage with the two corresponding channels in a certain form overlap to a certain ex-
tent. Node color indicates the leaning labels for each Hungarian political channel, and node
size is a function of activity levels for a given engagement type. Edges are filtered based on
weights for visualization purposes (edge density from A to C: 0.02, 0.05, 0.1).

ing and -0.374 for commenting). This suggests that the selective exposure characterized
through commenting or subscribing behaviors appears to be more severe than through view-
ing. This finding is supported by the right panel: content viewed by respondents tends to be
more ideologically dispersed, with a higher variance than content subscribed or commented
by respondents. Kolmogorov-Smirnov (KS) tests confirm that these visual differences are
statistically significant (see Appendix C.8 Table C.2).

Building on this observation, we further ask if the disparity in selective exposure outcomes
stems from differences in sample composition or in forms of engagement. In other words,
can we conclude that users who engage via viewing content are more likely to encounter
mixed content than those who engage via subscribing or commenting, or is it that the con-
tent one views differs systematically from what one chooses to subscribe to or comment?
To disentangle these possibilities, we re-generate Figure 4.4 using only the subset of re-
spondents who engaged in all three forms (N = 57, see Appendix C.10 Figure C.12). The
resulting pattern remains broadly consistent: the content viewed remains more mixed than
content subscribed or commented, as indicated by a more central mean and a higher vari-
ance. However, these differences are less pronounced than those in Figure 4.4, suggesting
that the disparities observed in Figure 4.4 are shaped by differences in both sample compo-
sition and engagement form.
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Figure 4.6: Node-level EI homophily indices across channel networks based on different
forms of engagement. The upper figure shows the overall distribution; the bottom figure
breaks down by channel leanings and shows the group-wise variation.

4.4.2 Channel-level disparity

Finally, we turn to channel-level disparity and show how the channel audience overlap de-
picted based on different forms of engagement can display varying levels of segregation.

Engagement forms and audience segregation

Many studies that do not aim to infer a user-level landscape of political communication on
YouTube, adopt a descriptive approach at the channel level instead, using channels as the
basic unit of analysis. Accordingly, we examine channel-level biases that may arise from
focusing only on comments when characterizing channels.

We first generate three channel networks based on viewing, subscribing, and commenting
data from DDPs (see Figure 4.5). Compared to the viewing network, the subscribing and
commenting ones appear more segregated along the anti-/pro-government cleavage, where
ideologically-aligned channels sharing more common users and clustering more closely to-
gether. We then assess these variations quantitatively. The network-level assortativity scores
confirm that the viewing network has the lowest level of segregation, and that the comment-
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ing network is the most segregated among all (see Table 4.5). At the node level, the distribu-
tion of EI indices from networks built on commenting data differs significantly from others:
nodes in the commenting network generally have lower EI indices than those in the viewing
and subscribing network. Again, we perform KS-test to formally test these differences and
confirm that they are statistically significant (see Appendix C.8 Table C.3).

Additionally, when the distributions are segmented by leaning classes (see Figure 4.6), neu-
tral channels show the highest degree of mixing with channels of different leanings, while
anti-government channels are generally more segregated than pro-government channels.

Graph View Subscribe ~ Comment
Assortativity 0.0833 0.1289 0.3154
Average EI ~ 0.1909 0.0801 -0.0298

Table 4.5: Assortativity scores and average EI index for channel networks based on different
forms of engagement.

4.5 Discussion

4.5.1 User-level: the incomplete picture of observed polarization

At the user level, we investigate whether and how engagement forms (i.e., how people
engage—viewing, subscribing, or commenting) and levels (i.e., how much people engage)
correlate with users’ political attributes (e.g., ideological leaning, political interest) and pat-
terns of selective exposure. Our findings suggest that, polarization measurements based
solely on visible engagement (e.g., commenting) or excluding less politically active users
can be biased in terms of ideological distribution and selective exposure.

First, for respondents who engage in different forms, we show that respondents who engage
through commenting represent a subset more polarized in their self-reported ideologies com-
pared to those who engage through viewing or subscribing. This finding is in line with in-
sights from a larger-scale study on Facebook by Gonzalez-Bailén et al. [257], where liberal
and conservative users are more deeply segregated through visible engagement (i.e., clicks,
reactions, likes, reshares and comments) compared to invisible engagement (i.e., views) dur-
ing the U.S. 2020 election. We therefore caution researchers who rely on YouTube public
comments for user-level analysis, that such visible samples cannot represent all politically
active users on YouTube, and are likely a more polarized fraction of the population.

However, among respondents who differ in their level of engagement, we find no signif-
icant differences in ideological leaning. Individuals who view more videos, subscribe to
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more channels, or comment under more videos, are not significantly more pro- or anti-
government, or ideologically extreme, yet they are more politically interested. Thus, ex-
cluding users who engage at low levels risks omitting individuals who are less politically
interested.

The above two observations jointly reveal the nuances of where and how user-level bias may
occur. Those who only engage through commenting form a biased subsample in terms of
ideological composition. However, this bias does not extend to differences between those
who comment little and those who comment substantially. For levels of engagement, the
clearest associated factor is political interest rather than ideology. While these outcomes
diverge on whether self-reported ideologies is a primarily biased factor, they are not directly
comparable due to discrepancies in the model design, such as sample variation, the presence
or absence of control variables (e.g., political interest) and different binning of pro-/anti-
government variables (see Section 4.3.5 and 4.3.5).

In addition, our analysis of respondent’s selective exposure suggests that selective exposure
is more pronounced in commenting and subscribing than viewing. Although respondents
selectively comment under videos and subscribe to channels, they are fairly open to viewing
ideologically neutral or diverse content on YouTube. This pattern aligns with Guess’s find-
ing that people have a moderate media diet when browsing news content online [258]. Thus,
characterizing selective exposure based solely on the commenting data [e.g., 131] can over-
state the extent to which users opt into ideologically homogeneous content, consequently
exaggerating the existence of echo-chamber on YouTube.

4.5.2 Channel-level: shared views but segregated comments

At the channel level, we find that audience overlap among Hungarian political channels
depends on how audience is defined. Works that collect data via the YouTube API typically
define audience as users who have made comments under videos of interest [e.g., 131,
227, 259]. We argue that this approach can yield biased measurements of polarization,
if polarization is quantified based on the degree to which certain channels form distinct
communities and fragment the politically active users.

Indeed, our channel-level results show that the network of channels conditioned on com-
menting data does differ structurally from that conditioned on viewing data, which are not
captured in YouTube API. Specifically, viewers of Hungarian political content show substan-
tial overlap among channels with different leanings, while commenters are more segregated
into ideological silos. This suggests that observations based on visible engagement (e.g.,
commenting), reflect a tilted, and potentially exaggerated picture of polarization. Therefore,
when using only the commenting dataset, researchers should interpret evidence of “echo
chamber” on YouTube [e.g., 260] as reflective of commenting behavior rather than general
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content consumption, and refrain from extending findings to broader patterns of engage-
ment.

4.5.3 Sources of biases

We contextualize our findings using Total Error Framework for Digital Traces of Human
Behavior on Online Platforms (TED-On) [224], which provides a standard vocabulary to
describe the source of measurement biases. By examining the differences between visible
and invisible digital traces, this chapter centers on measurement bias coming from trace
selection errors, although we have dealt with trace reduction error and trace augmentation
errors on the sideline.

The primary contribution of our paper is to quantify trace selection errors stemming from
considering only visible political engagement data on YouTube. Trace selection error refers
to the measurement error caused by selectively analyzing some type of digital traces and
overlooking others. Our paper shows that when researchers select visible forms of engage-
ment (i.e., comment) to construct polarization measures, the outcome can be incomplete,
often reflecting a greater degree of polarization compared to the outcome yielded by other
invisible engagement forms.

Although our analysis does not focus on data pre-processing (e.g., labeling content), it is
worth noting as a potential source of error in polarization metrics. Sen et al. define two error
sources during pre-processing: trace reduction error and trace augmentation error [224].
The former occurs when relevant traces are excluded or irrelevant traces are included, while
the latter refers to errors caused by inaccurate annotations of digital traces.

In this study, we control these errors by covering as many popular channels as possible when
filtering for political content (i.e., trace reduction) and assigning ideological labels (i.e., trace
augmentation). While automatic tagging methods are improving, off-the-shelf solutions for
context-specific data remain limited. We opted for manual labeling, verified for accuracy,
but given the time and resource restrictions, we had to limit the amount of content to be
labeled. Although we inspected channels not explicitly tagged as “politics” but containing
videos with “politics” tags, we did not examine the vast amount of channels without “pol-
itics” videos. Preliminary analysis indicates that most of this excluded portion consists of
music content. We also excluded political videos viewed by only one or two users, as these
channels tend to have a significantly lower proportion of political content compared to chan-
nels with more viewers. To mitigate the risk of missing out widely viewed political content,
we ensured that our labeled dataset covers more than 90% of total viewership.

Nevertheless, we acknowledge a potential source of trace augmentation error stemming from
our channel-level (instead of video-level) labeling. Since not all videos uploaded by politi-
cal channels are political, this may lead to an overestimation of user engagement with polit-
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ical content. This error could be better controlled by video-level annotation using context-
specific classifiers.

4.5.4 Addressing biases at multiple levels

So far in this chapter, we have shown that by selecting data points of visible political en-
gagement, measurement bias can arise at both the user and channel levels, depending on
what aggregation units are adopted when measuring polarization. This multi-level per-
spective is not only necessary for understanding how such bias may skew measurement
outcomes, but also valuable for tracing the potential source of imbalance—for example, the
disparity in commenting behavior between politically interested and politically uninterested
participants—that shapes the observations. This section briefly discusses supporting work of
mine that uses a different dataset and investigates patterns of visible engagement at both the
user and post levels. In this study, we show that focusing on visible engagement such as
liking, retweeting, quoting, and replying can yield a skewed picture at the post level but not
necessarily the user level. For technical details and complete results, please refer to Baqir
et al. [261].

Based on a dataset of online discussions related to providing military aid to Ukraine on Twit-
ter/X, we leverage counts of visible engagement (i.e., likes, retweets, quotes, and replies)
and impressions (i.e., the number of times a post was viewed) across 17M+ posts collected
from 5.2M+ users. We analyze the rate of visible engagement' at the user and the post
level, that is, how likely a user or a post can attract visible engagement per impression.

The results reveal that, at the user level, anti-aid users do not differ significantly from pro-
aid users in terms of their visible engagement rate. At the post level, however, we notice
that posts sharing highly partisan news sources (i.e., those classified as extreme right, right,
or left) tend to have higher median and more variable visible engagement rates than those
sharing moderate sources (i.e., right-center, center, and left-center). Alarmingly, posts that
link to low or very low credibility news sources consistently show higher visible engagement
rates. These results highlight a risk of skewing engagement data toward posts that share
highly partisan and low-credibility sources, if analyses only consider visible engagement
metrics. For polarization measurement, this skewness may lead to an exaggerated picture of
polarized content engagement, as it disproportionately captures activity concentrated at the
political extremes with more radical stances, rather than within the moderate center.

101n the original paper this is termed as “active engagement”, but is conceptually aligned with what I de-
fine as “visible engagement” in this chapter. To avoid terminological confusion, I retain the term “visible
engagement” throughout.
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4.6 Limitations and future work

Back to the main study using survey responses and YouTube digital traces, we recognize
several limitations and encourage future researchers to explore these under-explored areas.

First, our analysis concentrates on political content identified using YouTube’s topic tags.
While convenient and commonly used in prior research [e.g., 236, 262], these tags may
not serve as a definitive ground truth. Although we manually verified the list of Hungarian
political channels for precision, the recall remains unclear—we may have missed political
content not tagged as “politics” by YouTube. Additionally, seemingly apolitical content on
YouTube may still be relevant to political communication, given the increasing politicization
of pop culture on social media [263].

Second, we use manually assigned ideological labels for political channels and videos us-
ing a three-category spectrum (i.e., pro-government, neutral, anti-government). While this
captures the most dominant political divide in Hungary, it offers limited granularity. Future
work can expand this framework to reflect on additional ideological dimensions or topic
cleavages. Even within our simplified categories, annotators have struggled with a low
inter-rater agreement (k = 0.42). However, weighted k—adjusted for the number of watched
videos—are substantially better (0.83), indicating strong agreement for more-viewed chan-
nels, which also carry greater weight in our analysis. We also assume that channel-level
ideology aligns with the ideological slant of individual videos—a simplification that future
work could test empirically.

Third, our analysis includes only Hungarian political channels, which may not capture the
full scope of political content on YouTube. While our case study provides a fresh perspective
into a relatively understudied political context, we caution readers about generalizing these
findings to other countries. Furthermore, the engagement forms we analyze are specific
to YouTube and those stored in DDPs, which can limit cross-platform comparisons. For
instance, video likes were unavailable in the DDPs at the time of data collection, so we
cannot evaluate the polarization in liking behaviors. Other forms of engagement such as
searching and re-posting may reflect different cognitive mechanisms and collective patterns
not captured in our study. We hope this work motivates future research using more diverse
datasets across other contexts and platforms.

Relevant to a broader exploration of different engagement forms, a closer examination of nu-
anced engagement mechanism may yield further insights. For instance, strategic comment-
ing on opposition content would actually increase cross-cutting interactions, which would
weaken the observed pattern of interactional segregation if researchers only consider who
commented under whom without accounting for the textual context. Therefore, polarization
studies can benefit from a multi-faceted analysis that integrates both behavioral and tex-
tual data of online political engagement. Beyond mapping who talks to whom, examining
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the context of in-group and out-group dialogues could provide valuable insights. Passive
viewing without cognitive engagement is another important behavioral aspect. Relatedly,
existing work on “incidental news exposure” — the unintentional or unplanned encounter
with (political) news content, often occurring without deeper cognitive engagement — shows
that it is negatively associated with online political participation [264], and linked to lower
political knowledge when accompanied by discussions with weak ties [265]. For polariza-
tion studies using viewing data, this motivates a further breakdown of active viewing and
passive viewing activities.

Fourth, our analysis is limited by a small sample (especially in commenting data). For in-
stance, our sample includes only 72 respondents who commented on Hungarian political
videos. This small size increases susceptibility to sampling error and volatility in exposure
patterns and network analysis. In addition, hyperactive respondents disproportionately influ-
ence the structural properties of channel networks. While we have implemented bootstrap-
ping to statistically disentangle the within-sample fluctuation from between-sample varia-
tion, we caution researchers when interpreting such a small-sample results.

Fifth, our sample may suffer from coverage bias due to the requirements for data donation.
Although our target population is Hungarian internet users aged 16+, we only included those
who regularly use Google or Facebook. Despite the fact that both platforms are widely used
in Hungary (penetration > 85% based on our preliminary study, see Appendix C.6), this
criterion may exclude relevant subgroups.

Finally, although the data donation approach provides a richer dataset than API-based col-
lections, there can still be missing data if respondents having multiple YouTube accounts or
have cleaned viewing history. In our sample, 46 respondents have comments or subscrip-
tions but no views in their DDPs, likely due to disabled watch histories. Thus, we run anal-
yses on alternative samples (see Section 4.4.1 and Appendix C.4) to ensure that our results
are robust. However, this highlights the need to consider the methodological consequences
of selecting specific traces to measure a construct.

90



CEU eTD Collection

Chapter 5

Conclusions, limitations, and future
directions

5.1 Conclusions

This dissertation sets out to examine how political communication unfolds within an increas-
ingly complex sociotechnical system, and how existing research must adapt conceptually
and methodologically to capture that complexity. Motivated by the democratic imperative
to understand and facilitate meaningful public discourse, 1 explore how polarization has
been conceptualized and measured in the contemporary media environment, while address-
ing challenges in polarization measurement: (i) moving beyond unidimensional analyses to
capture the dynamics of belief systems during the polarization process, and (ii) incorporat-
ing both visible and invisible forms of online engagement to provide a more complete and
nuanced understanding of polarization.

In Chapter 1, I establish the theoretical foundation for this investigation by broadly describ-
ing political communication in today’s information ecosystem, and reviewing how political
polarization has been defined and operationalized across disciplines. I propose a conceptual
distinction between attitudinal and behavioral polarization and identify key limitations in
each perspective. This framework laid the groundwork for the empirical chapters that fol-
lowed, each addressing a specific gap in how the theory of intermedia agenda setting and
the phenomenon of political polarization are studied in the digital age.

Chapter 2 serves as a background study of the information landscape shaped by mass media
in a high-choice, politically fragmented environment. Based on intermedia agenda-setting
(IAS) theory, the case study analyzes how candidate-related news agenda has evolved across
the 2016 and 2020 U.S. presidential elections. This study reaffirms the presence of IAS dy-
namics among media outlets of varying credibility and different ideologies, reveals partisan
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asymmetries in agenda convergence between coverage of Democratic candidates and that
of Republican candidates, and raises concerns about a potential decline in the IAS power
of high-credibility media. The analytical pipeline developed for this project showcases a
scalable approach to dynamic IAS modeling, illustrating how computational methods can
be effectively adapted with manual checks in stages of model design and validation to suit a
specific context. Overall, this chapter contextualizes the broader media ecosystem in which
political polarization may take shape, serving as a background picture for understanding the
shifting terrain of public discourse from the supply end of information.

The later two chapters turn towards the topic of political polarization and delve into its
measurement based on attitudinal and behavioral data, respectively. Chapter 3 starts with
the attitudinal perspective of political polarization. Here, I emphasize the multidimensional
nature of political ideologies and discuss the limitations of traditional measures—including
linear measures and existing BNA approaches—in belief structure analysis. Building on
Converse’s conception of belief constraint [16], I apply a novel belief network analysis
approach—response-item network (ResIN)—to visualize the spatial divide of opposing ide-
ologies in the U.S. political belief systems. Using ANES data (2000-2020), ResIN captures
the “egg breaking” process of ideological polarization, i.e., the transformation of a loosely
organized belief structure into a more constrained, flattened out unidimensional shape. In
addition to the graphical presentation, I also propose network-based metrics to quantify po-
larization at the system and attitude level. Using two system-level measures, the study shows
an overall trend of increasing ideological polarization over the two-decade period, with the
most dramatic rise occurring between 2016 and 2020. In addition, there is an intriguing
partisan asymmetry in belief system constraint, with Democrats’ belief systems generally
appearing less coherent than those of Republicans during this period—a pattern that only
recently reversed in 2020. At the attitude level, the study identifies the different roles that
particular attitudes played in the structure of different belief network communities. For
instance, abortion appeared as the most central issue for Democrats but not Republicans;
government spending on public services and healthcare was one common ground for bridg-
ing both of the otherwise highly polarized partisan communities. In sum, Chapter 3 shows
that ResIN is a promising tool to assess the state and process of polarization, as demon-
strated by the empirical examples using ANES data. ResIN goes beyond the information
provided by BNA by intuitively visualizing ideological divide throughout the polarization
process and providing multi-level quantitative measures for these dynamics.

Next, Chapter 4 switches into the behavioral perspective of polarization measurements, re-
flecting on the measurement bias introduced by the sole reliance on visible engagement
data—the engagement data retrievable via public platform APIs, such as commenting data
on YouTube—from social media platforms. Using individually-linked survey responses and
donated digital traces on YouTube, I compare various measurement outcomes of political
polarization yielded by data of visible engagement (i.e., commenting) and of invisible en-
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gagement (i.e., viewing, subscribing). The study reveals that (1) respondents who engage
visibly (i.e., commenters) form a more polarized subset than those who engage invisibly
(i.e., subscribers and viewers), (2) individual engagement level does not associate with their
ideological leaning or extremity, yet is significantly correlated with the level of political in-
terest; (3) selective exposure is more pronounced in engagement through commenting and
subscribing compared to viewing, and (4) while politically divergent channels attract mixed
viewership, their subscriber and commenter bases are more ideologically siloed. Overall,
commenters and their commenting behaviors—which are more accessible via public APIs
and thus more frequently studied—exhibit higher levels of polarization and ideological se-
lectivity. Thus, visible engagement on YouTube portrays an incomplete picture of political
communication, potentially leading to inaccurate and often exaggerated estimates of polar-
1zation.

This dissertation makes conceptual, methodological, and empirical contributions to the
study of political polarization in today’s complex media and information environment. Posi-
tioned at the intersection of political communication research, computational social science,
and network science, my work critically examines how polarization is operationalized and
measured across different data types and epistemological traditions. In doing so, it both
clarifies foundational concepts and advances innovative tools for future inquiry.

First, a core conceptual contribution of this work lies in the distinction it draws between
attitudinal and behavioral polarization. While prior studies have often employed mixed
terms without articulating the specific type of polarization being measured [11, 83], this
dissertation carefully categorizes existing measures and shows how their emphasized as-
pects and data sources differ. By explicitly mapping out this distinction, it enables clearer
interpretation of empirical findings, reconciliation of discrepancies across studies, and the
development of a more coherent analytical vocabulary. This conceptual clarity not only sit-
uates past and current research within a structured typology but also lays the groundwork
for better-targeted research designs.

Second, methodologically, this work extends belief network analysis (BNA) to the study
of political polarization, addressing the challenge of unidimensional analyses that fail to
capture the interconnectedness of political belief systems. The proposed ResIN model of-
fers a novel approach for operationalizing political belief systems as statistical networks of
interconnected attitudes. Unlike conventional measures that often impose a linear or unidi-
mensional view of political ideology, ResIN captures the multidimensional nature of belief
structures, providing visual and quantitative tools to model system-level and attitude-level
shifts over time. This contribution not only enriches the methodological toolbox of polar-
ization research but also strengthens the bridge between political polarization research and
network science.

Third, this dissertation addresses a frequently overlooked challenge in computational polar-
ization research: measurement bias resulting from a sole reliance on political engagement
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captured by publicly accessible digital traces. Through the analysis of a combined dataset
that integrates survey responses with user-donated YouTube digital traces, our study answers
the previously obscure question of the extent to which polarization patterns are reliably cap-
tured by limited datasets, showing how focusing exclusively on visible engagement (e.g.,
commenting) may yield a biased view of online political behaviors and eventually an in-
complete picture of political polarization. By foregrounding the distinction between visible
and invisible forms of engagement, this work underscores the importance of diversified data
sources and reflective scoping in designing behavioral polarization studies. The proposed
framework encourages future scholars to ponder and articulate: polarization in terms of
what form of engagement, and among whom?

Fourth, the empirical chapters contribute to a more globalized and context-sensitive under-
standing of polarization. Drawing on datasets from Hungary, the U.S., and other European
countries, the research examines the phenomenon of polarization across different political
systems and ideological cleavages. In particular, it broadens the field’s U.S.-centric lens
based on a binary party system, by discussing how polarization can manifest through dif-
ferent structural divides and in multiparty contexts. This perspective also motivates more
comparative research to explore the mechanism of polarization beyond the left-right spec-
trum.

To sum up, these contributions aim to advance the field of political communication in four
key directions: by refining the conceptual taxonomy of polarization, by applying a novel
network model that accounts for the complexity of belief systems, by addressing the un-
derexplored measurement bias in limited datasets, and by broadening empirical inquiry to
account for both methodological and contextual diversity. In an era where political com-
munication unfolds in an increasingly complex ecosystem, and where data is abundant but
sometimes supports a restricted view, this dissertation provides a grounded yet forward-
looking framework for understanding polarization as both a measurable and meaning-laden
social process.

Beyond these scholarly contributions, the findings of this dissertation also speak to the nor-
mative stakes of democratic discourse. Polarization measurement is not only a technical
matter. It can often shape how the policymakers, media, and the public perceive and engage
with the challenges in online participatory democracy. Compared to sweeping claims such
as “social media really is undermining democracy” [266] or social media is the “polarization
engine” [267], adopting a more precise language in the conceptualization of polarization, as
well as encouraging more nuanced interpretations in context-specific studies, can better in-
form public understanding of democratic disagreement, the design of healthier deliberative
systems, and the development of policy interventions that respond to actual rather than per-
ceived divisions. A narrow focus on visible engagement, for example, may obscure how de-
liberative democracy actually functions on social media—whether these platforms promote
or undermine what Young identifies as “inclusion, political equality, reasonableness, and
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publicity” [268]. By examining these biases, my work highlights how research practices
can expand our understanding about polarization, potentially impacting public discourse,
media framing, and policy responses. In this sense, it encourages scholars and practition-
ers alike to approach measurement with reflexivity, recognizing its role in constructing, not
merely describing, the social reality of political communication.

Meanwhile, my work has practical implications for platform design and policy. Current
platform data-sharing schemes prioritize certain engagement forms while rendering others
less visible to researchers and less salient in public discourse. This restricted visibility of
online political engagement risks distorting both measurement outcomes and public percep-
tions. Academics and social media platforms should jointly negotiate a more balanced and
transparent data sharing scheme that allows researchers to ethically access multidimensional
engagement metrics. Moreover, as visible engagement often overrepresents politically ac-
tive and hyper-partisan users, recommendation systems, if calibrated primarily to such en-
gagement signals, may unintentionally amplify extremity and antagonism. This calls for
more thorough algorithmic auditing at the platform to to constantly review design choices
that may exacerbate polarization while safeguarding pluralistic debate.

5.2 Limitations

Below, I summarize the key limitations of each chapter as well as the joint challenges of my
work.

In Chapter 2, the intermedia agenda setting (IAS) analysis is subject to three primary limita-
tions. First, although we employ terminology such as “agenda setter” and “Granger causal-
ity,” the statistical approach relies on correlational associations, which cannot establish strict
causality. While the analysis aligns with conventions in the TAS literature, the findings
should be interpreted as descriptive associations rather than causal claims. Second, our
dictionary-based model relies on context-specific topics and keywords. Although the dictio-
naries are applicable and comparable across years, they are not easily generalizable beyond
the issues for which they were constructed. Third, the scope of our analysis is restricted by
the limited coverage of ideological labels provided on Media Bias Fact Check.

In Chapter 3, the ResIN study faces three central limitations. First, the network structure and
derived measures are largely dependent on the selection of political issue items. Although
carefully chosen, the set of five issues may not capture the full complexity of political belief
systems. Second, because ResIN-based polarization measures are novel, their predictive va-
lidity and robustness remain underexplored. More work is needed to test their utility across
datasets, contexts, and simulations, particularly in modeling processes such as belief con-
straint or attitudinal structuration. Third, while the ANES-based case study demonstrates
ResIN’s value in the U.S., the model’s applicability across different political contexts re-
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mains uncertain. ResIN can, in principle, capture multidimensional ideological structures,
but projecting belief networks onto two-dimensional spaces may obscure complexity in sys-
tems not organized along a simple liberal-conservative axis.

Finally in Chapter 4, the Hungarian YouTube case study is limited in the following respects.
First, the small sample of commenters (N = 72) restricts statistical power and makes the net-
work structure vulnerable to distortion by hyperactive individuals. Although we employed
bootstrapping to mitigate these risks, we caution readers to carefully interpret the results.
Second, the identification of political content and the further categorization of anti-/pro-
government channels is coarse and provides limited granularity. Third, the analysis focuses
exclusively on Hungarian political channels, limiting generalizability across countries and
platforms. Engagement forms are also constrained by the availability of digital trace data:
for instance, likes and search behaviors were not captured in the dataset. Fourth, we en-
counter missing data at various phases of this project. Given the reliance on data donation
from users of Google and Facebook, data from certain subgroups may be systematically
excluded; within the DDPs, missing data may also arise when watch histories are disabled
or fragmented across multiple accounts, raising questions about trace completeness.

Some common challenges emerge across these empirical chapters. First, establishing causal
mechanisms remains difficult with observational data. While the descriptive patterns of IAS
and belief system dynamics illustrate what these phenomena look like, they cannot fully
explain why they occur. Second, case studies rooted in specific issues, contexts, or platforms
should be interpreted with caution, as their external validity is limited. Comparative designs
and multi-platform datasets are necessary to assess generalizability. Third, whether relying
on curated source lists, survey items, or donated platform traces, each chapter faces potential
coverage and selection biases. The proposed models and frameworks must therefore be
tested against broader contexts and more diverse datasets.

5.3 Future directions to explore

Building on existing findings of my PhD-level work, I see a few promising directions for
future research. In what follows I will discuss three potential avenues for exploration, artic-
ulating the unaddressed research gaps and open questions.

5.3.1 Extending ResIN to analysis of polarization in other political con-
texts

In Chapter 3, I apply ResIN to the study of ideological polarization in the context of U.S.
politics. Political polarization, however, is a global challenge faced by many democracies
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A hypothetical belief network to be generated with social media data

support Palestine
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#tradwife Tok ban

influencer
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aid for Ukraine

endorse queer
artists

actively engage

endorse JKR on a with environmental

TERF debate communities support gender-

inclusive public toilets

Figure 5.1: A hypothetical belief network to be generated by social media data. Nodes
represent individual beliefs, and links are weighted by the extent of overlap between re-
spondents who endorse both beliefs. Panel C illustrates the human-in-the-loop pipeline to
build belief networks using social media data.

[28, 70], with its empirical research concentrating disproportionately in the U.S. context
[12]. As noted in Section 3.5, it is worth exploring whether ResIN’s framework for polar-
ization modeling holds its interpretive value in other countries.

In the book chapter [13], we provide a preliminary outlook on ResIN’s capacity to reveal
the distinct belief structures across different European countries. Using the data from the
9th wave of European Social Survey (ESS), we generate ResIN snapshots for each par-
ticipating country, and demonstrate how ResIN captures distinct belief structures through
three examples (i.e., Slovakia, Spain and Germany). Following this study, many open ques-
tions remain to be explored. For instance, how does the process of polarization unfold in a
political system with coalition parties? Does the belief system always collapse into a sin-
gle liberal-conservative dimension, or can it evolve along multiple ideological axes? How
can the polarization measures—afforded by ResIN—that have been developed in the context
of the U.S. be adapted to other contexts where the public belief system may form more
than two ideological clusters? These questions invite a more nuanced conceptualization of
polarization—one that moves beyond binary ideological divides and accommodates higher-
dimensional, more intricate belief structures. In this vein, future work can extend the ResIN
approach to datasets from other countries and offer a comparative perspective of political
polarization across diverse political landscapes.

5.3.2 Examining the effect of media exposure on belief system evolu-
tion

Chapter 3 illustrates how the structural organization of U.S. public belief systems shifted
from 2000 to 2020. While the present analysis focuses on visualizing these structural pat-
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terns and summarizing key polarization trends, an important next step is to investigate the
causal mechanisms driving such transformations. One particularly promising direction lies
in examining how patterns of media exposure, especially within today’s hybrid information
environment, shape the evolution of belief systems.

Agenda setting and framing theory suggest that media content not only determine what
1ssues are salient for the audience, but also how attributes are associated with certain issues—
the “frame”—in audiences’ minds [48, 49]. Repeated exposure to co-occurring issue frames,
thematic linkages, and partisan cues can foster the perception that certain political beliefs
“belong together” [269], thereby reinforcing ideological consistency across different issues.
Furthermore, social media recommendation systems often amplify emotionally charged
or ideologically extreme content [270, 271], which may shape users’ belief systems by
strengthening perceived links among radical beliefs and fostering the formation of radical
ideological communities.

Thus, it is reasonable to hypothesize that individuals more frequently exposed to homoge-
neous media content—whether through mass media or algorithmic curation—are more likely
to internalize heuristic signals about how issues are associated, thereby developing more
ideologically consistent belief systems. Future research could test this hypothesis by ana-
lyzing panel datasets with media-use variables and extending the ResIN approach to include
individual-level measures of ideological consistency. Such designs would allow for a more
causal assessment of whether, and how, media exposure patterns contribute to the evolution
of belief systems.

5.3.3 Identifying bridging attitudes and applying ResIN to analyzing
social media data

Confronted with a visible divide and distinct belief structures between liberals and conser-
vatives, how do we facilitate cross-community dialogues to achieve effective democratic
deliberation? Building on Chapter 3, another meaningful future direction is to use ResIN
to systematically identify and leverage bridges in political beliefs with great potential for
depolarization.

Bridging political disagreement requires moving beyond the simplistic left-right binary and
capturing the complex, multidimensional nature of political beliefs. For instance, individu-
als with opposing partisan leanings may still agree on certain policy issues [15], and such
partial agreement can be the starting point of mutual understanding. A common ground of
political beliefs is therefore the belief(s) that can be shared between two opposing commu-
nities (e.g., liberals and conservatives), cross-pressuring the public opinion to not collapse
into an all-encompassing divide. Identifying such common ground can inform strategies
to reduce the perception of a rigid “us versus them” divide. Indeed, studies on depolariza-
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tion strategies have shown the effectiveness of emphasizing common-ground beliefs, such
as shared national identities and moral similarities [272]. Yet, there is a lack of research
that systematically identifies bridges between opposing political communities through data-
driven analyses.

To unveil the common ground across political communities, it is essential to consider the
interdependency of multiple political beliefs, and a network view of political belief systems
is highly valuable. As discussed in Chapter 3, a belief network is a representation of inter-
connected beliefs based on the co-endorsement patterns in mass public, and ResIN offers a
powerful tool for capturing these attitude-level nuances and mapping the structure of public
belief systems.

Traditionally reliant on survey data, BNA (as well as ResIN) research has been bound by
upstream availability (i.e., which issues are included in the survey) and downstream re-
searchers’ selections (i.e., which issues are deemed relevant). To overcome these limitations,
I propose extending ResIN to the analysis of social media data to identify common-ground
beliefs at scale, using a human-in-the-loop pipeline that leverages unsupervised topic mod-
eling (e.g., BERTopic) and large language models (LLMs) to systematically identify and
refine belief units from unstructured social media texts. My key research questions include:
What political beliefs are shared between liberal and conservative communities? Under what
circumstances do shared beliefs foster meaningful cross-partisan conversations? How can
recommendation algorithms and content moderation be designed to promote bridge-building
across communities? By addressing these questions, this research enables the analysis of be-
lief systems in open public discourse and expands the topical scope of BNA in polarization
research, which I hope can offer actionable insights into avenues for depolarization.

5.3.4 Comparing attitudinal and behavioral measurements of political
ideologies

The third potential area for investigation is to compare the ideologies measured based on
attitudinal and behavioral data. As summarized in Section 1.3 and further discussed in
Chapters 3 and 4, polarization is usually measured using either behavioral or attitudinal data,
but it is rarely observed jointly from both perspectives. In this section, I argue that not only
is such a joint analysis necessary for defining the applicable scope of existing assumptions
adopted in behavioral observations, but it is also meaningful in revealing the variation in
attitude-behavior interdependency in people’s political participation.

When measuring polarization through online behavioral data, researchers cannot directly
obtain individuals’ ideologies as in survey responses, and thus normally infer individuals’
political ideologies based on their behavioral patterns [e.g., 80, 55, 59, 273]. The linkage
between behavioral preference and ideological leaning is thus an important assumption for
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the latent variable models applied in these studies, which aim to estimate the “ideal point”
of ideology based on the behavioral traces—textual or interactional-an individual has left
on social media. For instance, the model used in Barbera [67] estimates Twitter/X users’
ideological leanings based on their following behavior, assuming the ideological leaning of
a given user is similar to the politicians they follow. This method has been extended to the
reposting behavior [176], assuming that the users would repost those who share a similar
ideology to theirs. For textual behaviors, Vafa et al. [273] utilizes lawmakers’ post corpus
on Twitter/X to estimate their ideological leanings. The assumption for this text-based ideal
points (TBIP) model is that the language one uses on social media reflects their ideological
leaning to a reliable extent that such a model would yield reasonable estimates.

Although some of these works have validated the estimated ideologies with offline sociode-
mographic data [80, 55], the extent to which these assumptions hold across contexts remains
obscure. One might ask, for instance, whether such models can be adapted for other forms
of engagement such as liking, replying, or viewing; or for other platforms such as YouTube
or Reddit. Further, one may also be interested in examining whether the accuracy of such
estimation would have a systematic bias towards those politically interested compared to
those who are politically indifferent and thus ideologically omnivorous. Similarly, is there
a bias towards a certain type of content with left- or right-leaning ideologies? Is there
an asymmetry in the estimation accuracy between the left-leaning and right-leaning users?
Essentially, the nuances to be uncovered here involve the variation in attitude-behavior as-
sociation across different analytical units (e.g., individual, content), especially when these
units constitute the fundamental building blocks of an online political engagement land-
scape where polarization is measured and interpreted. Addressing these questions requires
a dataset that combines digital traces and offline attitudinal assessment, and we encourage
future researchers to explore more novel and responsible data collection pathways (e.g.,
data donation as mentioned in Chapter 4) to disentangle whether behavioral proxies system-
atically misrepresent certain ideological segments, and whether these biases are consistent
across platforms or forms of engagement. Through such analysis, we can better understand
the limitations of current ideological inference models, as well as the nuanced social and
cognitive processes underlying political participation online.
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Appendix A

Intermedia agenda setting during the
2016 and 2020 U.S. presidential elections

A.1 Collecting human labels from MTurk

Our quality-control pipeline involves (a) selecting workers who have acquired a Masters
qualification and reside in the U.S., and (b) blocking workers who fail to correctly label
any of the two screening texts in a single HIT (see the full pipeline in SM Figure A.2). We
include detailed instructions on the top of the task page, where we describe the data sources,
the purpose of our study, and the quality assurance steps we take to decide whether to accept
a submission (see the task interface in SM Figure A.1). Workers are compensated 1.0 USD
per HIT, achieving an hourly rate of 15 USD at a relaxing speed of 4 minutes per HIT.

The entire task costs 407 USD, providing labels for 240 news headlines, 240 survey re-
sponses, and 240 tweets sampled from our data', with each text being read by three MTurk
workers. In total, 40 workers are involved in our study, all of whom have contributed at least
one qualified assignment. 19 out of these workers were blocked from further submitting for
failing the screening questions. Out of 284 total submitted assignments, we use 263 qual-
ified ones (93.36%) to generate labels for 718 text inputs. We assess the reliability of the
workers by computing inter-rater reliability (Krippendorff’s alpha = 0.4385 for 2016 and
0.4251 for 2020) for the primary topic, a commonly used measure in the literature [274].
The reliability, while low by traditional content analysis standards, is significantly higher
than accepted levels for crowd-sourced approaches [275].

"The topic labeling task is designed for three datasets of short texts relevant to presidential candidates: (1)
news headlines, (2) tweets that mentioned at least one candidate’s last name, and (3) survey responses to the
question “what have you read/seen/heard about candidate X?”. Because we only analyze headline data for this
paper, we skip the discussions of the other two datasets.
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A.2 [Evaluating model performance

Our evaluation proceeds as follows. For each text input, we use the model plus a random
human labeler as the model-human pair and randomly select two human labelers as the
human-human pair. For the single-label case (i.e., model option (a)), the agreement score
equals the number of times we receive two identical labels divided by the total number of
text inputs evaluated; for multi-label cases (i.e., model option (b) and (c)), we compute the
Jaccard similarity for each pair of labels and obtain the average. We compare agreement
scores between model-human and human-human for nine model variants with (1) differ-
ent keyword filtering/weighting strategies and (2) varying numbers of topics per text, and
choose the one producing the highest and closest agreement score for the model-human pair
compared to the human-human pair.
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Please read instructions carefully before you start :)

H\ we are a group of researchers from the University of Michigan, School of Information. Our current project is trying to understand the
s covered ns about the p: | candidates during the 2016

« Participation is voluntary.

+ The University of Michigan Health Sciences and Behavioral Sciences Institutional Review Board has determined that this research is
exempt from IRB oversight.

« Please contact contact removed for blind review for any questions or concerns.

Your task: to assign topic labels for 10 candidate-related short texts we sampled from
1. news headiines,
2. tweets, and
3. survey responses to “what have you recently heard/read/seen about [CANDIDATE NAME]" (if/when such text samples are included in the
HIT, they will be pre-fixed with [about CANDIDATE NAME).

Please assign the following three types of topic labels:

Topic Type Guidance

Primary Topic the most relevant topic (if not listed, select "not applicable")
Secondary Topic  the second most relevant topic (if not listed, select "not applicable")
Relevant Topic(s)  all other topic(s) relevant (if any)

*NOTES:

« If there are multiple topics and you cannot decide which is more relevant, please rank topic relevance based on the order of keywords
appearance, i.e., the first (second) keyword that shows up in the short text would link to the primary (secondary) topic.

« [IMPORTANT] Label quality assurance: A small portion of the texts are pre-labeled with the correct topics. You won't be able to
participate in future labeling task if your labeling accuracy falls below a certain threshold for these pre-labeled texts, but you will still
receive full payment for the HITs that you have attentively worked on

Some examples with suggested answers:

Example Type Example(s) Suggested Answers
One dominant topic Biden's immigration pick yields outrage on left Primary: immigration
Secondary:
applical
Relevant: blank
One dominant topic [about Trump] He doesn't want to support renewable  Primary: energy
energy Secondary: not
applicable
Relevant: blank
Multiple relevant topics (with a clear focus) Canada open to renegotiating free trade with Trump. ~ Primary: foreign trade

Secondary: international
affai
Relevant: blank

Multiple relevant topics (with no clear ranking) ~ Biden's covid-19 taskforce recommends withholding  Primary: healthcare
fo0d stamps, rent assistance, healthcare from vaccine  Secondary: socil
refus welfare

Relevant: housing

No relevant topic (candidate-related but no About Trump] He's very good at being Donald Trump.  Primary: not applicable

specific topics are involved; expressing pure about Hillary] T don't trust her. Secondary:

sentiment; applicable

Relevant: blank

No relevant topic (not candidate-related at al)  BLM invades Trader Joe's to protest lack of black access  Primary: not applicable
to grocery stores. Secondary:
applicable
Relevant: blank

Please assign topic labels to the following 10 short texts.
(Hover over topic descriptions to view some examples of short texts.)

wtoxti

Primary Secondary Relevant Topic Description

Topic ~ Topic Topic(s) (guidance, or a few example sub-categories for each topic)
) o o not applicable: none of the following topics is relevant; pure sentiment (e.q., like/dislike) w/o
specific topics
o o agriculture: agriculture policy, trade & marketing; farmers; fisheries & fishing; animal & crop
disease
Examples for civil rights: rights: racial equality; gender equality; voting rights; freedom of speech; gun rights;
1. Teens, pranksters spam fight to privacy; age discrimination; anti-government activities
Trump's voter fraud hotline crime: law enforcement agencies; crimes & crime control; police; prisons; court
administration; child abuse & family issues
2. [about Biden] Heard of A )
Biden's speech about racial culture: cultural policy; culture & entertainment

justice

W defence: defence alliance & agreement; military intelligence; nuclear arms; military aid;
3. Donald Trump’s hotel in D.C. military procurement; domestic security responses; foreign military operations
vandalized with "black lives
matter” graffiti

conomy: banking; small businesses; disaster relef; tax policies; consumer finance; insurance
regu\ation, bankruptcy; corporate management; sectrities & commoditi

o o o ed, : education policy; elementary & primary schools; vocational education; higher
et oae St o wbde aTviEhas Sodente

o o o election ig events: ions; debates; townhalls & rallies;
running mate nomination

o o energy: energy policy; nuclear; electricity; natural gas & oil; coal; altemative & renewable;
conservation & efficiency; research & develop

o) o o anvironment: environmental policy; drmkmg water; waste disposal; hazardous waste; air
pollution; recycling; species & forest; land and water conservatio

o o o foreign trade: trade agreements; exports; private investments; tariff & imports; exchange

rates; cumpemveness trade pollcy

general rnme inte \mental relations;
Bureaucracy; census & stafistics; posla\ Service; procurement & contractors

o o o healthcare: public health and ! health spread & control;
healthcare reform; insurance; meaical facilities; disease prevention: heaithcare research &
deve\opment mental health; drug and alcoho\ abuse

o o o housing: ; rural housing; low-income assistance;
housmg For veteran, the eloerty . the omless

o o o immigration: immigration issues & policies; refugees; citizenship

o o o international affairs: international affairs & foreign aid; resources exploitation; developing
countries; international finance; human rights issues; terrorism; international organizations

o o &) labor: labour, employment & pensions; employee benefits; labor unions; fair labor standards;
worker safety; training; youth

o o o religion: general religious issues; religous groups; church activities; religious freedom

o o &) social welfare: social welfare policy; low-income/elderly/disabled assistance; volunteer
associations; child care

o o o space, science, technology, & communications: issues related to general space, science,

& media presence, space programs,

telecommunication regulanon

o o o i ass i ion; highways, air & railroad travel; maritime
transportation; '\nfraslructure

o o o trump controversies: controversial topics related to Trump, such as family or personal
scandal, health condition speculations and disputable remarks

o o o biden controversies: controversial topics related to Biden, such as family or personal scandal,
health condition speculations and disputable remarks

o o D general controversies: general controversial topics with no main targeting candidate

resftoxt2

Figure A.1: Screenshots of labeling task interface we launched on Amazon Mturk.
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Pre-task screening
- has completed at least 1000 HITs
- acceptance rate = 98%
- residesin US
- has Masters qualification

qualified MTurkers

|
v v

Fail to correctly label any screening text Correctly label at least one screening texts
| !
. Accept
if they spend less than if they spend at least 30 P
30 seconds per HIT seconds per HIT

| |

Reject without paying Reject and pay

Figure A.2: Diagram of our quality-control pipeline on MTurk.

(A1) Topic alignment between low- and high-credibility media (B1) Keyword alignment between low- and high-credibility media
o 10 —— Trump
— Clinton
.00 20 Sanders Endorses Clinton
" Kl Pence Chosen as Rep VP Nominee
goe ¢ 06 Republican Convention
- g Kaine Chosen as Dem VP Nominee
& & 04 Wikileaks Sanders Emails
06 Democratic Convention
0z Trump Asks Russia to Hack Emails
° 2016-07 2016-08 2016-09 2016-10 2016-11 201612 2016-07 2016-08 2016-09 201610 201611 2016-12 Clinton Gets Pneumonia and Faints
Topic alignment between left- and right-leaning media Keyword alignment between left- and right-leaning media ‘Fmtk;‘ Z’ ?QV"”“'“ Comment
irst Debate
10
10 VP Debate
o8 Access Hollywood Tapes
o « Wikileaks Podesta Emails
= ) Second Debate
€ o8 o5
g E Third Debate
8or § o Comey Letter
Election Day
06
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0
201607 201608 201609 201610 201611 201612 2016.07 2016.08 201609 201610 201611 200612
(A2) Topic alignment between low- and high-credibility media (B2) Keyword alignment between low- and high-credibility media
o 10
— Biden
0.9 0.8 —— Trump
= = Federal Officers Police US Cities
Los L6 Harris Chosen as Dem VP Nominee
8 8 Democratic Convention
Bor 3 Jacob lake Shot n Kenosha
04 Republican Convention
s Kyle Rittenhouse Shoots Protesters
02 Trump Visits Kenosha
Woodward Interview
05 RBG Died
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Topic alignment between left- and right-leaning media Keyword alignment between left- and right-leaning media Coney Barrett Nominated
Trump Tx Returs Released
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Figure A.3: (A) Topic and (B) keyword alignment over time in 2016 (Al and B1) and
2020 (A2 and B2). Two pairings of media have been applied: (i) between low- and high-
credibility news media, and (ii) between left- and right-leaning news media.
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Between low- and high-credibility media

Trump 2016 Clinton 2016
rank topic rsquared coefficient constant p-value | rank topic rsquared coefficient constant p-value
1 clinton_controversies  0.0818 -0.3985 0.9783  0.0004 | 1 clinton_controversies  0.3771 -0.8581 0.9519  0.0000
2 healthcare 0.0463 0.3867 09734  0.0078 |2 government_ops 0.3415 0.7204 0.9767  0.0000
3 government_ops 0.0348 -0.0975 09739 0.0215 | 3 healthcare 0.3292 -1.0742 0.9188  0.0000
4 religion 0.0347  0.5750 09738 0.0215 | 4 civil_rights 0.1625 1.0886 0.8809  0.0000
5 energy 0.0187 0.8224 09741  0.0925 |5 defence 0.0485 1.3085 0.8693  0.0064
6 immigration 0.0136 -0.2392 09739  0.1532 | 6 foreign_trade 0.0439 4.3758 0.8706  0.0096
7 environment 0.0130 -0.5692 09731  0.1618 | 7 environment 0.0377 4.9955 0.8741  0.0165
8 sste 0.0126 0.1448 09739  0.1694 | 8 trump_controversies  0.0297 0.6729 0.8750  0.0336
9 intl_affairs 00115 0.1368 09724 0.1891 |9 economy 0.0177  0.6136 0.8706  0.1022
10 foreign_trade 0.0108  0.5925 09723 0.2035 | 10 energy 0.0077 22671 0.8713  0.2826
11 defence 0.0027 0.1100 09731 05243 | 11 labour 0.0063 0.8403 0.8731  0.3298
12 trump_controversies  0.0026 0.0285 0.9746  0.5341 | 12 sste 0.0038 -0.2669 0.8725  0.4481
13 economy 0.0025 0.0698 09729  0.5430 | 13 intl_affairs 0.0030 0.3211 0.8734  0.5031
14 education 0.0021 0.2084 09734 0.5721 | 14 religion 0.0028 0.6867 0.8712 05182
15 civilrights 0.0007  -0.0266 09734 0.7446 | 15  education 0.0010  -0.5998 0.8709  0.6997
16 labour 0.0003  0.0644 09733 0.8464 | 16  crime 0.0010  0.0950 0.8699  0.6969
17 social_welfare 0.0001 -0.0875 09734 0.9063 | 17 social_welfare 0.0006 -0.8843 0.8714  0.7598
18 crime 0.0000 0.0007 09733 0.9945 | 18 immigration 0.0002 0.2195 0.8722  0.8507
Trump 2020 Biden 2020
rank topic rsquared coefficient constant p-value | rank topic rsquared coefficient constant p-value
1 healthcare 0.4583 0.4737 0.9459  0.0000 | 1 biden_controversies ~ 0.4331 -1.3262 10412 0.0000
2 government_ops 0.2056 -0.4172 0.9039  0.0000 |2 healthcare 0.1132 0.5269 0.8452  0.0000
3 sste 0.1400 -0.8924 0.9735  0.0000 |3 sste 0.1115 -1.5748 0.9071  0.0000
4 intl affairs 0.0631 -0.8651 09339 0.0018 | 4 economy 0.0608 1.0088 0.8434  0.0022
5 labour 00593  -2.5242 09155 0.0025 | 5 social_welfare 0.0288  3.3612 0.8529  0.0367
6 education 0.0584 1.5050 0.9247  0.0027 | 6 defence 0.0245 1.3161 0.8400  0.0541
7 energy 0.0389 -2.5416 09152 0.0149 | 7 immigration 0.0152 -1.7457 0.8364  0.1303
8 social_welfare 0.0379 4.8195 09195 0.0162 |8 energy 0.0120 0.7488 0.8432  0.1798
9 trump_controversies  0.0332 -0.2389 09193 0.0246 | 9 foreign_trade 0.0107 1.3465 0.8413  0.2040
10 immigration 0.0315 1.7172 09131 0.0286 | 10 civil_rights 0.0092 02771 0.8371  0.2405
11 environment 0.0266  -1.2478 09129 0.0446 | 11 environment 0.0072  -0.5412 0.8334  0.2992
12 biden_controversies ~ 0.0221 -1.6594 09462  0.0676 | 12 crime 0.0067 -0.2425 0.8412 03143
13 civil_rights 0.0211 -0.2589 09133  0.0742 | 13 intl_affairs 0.0034 0.2468 0.8402  0.4745
14 0.0201 -3.0306 09143  0.0818 | 14 trump_controversies  0.0022 0.1638 0.8371  0.5654
15 0.0107  -0.4614 0.9224  0.2055 | 15  education 0.0012 04482 0.8399  0.6753
16 economy 0.0019  0.1600 09190  0.5917 | 16  government_ops 0.0011 0.0406 0.8460  0.6850
17 crime 0.0013 0.0634 09177 0.6551 | 17 labour 0.0005 -0.2058 0.8399  0.7870
18 religion 0.0000 -0.1049 09183 0.9344 | 18 religion 0.0002 -0.1412 0.8390  0.8626
Between left- and right-leaning media

Trump 2016 Clinton 2016
rank  topic rsquared coefficient constant p-value | rank topic rsquared coefficient constant p-value
1 trump_controversies  0.3421 0.2847 0.9884  0.0000 | 1 clinton_controversies  0.5109  -0.8366 0.9702  0.0000
2 government_ops 0.2855 -0.2427 09773 0.0000 | 2 government_ops 0.4927 0.7247 0.9977  0.0000
3 sste 0.0922 0.3410 09772 0.0001 |3 healthcare 0.2963 -0.8535 0.9295  0.0000
4 clinton_controversies  0.0615 -0.3001 0.9797  0.0021 | 4 civil_rights 0.1551 0.8905 0.8996  0.0000
5 healthcare 0.0538 0.3623 0.9760  0.0040 | 5 defence 0.0303 0.8668 0.8905
6 environment 0.0267  -0.7085 09757 0.0443 | 6 trump_controversies  0.0237  0.5026 0.8945
7 immigration 0.0231 -0.2711 09766  0.0618 | 7 environment 0.0229 3.2566 0.8937
8 religion 0.0224 0.4008 0.9763  0.0660 | 8 foreign_trade 0.0093 1.6879 0.8918
9 economy 0.0209 -0.1762 09772 0.0756 | 9 economy 0.0072 0.3279 0.8916
10 education 0.0074 -0.3383 0.9759  0.2905 | 10 intl_affairs 0.0021 0.2250 0.8933
11 foreign_trade 0.0047 0.3403 09754 04012 | 11 education 0.0012 0.5600 0.8933
12 labour 0.0033  0.2042 09758  0.4789 | 12 religion 0.0010 03518 0.8919
13 energy 0.0031 0.2888 09763  0.4982 | 13 social_welfare 0.0009 0.8794 0.8928
14 civil_rights 0.0022 -0.0409 09761  0.5634 | 14 immigration 0.0008 -0.3322 0.8919  0.7338
15 crime 0.0005 -0.0260 09762 0.7785 | 15 crime 0.0002 -0.0345 0.8930  0.8660
16 defence 0.0005 -0.0400 0.9761  0.7898 | 16 labour 0.0001 0.0661 0.8924 09272
17 social_welfare 0.0002  0.1137 09759 0.8604 | 17 energy 0.0000  0.1051 0.8923  0.9526
18 intl_affairs 0.0001 -0.0114 09761 0.9003 | 18  sstc 0.0000  -0.0246 0.8923  0.9336

Trump 2020 Biden 2020
rank  topic rsquared coefficient constant p-value | rank topic rsquared coefficient constant p-value
1 healthcare 04520 0.3817 0.9539  0.0000 | 1 biden_controversies  0.7565  -1.5721 1.0982  0.0000
2 government_ops 02913 -0.4029 09178 0.0000 |2 sstc 01202 -1.4664 09219 0.0000
3 sstc 0.2464 -0.9607 09911 0.0000 |3 healthcare 0.1155 0.4772 0.8642  0.0000
4 education 0.1291 1.8162 0.9395  0.0000 | 4 foreign_trade 0.0656 2.9863 0.8640  0.0014
5 social_welfare 0.0806 5.7017 09332 0.0004 |5 social_welfare 0.0512 4.0195 0.8752  0.0051
6 labour 0.0713 -2.2454 0.9293  0.0009 | 6 government_ops 0.0315 0.1947 0.8931  0.0286
7 immigration 0.0548 1.8365 09261 0.0037 |7 economy 0.0224 05495 0.8608  0.0656
8 foreign_trade 0.0403 -3.4842 09272 0.0132 | 8 defence 0.0201 1.0680 0.8593  0.0817
9 energy 0.0353 -1.9664 0.9293  0.0204 | 9 immigration 0.0156 -1.5855 0.8561  0.1255
10 intl_affairs 0.0338 -0.5139 0.9409  0.0233 | 10 crime 0.0079 -0.2360 0.8606  0.2747
11 environment 0.0244 -0.9693 0.9275  0.0547 | 11 energy 0.0074 0.5273 0.8614  0.2928
12 civil_rights 0.0232 -0.2202 09275 0.0611 | 12 civil_rights 0.0071 0.2192 0.8570  0.3008
13 economy 0.0227  0.4459 09340 0.0640 | 13 religion 0.0039 05572 0.8571  0.4460
14 biden_controversies  0.0168 -1.1736 09514 0.1116 | 14 environment 0.0034 -0.3347 0.8549  0.4745
15 trump_controversies  0.0092 -0.1019 0.9320 02405 | 15 labour 0.0025 04178 0.8558  0.5407
16 crime 0.0003 -0.0262 0.9317  0.8198 | 16 intl_affairs 0.0016 0.1527 0.8592  0.6218
17 religion 0.0002 0.1607 09311 0.8765 | 17 trump_controversies  0.0006 0.0763 0.8575  0.7653
18 defence 0.0001 0.0442 09311 0.8814 | 18  education 0.0001 0.1030 0.8585  0.9146

Table A.1: Summary table of OLS results to model temporal alignment between low- and
high-credibility media (top), and between left- and right-leaning media (bottom). The de-
pendent variable is the time series of temporal alignment (Pearson’s R) in the overall topic
distribution between low- and high-credibility media, or between left- and right-leaning me-
dia; the independent variable is the time series of the temporal difference in the proportional
attention devoted to a certain topic (high-credibility subtracted by low-credibility, or right-

leaning subtracted by left-leaning).
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Granger causatlity test (low- vs. high-cred, 2016)  Granger causatlity test (low- vs. high-cred, 2020) Granger causatlity test (left vs. right, 2016) ~ Granger causatlity test (left vs. right, 2020)

Trump Clinton Biden Trump Clinton Trump Biden

GvoP 171

cuc 200
TRUC

CIVR

CRIM E
HLTH 200

sSTC

INTL

ECON

DEFC 195
HC LC MT NA HC LC MT NA HC LC MT NA HC LC MT NA LF RT MT NA LF RT MT NA LF RT MT NA

LF RT MT NA

Figure A.4: Granger causality between low- and high-credibility media (the left four
columns) and between left- and right-leaning media (the right four columns). The cell val-
ues are the number of times a given type of IAS relationship appears significant out of 200
bootstrapping runs (sampling 80% of the data). Types of IAS relationship (along the X-axis)
are displayed in abbreviations: HC means led by high-credibility media; LC means led by
low-credibility media; LF means led by left-leaning media; RT means led by right-leaning
media; MT means we found significant results (i.e., mutual interaction) in both directions;
NA means we found no significant results in either direction. Significance threshold for
p-value is 0.05. We include results for the top 10 topics (in descending order) that show
frequently in all news headlines for a given year.
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Trump
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Kaine Chosen as Dem VP Nominee
TRUCH Wikileaks Sanders Emails
CIVR 4 Democratic Convention
CRIM Trump Asks Russia to Hack Emails
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Basket of Deplorables Comment
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INTL VP Debate
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Trump
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GVoP Harris Chosen as Dem VP Nominee
HLTH Democratic Convention
CRIM Jacob Blake Shot in Kenosha
Republican Convention
BIDC Kyle Rittenhouse Shoots Protesters
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CIVR Woodward Interview
RBG Died
SsTC Coney Barrett Nominated
INTL Trump Tax Returns Released
ECON First Debate
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VP Debate
. Hunter Biden Laptop Story
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Figure A.5: Granger causality results between low- and high-credibility media for 2016 (the
first and second figures) and 2020 (the third and fourth figures). We test Granger causalities
in a sliding window of 90 days and display robust results that appear in more than 95% of
the bootstrapping runs. Each plus sign marks the starting point of the 90-day sliding window
with a significant result. We include results for the top 10 topics that show frequently in all
news headlines for a given year.
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Appendix B

Using response-item network (ResIN) to
measure ideological polarization

B.1 ANES included items

Party identification of respondent

(VCFO0301) Generally speaking, do you usually think of yourself as a Republican, a Demo-
crat, an Independent, or what?

1. Strong Democrat

2. Weak Democrat

3. Independent - Democrat
4. Independent - Independent
5. Independent - Republican
6. Weak Republican

7. Strong Republican
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Attitudes regarding five issues

ANES code Abbreviation Description Levels of attitudes
VCF0839 spend_serv Government service-spending scale 7
VCF0806 gov_health Government health insurance scale 7
VCF0809 guar_jobs Guaranteed jobs and income scale 7
VCF0830 aid_black Aid to black scale 7
VCF0838 abort By law, when should abortion be allowed 4

Table B.1: Selected issues from ANES to include in ResIN.

Government service-spending scale

Some people think the government should provide fewer services, even in areas such as
health and education, in order to reduce spending. Suppose these people are at one end of a
scale, at point 1. Other people feel that it is important for the government to provide many
more services even if it means an increase in spending. Suppose these people are at the other
end, at point 7. And of course, some other people have opinions somewhere in between, at
points 2,3,4,5, or 6. Where would you place yourself on this scale, or haven’t you thought
much about this?

Government health insurance scale

There is much concern about the rapid rise in medical and hospital costs. Some people feel
there should be a government insurance plan which would cover all medical and hospital
expenses for everyone. Suppose these people are at one end of a scale, at point 1. Others
feel that medical expenses should be paid by individuals, and through private insurance
plans like Blue Cross. Suppose these people are at the other end, at point 7. And of course,
some people have opinions somewhere in between at points 2,3,4,5 or 6. Where would you
place yourself on this scale, or haven’t you thought much about this?

Guaranteed jobs and income scale

Some people feel that the government in Washington should see to it that every person has a
job and a good standard of living. Suppose these people are at one end of a scale, at point 1.
Others think the government should just let each person get ahead on his/their own. Suppose
these people are at the other end, at point 7. And of course, some other people have opinions
somewhere in between, at pints 2,3,4,5 or 6. Where would you place yourself on this scale,
or haven’t you thought much about this?
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Aid to black scale

Some people feel that the government in Washington should make every effort to improve
the social and economic position of blacks. Suppose these people are at one end of a scale,
at point 1. Others feel that the government should not make any special effort to help blacks
because they should help themselves. Suppose these people are at the other end, at point 7.
And of course, some other people have opinions somewhere in between, at points 2,3,4,5 or
6. Where would you place yourself on this scale, or haven’t you thought much about it?

Legal abortion scale

There has been some discussion about abortion during recent years. Which one of the
opinions on this page best agrees with your view? You can just tell me the number of the
opinion you choose.

1. By law, abortion should never be permitted.

2. The law should permit abortion only in case of rape, incest, or when the woman’s life
is in danger.

3. The law should permit abortion for reasons other than rape, incest, or danger to the
woman’s life, but only after the need for the abortion has been clearly established.

4. By law, a woman should always be able to obtain an abortion as a matter of personal
choice.

B.2 Simulation of a ‘“broken egg” via IRT

We use IRT to set up a polarized attitude system. Under the IRT paradigm, every respondent
has (i) a value 0 for a certain latent variable, and (ii) a so-called item characteristic curve
f(0) for every issue position. f(0) determines the probability of this respondent selecting
a certain issue position [211]. For instance, let us consider a case where the latent variable
is the left-right spectrum and a small (large) value of 0 indicates the left-wing (right-wing)
position. For an issue position “support for gun control”, because left-leaning respondents
are more likely to support gun control in the U.S., we expect f(8) to be greater for smaller 6
(i.e. higher probability for left-leaning respondents to select this issue position), and smaller
for larger 0. Usually, IRT-based probability curves have a bell-shape resembling normal
distributions. For a given issue, if the peak of probability functions for issue positions are
well separated (i.e., they overlap only minimally), people with similar values of 6 would
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concentrate their responses on the same issue position, while people with different values
of 8 would have distinct issue positions. The random model, in contrast, supposes no latent
variable nor any association between issue positions. For each respondent, it assumes that all
possible positions are equally probable. Following the previous example, within the random
model, a right-leaning respondent is equally likely to select any position for a given issue,
regardless of the ideological characteristics of the position. One simple implementation of
this model is given by setting all item characteristic curves to be constant and identical one
another.

To control the level of polarization, we interpolate between a well-polarized IRT model and
the random model using a “randomness” parameter r. Therefore, the final item characteristic
curve for a given r is:

[r(0)=(1=r)f(6)+r/L

where f(0) is the “classic” item-characteristic curve, as obtained from Samejima [211], and
L is the number of issue positions for a certain issue (e.g., corresponding to the number of
response options in a survey). In each simulation round, we fix the number of respondents
(N = 1000), the number of issues (K = 8) and the number of positions per issue (L = 7),
and vary the randomness parameter r. Each respondents has a random value for the latent
variable 6. Based on the issue position probability computed via f,(8), each respondent
selects one position from each of the 8 issues. In this manner, we are able to generate
synthetic datasets resembling survey responses. From here, we repeat the same procedure
generating ResINs and measure linearization for each simulated network.

We display the simulation results in Figure B.1. Panel (a) displays three ResIN snapshots
obtained from r = 0, 0.5, and 1 and panel (b) shows the monotonically negative relationship
between r and linearization. When the system is fully polarized (i.e. r = 0), the correspond-
ing network is stretched flat and fully elongated, exhibiting a high level of linearization.
As we increase the noise by tuning up the randomness parameter, the elongated structure
folds on itself and starts to take a more oval shape, and the linearization level drops rapidly.
Finally, in the case of pure randomness when » = 1 and all issue positions are equally prob-
able', the system displays a round shape with a linearization level approximating 1.

1Ideally, this will result in all issue positions having O correlation to each other, but, due to the finite number
of people, correlations are not exactly 0, but present some random deviation from it. As a result, every issue
position is connected to other random positions, resulting in the circular pattern that we observe in the figure.
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Figure B.1: “Broken egg” simulations with varying randomness parameters r. Subfigure
(a) shows the ResIN output generated by r = 0,0.5,1; subfigure (b) shows the negative
relationship between randomness and linearization level.
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Appendix C

What visible engagement fails to capture
in online political communication

C.1 Engagement form and ideological polarization

To compare the ideological distribution of the different respondent groups, we adopt two
longstanding polarization metrics, variance and kurtosis [77], to quantify if and to which ex-
tent, the measurement of polarization across different respondent groups would yield vary-
ing results. We use variance to measure the statistical dispersion of respondents’ ideological
positions, and kurtosis to measure the overall “tailedness” of these distributions, i.e., how
concentrated a given distribution is around its mean. A more polarized population is ex-
pected to display higher variance and lower kurtosis, with people having more dispersed
ideological positions and a lower level of consensus around the average. If these summary
statistics vary greatly across respondent groups, studies that observe only the visible group
(i.e., commenters) will be evidenced to suffer from measurement bias and should refrain
from making general conclusions about YouTube users. We use Mann-Whitney U test to
compare the distribution of variance and kurtosis of different user groups. We incorporate
survey weights among the respondents by bootstrapping the respondent samples with the
survey weights for 100 rounds, and computing variance and kurtosis for samples obtained
in each round. We use Mann-Whitney U test to compare the distribution of variance and kur-
tosis per 100 rounds of bootstrapping. Given the limited sample size of commenting data,
we examine if the between-sample variation is significantly larger than the within-sample
fluctuation through rerunning the whole process for 200 rounds to assess the robustness of
the Mann-Whitney U test results (see details in Appendix C.8).
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Figure C.1: Distribution of anti-/pro-government scale, left/right scale, political interest
across respondent groups throughout different filtering stage (i.e., the entire sample, the sub-
set with YouTube activities, the subset that has engaged with political content on YouTube,
the subset that has engaged with Hungarian political content on YouTube), and with differ-
ent engagement forms (i.e., viewers, subscribers, commenters).
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Polarization measures for anti-/pro-government scale
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Figure C.2: Distribution of two polarization metrics (i.e., variance and kurtosis) along anti-
/pro-government scale and left/right scale, across respondent groups throughout different
filtering stage (i.e., the entire sample, the subset with YouTube activities, the subset that has
engaged with political content on YouTube, the subset that has engaged with Hungarian po-
litical content on YouTube), and with different engagement forms (i.e., viewers, subscribers,
commenters).
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C.2 Supplementary regression results with left/right ideo-
logical groups and extremity level and joint prediction
for political interest and political leaning
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Figure C.3: Negative binomial regression coefficients with 95% confidence intervals for
viewing, subscribing and commenting activities on Hungarian political content. The DVs
are the number of recorded activities for viewing, subscribing, and commenting from left to
right for each panel. The IVs contains the left/right ideological groups.
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Figure C.4: Negative binomial regression results for viewing, subscribing and commenting
activities on Hungarian political content. The DV's are the number of recorded activities for
viewing, subscribing, and commenting from left to right for each panel. Panel A shows the
model with the anti-/pro-government extremity as IVs, Panel B shows the model with the
left/right extremity as IVs.

142



CEU eTD Collection

400

300

200

——— = ————

100

- = -
- —
- — - - -

Low PI-Centre High PI-Centre Low PI-Anti Gov High PI-Anti Gov Low PI-Pro Gov High PI-Pro Gov

Figure C.5: Marginal prediction of the joint effect of political interest and anti/pro-
government sympathy on the number of viewed political videos
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C.3 Supplementary regression results with DVs breakdown
by channel category
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Figure C.6: Negative binomial regression results for viewing, subscribing and commenting
activities on Hungarian political content, breaking down the channel categories, and using
anti-/pro-government group belongings as I'Vs.
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(A) Anti-government channels
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(B) Neutral channels
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(C) Pro—government channels
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Figure C.7: Negative binomial regression results for viewing, subscribing and commenting
activities on Hungarian political content, breaking down the channel categories, and using
left/right group belongings as IVs.
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C.4 Supplementary regression results with alternative fil-
tering approaches.
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Figure C.8: Negative binomial regression results for viewing, subscribing and commenting
activities on Hungarian political content, including respondents who have not engaged with
any content on YouTube (i.e., from the group ALL in Table 4.1). Panel A shows the model
with the position of anti-/pro-government (A1) and left/right (A2) as IVs. Panel B and B2
shows the model with the extremity of anti-/pro-government (B1) and left/right (B2) as I'Vs.

C.5 Imputing missing values for ideological variables and
supplementary regression results with multiple impu-

tation methods.

For the anti-/pro-government scale, 12% of the responses are Not Applicable / Don’t Know
(NA/DK). We do not think that NA would be anti-government due to self-censorship, as
the average level of interest in politics for NA respondents (2.02) is lower than the average
level of interest in politics for anti-government respondents (3.20), and relatively closer to
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the average level of interest for neutral respondents (2.69). Therefore, an intuitive approach
to impute these missing values is to replace them with the central position with no strong
position on either direction (i.e., 5 for the anti-/pro-government scale, and 4 for the left/right
scale).

However, we also used a multiple imputation approach to make our results robust across
different imputation methods. We included all the independent variables in the imputation
process and used predictive mean matching (PMM). We created five imputed datasets and
calculated the pool results in the regression models, using the “mice” R package. We high-
light the results with the simple imputation in the main text and added that with the multiple
imputation in this section. Here, instead of odds ratios, we use Average Marginal Effects
(AME) to display the pooled regression results, as odds ratios can not be averaged over
different regression runs.
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Figure C.9: Pooled regression results for multiple imputation displaying Average Marginal
Effects (AME). The top subfigure shows the model with pro-/anti-government positions as
IVs, and the bottom subfigure shows the model with left/right positions as IVs.

C.6 Data donation steps: recruitment and collection

We recruit participants through NRC!, an online polling company, using their online access
panel. Recruitment began with NRC sending an invitation email to potential participants.
This email detailed the project’s goals, outlined the incentives available, and provided a link
to the project’s webpage.

'www.nre.hu
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Initially, participants were asked to complete a brief online survey that included a consent
form and screening questions to determine eligibility. This preliminary screening was de-
signed to exclude individuals without regular Google and Facebook profiles. To proceed,
participants needed to review a comprehensive description of the study and consent to par-
ticipate by agreeing to the terms. Without this consent, they were unable to move forward
in the process. Eligible participants were then directed to a webpage that included detailed
instructions for exporting and downloading data from several platforms, including Google,
Facebook, Instagram, Twitter/X, and TikTok. Once participants had downloaded their data,
they uploaded the unaltered files to the project’s website. Providing data from Google and
Facebook was mandatory, while additional incentives were offered for data from Instagram,
TikTok, and Twitter/X. After submitting their data, participants were required to complete
a 30-minute questionnaire that covered a range of topics, including basic demographics, so-
cioeconomic status, and more relevant to our study, political ideologies. This individually-
linked dataset of survey responses and digital traces allows us to observe the sample from
two perspectives—attitude and behavior, and to capture the bias present in studies that collect
data only from online sources.

Sample bias is a crucial question in studies using user-donated data packages or web-
tracking data, as the sampling process in these scenarios is usually less controlled and far
more complicated than a standard survey. Previous studies have mixed results on how biased
these samples were [250, 276, 277]. The variables of our primary interest, political ideol-
ogy and level of interest in politics, correlate significantly with the decision to participate in
[250], but not in all cases in [276].

Some of the participants in our data donation study (162 people) had also participated in a
previous study with other online panel members who were also approached to participate in
the donation study. With this sample of 769 people, we could test the difference between
participating and non-participating panel members, as we had detailed information about
them from the preliminary research. Comparing users who actually donate (N = 162) and
users who are eligible to donate (N = 769), we find that neither political interest nor political
ideology correlates significantly with the decision to participate (see Figure C.10). The most
substantial factors here are demographic variables (i.e., education and age), for which we
apply weighting to adjust these biases (see details in [277]).
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Figure C.10: Logistic regression model result displaying AME for predictors of actual data
donation population.

150



CEU eTD Collection

C.7 Labeling Hungarian political channels
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political videos viewed by our sample
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Figure C.11: Decision process of determining which relevant channels to manually review
from the 11k YouTube channels that are tagged as “politics” or have uploaded political
videos viewed by at least one respondent in our sample.

We rely on YouTube’s topic tagging for channels and videos to have an initial set of polit-
ical channels (i.e., channels with the topic tag “politics”) and political videos (i.e., videos
with the topic tag “politics”). Among the 11,065 channels that are tagged as “politics” or
have uploaded political videos viewed by our sample, we narrow down to a smaller subset
of channels for manual labeling. We perform three rounds of classification to include as
much politically-relevant content as we can in the limited time frame. In each round, we go
through the following channels that can be relevant (see a decision tree illustration in Figure
C.11:

* Round 1: political channels with at least two viewers from our sample

* Round 2: channels that have uploaded at least three political videos viewed by our
sample; and channels that have uploaded one or two political videos viewed by our
sample and in total over 100 videos viewed by our sample
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* Round 3: (from the rest unclassified channels) a random group of 30 channels with
two political videos viewed by our sample (views j 100); a random group of 30 chan-
nels with one political video viewed by our sample (views j 100); and a random group
of 30 channels with the “politics” tag and only one viewer from our sample

In total, we reviewed 4,270 channels, from which we identified 626 Hungarian political
channels. Among these, 139 were classified as pro-government, 276 as anti-government
and 149 as neutral since we focused on the anti-/pro-government scale, the main political
and media cleavages in Hungary. We excluded extreme and conspiracy-focused channels
that did not fit into the pro-government/anti-government dichotomy. This meant leaving out
62 channels, which typically had very low reach in our sample.

Two annotators performed the channel labeling. For validation, we first calculated the an-
notator agreement for the labeling process. We selected 400 channels? from the annotated
ones. First, for classifying whether a channel is a Hungarian political channel or not, the an-
notator agreement was 0.79, and the kappa value[? ] was 0.56. The cross-validation kappa
value weighted by the number of videos watched was 0.67, so annotators were more likely
to encode the same for larger, more watched channels. In addition, we examined the label
match for Hungarian political channels regarding their anti-/pro-government leaning. The
base kappa value for these channels was 0.42, but the weighted kappa value was 0.83. This
difference between the unweighted and weighted kappa meant that the annotators gave the
same labels for popular channels with a larger amount of audience, and they only struggled
with smaller channels, which have relatively minimal impact on downstream analysis. This
result is important to us from the validity side, as the bigger channels have more weight in
the user-level analysis.

C.8 Comparing two distributions with unbalanced sample
sizes

When we compare the distributions of user-level metrics (i.e., the mean and variance of the
content ideology) and channel-level metrics (i.e., the El index of nodes in channel networks),
the sample sizes of two distributions can vary greatly. This makes the one-time comparison
result in doubt, as the sample fluctuation within-group may produce spuriously significant
results that overstate the between-group difference. In order to disentangle this within-group
effect from our between-group comparison, we perform multiple rounds of KS-test between

>Hungarian political channels were under-represented among all channels. In order to be able to assess the
coding accuracy of Hungarian channels in the coding evaluation, we over-represented these channels in the
sample of 400 (200 such channels were included in the sample of 400).
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bootstrapping samples and compare the between-group statistics against the within-group
ones.

Let’s say we want to compare the two distributions, d; and d, of sample size N; and N,
respectively. In our case, usually N # N,, with one sample being much larger than the other.
Therefore, to account for fluctuations in distribution due to small sample size, we perform
1,000 rounds of bootstrapping to assess whether the difference between two distributions are
significantly larger than the fluctuations within each sample. To operationalize this, we first
perform KS-test for d and d;, obtain the empirical test statistics 7,. We then bootstrap d;
and d; with survey weights for 1,000 rounds; in each round, we obtain a bootstrapped sample
d (db) of size N3 = min(Ny,N,), perform KS-test for d; and d/ (d, and d5) and obtain the
test statistics 7} (7). With the distribution of 7{ and T,, we can compute two p-values
for T,, p1 and p,, which indicate whether the difference between d; and d» is significantly
larger than within-sample fluctuations of d; and d>. Only when both p; and p, are below
the significance threshold (e.g., 0.05), we can reject both null hypotheses and conclude that
the difference between d; and d5 is significantly larger than the sample fluctuations within
d; and d>.
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Variable Metric Sample 1  Sample 2 U statistics 95% CI  p-value 95%  post-hoc

CI power %

left/right variance ALL YTB [19106.4,22668.3] [0.02, 0.89] 10
left/right variance ALL POL [19650.6,22991.0] [0.01, 0.89] 21.5
left/right variance ALL POL-HU [22733.3,26180.1] [0.0, 0.02] 97.5
left/right variance YTB POL [18578.8, 22406.7] [0.03, 0.92] 8
left/right variance YTB POL-HU [21357.3,25349.2] [0.0, 0.24] 88
left/right variance POL POL-HU [21012.9, 24889.7] [0.0, 0.38] 72
left/right variance VIEW SBSC [19719.8,23529.0] [0.0,0.89] 23.5
left/right variance VIEW CMNT [3747.8, 6008.0] [0.0, 0.0] 100
left/right variance SBSC CMNT [3839.1, 5996.3] [0.0, 0.0] 100
left/right kurtosis  ALL YTB [16701.2,20069.6] [0.0, 0.8] 26.5
left/right kurtosis  ALL POL [16538.7,19973.6] [0.0, 0.77] 27.5
left/right kurtosis ALL POL-HU [12831.3, 15957.2] [0.0, 0.0] 99.5
left/right kurtosis YTB POL [18081.4,21847.4] [0.07,0.95] 3.5
left/right kurtosis YTB POL-HU [14162.6, 17496.6] [0.0, 0.03] 96
left/right kurtosis POL POL-HU [13997.4,17885.9] [0.0,0.07] 93.5
left/right kurtosis VIEW SBSC [25549.6, 29051.2] [0.0, 0.0] 100
left/right kurtosis VIEW CMNT [34703.6, 36837.4] [0.0, 0.0] 100
left/right kurtosis SBSC CMNT [32500.4, 34987.2] [0.0, 0.0] 100
anti-/pro-gov variance ALL YTB [15545.6, 18945.7] [0.0, 0.36] 66
anti-/pro-gov  variance ALL POL [13905.6, 18097.1] [0.0, 0.1] 93
anti-/pro-gov  variance ALL POL-HU [20601.6, 23912.8] [0.0, 0.6] 50
anti-/pro-gov  variance YTB POL [16838.8, 20510.6] [0.01, 0.89] 23
anti-/pro-gov  variance YTB POL-HU [23293.4,26780.1] [0.0, 0.0] 98
anti-/pro-gov  variance POL POL-HU [24195.4, 27632.6] [0.0, 0.0] 100
anti-/pro-gov variance VIEW SBSC [22189.4,25894.4] [0.0, 0.06] 93
anti-/pro-gov  variance VIEW CMNT [1089.6, 2504.6] [0.0, 0.0] 100
anti-/pro-gov  variance SBSC CMNT [1085.6, 2319.4] [0.0, 0.0] 100
anti-/pro-gov  kurtosis  ALL YTB [19865.3, 23623.4] [0.0, 0.88] 32
anti-/pro-gov  kurtosis ~ ALL POL [18361.2,22271.2] [0.04, 0.94] 7.5
anti-/pro-gov  Kkurtosis ALL POL-HU [12770.8, 16268.9] [0.0, 0.0] 100
anti-/pro-gov  kurtosis  YTB POL [16635.5,20729.8] [0.0, 0.84] 20
anti-/pro-gov  kurtosis YTB POL-HU [11342.6, 14931.4] [0.0, 0.0] 100
anti-/pro-gov  kurtosis POL POL-HU [12485.8, 16440.7] [0.0, 0.0] 100
anti-/pro-gov  Kkurtosis VIEW SBSC [4621.0, 7042.3] [0.0, 0.0] 100
anti-/pro-gov  kurtosis VIEW CMNT [35405.4, 37324.0] [0.0, 0.0] 100
anti-/pro-gov  Kkurtosis SBSC CMNT [38050.0, 39189.2] [0.0, 0.0] 100

Table C.1: Results of Mann-Whitney U test that compares the distribution of variance and
kurtosis yielded from 200 bootstrapped samples. We rerun the entire boostrapping and
Mann-Whitney U testing for 200 rounds to obtain the 95% confidence intervals of U statis-
tics and p values. In this table, each row reports the results of 200-round Mann-Whitney U
tests for a polarization metric (e.g., variance) of certain ideological variable (e.g., anti-/pro-
government) between two groups of respondents (i.e., sample 1 and sample 2). We highlight
the rows with bolded texts when the difference is statistically significant, that is, when the
entire 95% CI of p-value falls below the threshold of 0.05. We estimated post-hoc power by
computing the proportion of 200 runs with a p-value below 0.05.
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Metric ~ Sample 1 N1 Sample 2 N2 Bootstrapped pl p2

size
mean viewers 640 subscribers 299 299 0.000 0.000
mean viewers 640 commenters 72 72 0.000 0.000
mean subscribers 299 commenters 72 72 0.004 0.006
variance viewers 640 subscribers 299 299 0.000 0.000
variance viewers 640 commenters 72 72 0.000 0.000
variance subscribers 299 commenters 72 72 0.000 0.002

Table C.2: Results of Kolmogorov—Smirnov test to compare the distribution of mean and
variance of content ideology consumed by viewers, subscribers and commenters. A post-
hoc power analysis based on 200 repeated runs revealed 100% power, with all p-values
below 0.05.

Sample 1 N1 Sample 2 N2 Boostrapped pl p2 Post-hoc
size power (%)

View 545 Comment 105 105 0.000 0.000

Subscribe 197 Comment 105 105 0.000 0.000

Table C.3: Results of Kolmogorov—Smirnov test to compare the distribution of node-level
EI index across channel networks based on visible (i.e., commenting) and invisible (i.e.,
viewing and subscribing) engagement forms. A post-hoc power analysis based on 200 re-
peated runs revealed 100% power, with all p-values below 0.05.

C.9 Descriptive statistics for main variables

Activity N N (at least 1 activity) Mean Median SE
Viewing 690* 690 9998 4700 477
Subscribing 735 680 579 15 4.8
Commenting 735 314 202 0 4.7
Viewing political channel 690* 640 192.7 435 18

Subscribing political channel 735 299 1.5 0 0.2
Commenting political channel 735 72 1.4 0 0.4
Timespan (2018 May - 2023 May) 707** - 49.1 59 0.7

* People without any viewing likely turned down tracking of viewing activity or deleted their view data.
** People with only subscription activity do not have timespan data, as YouTube does not timestamp sub-
scriptions.

Table C.4: Descriptive statistics for main variables.
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Category  Viewing Subscribing Commenting Timespan

Gender

Male 10548 (806)  50.8 (5.8) 30.2 (10.1) 50.5 (1.0)
Female 9501 (575) 64.3 (7.4) 11.3(2.9) 47.8 (0.9)
Age

Below 35 15524 (967) 63.1(6.49) 33.6(13.9) 47.2 (1.3)
35-49 10782 (788) 64 (7.3) 16.3 (4.4) 52.2 (0.9)
50-64 5428 (784) 33.2(6.4) 10.6 (5.1) 48 (1.6)
65+ 3986 (640) 724 (279) 17.9(6.8) 47 (2.4)
Education

Low 10778 (1175) 73.7 (11.1) 33.8 (18.4) 46.1 (1.8)
Middle 11378 (763) 61.6 (8.9) 21.4 (4.6) 50.5 (1.0)
High 7498 (655) 37.1 (5.3) 5.2 (0.9) 50.4 (1.0)

Table C.5: Descriptive statistics—mean and (standard error)—for viewing, subscribing, com-
menting, and timespan by gender, age, and education.

Category  Pol. Viewing Pol. Subscribing Pol. Commenting

Gender

Male 252 (33.2) 1.9 (0.3) 1.4 (0.4)
Female 139 (18.8) 1.2 (0.2) 1.4 (0.6)
Age

Below 35 235 (33.8) 1.4 (0.2) 1.2 (0.4)
35-49 188 (29.0) 1.4 (0.2) 1.1 (0.4)
50-64 135 (22.5) 1.2 (0.2) 1.3(1.1)
65+ 211 (80.9) 2.5(0.9) 2.8 (2.2)
Education

Low 128 (29.1) 1.0 (0.2) 0.8 (0.3)
Middle 245 (32.3) 2.1(0.4) 2.8 (1.0)
High 196 (29.7) 1.3 (0.2) 0.3 (0.1)

Table C.6: Descriptive Statistics—mean and (standard error)—for political viewing, subscrib-
ing, commenting, and timespan by gender, age, and education
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C.10 Selective exposure for the same sample group

For the same group of respondents (N = 57)

0.8 [ viewing 1.4 1
subscribing 1.2
[ commenting
0.6 1.0 A
>
- -
Z g 081
go4 S 0.6
0.4
0.2
0.2 1
0.0 . . . 0.0 . . . .
-1.0 -05 0.0 0.5 1.0 00 02 04 06 08 1.0
average leaning score variance

Figure C.12: Average leaning score (left) and the leaning variance (right) for the Hungarian
political content the respondents have engaged with through viewing, subscribing or com-
menting. Here we present the result generated from the same group of respondents who
have engaged in all three forms. An average leaning score of -1 (+1) means consuming
only anti-government (pro-government) content, and 0 means consuming balanced or neu-
tral content. Density functions are generated by kernel density estimate (KDE) methods.
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