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Chapter 1

Introduction

1.1 Motivation

In the digital age, the ways in which people communicate, exchange information, conduct
business, and generate knowledge have undergone a profound transformation. Digital tech-
nologies now influence nearly every aspect of society, reshaping social, political, and economic
structures (Helbing, 2018; Jabtonski et al., 2020; Morrar et al., 2017). This transformation
is inherently dual in nature: it enables participation, innovation, and efficiency, while also
fostering market and power concentration, accelerating the rapid spread of misinformation,
and granting a few platforms disproportionate control over information flows through opaque
algorithms (Lazer et al., 2018; Tirole, 2023). These opposing dynamics have far-reaching
implications, as digital systems not only amplify existing risks but also offer unprecedented
tools for understanding and addressing them.

The Global Risk Report 2024, published by the World Economic Forum (2024), identifies mis-
and disinformation, inflationary pressures, economic downturn, and societal polarization as
dominant short- and long-term global risks. These risks reinforce one another and reflect a
rapidly evolving and interconnected global landscape. The report further highlights additional
concerns such as the cost-of-living crisis, calling on governments to support citizens with
targeted and timely interventions. The 2025 report emphasizes the increasing role of Al-
generated misinformation and the intensifying geopolitical and geoeconomic tensions (WEF,
2025). Together, these insights highlight the urgency of equipping policymakers with tools that
can anticipate emerging risks and support timely, evidence-based interventions in a world where
crises are no longer isolated, but tightly interwoven phenomena with global consequences.

To address the challanges, researchers increasingly rely on digital data sources that provide
behavior-based insights into social dynamics, captured through everyday online and offline in-
teractions (Blazquez & Domenech, 2018; Einav & Levin, 2014; Varian, 2014). The emergence
of Big Data has introduced vast and complex datasets that capture high-frequency information.
The widely recognized “5 Vs” framework (Volume, Velocity, Variety, Veracity, and Value)
highlights the unprecedented scale, speed, heterogeneity, and complexity of these data, as
well as their potential to generate economic and societal value (Bello-Orgaz et al., 2016).
Recent estimates suggest that over 402.74 million terabytes of data are created, captured,
copied, and consumed daily (Statista, 2025), with roughly 85% being unstructured content
such as text, images, audio, and video content (Eberendu et al., 2016). In research, data
collection has increasingly shifted toward author-collected data and the use of laboratory and
field experiments, facilitating more targeted and credible empirical analyses (Hamermesh,



Chapter 1. Introduction

2013; Steelman et al., 2014). These developments underscore how Big Data is reshaping
the empirical toolkit of researchers, offering new avenues to understand and respond to the
societal impacts of rapid digital transformation.

With the rapid expansion in the volume and diversity of new data sources, novel analytical
approaches are essential to harness their full potential. In this context, computational techniques
such as machine learning (Jordan & Mitchell, 2015), natural language processing (Feuerriegel
et al., 2025), and econometrics (Einav & Levin, 2014) are increasingly developed and applied
to extract insights from complex, real-world data. This marks a shift from theory- or survey-
based research toward large-scale behavioral analyses. In the past five decades, empirical
methods have become central to economic research, alongside the rise of Computational
Social Science, which uses computational techniques to analyze social behavior (Bao et al.,
2025; Lazer et al., 2009; Prieto Gutiérrez et al., 2023). Crucially, these methodological
innovations allow researchers to go beyond what individuals say they do and instead analyze
actual behavior, providing a more robust foundation for evidence-based research.

This shift has sparked a wide array of interdisciplinary research. As global challenges grow
more complex, so does the need for interdisciplinary approaches that integrate domain expertise
with computational precision. Researchers increasingly work with large-scale datasets, from
social media data and transaction records to election results and survey data, to better understand
contemporary societal issues. These data sources have enabled empirical studies on topics such
as political polarization, misinformation spread, public health behavior, and the evaluation of
policy interventions (e. g., Bér et al., 2025; Bavel et al., 2020; Bonaccorsi et al., 2020; Briel
et al., 2022; Geissler et al., 2022; Grebe et al., 2024; Robertson et al., 2023). These studies
employ an increasingly diverse methodological toolkit combining econometric identification
strategies with techniques from data science and predictive analytics. The result is a rapidly
evolving research landscape that blends behavioral insight with computational rigor, enabling
novel contributions to longstanding social and economic questions.

This dissertation examines three interrelated societal challenges emerging from the digital
transformation and globalization: the spread of misinformation, the regulation of digital
platforms, and the effectiveness of economic policy responses to global shocks. Each reflects
a key pressure point where digital technologies intersect with societal outcomes:

* Misinformation on Social Media: The rise of digital platforms facilitates the rapid
spread of misinformation by enabling low-cost, high-speed content dissemination across
vast audiences, often without editorial oversight (Ecker et al., 2022; Shao et al., 2016;
Vosoughi et al., 2018). Viral misinformation can shape opinions and harm society,
especially during elections and crises (e. g., Allcott & Gentzkow, 2017; Bakshy et al.,
2015; Bar et al., 2023; Del Vicario et al., 2016; Geissler et al., 2022). Scholars have
highlighted the role of social media virality, algorithmic amplification, and filter bubbles,
in exacerbating these trends (Allcott & Gentzkow, 2017; Lazer et al., 2018). From
Chapter 2 to Chapter 5, this dissertation contributes empirical insights grounded in
behavioral data and platform analytics to enhance understanding of misinformation
diffusion mechanisms and the effectiveness of countermeasures such as fact-checking.

* Regulation of Digital Platforms: As digital platforms play an increasingly central
role in shaping markets, public discourse, and access to information, governments are
responding with new regulatory frameworks to address concerns over market dominance,
content governance, and transparency. In the European Union, the Digital Services
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Act (DSA) and Digital Markets Act (DMA) represent landmark efforts to establish
clearer responsibilities for online intermediaries and gatekeepers. The DMA targets anti-
competitive behavior; the DSA mandates content moderation, algorithmic transparency,
and user protection (Chiarella, 2023; Laux et al., 2021). In Chapter 6, we perform an
empirical analysis of how platforms implement these new requirements, focusing on
content moderation practices under the DSA.

* Evaluation of Policy Interventions: Global crises, such as the COVID-19 pandemic,
the Russian invasion of Ukraine and other geopolitical conflicts have triggered inflation-
ary pressures not seen in decades (Habib & Kayani, 2024; Maurya et al., 2023; Vieira
& da Silva, 2024). Among the main contributors to these price surges are energy and
fuel prices, which are highly sensitive to external shocks and have played a central role
in recent inflation dynamics. In this context, Chapter 7 of this dissertation examines
how fuel prices responded to the fuel discount introduced in various European countries
in 2022 and whether fuel stations passed on the reduced tax to consumers.

To address these issues, this dissertation argues that Big Data, when paired with appropriate
analytical and computational methods, is essential for understanding and mitigating societal
and economic risks in the 21st century. It combines diverse data sources with robust empirical
strategies, drawing on publicly available datasets, web-scraped information, and original
survey data to analyze real-world behavior in the digital age. The applied methods are tailored
to each research question and include negative binomial regression, staggered difference-in-
differences, and hierarchical modeling to account for nested structures. Additionally, natural
language processing (NLP) techniques are used to extract topics, sentiment, and semantic
patterns from unstructured text and media. Through this interdisciplinary, data-driven approach,
the dissertation seeks to deepen understanding of real-world challenges and critically evaluate
the effectiveness of relevant interventions and policy measures.

1.2 Research Framework and Thesis Structure

In this doctoral dissertation, I present a collection of six research papers, divided into three
key topics: Misinformation on Social Media, Regulation of Digital Platforms, and Evalua-
tion of Policy Interventions. Table 1.1 provides an overview of the six papers, co-authors,
their publication status, and individual contributions. The aim of all papers is to provide an
understanding of different societal and economic risks. To address the research questions,
appropriate econometric and computational methods are employed. This section offers a brief
overview of each topic and paper and outlines the structure of the subsequent chapters.

1.2.1 Misinformation on Social Media

In recent years, social media has become a primary source of news and information for billions
of people worldwide (Lazer et al., 2009; Pew Research Center, 2016). Platforms like Facebook,
X, Instagram, and TikTok have transformed how people consume information, interact with
news, and engage in public discourse (Levy, 2021; Shore et al., 2018). In 2024, 54% of U.S.
adults and 45% of German adults reported that they consume news on social media, a slight
increase compared to previous years (Behre et al., 2024; Pew Research Center, 2024).

As social media becomes increasingly central to how people consume information, the volume
and spread of misinformation have grown significantly. Unlike traditional news outlets that
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Table 1.1: Overview of individual contributions to co-authored papers.

Paper | Diffusion of Community Fact-Checked Misinformation on Twitter

Co-authors | Nicolas Prollochs

Status | Published in Proceedings of the ACM on Human-Computer Interaction, Volume 7, Issue
CSCW2, https://doi.org/10.1145/3610058
Contribution | 75%

Paper

Believability and Harmfulness Shape the Virality of Misleading Social Media Posts

Co-authors | Nicolas Prollochs

Status | Published in Proceedings of the ACM Web Conference 2023 (WWW’23),
https://doi.org/10.1145/3543507.3583857
Contribution | 75%

Paper ‘ Community Notes Increase Trust in Fact-Checking on Social Media

Co-authors | Kirill Solovev & Nicolas Prollochs

Status | Published in PNAS Nexus, Volume 3, Issue 7, July 2024, pgae217,
https://doi.org/10.1093/pnasnexus/pgae217
Contribution | 40%

Paper ‘ Characterizing AI-Generated Misinformation on Social Media

Co-authors | Nicolas Prollochs
Status | Working Paper (submitted to ICWSM), https://doi.org/10.48550/arXiv.2505.10266
Contribution | 75%

Paper | Content Moderation on Social Media in the EU: Insights From the DSA
Transparency Database

Co-authors | Nicolas Prollochs

Status | Published in Companion Proceedings of the ACM Web Conference 2024 (WWW’24
Companion), https://doi.org/10.1145/3589335.3651482
Contribution | 75%

Paper ‘ Pass-Through of Temporary Fuel Tax Reductions: Evidence from Europe

Co-authors | Phil-Adrian Klotz & Maximilian Maurice Gail

Status | Published in Energy Policy, Volume 183, December 2023,
https://doi.org/10.1016/j.enpol.2023.113833
Contribution | 33.33%

rely on rigorous editorial oversight, social media platforms largely lack such verification
mechanisms, enabling the rapid dissemination of both accurate and misleading content (Lazer
et al., 2018; Shore et al., 2018). This has raised serious concerns about the credibility of
online information and users’ ability to distinguish trustworthy sources from unverified claims.
Recent studies reflect this urgency, with academic publications on social media misinformation
rising from about 20 annually between 2014 and 2017 to roughly 160 per year between
2020 and 2022 (Pérez-Escolar et al., 2023). The architecture of social media platforms
encourages habitual behavior that undermines critical evaluation of content (Ceylan et al.,
2023). Alarmingly, just 15% of the most habitual sharers are responsible for around 40% of
false news circulation (Ceylan et al., 2023), and during the 2020 U.S. presidential election,
a small group of “supersharers” accounted for approximately 80% of the fake news spread
(Baribi-Bartov et al., 2024).

Misinformation spreads differently than true content, often traveling faster and reaching
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broader audiences (Del Vicario et al., 2016; Friggeri et al., 2014; Vosoughi et al., 2018).
Content that contains emotional or sensational language, particularly when it evokes anger
or moral condemnation, tends to go viral by triggering social cues such as high engagement
metrics, which further incentivize user interaction and entrench misinformation in a feedback
loop (Chuai & Zhao, 2022; Epstein et al., 2023; Prollochs et al., 2021a, 2021b; Solovev &
Prollochs, 2022). This cycle is intensified by partisanship and confirmation bias, which lead
users to preferentially engage with content from co-partisans that align with their preexisting
beliefs, reinforcing echo chambers and increasing resistance to correction (Altay et al., 2023;
Barberi et al., 2015; Ceylan et al., 2023; Moravec et al., 2019, 2020; Mosleh & Rand, 2022).
In addition, users with lower cognitive ability are less capable of discerning misinformation
(Pennycook & Rand, 2019a, 2019b; Roozenbeek et al., 2020), and are more likely to believe
repeated falsehoods due to the familiarity effect (Ecker et al., 2022; Pennycook et al., 2018).

In response, social media platforms have increasingly explored proactive and reactive measures
to reduce misinformation exposure and improve content discernment. Central to these efforts
are countermeasures that help users to navigate misleading content more effectively. Common
interventions include media literacy training (e. g., Brashier et al., 2021; Bruns et al., 2024;
Guess et al., 2020; Wang et al., 2025), nudges (e. g., Pennycook et al., 2021), and fact-
checking (e. g., Berger et al., 2025; DeVerna et al., 2024; Walter et al., 2020). Research on the
effectiveness of these interventions does not clearly favor one over the others; instead, they
are increasingly seen as complementary tools that support users in identifying and resisting
misinformation (Bak-Coleman et al., 2022; Kozyreva et al., 2024).

Among these interventions, fact-checking, typically conducted by experts and implemented
through visible warning labels or professional assessments, has emerged as one of the most
prominent and extensively studied approaches. It has consistently been shown to reduce belief
in and engagement with false content (Clayton et al., 2020; Martel et al., 2024a; Pennycook
et al., 2020). However, expert fact-checking faces multiple challenges such as scalability due
to the limited number of human experts (Martel et al., 2024b; Pennycook & Rand, 2019a),
and distrust, particularly among Republican users (Pennycook & Rand, 2019a; Resnick et al.,
2023). Surveys indicate that 70% of Republicans and half of all U.S. adults believe that
fact-checkers are biased (Poynter, 2019). Therefore, even if a social media post is flagged, its
influence on users may remain minimal because of insufficient trust in the source (Brandtzaeg
& Folstad, 2017). Automated systems using NLP and machine learning can scale efficiently
but struggle with accuracy and data limitations (Ducci et al., 2020; Godel et al., 2021; Wu et al.,
2019). A promising alternative is community-based fact-checking, leveraging the “wisdom of
crowds”. Studies show that politically balanced, non-expert ratings, even from relatively small
groups, correlate strongly with expert fact-checks (Allen et al., 2021; Pennycook & Rand,
2019a) and decentralized networks enhance their effectiveness (Frey & van de Rijt, 2021).

Building on the promise of crowdsourced fact-checking as a scalable and politically neutral
alternative, X (formerly Twitter) has implemented one of the most prominent examples:
Community Notes (X, 2021). Formerly launched as Birdwatch in January 2021, Community
Notes allows users to collaboratively identify and annotate misleading content directly on
the platform. Registered contributors can submit notes (i. e., brief textual explanations)
on posts and identify them as misleading or not misleading. The notes are then rated by
other contributors as “helpful” or “not helpful” (Préllochs, 2022). For a note to be publicly
displayed, it must receive at least five helpful ratings from contributors with diverse political
and ideological perspectives, a mechanism designed to minimize partisan bias and promote
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factual integrity (Wojcik et al., 2022; X, 2024). Importantly, the data and all underlying
algorithms are publicly available, ensuring transparency and enabling independent analysis.
As of June 2025 more than one million contributors have written almost two million notes for
more than 1.2 million posts, making it the most extensive real-world deployment of crowd-
sourced fact-checking. The initiative is being continuously developed to improve its quality,
visibility and reach (X, 2025).

From aresearch perspective, the implementation of Community Notes on X presents substantial
opportunities for exploring a variety of scientific questions. In recent years, a wide range
of studies have demonstrated that Community Notes can be an effective tool to combat
misinformation under certain conditions. Prollochs (2022) showed early on that notes tend to
be written for posts considered misleading and are disproportionately directed at content with
high engagement or authored by socially influential users. However, these notes often elicit
lower consensus and are more likely to be perceived as argumentative (Pilarski et al., 2024).
Bobek and Prollochs, 2025 show that being fact-checked by Community Notes does not effect
the authors follower base significantly. Notably, Allen et al. (2021) and Wojcik et al. (2022)
provide evidence that contributor partisanship influences both note-writing and note-rating
behavior, with users more likely to rate notes from counterpartisans as unhelpful. More recent
research shows that the most important factors of helpfulness are whether notes are supported
by external sources, and whether these sources are politically biased or not, with politically
neutral sources increasing helpfulness ratios the most (Solovev & Préllochs, 2025). At the
linguistic level, Prollochs (2022) and Phillips et al. (2024) find that notes written in a neutral
tone receive the highest helpfulness scores, while those with emotionally charged or highly
negative language are rated as less helpful. Addressing the trust issues that expert fact-checkers
face, we were able to show that Community Notes are perceived as more trustworthy than
traditional misinformation flags and enhance users’ ability to detect misleading content across
the political spectrum (see Chapter 4).

The impact of Community Notes on user engagement has also been a key focus of research.
While we show that misleading posts with notes are less viral than non-misleading posts (see
Chapter 2) and that easily believable and not particularly harmful noted posts are significantly
more viral (see Chapter 3), Chuai, Tian, et al. (2024) argue that the system remains too slow to
counteract the initial virality of such content. However, Chuai, Pilarski, et al. (2024) show that
over time, notes can reduce reposts by approximately 61.4%. Further analyses indicate that
Community Notes are especially effective in reducing engagement with posts by less influential
users, those with neutral or mildly negative sentiment, and those discussing health-related
topics (Chuai, Pilarski, et al., 2024). Furthermore, recent evidence suggests that the display of
community fact-checks significantly increases expressions of negativity, anger, disgust, and
moral outrage in replies, indicating that users view misinformation as a violation of social
norms and react emotionally when falsehood is exposed (Chuai et al., 2025). In Chapter 5, we
extend this line of research by using Community Notes to detect and characterize Al-generated
misinformation, revealing systematic differences in content, authorship, and virality compared
to human-generated misleading posts.

Taken together, these findings suggest that while Community Notes may not fully prevent the
initial spread of viral misinformation, they hold considerable potential to reduce long-term
engagement with misleading content. As such, Community Notes represent a promising and
scalable strategy for mitigating misinformation online; one that warrants continued empirical
investigation, particularly regarding which types of notes and source posts drive the strongest
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effects. Based on the strong scientific support of the concept, other social media platforms have
begun piloting similar initiatives in the U.S., namely “Footnotes” on TikTok (TikTok, 2025),
“Community Notes” on Facebook and Instagram (Meta, 2025), and “Notes” on YouTube
(YouTube, 2024).

As outlined in the preceding sections, papers I have co-authored contribute to the expanding
body of research on misinformation and community-based fact-checking, which has received
growing academic attention in recent years. In the following, I provide a more detailed
overview of the individual papers. Each contribution is revisited to outline its specific research
focus, methodology, and key findings, thereby highlighting its relevance and implications
within the broader discourse on combating misinformation online.

Chapter 2: Diffusion of Community Fact-Checked Misinformation on Twitter

In Chapter 2, we examine the diffusion of community fact-checked misinformation that has
been identified via Community Notes (called Birdwatch at the time of the study) during the
projects’ pilot phase. During this phase, a limited number of contributors in the US were able
to annotate posts as misleading or not misleading, add a textual explanation that provides
context to the tweet, and answer a set of checkbox questions characterizing the tweet (e. g.,
types of misinformation). We aim to analyze differences in the diffusion of posts identified as
misleading and not misleading. To this end, we draw upon a large dataset of more than 15,000
posts that have been annotated by Community Notes contributors between January 2021 and
February 2022.

This research paper has been published in the following conference proceedings:

Drolsbach, C.P. & Nicolas Prollochs (2023). Diffusion of Community Fact-Checked
Misinformation on Twitter. Proceedings of the ACM on Human-Computer Interaction,
Volume 7, Issue CSCW2

We quantify the virality (i. e., Retweet Count) of misleading vs. not misleading posts using an
explanatory regression model, while controlling for the time elapsed between the publication
of the post and the fact-check, the sentiment of the post, and the social influence of its author
(i. e., follower count, followee count, account age, verification status). In contrast to previous
research, which focused primarily on misinformation that has been fact-checked by experts,
our results show that misleading posts are expected to receive 35.85% fewer retweets than not
misleading posts. A comparison of characteristics of our dataset with the rumors analyzed by
Vosoughi et al. (2018) reveals that differences are partially explainable by the fact that different
types of fact-checkers focus on different targets. Community Notes contributors tend to fact-
check posts from larger accounts with greater social influence, while expert fact-checkers tend
to focus on rumors that are shared by smaller accounts. Further, we find significant differences
between different types of misinformation: misleading posts categorized as “Manipulated
Media” or “Satire” receive more retweets than not misleading posts, while those labeled
“Factual Error”, “Missing Important Context”, “Unverified Claim as Fact” and “Other” receive
fewer retweets. Contributing to the discourse on whether social media users tend to exploit a
tool like Community Notes, we show through a user study that the majority of fact-checks is
perceived as reliable, while only a relatively small share is seen as purposely deceptive.

Our results underline the potential of community-based fact-checking as a scalable and trust-
worthy tool to combat misinformation on social media, particularly by targeting content that is
relevant to social media users but may be overlooked by expert fact-checkers. This highlights
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that expert- and community-based approaches could complement each other well, given their
differing selection criteria and focus areas. However, our findings also suggest that differences
in sample selection play a key role in explaining divergent results across studies and must
be carefully considered in future research. Notably, our study is limited by its observational
design, its focus on X’s Community Notes pilot (which was not visible to most users), and
the potential non-representativeness of the contributor base, all of which constrain the gener-
alizability of our findings and point to the need for future controlled experiments and field
validations.

Chapter 3: Believability and Harmfulness Shape the Virality of Misleading Social Media
Posts

In Chapter 3, we dive deeper into the underlying characteristics of misinformation that influence
their virality, namely their perceived harmfulness and believability. We utilize the same dataset
as in Chapter 3, but focus on posts identified as being misleading. This research paper has
been published in the following conference proceedings:

Drolsbach, C.P. & Nicolas Prollochs (2023). Believability and Harmfulness Shape the
Virality of Misleading Social Media Posts. Proceedings of the ACM Web Conference
(WWW’23)

A unique feature of X’s Community Notes initiative is that, besides identifying misleading
posts and writing a textual note, contributors can also rate the perceived believability and
harmfulness of the posts (this feature was available until October 2023). Building on this, our
study not only analyzes the diffusion of crowd fact-checked misinformation, but also examines
how underlying characteristics of misinformation are associated with its virality.

To this end, we specify an explanatory regression model that explains the virality of misleading
posts based on their preceived believability and harmfulness, while controlling for variables of
social influence. Our results show that posts that are perceived as believable receive 217.09%
more retweets, while posts that are perceived as harmful receive 41.32% fewer retweets. In
order to assess the accuracy of the contributor-assigned characteristics, we conducted a user
study with seven U.S.-based, English-speaking participants who rated the believability and
harmfulness of 150 misleading tweets. The results show that posts labeled as believable
or harmful via Community Notes were also perceived as significantly more believable and
harmful by independent annotators, supporting the validity of these classifications.

Altogether, our results indicate that post characteristics play a key role in the virality of
misinformation. Specifically, misleading posts that are easily believable and not particularly
harmful are significantly more viral. From a theoretical perspective, this may be explained by
the hedonic mindset of social media users, which describes that if users do not believe the
content or perceive it as harmful, sharing it may be less enjoyable. This insight has practical
implications for the design of fact-checking and moderation strategies, as platforms may
prioritize expert review of content that is both believable and potentially harmful. However,
our findings are observational and limited to the Community Notes pilot phase, and future
work should explore whether these patterns generalize across platforms, populations, and more
mature community fact-checking environments.
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Chapter 4: Community notes increase trust in fact-checking on social media

In Chapter 4, we tackle another challenge in fact-checking: trust. Surveys show that more than
50% of Americans distrust expert fact-checkers and accuse them of biased ratings (Poynter,
2019), although research shows that fact-checkers do not disproportionately fact-check politi-
cians from one political side (Greene et al., 2025). Focusing on crowd-based fact-checking, we
aim to analyze whether this mistrust can be resolved. This research paper has been published
in the following journal article:

Drolsbach, C.P. & Nicolas Prollochs (2024). Community notes increase trust in fact-
checking on social media. PNAS Nexus, Volume 3, Issue 7, pgae217

We conducted a survey with more than 1800 U.S. participants who were presented with
different types of fact-checks and asked to what extent they trusted these fact-checks. As
extensions, we also analyzed participants’ ability to discern misleading and not misleading
posts, as well as their sharing behavior. By fitting a hierarchical logistic regression model
to predict whether a fact-check was rated as trustworthy, we found that Community Notes
were perceived as significantly more trustworthy than simple misinformation flags across both
sides of the political spectrum. Our findings demonstrate that context plays a critical role in
the effectiveness of fact-checking interventions. Participants consistently rated text-based
community notes, which explain why a post is misleading (i. €., explain the context of a post),
as significantly more trustworthy than simple, context-free misinformation flags. Therefore,
this trust boost was not due to the source of the fact-check (community vs. experts), but rather
the presence of explanatory context. We also observed that this effect is not uniform across
political groups. Trust in fact-checks, and the impact of community notes, varied depending on
participants’ political alignment and the ideological congruence of the misinformation. Specif-
ically, community notes improved the discernment of politically concordant misinformation,
but had less impact on politically discordant content, which users likely already perceived as
clearly false.

In addition, our results reinforce the notion that partisanship shapes users’ reactions to mis-
information interventions. Participants who preferred Trump over Biden were significantly
less likely to trust any form of fact-checking and showed lower accuracy in distinguishing
misleading from accurate posts. They were also more likely to re-share misinformation. These
findings are consistent with prior research showing that right-leaning users are more skeptical
of fact-checks and tend to place more trust in content aligned with their preexisting beliefs.
While community notes did enhance overall post discernment, they did not consistently reduce
users’ intention to share misleading content compared to basic misinformation flags. This high-
lights the persistent gap between recognizing misinformation and acting upon that knowledge.
Altogether, our results underscore the importance of political identity and cognitive bias in
shaping the effectiveness of fact-checking strategies and suggest that context-rich, transparent
interventions like community notes offer a promising, though not complete, solution to the
misinformation challenge.

While our study offers valuable insights, it also has some limitations. The fact-checks were
applied only to verifiably misleading posts, leaving out false positives and untagged misinfor-
mation that frequently appear in real-world scenarios. Additionally, since our sample consisted
solely of U.S. participants, the results may not extend to different cultural or political contexts.
Moreover, the controlled experimental setting cannot fully replicate the complex environment
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of social media, where factors like peer influence and platform algorithms heavily shape user
behavior.

Chapter 5: Characterizing AI-Generated Misinformation on Social Media

Artificial intelligence (Al) technologies, especially generative tools like deepfakes, are trans-
forming the social media landscape by enabling the creation of highly realistic synthetic content
(Feuerriegel et al., 2023; Westerlund, 2019). These advancements blur the line between real
and fabricated media, complicating efforts to detect misinformation and posing new challenges
for platform moderation. Despite growing concern over the societal risks of Al-generated
misinformation, including the erosion of trust in media and democratic institutions, its actual
spread and characteristics on social media remain poorly understood.

In Chapter 5, we address that gap by conducting a large-scale empirical analysis of Al-
generated misinformation on X. Using a dataset of num91452 posts that have been identified
as misleading via Community Notes between January 2023 and January 2025, we examine
how Al-generated misinformation differs from traditional misinformation in terms of content
and author characteristics, virality, and perceived harmfulness and believability. This research
paper is currently a working paper and has been submitted to be published at ICWSM 2026:

Drolsbach, C.P. & Nicolas Préllochs (2025). Characterizing Al-Generated Misinformation
on Social Media. Working Paper. Submitted to ICWSM

Prior studies show that the increased scalability, multilingualism, and multimodality of Al-
generated content complicate its detection and mitigation (Feuerriegel et al., 2023; Timmerman
et al., 2023). Human-centered methods that focus on individual classification often struggle
to accurately identify Al-generated misinformation (Bray et al., 2023; Cooke et al., 2024;
Diel et al., 2024; Groh et al., 2024; Somoray & Miller, 2023) and lack scalability (Groh et al.,
2024). Machine learning-based methods offer a scalable solution, but so far struggle with
accuracy (Almars, 2021; Feuerriegel et al., 2023; Zhou et al., 2023).

In contrast to prior approaches that attempt to detect Al-generated content by analyzing the
media itself, we propose an LLM-based identification method that leverages human-written
fact-checks. Specifically, we build an OpenAl Assistant that interprets the textual explanation
attached to Community Notes to determine whether it refers to Al-generated content. This
allows us to identify 4 577 (i. e., 5.06%) misleading posts that contain Al-generated content.
We also use an LLM-based approach to annotate a subset of posts with a wide variety of
content characteristics, such as the sentiment, topic, harmfulness and believability.

Our analysis of Al-generated versus non-Al-generated misleading posts reveals notable differ-
ences in content characteristics, author profiles, and engagement dynamics. Al-generated posts
are significantly more likely to include visual media (images or videos) and are often more
positively toned, with a higher share of positive sentiment and a focus on entertainment-related
topics. This contrasts with non-Al-generated posts, which more frequently cover serious issues
like health and exhibit a more negative sentiment. Al-generated content also tends to be shared
by users with larger follower bases, older accounts, and fewer followees, suggesting these
posts originate from more influential or established accounts. Furthermore, accounts sharing
Al-generated misinformation have slightly more conservative partisanship scores, although
both groups lean conservative overall.
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In terms of virality, Al-generated misinformation significantly outperforms non-Al content,
receiving more retweets, likes, and impressions even after controlling for media type, account
characteristics, and content topics (all p < 0.01). Regression results show that media presence
strongly boosts engagement, and verified accounts enjoy higher visibility but not necessarily
more user interaction. Interestingly, while Al-generated posts are more engaging, they are
slightly less likely to be seen as harmful or believable compared to non-Al-generated ones.
While the effects reach statistical significance, their magnitude is small. Al-generated posts
are more viral and visually engaging, but users rate their believability and potential harm as
similar to, or marginally lower than, those of human-produced misinformation.

Our results implicate that Al-generated content should be treated as a distinct dimension in
misinformation research, prompting the need for updated models of detection, spread, and
engagement that go beyond traditional account-based or content-based heuristics. This has
implications for platform moderation strategies, which must adapt to the unique virality and
persuasive qualities of Al-generated misinformation, potentially through community-driven
tools and cross-platform coordination. However, these findings are subject to several limita-
tions: the study is observational and cannot infer causality, focuses solely on platform X, and
relies on user-flagged misinformation, which may overlook less visible cases. Future research
should address these gaps by expanding to other platforms, investigating causal pathways, and
examining the effectiveness of fact-checking across different types of misinformation.

1.2.2 Regulation of Digital Platforms

Given the growing relevance and importance of online platforms and digital markets, the
European Union (EU) introduced specific rules with the aim of creating “a safer and more
open digital space”.! While the Digital Markets Act (DMA) is concerned with economic
imbalances, unfair business practices by “gatekeepers” and their negative consequences on
competition, the Digital Services Act (DSA) focuses on the dissemination of illegal content
on platforms. It addresses issues such as the liability of online intermediaries for third party
content, safety of users or asymmetric due diligence obligations for different providers or
information society services (Chiarella, 2023; Laux et al., 2021). Both regulations entered
into force in November 2022, followed by varying applications dates for different markets
and platforms.

Under the DSA, online platforms must take responsibility for user safety, illegal content,
and transparency. Specifically, they must provide clear reporting mechanisms for illegal
content, such as yearly Transparency Reports (Article 15, DSA) and inform users about
content moderation decisions by submitting so-called Statements of Reasons (SoRs) for each
moderation activity (Article 17, DSA). In line with Article 24(5) of the DSA, all submitted
SoRs must be collected and published on the DSA Transparency Database (DSA-TDB).
Platforms must also ensure transparency in advertising and how their algorithms work. Larger
platforms (i. e., Very Large Online Platforms (VLOPs)) face stricter obligations, including risk
assessments, external audits, and cooperation with EU authorities.

From the platform’s perspective, content moderation involves a range of tools and processes
designed to prevent the spread of illegal or harmful content within online communities (Grim-
melmann, 2015; Roberts, 2020). To enforce community guidelines and reduce harmful

"https://digital-strategy.ec.europa.eu/en/policies/digital-services-act-package, accessed: 15.04.2025
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behavior, social media providers use measures such as content removal, visibility reduction,
labeling, and account suspensions (Jiang et al., 2023). While effective moderation is essential
for maintaining safe and civil spaces (Gillespie, 2018), it can sometimes have unintended
consequences, including increased rule-breaking or the migration of harmful content to other
platforms (Ali et al., 2021; Chang & Danescu-Niculescu-Mizil, 2019; Mitts et al., 2022; Russo
et al., 2023). Over the last years, moderation has evolved from small manual review teams to
sophisticated systems combining automated detection with human moderators (Meta, 2023;
TikTok, 2023; X, 2023; YouTube, 2023), both paid (Roberts, 2020) and voluntary (Matias,
2016). Despite these advancements, platforms generally keep the specifics of their moderation
practices confidential (Gillespie, 2018; Jhaver et al., 2019).

Chapter 6: Content Moderation on Social Media in the EU: Insights From the DSA
Transparency Database

While the DSA clearly describes the obligations online platforms need to fulfill, it remains
unclear how platforms act. In Chapter 6, we provide a holistic early look at content moderation
decisions of social media platforms in the EU. By analyzing more than 156 million Statements
of Reason, that were submitted in the first two months to the DSA-TDB, we aim to reveal
differences in content moderation practices and how social media platforms implement their
obligations under the DSA. Due to the unique dataset of the EU’s DSA-TDB we are able
to provide the first empirical analysis of real-world content moderation in the EU across
platforms. This research paper has been published in the following conference proceedings:

Drolsbach, C.P. & Nicolas Prollochs (2024). Content Moderation on Social Media in the
EU: Insights From the DSA Transparency Database. Companion Proceedings of the ACM
Web Conference (WWW'24)

Our analysis covers a broad set of factors to understand which content types are typically
targeted (RQ1), the specific reasons driving moderation decisions (RQ2), the role of automation
in these processes (RQ3), and the kinds of moderation actions platforms apply (RQ4).

Our results reveal significant variation in the moderation volume, disproportionate to the
number of monthly active users in the EU. TikTok accounted for the majority of submissions
(64%), followed by Facebook (22%) and Pinterest (8%), while other platforms such as X,
Snapchat and LinkedIn each account for less than 0.5%. Further, most moderated content was
categorized as text or video, though many platforms used a vague “Other” category, reflecting
the limitations of a one-dimensional content classification system. Content was mostly flagged
as incompatible rather than illegal, except on X, which focused on illegal content, especially
violence and pornography. Moderation actions also varied: most platforms favored content
removal or demotion, while Snapchat emphasized disabling content and X failed to clearly
distinguish between demotion and removal.

We observe that moderation was largely automated: 60.67% of decisions were fully automated,
and 99% of these involved automatically detected violations. TikTok mainly employs fully
automated moderation, while Facebook, Pinterest and Instagram combine automated means
and human intervention. The other platforms (i. e., YouTube, Snapchat, X, and LinkedIn),
however, performed the majority of their interventions manually. A regression analysis
shows that automatically detected content is vastly more likely to be automatically moderated,
particularly for text. Regarding content moderation actions (RQ4), most platforms primarily
removed content (55.15%), followed by demotion (25.15%), and account suspension or

12
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termination (14.96%). Pinterest emphasized demotion, while Snapchat relied heavily on
disabling content. X, notably, did not clearly differentiate between demotion and removal,
often labeling content as “not suitable for work.”

Overall, our findings reveal inconsistent content moderation practices across platforms, sug-
gesting varied interpretations of DSA obligations. These differences in volume, focus, and
automation raise questions about enforcement consistency and transparency. This highlights
the need for clearer regulatory guidance and more standardized reporting to ensure uniform
handling of rule-breaking content.

1.2.3 Evaluation of Policy Interventions

In addition to developments in the digital world, today’s global landscape is increasingly shaped
by major crises and conflicts, such as the COVID-19 pandemic and the Russian invasion of
Ukraine. These events have contributed to rising consumer prices (Habib & Kayani, 2024;
Maurya et al., 2023; Vieira & da Silva, 2024). Energy prices, in particular, are highly sensitive
to global disruptions and have played a significant role in recent inflation dynamics (Kpodar &
Abdallah, 2017). Their volatility stems from demand shocks and geopolitical uncertainty, often
leading to immediate market reactions (Baumeister & Kilian, 2016; Kilian & Vega, 2011).
Within the energy sector, fuel prices are especially reactive and impactful. They respond
quickly to global conflicts and supply risks, with even anticipated disruptions causing sharp
price swings (Baumeister & Kilian, 2016; Kpodar & Abdallah, 2017). This effect is reinforced
by inelastic demand and limited short-term alternatives (Alberini et al., 2022; Frondel & Vance,
2010). As a result, fuel prices directly influence transportation costs, household budgets, and
the broader price level. They also affect economic behavior, from travel patterns to interest in
alternative energy. Thus, energy and fuel markets serve as key transmission channels through
which global crises translate into everyday economic pressure.

Chapter 7: Pass-through of Temporary Fuel Tax Reductions: Evidence from Europe

Given these circumstances, Chapter 7 investigates whether government interventions can
effectively relieve consumers from rising fuel costs. In early 2022, several European countries
implemented temporary fuel tax reductions in response to increasing energy prices. However,
given the oligopolistic structure of fuel retail markets, it remains uncertain to what extent
these tax cuts were actually passed through to end consumers. This research paper has been
published in the following journal article:

Drolsbach, C.P., Maximilian Maurice Gail & Phil-Adrian Klotz. (2023). Pass-through of
Temporary Fuel Tax Reductions: Evidence from Europe. Energy Policy, Volume 183

To evaluate our research question, we employ a staggered Difference-in-Differences (DiD)
design that exploits the variation in the timing and size of tax reductions across countries.
The empirical strategy compares fuel price changes in treatment countries, namely France,
Germany, and Italy, to a control group consisting of Austria, Estonia, Lithuania, and Latvia,
which did not implement similar tax policies during the same period. This quasi-experimental
design allows for causal inference under the parallel trends assumption, which is assessed
through event study specifications and placebo tests. A key advantage of this method is its
ability to isolate the effect of tax interventions from confounding market dynamics and to
leverage policy heterogeneity across countries for robust identification.

13



Chapter 1. Introduction

The dataset includes daily fuel prices disagreggated by fuel type (gasoline vs. diesel), for
52 unique country-service-station-chain combinations over 241 days, spanning the period
from January 3 to August 31, 2022, allowing for a granular analysis of pricing behavior. To
calculate margins, we deduct fuel taxes and the crude oil cost component from the consumer
prices. Additionally, we control for country-level indicators capturing characteristics of both
the upstream and downstream fuel markets (i. e., global oil prices, refinery output, number
of gas stations, total imports of oil and petroleum products) and include time-, country-, and
chain-fixed effects.

The results suggest heterogeneous pass-through rates over time depending on country and fuel
type. However, we conclude with two key findings: (1) The average pass-through rates are
very high, which is why we can assume a full-shifting of the temporary tax reductions, and (2)
the estimated average pass-through rates are higher for gasoline than for diesel. This may be
due to specific conditions in the 2022 European energy market—particularly, high demand
for diesel as a heating substitute and fuel for industrial use following the Russian invasion of
Ukraine. Additionally, the timing and extent of tax pass-through to consumers differ across
countries and fuel types, with full pass-through occurring at varying speeds and occasional
periods of over-shifting. While the mostly one-to-one pass-throughs meant that average retail
margins remained largely unchanged, petroleum companies initially earned some positive
margins shortly after the tax reductions, before the full pass-through was completed.

Our results indicate that temporary fuel tax reductions seem to be an effective short-term mea-
sure to lower consumer prices. However, policy makers must carefully consider distributional
concerns and climate-related consequences. For instance, the tax cuts may disproportionately
benefit wealthier households with higher fuel consumption, and they may counteract long-term
decarbonization efforts. In addition, the fiscal cost of such policies raises questions about their
sustainability and efficiency relative to alternative interventions.
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Chapter 2

Diffusion of Community Fact-Checked
Misinformation on Twitter

Abstract

The spread of misinformation on social media is a pressing societal problem that platforms,
policymakers, and researchers continue to grapple with. As a countermeasure, recent works
have proposed to employ non-expert fact-checkers in the crowd to fact-check social media
content. While experimental studies suggest that crowds might be able to accurately assess
the veracity of social media content, an understanding of how crowd fact-checked (mis-)
information spreads is missing. In this work, we empirically analyze the spread of misleading
vs. not misleading community fact-checked posts on social media. For this purpose, we
employ a dataset of community-created fact-checks from Twitter’s “Birdwatch” pilot and map
them to resharing cascades on Twitter. Different from earlier studies analyzing the spread
of misinformation listed on third-party fact-checking websites (e. g., snopes.com), we find
that community fact-checked misinformation is less viral. Specifically, misleading posts are
estimated to receive 36.62% partial explanation may lie in differences in the fact-checking
targets: community fact-checkers tend to fact-check posts from influential user accounts with
many followers, while expert fact-checks tend to target posts that are shared by less influential
users. We further find that there are significant differences in virality across different sub-types
of misinformation (e. g., factual errors, missing context, manipulated media). Moreover, we
conduct a user study to assess the perceived reliability of (real-world) community-created fact-
checks. Here, we find that users, to a large extent, agree with community-created fact-checks.
Altogether, our findings offer insights into how misleading vs. not misleading posts spread
and highlight the crucial role of sample selection when studying misinformation on social
media.

Keywords: social media, misinformation, fact-checking, crowd wisdom, information diffusion
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2.1 Introduction

There are widespread concerns that misinformation on social media is damaging societies and
democratic institutions (Lazer et al., 2018). In recent years, viral misinformation on social
media has been observed repeatedly, especially during elections and crisis situations (Allcott &
Gentzkow, 2017; Bakshy et al., 2015; Geissler et al., 2022; Oh et al., 2013; Pennycook, Bear,
et al., 2020). In order to identify and eventually curb the spread of misinformation, expert fact-
checkers of various third-party fact-checking organizations (e. g., snopes.com, politifact.com,
factcheck.org) regularly investigate the veracity of social media rumors (Vosoughi et al., 2018;
Wu et al., 2019). However, due to the limited amount of fact-checks that can be performed by
these organizations, they are unable to accommodate the amount and speed of content creation
on social media. Misinformation thus often continues to circulate and may only be detected
when a tremendous amount of attention is paid to it (Epstein et al., 2020). Furthermore, about
50% of all Americans have concerns regarding the independence of the experts’ assessment,
1. e., distrust professional fact-checkers (Poynter, 2019). Given these challenges, the real-world
impact of fact-checks from third-party fact-checking organizations may be limited.

In order to address the drawbacks of the expert verification approach, recent research has
proposed to employ non-expert fact-checkers in the crowd to verify social media content
(Allen et al., 2020, 2021; Bhuiyan et al., 2020; Drolsbach & Préllochs, 2023; Epstein et al.,
2020; Godel et al., 2021; Micallef et al., 2020; Pennycook & Rand, 2019). The rationale is that
the “wisdom of crowds” (i. e., the aggregated assessments of non-expert fact-checkers) could
result in an accuracy that is similar to that of experts (Frey & van de Rijt, 2021). Compared to
the expert verification approach, harnessing the crowd for fact-checking would enable large
numbers of fact-checks that could be carried out at higher frequency and lower cost (Allen
et al., 2021; Pennycook & Rand, 2019). Furthermore, crowd-based fact-checking has the
potential to remedy the problem of distrust in expert fact-checkers (Allen et al., 2021). Recent
experimental studies indeed yielded promising results — suggesting that even relatively small
crowds achieve an accuracy comparable to that of experts when fact-checking social media
content (Bhuiyan et al., 2020; Epstein et al., 2020; Pennycook & Rand, 2019).

While community-based fact-checking systems might be able to produce accurate fact-checks
at scale, an understanding of how (mis-)information diffuses through social networks is still
in its infancy. Prior works have analyzed the spread of rumors that have been fact-checked
by third-party fact-checking organizations (Friggeri et al., 2014; Prollochs et al., 2021a;
Solovev & Prollochs, 2022b; Vosoughi et al., 2018). For instance, several studies have
compared characteristics of resharing cascades (e. g., how often a social media post is shared)
across true vs. false rumors, finding that falsehood is more viral than the truth (Prdllochs
et al., 2021a; Solovev & Prollochs, 2022b; Vosoughi et al., 2018). However, third-party
fact-checking organizations tend to fact-check rumors on topics that are deemed to be of
interest to a broad public and/or particularly concerning from the perspective of experts, while
other misinformation remains unnoticed. In contrast, community fact-checked posts represent
social media content that has been deemed worth fact-checking by actual social media users.
Analyzing their diffusion would shed new light on the question of whether misinformation is
more viral than the truth — or rather a result of sample selection. However, we are not aware
of any previous research analyzing the diffusion of crowd fact-checked posts on social media.
Moreover, little is known about which social media posts are picked up in community-based
fact-checking and how the spread varies across different types of misinformation (e. g., factual
errors, missing context). Answering these questions is the goal of this study.
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2.2. Background

Research questions: In this work, we empirically analyze the diffusion of misleading vs.
not misleading social media posts that have been fact-checked by the crowd. Specifically, we
address the following research questions:

* (RQ1) How do community fact-checked posts spread on social media? Are misleading
posts more viral than not misleading posts?

* (RQ2) Are there differences in virality across different sub-types of community fact-
checked misinformation (e. g., factual errors, missing context, manipulated media)?

* (RQ3) How do the fact-checking targets differ between community fact-checkers and
expert fact-checkers?

* (RQ4) To what extent are (real-world) community-created fact-checks perceived as
reliable?

Data & methodology: We collect a comprehensive dataset consisting of community-created
fact-checks from Twitter’s Birdwatch platform. We then map the fact-checks to the fact-
checked tweet using Twitter’s historical API. This allows us to calculate the size of the resharing
cascades (i. e., the number of retweets) in order to measure the virality of the fact-checked
post. Subsequently, we implement an empirical regression model and link the fact-checking
label to the number of retweets. We further control for the sentiment of the post and the
social influence of its author (e. g., number of followers, account age, etc.). We then perform
hypothesis testing to analyze whether posts categorized as being misleading are more viral
than not misleading posts.

Contributions: This study is the first to analyze the spread of crowd fact-checked misinfor-
mation on social media. We show that crowd fact-checked misleading posts are /ess viral than
not misleading posts. Specifically, misleading posts are estimated to receive 36.85 % fewer
retweets than not misleading posts. Notably, this finding differs from earlier work (Vosoughi
et al., 2018), which has analyzed the diffusion of misinformation that has been fact-checked
by third-party fact-checking organizations. We find that a partial explanation may lie in differ-
ences in the fact-checking targets: our findings suggest that community fact-checkers tend to
fact-check posts from influential user accounts with many followers, while expert fact-checks
tend to target rumors that are shared by less influential accounts. Our results further imply
that there are significant differences in virality across different sub-types of misinformation
(e. g., factual errors, missing context, manipulated media).

As an additional contribution, we conduct a user study to assess the perceived reliability of
(real-world) community-created fact-checks. Here, we observe that users agree with a large
share of community-created fact-checks, whereas only a relatively small share is perceived as
being purposely deceptive (e.g., due to motivated reasoning).

2.2 Background

2.2.1 Misinformation on Social Media

Over the last decade, the importance of social media (e. g., Twitter, Facebook) as an information
platform for large parts of the society has been subject to considerable growth (Lazer et al.,
2018; Pew Research Center, 2016). On social media, any user can share information with
his/her follower base (Shore et al., 2018). Compared to traditional media, there is little control
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authority or oversight regarding the contents. For this reason, social media is highly vulnerable
to the spread of misinformation. In fact, previous research suggests that social media platforms
have become primary enablers of misinformation (e. g., Lazer et al., 2018). Online exposure
to misinformation can affect how opinions are formed and causes detrimental societal effects
(e. g., Allcott & Gentzkow, 2017; Bér et al., 2023b; Del Vicario et al., 2016). The latter has
been repeatedly observed, especially during elections (e. g., Allcott & Gentzkow, 2017; Bakshy
et al., 2015) and crisis situations (e. g., Geissler et al., 2022; Oh et al., 2010, 2013; Pennycook,
McPhetres, et al., 2020; Solovev & Prollochs, 2022b; Starbird et al., 2014).

A key feature of modern social media platforms is that users can also share others’ content to
increase its reach (e. g., “retweeting” on Twitter). This can result in misinformation cascades
going “viral.” While previous research has mainly focused on characteristics and (negative)
consequences of misinformation on social media, studies analyzing differences in the virality
across misleading vs. not misleading posts are relatively scant. Existing works in this direction
have analyzed the diffusion of posts that have been fact-checked by third-party fact-checking
organizations (Friggeri et al., 2014; Prollochs & Feuerriegel, 2023; Prollochs et al., 2021a;
Solovev & Prollochs, 2022b; Vosoughi et al., 2018). These studies found that misinformation
diffuses significantly more virally than the truth. We are not aware of any previous study
analyzing the spread of misleading vs. not misleading social media posts that have been
fact-checked by the crowd.

2.2.2 Fact-Checking on Social Media

Reliable fact-checking strategies are a crucial necessity to limit the spread of misinformation
on social media. Currently, there are two predominant strategies. First, expert assessment in
the form of human experts can check the veracity of content; e. g., via third-party fact-checking
platforms (e. g., snopes.com, politifact.com, factcheck.org). Second, machine learning models
can be trained to automatically classify misinformation (Ma et al., 2016; Qazvinian et al., 2011).
For this purpose, content-based features (e. g., text, images, video), context-based features
(e. g., time, location), or propagation patterns (i. €., how misinformation circulates among
users) can be used. However, both methods suffer from several drawbacks. While experts
classify misinformation fairly accurately, this strategy is difficult to scale due to the limited
number of available humans experts (Micallef et al., 2022; Pennycook & Rand, 2019). Besides,
a large proportion of social media users do not trust the independence of expert fact-checkers
(Poynter, 2019). In contrast, machine learning-based approaches are straightforward to scale,
but typically show comparatively low accuracy (Wu et al., 2019).

Given the trade-off between scalability and accuracy of existing approaches, recent works
have proposed to outsource fact-checking of social media content to non-expert fact-checkers
in the crowd (Allen et al., 2020, 2021; Bhuiyan et al., 2020; Epstein et al., 2020; Godel et al.,
2021; Micallef et al., 2020; Pennycook & Rand, 2019). The rationale is that the “wisdom
of crowds” (i. e., the aggregated assessments of non-expert fact-checkers) could result in
an accuracy that is comparable to that of experts (Frey & van de Rijt, 2021; Woolley et al.,
2010). The ability of crowds to ensure relatively trustworthy and high-quality accumulation
of knowledge has been observed in various other online settings, such as on platforms like
Wikipedia and Stack Overflow (e. g., Dissanayake et al., 2019; Han et al., 2021; Okoli et al.,
2014). Applying a crowd-based approach to fact-check social media posts might have several
benefits (Pennycook & Rand, 2019). First, compared to expert assessments, significantly
larger quantities of posts could be fact-checked. Second, trust issues with expert fact-checkers
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could, at least partially, be mitigated. Experimental studies suggest that, while the assessment
of individuals might be noisy and ineffective (Woolley et al., 2010), the crowd can be quite
accurate in identifying misleading social media content. Here the assessment of even relatively
small crowds has been found to be comparable to those of experts (Bhuiyan et al., 2020;
Epstein et al., 2020; Pennycook & Rand, 2019). Despite challenges with politically motivated
reasoning (Allen et al., 2022; Prollochs, 2022), recent research further shows that users,
to a large extent, perceive community-created fact-checks for social media posts as being
informative and helpful (Prollochs, 2022).

2.3 Data

2.3.1 Data Source: Community Fact-Checked Tweets from Birdwatch

We analyze the spread of social media posts that have been community fact-checked on
Twitter’s Birdwatch pilot (X, 2021). On January 23, 2021, Twitter launched Birdwatch as
a new approach to address misinformation on their platform (X, 2021). The goal is to fact-
check social media content by harnessing the “wisdom of crowds.” Birdwatch allows users
to identify tweets they believe are misleading or not misleading and write notes that provide
context to the tweet (so-called “Birdwatch notes™). Users can fact-check any tweet they come
across on Twitter — directly when browsing Twitter (see examples in Fig. 3.1). Community
fact-checking on Birdwatch comprises (1) checkbox questions that allow users to state whether
a tweet might or might not be misleading (Fact-Checking Label); (2) an open text field (max
280 characters) where users can explain their judgment (Text Explanation), and (3) checkbox
questions in which users can characterize the tweet and select reasons why they perceive the
tweet as being misleading (Misinformation Type). For the latter, Birdwatch users can select
one (or multiple) of the following answer options: (i) “Factual Error,” (ii) “Missing Important
Context,” (ii1) “Unverified Claim as Fact,” (iv) “Outdated Information,” (v) “Manipulated
Media,” (vi) “Satire,” and (vii) “Other.”

After a Birdwatch note is submitted, the fact-check is publicly available for other users to
read. Birdwatch also features a rating system, which allows users to rate the helpfulness of
the community-created fact-checks. These ratings are supposed to help identify which notes
are most helpful and raise their visibility. Specifically, Birdwatch notes are shown directly
on the fact-checked tweet if (i) the tweet is classified as misleading and (ii) it is rated by the
community to be particularly helpful (see Fig. 3.1).

Importantly, the data for this study originates from Birdwatch’s pilot phase in the US. During
this pilot phase, interested users were required to actively sign up to join Birdwatch. Any
Twitter user could apply to become a Birdwatch contributor. Users that had signed up on
Birdwatch could see Birdwatch notes directly when browsing Twitter next to the fact-checked
tweet. Non-participating users could access Birdwatch notes via a separate Birdwatch website.
In early 2022, Birdwatch had approximately 3250 contributors, compared to 41.5 million
daily active Twitter users in the US (Statista, 2022). Hence, during Birdwatch’s pilot phase,
community fact-checks from Birdwatch were practically not visible to the vast majority of
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social media users and, thus, were unlikely to directly influence the diffusion of the fact-
checked tweets.! Furthermore, Birdwatch notes did not have an effect on the way people
see tweets or other system recommendations (X, 2021). The Birdwatch pilot phase thus
provides a unique opportunity to study the spread of community fact-checked posts with little
confounding factors.

A Misleading B Not misleading
Nathan Bernard & A LizChene,
& o R e
finally some good news #TrumplsDead The 2020 presidential election was not stolen. Anyone
who claims it was is spreading THE BIG LIE, turning
Donald Trump dead at 76 their back on the rule of law, and poisoning our
‘c}, lysis by Chr N Edtor at democratic system.
4:27 PM - May 3, 2021 - Twitter for iPhone
- -
t 30.8K Retwests 7,802 Quote Twests 139K Likes
¢
-
i
© Re g Kknow

This Tweet is false. Donald Trump remains alive; this CNN article does not exist,
and misleading in light of the currently-Trending hashtag "#TrumplsDead" itself
linked to a false Tweet thread by comedian Tim HeidecKer.

Rateit

2 - Twitter Web App

2,658 Retweets 747 Quote Tweets  26.7K Likes

Figure 2.1: Examples of community fact-checked tweets. Only Birdwatch notes for misleading tweets
are eligible to be directly shown on tweets. However, during our study period, community fact-checks
from Birdwatch were practically not visible to the vast majority of social media users (i. e., only to
pilot participants) and, thus, were unlikely to directly influence the diffusion of the fact-checked tweets.
(a) Example of a tweet classified as misleading (Fact-Checking Label) and the Text Explanation of the
corresponding Birdwatch note. The contributor selected “Factual Error,” “Manipulated Media,” and
“Satire” as reasons for his/her classification (Misinformation Type). (b) Example of a tweet classified
as not misleading.

2.3.2 Data Collection

We downloaded a// Birdwatch notes between the introduction of the feature on January 23,
2021, and the end of February 2022 from the Birdwatch website, i. e., for an observation
period of more than one year. The dataset contains a total number of 20 218 Birdwatch notes
(i. e., community-created fact-checks) from 3 257 different contributors. We used the Twitter
historical API to map the tweetID referenced in each Birdwatch note to the source tweet. This
approach allowed us to collect the following information about each source tweet and the
account of its authors: (i) the number of retweets, (ii) the number of followers, (iii) the number
of followees, (iv) the account age, and (v) whether the user has been verified by Twitter.

Notably, multiple Birdwatch users can write Birdwatch notes for the same tweet. Therefore,
the data sometimes includes multiple fact-checks for the same post. The average number of

'In early October 2022 (i. e., after our observation period), Twitter started to expand the Birdwatch program,
allowing more Twitter users to view fact-checks directly on Twitter. Furthermore, Twitter rebranded Birdwatch to
“Community Notes.”
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Birdwatch notes per tweet is 1.33, with few tweets having many notes and most tweets having
few. Only 18.79% of the fact-checked tweets received more than one Birdwatch note. To avoid
distortions due to multiple fact-checked tweets, we focus our analysis on the temporally first
fact-check after the tweet has been posted. This filtering step resulted in a dataset consisting
of 15256 unique fact-checks (for 15 256 unique tweets). As part of our robustness checks, we
also tested alternative approaches for handling multiple fact-checks (e. g., using Birdwatch’s
rating system, majority vote). Here we obtained qualitatively identical results.

2.3.3 Variable Description

Our dataset contains variables from two sources: (i) variables that are provided by the
community-created fact-checks (i. e., the Birdwatch notes); and (ii) variables that represent
information about the source tweet (e. g., the social influence of the author of the fact-checked
tweet).

Fact-checks: The Birdwatch notes provide us with the following variables:

* Misleading: A binary indicator of whether a tweet has been reported as being misleading
by the author of the Birdwatch note (= 1; otherwise = 0).

* Delay: A numeric variable measuring the number of days elapsed between the posting
date of the source tweet and the fact-check.

* Misinformation Type: Seven dummy variables indicating reasons why a tweet has been
reported as being misleading (“Factual Error,” “Missing Important Context,” “Unverified
Claim as Fact,” “Outdated Information,” “Manipulated Media,” “Satire,” and “Other”).

Source tweet: We used the Twitter historical API to map the tweetID referenced in each
Birdwatch note to the source tweet and collected the following information about each source
tweet:

* Retweet Count: A numeric variable denoting the number of retweets a single tweet
receives on Twitter. The retweet count is a common measure for the virality of a
resharing cascade (e. g., Brady et al., 2017; Solovev & Prollochs, 2022b).

» Followers: The number of followers, i. €., the number of accounts that follow the author
of the source tweet on Twitter.

e Followees: The number of followees, 1. e., the number of accounts whom the author of
the source tweet follows on Twitter.

* Account Age: The age of the author of the source tweet’s account (in years).

* Verified: A binary dummy indicating whether the account of the source tweet has been
officially verified by Twitter (= 1; otherwise = 0).

» Sentiment: We calculate a sentiment score measuring the positivity/negativity of the
source tweet. Here we use a dictionary-based approach analogous to earlier research
(e.g., Bar et al., 2023a; Jakubik et al., 2023; Rho & Mazmanian, 2020; Robertson
et al., 2023; Vosoughi et al., 2018). We first remove stopwords, punctuation, special
characters (e. g., hashtags), and URLSs in each source tweet. Subsequently, we employ
the NRC lexicon (Mohammad & Turney, 2013), which categorizes English words into
positive and negative words. Following previous work (e. g., Rho & Mazmanian, 2020;
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Solovev & Prollochs, 2022a), the sentiment scores are then measured by calculating
the difference between positive and negative words relative to the tweet length. For
our sentiment analysis, we use the default implementation of the sentimentr package
(with the built-in NRC lexicon) that also accounts for negations and valence shifters
(see Rinker, 2019 for details).

2.4 Empirical Analysis

2.4.1 Diffusion of Misleading vs. Not Misleading Posts (RQ1)

We now empirically analyze the diffusion of misleading vs. not misleading posts that have been
fact-checked on Twitter’s Birdwatch platform. For this purpose, we first compare summary
statistics. Note, however, that summary statistics should be interpreted with caution as the
virality of social media posts strongly depends on the social influence of the author. To account
for such confounding effects, we subsequently implement an empirical regression model with
control variables that links the fact-checking label to the number of retweets. We then perform
hypothesis testing to analyze whether posts categorized as being misleading are more viral
than not misleading posts.

Summary statistics: Birdwatch users are vastly more likely to report misleading tweets
than not misleading tweets. Out of 15256 community fact-checked tweets, 14 384 (94.28 %)
are classified as misleading and 872 (5.72 %) are classified as not misleading. In total, the
fact-checked tweets in our dataset have been retweeted 29.45 million times. However, the
retweet volume is higher for not misleading tweets than for misleading tweets. Specifically, the
average retweets count amounts to 2 478 for not misleading tweets and to 1 478 for misleading
tweets. A two-sided ¢-test confirms that the difference in means are statistically significant
(p < 0.01). Misleading vs. not misleading tweets also exhibit considerable heterogeneity
with regards to sentiment and the social influence of the author. The sentiment tends to
be significantly more positive in not misleading tweets (mean sentiment of 0.022) than in
misleading tweets (mean sentiment of —0.004). Misleading tweets are posted by users that
have, on average, 41.17 % fewer followers. Also here, two-sided ¢-tests confirm that the
difference in means are statistically significant (p < 0.01). We find only small differences
in means for the variables Followees, Account Age and, Verified, which are not statistically
significant at common significance thresholds. Fig. 2.2 further visualizes the complementary
cumulative distribution functions (CCDFs). Kolmogorov-Smirnov (KS) tests show that, with
the exception of Account Age, the differences in the distributions between misleading and not
misleading tweets are statistically significant (p < 0.01).
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Figure 2.2: Complementary cumulative distribution functions (CCDFs) for (a) Retweet Count, (b)
Sentiment, (c) Followers, (d) Followees, (€) Account Age, and (f) Delay.

Regression model: We implement explanatory regression analysis to better understand the
diffusion of misleading vs. not misleading crowd fact-checked posts. In contrast to summary
statistics, this allows us to estimate effect sizes after controlling for confounding effects. The
dependent variable in our regression analysis is given by RetweetCount;, that is, the number
of retweets for a fact-checked tweet i. The retweet count is a non-negative count variable, and
its variance is larger than the mean. To adjust for overdispersion, we draw upon a negative
binomial regression to model the retweets count (Prollochs et al., 2021a; Solovev & Prollochs,
2022b). The key explanatory variable is Misleading;, i. ., whether the tweet has been classified
as misleading by Birdwatch users (i. e., = 1 if true, otherwise = 0). Additionally, we include
the elapsed time between the publication of the tweet and the fact-check (Delay;). Furthermore,
we must control for the social influence of the source tweet and its author. Therefore, we
adjust for variables known to affect the retweet rate (Brady et al., 2017; Préllochs et al., 2021b;
Solovev & Prollochs, 2022b; Stieglitz & Dang-Xuan, 2013; Vosoughi et al., 2018), which
includes the number of followers (Followers;) and followees (Followees;), the account age
(AccountAge;), and whether the account was verified by Twitter (Verified;). In addition, we
control for the sentiment of the source tweet (Sentiment;). The resulting model is

with intercept 5y and month-year fixed effects u; to adjust for differences in the start date and
age of the resharing cascades. For the sake of interpretability, we z-standardize all continuous
variables. This allows us to compare the effects of regression coefficients on the dependent
variable measured in standard deviations. Note that since we apply a negative binomial
regression, the interpretation of the effect sizes requires an exponential transformation of the
coefficients.

Coefficient estimates: The coefficient estimates for the regression model are reported in
Fig. 6.4. We find that misleading tweets are significantly less viral than not misleading
tweets. Specifically, the coefficient for Misleading is —0.456 (p < 0.01), which implies that
misleading tweets are expected to receive e 0479 — 1 ~ 36.62 % fewer retweets. Furthermore,
we observe that the coefficient estimate for Delay is small in magnitude and not statistically
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significant at common significance threshold. This implies that differences in the fact-checking
speed are not significantly associated with differences in virality of crowd fact-checked posts.
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Figure 2.3: Coefficient estimates for negative binomial regression with the retweet count as dependent
variable. Model (a) includes all variables given by the source tweet (orange). Model (b) additionally
includes variables concerning the fact-check (green). The vertical bars represent 99 % confidence
intervals. Month-year fixed effects are included.

Concordant with the literature (Solovev & Prollochs, 2022b; Stieglitz & Dang-Xuan, 2013;
Vosoughi et al., 2018), we observe statistically significant estimates for the variables char-
acterizing the social influence of the author of the source tweet. The number of followers
has a large positive effect on the number of retweets (coef: 0.267; p < 0.01), while the
number of followees has a smaller positive effect (coef: 0.076; p < 0.01). A higher account
age decreases the expected number of retweets (coef: —0.216; p < 0.01), while posts from
verified accounts are expected to receive more retweets (coef: 0.783; p < 0.01). Similar to
earlier work (Prollochs et al., 2021a), we also find that more positive sentiment is associated
with more retweets (coef: 0.111; p < 0.01).

2.4.2 Diffusion of Different Types of Misinformation (RQ2)

If fact-checkers on Birdwatch have classified a tweet as being misleading, they additionally
need to answer checkbox questions on the reasons why they perceive it as such. As afore-
mentioned, Birdwatch users can select one (or multiple) of the following answer options:
(1) “Factual Error,” (ii) “Missing Important Context,” (iii) “Unverified Claim as Fact,” (iv)
“Outdated Information,” (v) “Manipulated Media,” (vi) “Satire,” and (i) “Other.” Fig. 2.5
shows that the vast majority of tweets have been categorized as misleading because of factual
errors (62.13 %), missing context (61.38 %), or because they treat unverified claims as fact
(49.99 %). The other categories are relatively rare.
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We repeat our regression analysis with dummy variables referring to the different types of
misleading posts as provided by Birdwatch contributors. This allows us to examine differences
in the virality across different types of misinformation. The coefficient estimates in Fig. 2.4
show that misleading tweets are less viral than not misleading tweets if they belong to the
misinformation sub-types “Factual Error” (coef: —0.251; p < 0.01), “Missing Important
Context” (coef: —0.127; p < 0.01), “Unverified Claim as Fact” (coef: —0.300; p < 0.01)
and, “Other” (coef: —0.221; p < 0.01). In contrast, tweets belonging to the misinformation
sub-types “Manipulated Media” (coef: 0.461; p < 0.01), and “Satire” (coef: 0.411; p < 0.01)
receive more retweets. These results suggest that there are significant differences in virality
across different sub-types of misinformation. The coefficient estimates for the other variables
do not differ qualitatively from the previously performed regressions.
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Figure 2.4: Coefficient estimates for negative binomial regression with the retweet count as dependent
variable. Here, dummy variables referring to different sub-types of misinformation are included.
Model (a) includes all posts (green), whereas Model (b) only includes the subset of posts classified as
misleading (orange). The reference type in Model (a) are tweets classified as “not misleading,” whereas
the reference type in Model (b) are misleading tweets that have not been assigned to a subtype. The
vertical bars represent 99 % confidence intervals. Month-year fixed effects are included.

33



Chapter 2. Diffusion of Community Fact-Checked Misinformation on Twitter

Factual Error

Missing Important Context

Unverified Claim As Fact

Outdated Information

Other

Satire

Manipulated Media

0 2000 4000 6000 8000

Figure 2.5: Barplot showing the number of tweets per checkbox answer option in response to the
question “Why do you believe this tweet may be misleading?”’

2.4.3 Comparison to Expert-Based Fact-Checking (RQ3)

In contrast to the work by Vosoughi et al. (2018), which found that expert fact-checked
falsehood on Twitter is more viral than the truth, our analysis suggests that crowd fact-checked
tweets perceived as misleading are less viral than those perceived as not misleading. A
possible explanation for this finding lies in the sample selection, i. e., third-party fact-checking
organizations vs. Birdwatch contributors might fact-check social media posts published by
different account types.

To shed light on this question, Fig. 2.6 compares the mean values of different user characteristics
of the authors of misleading and not misleading crowd fact-checked posts to those of authors
true and false rumors in the dataset of expert fact-checked posts from Vosoughi et al. (2018).
Compared to expert fact-checked tweets, we find that user accounts of authors of crowd
fact-checked posts have, on average, ~ 40 times more followers, 41.65 % more followees,
and approximately twice the account age. Moreover, while 49.21 % percent of the accounts of
authors of crowd fact-checked posts are verified by Twitter, this is only the case for 2.00 % of
the authors of expert fact-checked posts. Two-sided ¢-tests confirm that each difference in
means is statistically significant (p < 0.01). These findings suggest that social media users
contributing to crowd-based fact-checking tend to fact-check posts from larger accounts with
greater social influence, while expert fact-checks tend to target rumors that are shared by
smaller accounts.
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Figure 2.6: Comparison of characteristics (mean values) of authors of crowd fact-checked and expert
fact-checked tweets for (a) the number of followers, (b) the number of followees, (c) the account
age and, (d) the verified status. We compare the authors of misleading and not misleading crowd
fact-checked posts on Birdwatch to those of true and false rumors in the dataset of expert fact-checked
posts from Vosoughi et al. (2018).

We further observe that, for expert fact-checked posts, falsehood tends to originate from
accounts with relatively more followers, while we observe the opposite pattern for crowd
fact-checked posts (see Fig. 2.6). Specifically, we find that authors of crowd fact-checked
posts perceived as misleading have 67.71 % more followers than accounts of posts perceived
as not misleading (p < 0.01). In contrast, authors of falsehood in expert fact-checked posts
have 34.04 % less followers than authors of the true tweets (p < 0.01). This suggests that
fact-checks from Birdwatch contributors are more likely to endorse/emphasize the accuracy
of not misleading tweets authored by influential users with a wide reach. Opposite to this,
expert fact-checked tweets authored by influential accounts are more likely to convey false
information. Since author characteristics are inherently linked to the virality of posts (e. g.,
users with a wider reach can generate more retweets), the observed differences in fact-checking
targets provide a (partial) explanation for the overall higher virality of not misleading posts in
the case of Birdwatch.

2.4.4 Perceived Reliability of Community-Created Fact-Checks (RQ4)

In order to assess the perceived reliability of the community-based fact-checks from Birdwatch,
we conducted a user study on the online survey platform Prolific (www.prolific.co). We
recruited n = 7 participants, four women and three men, who were on average 35 years old.
All participants were based in the US, and English native speakers. All but one participant
indicated that they are familiar with Twitter and regularly share content on social media.
Participants were presented with a randomized sample of 300 tweets (150 not misleading and
150 misleading) and the corresponding fact-checks from Birdwatch (fact-checking label and
text explanation). Note that we purposely presented the participants with both the source
tweet and the fact-check (instead of only the source tweet). In the absence of a ground truth
(which might require expert assessment), we were interested in the perceived reliability of the
fact-checks rather than testing how much one crowd agrees with another. As such, for each
tweet, participants were asked for their assessment on (i) the extent to which they agree with
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the fact-checking label, and (ii) whether they perceive the fact-check as purposely deceptive
(e. g., because of motivated reasoning, manipulation attempts, etc.). The participants answered
both questions on a 5-point Likert scale, ranging from 1 (“strongly disagree”) to 5 (“strongly
agree”).

Fig. 2.7 visualizes the distribution of the median votes for the individual tweets across all
response options. We first evaluate the extent to which the participants agree with the fact-
checks from Birdwatch. We find that the participants at least somewhat agree with 73.33 % of
the community-created fact-checks performed by Birdwatch users. Interestingly, the agreement
is lower for tweets categorized as misleading (72.00 %) than for tweets categorized as not
misleading (74.67 %).
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Figure 2.7: User study evaluating the perceived reliability of community-based fact-checks from
Birdwatch. n = 7 participants were recruited via Prolific. Here we report the median responses to the
questions (a) “Do you agree with the fact-checking label?” and (b) “Do you feel that the fact-check is
purposely deceptive?”

We find a consistent pattern for the second question item: the median ratings of the seven
participants suggest that only a relatively small share of 7.00 % of fact-checks are perceived as
purposely deceptive. Notably, we again observe considerable differences across fact-checks
reporting misleading vs. not misleading tweets. Specifically, fact-checks reporting misleading
tweets are more likely to be perceived as being purposely deceptive (9.33 %) than fact-checks
reporting not misleading tweets (4.67 %).

The participants showed statistically significant inter-rater agreements. Kendall’s W was
0.43 (p < 0.01) for the first question item (agreement with the fact-checking label); and 0.32
(p < 0.01) for the second question item (purposely deceptive fact-checks).

In sum, the results of our user study suggest that the vast majority of community-created
fact-checks are perceived as being reliable. This supports the results of previous experimental
works, which suggest that the risk of users purposely trying to “game the system” is tolerable
e.g., Allen et al., 2021. Even though inaccurate fact-checks and misuse of the platform cannot
be prevented completely, community-based fact-checking should be seen as one tool (as part
of a larger toolset) that may help to combat the spread of misinformation on social media
(Epstein et al., 2020; Godel et al., 2021).

2.4.5 Robustness Checks

We conducted an extensive set of checks that yielded consistent findings: (1) we controlled
for outliers in the dependent variables; (2) we ran separate regressions for misleading vs. not
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misleading posts; (3) we calculated variance inflation factors for all independent variables and
found that all remain below the critical threshold of four; (4) we repeated our analysis with
user-specific random effects; (5) we incorporated quadratic effects; (6) we included interaction
terms between user-specific variables and the fact-checking label; (7) we evaluated alternative
approaches to handle multiple fact-checks for the same tweet (e. g., majority vote). In all of
these checks, our findings are supported. Detailed results are reported in the Appendix.

2.5 Discussion

Summary of findings: This study is the first to examine the diffusion of misleading vs. not
misleading posts on social media that have been fact-checked by the crowd. Our key findings
are as follows: (i) community fact-checked misleading tweets receive 36.85 % fewer retweets
than not misleading tweets (RQ1). (ii) There are significant differences in virality across
different sub-types of misinformation (RQ2). Specifically, we find that misleading tweets are
less viral than not misleading tweets across almost all sub-types of misinformation, except
for (the relatively rare categories) satire, manipulated media, and outdated information. (iii)
The fact-checking targets significantly differ between community fact-checkers and expert
fact-checkers (RQ3). In particular, the crowd tends to fact-check posts from accounts with
greater social influence (e. g., high-follower accounts).

As an additional contribution, we conducted a user study to assess the perceived reliability of
(real-world) community-created fact-checks (RQ4). We find that users agree with a relatively
high share (73.33 %) of community-created fact-checks, whereas only a relatively small share
(7.00 %) is perceived as being purposely deceptive (e. g., due to manipulation attempts). These
results corroborate previous findings of experimental studies, which suggested that crowds
can achieve a high level of accuracy when fact-checking social media content e. g., Allen et al.,
2021.

Research implications: In contrast to previous research examining the spread of misin-
formation that has been fact-checked by third-party organizations (Préllochs et al., 2021a;
Solovev & Prollochs, 2022b; Vosoughi et al., 2018), we find that community fact-checked
misleading posts receive fewer retweets than not misleading posts. The diverging results may
be a consequence of differences in the sample selection. While third-party organizations tend
to fact-check posts on topics experts believe are of broad public interest and/or particularly
concerning to society, community fact-checked posts comprise posts that have been deemed
to be worth fact-checking by actual social media users.

Our analysis suggests that crowd vs. experts focus on different targets when fact-checking
social media content. We find that community fact-checkers tend to fact-check posts from
larger accounts with high social influence, while expert fact-checks tend to target rumors
shared by smaller accounts. Furthermore, community fact-checkers are relatively more likely
to endorse/emphasize the accuracy of not misleading posts authored by influential users (i. e.,
users with a wide reach). This pattern is opposite to expert fact-checking where posts authored
by influential accounts are relatively more likely to convey misinformation. Since author
characteristics are inherently linked to the virality of posts (e. g., users with a wider reach can
generate more retweets), the observed differences in fact-checking targets provide a (partial)
explanation for the higher virality of not misleading community fact-checked posts. Note,
however, that author characteristics are unlikely to be the only reason. In our explanatory
regression analysis, we find the pattern that community fact-checked posts are more viral to
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persist — even after controlling for the social influence of the author. This suggests that there
might be additional differences between experts and the crowd in how fact-checking targets
are selected (see Limitations and future research). Importantly, while our study complements
earlier work studying the diffusion of expert fact-checked posts, we do not claim that the
selection by the crowd is more representative for the population of misinformation on social
media as a whole. Rather, our results imply that the crowd focuses on different targets when
fact-checking social media content and that sample selection plays a key role when studying
misinformation diffusion. Compiling a representative sample of a// misinformation circulating
on social media presents an important — yet difficult — challenge for future research.

Practical implications: From a practical perspective, policy initiatives around the world oblige
social media platforms to develop countermeasures against misinformation. Community-based
fact-checking opens new avenues to increase the scalability and speed of fact-checking of social
media content. Furthermore, the community-based approach has the potential to to overcome
trust issues associated with expert-created fact-checks (Allen et al., 2020). The observed
differences in the selection of fact-checking targets between community and expert fact-
checkers suggest that both approaches might complement each other well. Here, community-
created fact-checking may help to identify misinformation that is actually of interest to actual
social media users — and which may go unnoticed on third-party fact-checking organizations.
The results of our user study further suggest that the vast majority of community-created fact-
checks are perceived as being reliable. Although misuse of the platform cannot be prevented
completely, previous research suggests that many issues with bad actors can effectively be
addressed using sophisticated ranking mechanisms (e. g., helpfulness ratings), incentivizing
high-quality fact-checks (e. g., blocking malicious contributors) or performing additional
community-based content moderation efforts (Epstein et al., 2020; Godel et al., 2021). In
sum, community-based fact-checking systems (as part of a larger toolset) allow social media
platforms for improved coverage and may help to combat misinformation on social media
more effectively.

Limitations and future research: Our work has a number of limitations, which provide
promising opportunities for future research. First, similar to related studies e. g., Solovev and
Prollochs, 2022b; Vosoughi et al., 2018, we do not make causal claims. Future work should
thus seek to validate our results in controlled experiments. Second, our user study evaluates the
perceived reliability of community-based fact-checks. While earlier experimental studies have
already shown that crowds can achieve a high level of accuracy when fact-checking social
media content e. g., Allen et al., 2021, it is necessary to further investigate the performance of
the crowd in the field (e. g., via expert assessments of Birdwatch notes). Also, more research
is necessary to better understand the role of manipulation attempts, and the conditions under
which the wisdom of crowds can be unlocked for fact-checking. Third, our study shows that
the fact-checking targets in community vs. expert fact-checks differ in terms of their author
characteristics (e. g., number of followers). Future research should complement this analysis
with a fine-grained study of additional characteristics of the fact-checked posts. For instance,
it is a promising extension to employ topic modeling to study how the virality varies across
topics (e. g., politics, health, entertainment, etc.) and other misinformation characteristics
(e. g., novelty, believability). Fourth, our results are limited to Twitter’s Birdwatch pilot.
As such, the restricted set of Birdwatch contributors might not be representative for the
overall user base on Twitter. Fifth, in recent years, Twitter and other platforms have increased
their content moderation efforts. Compared to earlier periods, this may have implications
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regarding what users post on social media (e. g., due to fear of getting banned) and some
particularly egregious misinformation may have been removed in line with platform guidelines.
However, community-created fact-checks did not have special effects on the way people see
tweets or other system recommendations during Birdwatch’s pilot phase (X, 2021). Sixth, the
community-created fact-checks in our study were not visible to the vast majority of Twitter
users (i. e., only to pilot participants), whereas Twitter’s goal is that Birdwatch will be available
to everyone on Twitter. Future research may expand the current investigation by studying how
(community-based) fact-checking labels influence users’ sharing behavior on social media.

2.6 Conclusion

The spread of misinformation on social media is a pressing societal problem that platforms,
policymakers, and researchers continue to grapple with. As a countermeasure, recent research
proposed to build on crowd wisdom to fact-check social media content. In this study, we
empirically analyzed the spread of posts that have been fact-checked by the crowd on Twit-
ter’s Birdwatch platform. Different from earlier studies that have analyzed the spread of
misinformation fact-checked by third-party organizations, we find that crowd fact-checked
misleading posts are less viral than not misleading posts. Our results also suggest that there are
significant differences in virality across different sub-types of misinformation (e. g., factual
errors, missing context, satire). Altogether, our findings offer insights into how misleading vs.
not misleading posts spread and highlight the crucial role of sample selection when studying
misinformation on social media.
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2.A. Regression Results Without Outliers

Appendix 2.A Regression Results Without Qutliers

To assess the robustness of our analysis regarding outliers, we remove tweets with the top 1%
highest values for the retweet count. The results are presented Table 2.1. All results are robust
and confirm our previous findings.

Table 2.1: Regression Results Without Outliers

Dependent Variable: Number of Retweets (RetweetCount)

Source Tweet

Fact-Checking Label

Misinformation Types

Model 1 Model 2 Model 3
Misleading —0.281%**
(0.067)
Factual Error —0.233***
(0.033)
Missing Important Context —0.093%**
(0.032)
Unverified Claim As Fact —0.273%**
(0.032)
Outdated Information 0.086*
(0.052)
Satire 0.076
(0.075)
Manipulated Media 0.479%%*
(0.078)
Other —0.203***
(0.069)
Delay -0.018 -0.017 —0.028
(0.018) (0.018) (0.018)
Sentiment 0.076*** 0.074%** 0.070%**
(0.015) (0.015) (0.015)
Followers 0.214%%** 0.212%** 0.213%%**
(0.020) (0.020) (0.020)
Followees 0.133*** 0.134%** 0.144%**
(0.016) (0.016) (0.016)
Account age —0.237%** —0.238%** —0.238%**
(0.016) (0.016) (0.016)
Verified 1.063%%* 1.070%** 1.114%**
(0.033) (0.033) (0.034)
Intercept 7.125%%* 7.354%%* 7.335%%*
(0.087) (0.103) (0.090)
Fixed effects (month-year) Yes Yes Yes
AIC 217196 218106 216960
Observations 15103 15103 15103

Significance levels: *p < 0.1, **p < 0.05, ***p < 0.01; standard errors in parentheses
Note: Negative binomial regression explains the number of retweets of the fact-checked tweet.
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Appendix 2.B Separate Regressions for Misleading and Not Mis-
leading Tweets

We run separate for regressions for the subsets of misleading and not misleading tweets. The
results remain robust (see Table 2.2).

Table 2.2: Regression Results for Subsets of Misleading and Not Misleading Tweets

Dependent Variable: Number of Retweets (RetweetCount)

Subset: Misleading Subset: Not Misleading

Model 1 Model 2
Delay —0.041%** —0.286%**
(0.019) (0.073)
Sentiment 0.115%%* —-0.016
(0.016) (0.070)
Followers 0.273*** 0.270%***
(0.020) (0.057)
Followees 0.084%%** 0.027
(0.017) (0.047)
Account age —0.224%%** —-0.063
(0.017) (0.077)
Verified 0.803*** 0.504***
(0.035) (0.158)
Intercept 7.751%%* 8.416%**
(0.098) (0.234)
Fixed effects (month-year) Yes Yes
AIC 209875 13287
Observations 14384 872

Significance levels: *p < 0.1, **p < 0.05, ***p < 0.01; standard errors in parentheses
Note: Negative binomial regression explains the number of retweets of the fact-checked tweet.

Month-year fixed effects are included.
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2.C. Variance Inflation Factors

Appendix 2.C Variance Inflation Factors

We calculated variance inflation factors for all explanatory variables in our regression models
for RQ1 and RQ2 (Table 2.3). The VIFs are substantially below the critical threshold of four.
This indicates that multicollinearity is not an issue in our analysis.

Table 2.3: Variance Inflation Factors for Regression Models

RQ1 RQ2
Misleading 1.019
Delay 1.004 1.008
Sentiment 1.011 1.016
Followers 1.069 1.072
Followees 1.001  1.003
Account Age 1.155  1.177
Verified 1.193 1.251
Factual Error 1.093
Missing Important Context 1.082
Unverified Claim As Fact 1.129
Outdated Information 1.045
Satire 1.049
Manipulated Media 1.053
Other 1.021
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Appendix 2.D Analysis With User-Specific Random Effects

Fact-checks on Birdwatch are performed by many different contributors. To account for this,
we include random effects for the individual Birdwatch contributors into our regression model.
The regression results are reported in Table 2.4. All results are robust and confirm our previous
findings.

Table 2.4: Regression Results With User-Specific Random Effects

Dependent Variable: Number of Retweets (RetweetCount)

Source Tweet  Fact-Checking Label — Misinformation Types

Model 1 Model 2 Model 3
Misleading —0.456%**
(0.068)
Factual Error —0.251%**
(0.034)
Missing Important Context —0.127***
(0.033)
Unverified Claim As Fact —0.300***
(0.033)
Outdated Information —0.061
(0.054)
Satire 0.411%%*
(0.077)
Manipulated Media 0.462%**
(0.080)
Other —0.222%**
(0.071)
Delay —0.048*** —0.054***
(0.018) (0.018)
Sentiment 0.068*** 0.068*** 0.061***
(0.014) (0.014) (0.014)
Followers 0.271*** 0.267*** 0.268***
(0.019) (0.019) (0.019)
Followees 0.074%** 0.076*** 0.086%**
(0.016) (0.016) (0.016)
Account age —0.213%** —0.216%** —0.227%**
(0.017) (0.017) (0.017)
Verified 0.774*** 0.783*** 0.866%**
(0.034) (0.034) (0.035)
Intercept 7.922%%* 8.266%** 8.122%%*
(0.089) (0.105) (0.092)
Fixed effects (month-year) Yes Yes Yes
Random effects (user) Yes Yes Yes
AIC 223233 223182 222893
Observations 15256 15256 15256

Significance levels: *p < 0.1, **p < 0.05, ***p < 0.01; standard errors in parentheses
Note: Negative binomial regression explains the number of retweets of the fact-checked tweet.
Month-year fixed effects are included.
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Appendix 2.E Quadratic Effects and Interaction Terms

As a robustness check, we include quadratic effects and interaction terms between the fact-
checking label and the source tweet variables into our regression analysis. The results remain
robust and support our findings (see Table 2.5).

Table 2.5: Regression Results With Quadratic Effects and Interaction Terms

Dependent Variable: Number of Retweets (RetweetCount)

Quadratic Effects Interaction Terms
Model 1 Model 2
Misleading —0.479%*** —0.659%***
(0.068) (0.106)
Delay 0.086** —0.242%**
(0.042) (0.070)
Delay? —0.010%**
(0.003)
Sentiment 0.136%*** 0.020
(0.016) (0.066)
Sentiment? 0.011
(0.007)
Followers 0.548*** 0.249%**
(0.045) (0.054)
Followers? —0.029%**
(0.006)
Followees 0.115%** 0.025
(0.024) (0.045)
Followees? —0.003*
(0.002)
Account age —0.416%*** —0.058
(0.022) (0.073)
Account age?® —0.341%***
(0.021)
Verified 0.739%** 0.389%**
(0.035) (0.150)
Misleading x Delay 0.201%**
(0.072)
Misleading X Sentiment 0.096
(0.068)
Misleading x Followers 0.024
(0.058)
Misleading x Followees 0.059
(0.048)
Misleading X Account age —0.166%*
(0.075)
Misleading x Verified 0.416%**
(0.155)
Intercept 8.641%** 8.436%**
(0.107) (0.130)
Fixed effects (month-year) Yes Yes
AIC 222906 223179
Observations 15256 15256

Significance levels: *p < 0.1, **p < 0.05, ***p < 0.01; standard errors in parentheses
Note: Negative binomial regression explains the number of retweets of the fact-checked tweet.
Month-year fixed effects are included.
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Appendix 2.F Alternative Handling of Multiple Fact-Checks

Our main analysis focuses on the temporally first fact-check after the tweet has been posted.
As a robustness check, we evaluate whether our results are robust to alternative handling of
multiple fact-checks. We repeated our analysis with the following variants: (i) we determined
the fact-checking label via majority vote; (ii) we use Birdwatch’s rating mechanism (see
Twitter.2021 for details) to identify the fact-check with which most users agree; (iii) we
consider all fact-checks without any filtering.

The regression results are presented in Table 2.6. In all cases, we find qualitatively identical
results that support our previous findings.

Table 2.6: Regression Results With Alternative Handling of Multiple Fact-Checks

Dependent Variable: Number of Retweets (RetweetCount)

(i) Majority Vote (ii) Highest Agreement (iii) All Fact-Checks
Model 1 Model 2 Model 3 Model 4 Model 5 Model 6
Misleading —0.630%** —0.728%** —0.849%**
(0.068) (0.057) (0.043)
Delay 0.018 0.011 -0.004
(0.017) (0.018) (0.013)
Sentiment 0.115%%* 0.112%%** 0.112%** 0.109%** 0.046*** 0.064***
(0.016) (0.016) (0.016) (0.016) (0.013) (0.013)
Followees 0.087%** 0.092%%*%* 0.074%%%* 0.078%*** 0.021 0.033%%*
(0.017) (0.017) (0.016) (0.016) (0.013) (0.013)
Followers 0.284%** 0.273%%%* 0.271%*%* 0.257%** 0.319%%** 0.316%*%**
(0.020) (0.020) (0.019) (0.019) (0.014) (0.014)
Account age —0.223%** (. 223%** () 2]3%** () 2]4***k () ]90*** () ]92%**
(0.017) (0.017) (0.017) (0.017) (0.014) (0.014)
Verified 0.789%** 0.796%** 0.774%%* 0.763%** 0.717*%* 0.731%%*
(0.035) (0.035) (0.034) (0.034) (0.029) (0.029)
(Intercept) 7.879%** 8.375%** 7.922%%* 8.477*** 8.821*** 9.559%3*%*
(0.091) (0.107) (0.089) (0.100) (0.070) (0.079)
Fixed effects (month-year) Yes Yes Yes Yes Yes Yes
AIC 211311 211213 223233 223039 317871 317409
Observations 14619 14619 15256 15256 20218 20218

Significance levels: *p < 0.1, **p < 0.05, ***p < 0.01; standard errors in parentheses
Note: Negative binomial regression explains the number of retweets of the fact-checked tweet.
Month-year fixed effects are included.
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Chapter 3

Believability and Harmfulness Shape
the Virality of Misleading Social
Media Posts

Abstract

Misinformation on social media presents a major threat to modern societies. While previous
research has analyzed the virality across true and false social media posts, not every misleading
post is necessarily equally viral. Rather, misinformation has different characteristics and varies
in terms of its believability and harmfulness — which might influence its spread. In this work,
we study how the perceived believability and harmfulness of misleading posts are associated
with their virality on social media. Specifically, we analyze (and validate) a large sample
of crowd-annotated social media posts from Twitter’s Birdwatch platform, on which users
can rate the believability and harmfulness of misleading tweets. To address our research
questions, we implement an explanatory regression model and link the crowd ratings for
believability and harmfulness to the virality of misleading posts on Twitter. Our findings imply
that misinformation that is (i) easily believable and (ii) not particularly harmful is associated
with more viral resharing cascades. These results offer insights into how different kinds of
crowd fact-checked misinformation spreads and suggest that the most viral misleading posts
are often not the ones that are particularly concerning from the perspective of public safety.
From a practical view, our findings may help platforms to develop more effective strategies to
curb the proliferation of misleading posts on social media.

Keywords: Social media, misinformation, virality, community fact-checking, computational
social science, explanatory modeling
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3.1 Introduction

Social media disseminates vast amounts of misinformation (e. g., Ecker et al., 2022; Shao
et al., 2016; Vosoughi et al., 2018). Several works have studied the diffusion of rumors of
varying veracity, finding that misinformation spreads more virally than the truth (Bessi et al.,
2015; Friggeri et al., 2014; Prollochs et al., 2021a; Solovev & Prollochs, 2022; Vosoughi et al.,
2018). If misinformation becomes viral, it can have detrimental real-world consequences and
affects how opinions are formed (Allcott & Gentzkow, 2017; Bakshy et al., 2015; Del Vicario
et al., 2016; Oh et al., 2013). This has been observed, for example, during elections (e. g.,
Allcott & Gentzkow, 2017; Aral & Eckles, 2019; Bakshy et al., 2015; Grinberg et al., 2019)
and crisis situations (e. g., Broniatowski et al., 2018; Geissler et al., 2022; Oh et al., 2010,
2013; Pennycook et al., 2020; Solovev & Prollochs, 2022; Starbird et al., 2014; Zeng et al.,
2016). As such, misinformation on social media threatens the well-being of society at large
and demands effective countermeasures (Bar et al., 2023; Lazer et al., 2018; Pennycook et al.,
2021).

While earlier research has analyzed differences in the spread of true and false social media
posts (Prollochs et al., 2021a; Solovev & Prollochs, 2022; Vosoughi et al., 2018), not every
misinforming post is necessarily equally viral. Rather, misinformation has different char-
acteristics and varies in terms of its believability and harmfulness — which might influence
its spread. For example, individuals using social media tend to be in a hedonic mindset and
thus are looking for entertainment and fun (Kim & Dennis, 2019; Lutz et al., 2020). Thus,
if a user does not believe the content of a post, there might be less incentive to share it and
increase its reach. In a similar vein, research in psychology suggests that threats capture
attention (Koster et al., 2004; Schmidt et al., 2015). Contextualized to misinformation on
social media, this would imply that harmful misleading posts are detected more accurately
— and, therefore, less likely to be shared. Overall, one may expect that the believability and
harmfulness of misinformation play a crucial role in its spread. However, there is currently no
study empirically analyzing the link between these attributes and virality on social media.

Research goal: We analyze the link between the believability and harmfulness of misleading
posts and their virality on social media. In particular, we seek to answer two research questions:

* (RQ1) Are misleading posts perceived as believable more viral than those perceived as
not believable?

* (RQ2) Are misleading posts perceived as harmful more viral than those perceived as
not harmful?

Data & methods: We draw upon a large dataset of crowd-annotated tweets from Twitter’s fact-
checking system “Birdwatch” (Prollochs, 2022). On Birdwatch, users can create “Birdwatch
notes” that aim to identify misleading tweets directly on Twitter. A unique feature of fact-
checking on Birdwatch is that users also categorize whether they perceive misleading tweets
to be easily believable and/or harmful. For our analysis, we collect (and validate) Birdwatch
notes for misleading tweets between the launch of Birdwatch in early 2021 and the end of
February 2022. Subsequently, we perform an explanatory regression analysis and link the
believability and harmfulness (as provided in Birdwatch notes) to the number of retweets (as
a measure of virality) of the fact-checked post. In our analysis, we control for established
predictors that may affect the retweet rate (e. g., social influence, sentiment). This approach
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allows us to empirically test how the believability and harmfulness of misleading posts are
associated with their virality on social media.

Contributions: Our study offers insights into how crowd fact-checked misinformation spreads
on social media. Specifically, we demonstrate that misinformation that is (i) easily believable
and (ii) not particularly harmful is associated with more viral resharing cascades. These findings
imply that not all kinds of misinformation are equally viral; and that the most viral misleading
posts are oftentimes not the ones that are particularly concerning from the perspective of public
safety. In a next step, our findings may help platforms to implement more effective strategies
for reducing the proliferation of misinformation.

3.2 Background

Community-based fact-checking: The concept of community-based fact-checking is a
relatively novel approach that aims to tackle misinformation on social media by harnessing the
“wisdom of crowds” (Frey & van de Rijt, 2021; Woolley et al., 2010). Specifically, the idea is
to let regular social media users carry out fact-checking of social media posts (Allen et al.,
2020, 2021; Bhuiyan et al., 2020; Epstein et al., 2020; Godel et al., 2021; Micallef et al., 2020;
Pennycook & Rand, 2019). Compared to expert-based approaches to fact-checking (e.g., via
third-party fact-checking organizations), community-based fact-checking is appealing as it
allows for large numbers of fact-checks to be frequently and inexpensively acquired (Allen
etal., 2021; Woolley et al., 2010). Moreover, it addresses the issue that many users do not trust
the assessments of professional fact-checkers (e. g., due to alleged political biases) (Poynter,
2019). Experimental studies suggest that the crowd can be highly accurate in identifying
misinformation and even relatively small crowds can yield performance similar to experts
(Bhuiyan et al., 2020; Epstein et al., 2020; Pennycook & Rand, 2019).

Birdwatch: Informed by experimental studies, the social media platform Twitter has recently
launched its community-based fact-checking system Birdwatch (Prollochs, 2022; X, 2021).
Different from earlier crowd-based fact-checking initiatives (Bakabar, 2018; Bhuiyan et al.,
2020; Florin, 2010; O’Riordan et al., 2019), Birdwatch allows users to identify misinformation
directly on the platform (see next section for details). Given the recency of the platform,
research on Birdwatch is scant. Early works suggest that politically motivated reasoning
might pose challenges in community-based fact-checking (Allen et al., 2022; Préllochs,
2022). Notwithstanding, community-created fact-checks on Birdwatch have been found to be
perceived as informative and helpful by the vast majority of social media users (Préllochs,
2022). Furthermore, real-world community fact-checks have been shown to be effective in
reducing users’ propensity to reshare misinformation (Wojcik et al., 2022).

Virality of misinformation: Several works have analyzed the spread of social media posts
for which veracity was determined based on the assessment of third-party fact-checking
organizations (Friggeri et al., 2014; Prollochs & Feuerriegel, 2023; Prollochs et al., 2021a;
Solovev & Prollochs, 2022; Vosoughi et al., 2018). For instance, Friggeri et al. (2014) analyzed
upload and deletion rates in = 4 000 expert fact-checked rumors from Facebook. Another
literature stream has analyzed the diffusion of true vs. false rumors on Twitter (Prollochs &
Feuerriegel, 2023; Prollochs et al., 2021a; Solovev & Prollochs, 2022; Vosoughi et al., 2018).
The rumors (and their veracity) in these works were identified based on the presence of user
comments referencing fact-checks carried out by third-party fact-checking organizations (see,

51



Chapter 3. Believability and Harmfulness Shape the Virality of Misleading Social Media
Posts

e. g., Vosoughi et al., 2018 for methodological details). These studies typically observed that
false social media posts spread more viral than true posts.

Research gap: Existing research has primarily focused on studying the virality across true
vs. false social media posts that have been fact-checked by expert fact-checkers. However,
an understanding of how the virality of misinformation varies depending on its underlying
characteristics is largely absent. Specifically, we are not aware of previous work empirically
analyzing how the perceived believability and harmfulness of misleading posts are associated
with their virality on social media. This presents our contribution.

3.3 Data and Methodology

3.3.1 Data Collection

To answer our research questions, we analyze a large dataset of crowd-annotated tweets
that have been identified as being misleading during the pilot phase of Twitter’s Birdwatch
platform (Prollochs, 2022; X, 2021). Birdwatch has been launched by Twitter on January
23, 2021, and aims to identify misleading social media posts by harnessing the wisdom of
crowds. Different from earlier small-scale crowd-based initiatives to fact-checking (Bakabar,
2018; Bhuiyan et al., 2020; Florin, 2010; O’Riordan et al., 2019), Birdwatch allows users
to identify misleading tweets directly on Twitter and write short (max 280 characters) fact-
checks (so-called “Birdwatch notes”) that add context to the tweet. Another unique feature of
Birdwatch is that authors of Birdwatch notes additionally need to answer checkbox questions
when identifying misleading posts. Here users can rate whether they perceive the misleading
tweet to be easily believable and whether the tweet might cause considerable harm.

To participate in the pilot phase of the Birdwatch feature (only available in the US), Twitter users
had to register and apply to become a contributor. In early 2022, Birdwatch had approximately
3250 contributors, which is a relatively small fraction of all Twitter users (/<41.5 million
daily active users Statista, 2022). Birdwatch notes were displayed directly on tweets to pilot
participants (see example in Fig. 3.1); while all other Twitter users could view them on a
separate Birdwatch website (birdwatch.twitter.com). Accordingly, the fact-checks were not
directly visible to the vast majority of Twitter users. Birdwatch notes were thus unlikely to
influence the diffusion of the fact-checked tweets during our study period.

For our analysis, we downloaded all Birdwatch notes between the launch of Birdwatch on
January 23, 2021, and the end of February 2022 from the Birdwatch website!, i. e., for an
observation period of more than one year. The dataset contains a total number of 20218
Birdwatch notes from 3 257 different contributors.

On Birdwatch, multiple users can write Birdwatch notes for the same tweet. Therefore, the
data sometimes includes multiple Birdwatch notes for the same post (= 1.24 notes per tweet).
As aresult, different Birdwatch users might disagree on the characteristics of one tweet. To
incorporate this, we used majority vote to determine the categorizations. We excluded tweets
without a definite assessment (i. €., if two assessments stand in opposition) and tweets classified
as not misleading.? This filtering step resulted in a dataset consisting of 13 732 tweets. Each

' Available via https:/twitter.com/i/communitynotes/download-data.

Birdwatch contributors can also endorse the accuracy of not misleading tweets (5.72 % of all Birdwatch notes).
Since users cannot rate the believability and harmfulness of these tweets, Birdwatch notes for not misleading
tweets are excluded from our analysis.
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Figure 3.1: Example of a Birdwatch note identifying a misleading post on Twitter.

of the fact-checks addresses a single misleading tweet for which the Birdwatch contributor
has assessed the believability and harmfulness.

We further mapped the tweet/D referenced in each Birdwatch note to the underlying source
tweets using the Twitter historical API. This allowed us to collect additional information
concerning the fact-checked tweets and its author, namely, (a) the number of retweets, (b) the
followers count, (c) the followees count, (d) the account age, and (e) whether the user has
been verified by Twitter. Moreover, we calculated a sentiment score for each source tweet to
control for its positivity/negativity in our later empirical analysis.?

3.3.2 [Explanatory Regression Model

We specify an explanatory regression model that explains the virality of misleading tweets
based on their believability and harmfulness. In our analysis, we use a common proxy for the
virality of a resharing cascade, namely, the number of retweets (Han et al., 2020; Solovev &
Prollochs, 2022). Since the variance of the retweet count is larger than its mean, we have to
adjust for overdispersion. Analogous to earlier research (e. g., Solovev & Prollochs, 2022;
Stieglitz & Dang-Xuan, 2013), we thus employ a negative binomial regression model.

3Analogous to prior work (e. g., Jakubik et al., 2023; Prollochs et al., 2021a; Robertson et al., 2023), we use
the NRC dictionary (Mohammad & Turney, 2013) to calculate a sentiment score measuring the share of positive
vs. negative words. Here, we use the default implementation for sentiment analysis provided in the sentimentr
R package.
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Formally, the response variable in our negative binomial regression model is RetweetCount;,
which refers to the number of retweets received by tweet ¢. The key regressors are binary and
indicate whether the tweet has been rated as believable (Believable;, = 1 if true, otherwise
0) and harmful (Harmful;, = 1 if true, otherwise 0) on Birdwatch. Concordant with earlier
work (e. g., Solovev & Prollochs, 2022; Stieglitz & Dang-Xuan, 2013; Vosoughi et al., 2018),
we control for the social influence of the author of the source tweet (e. g., some authors have
many followers and reach wider audiences). The control variables comprise the followers
and followees count, the account age (in years), and the verification status. Furthermore, we
control for the positivity/negativity (Sentiment) of the fact-checked tweet. This yields the
model

with intercept By. Furthermore, we include month-year fixed effects u;, which allow us to
control for varying start dates and the age of the resharing cascades (e. g., Solovev & Prollochs,
2022). In our regression analysis, all continuous variables are z-standardized to facilitate
interpretability.

3.4 Empirical Analysis

3.4.1 Summary Statistics

We start our analysis by evaluating summary statistics. Out of all tweets, 94.20 % are rated as
Believable and 74.60 % as Harmful. In total, the tweets have received 26.81 million retweets.
On average, each tweet in our dataset has received 1 724 retweets. However, the number of
retweets is higher for tweets perceived as believable. Specifically, the average number of
retweets is 1 772 for believable tweets and 751 for not believable tweets. We further observe
that tweets rated as harmful receive fewer retweets (1 607) than tweets rated as not harmful
(1832). Complementary cumulative distribution functions for the retweet count are shown in
Fig. 3.2. The differences in the distributions are statistically significant according to two-tailed
Kolmogorov-Smirnov (KS) tests (p < 0.01). Additionally, we calculated the correlation
between the variables Believable and Harmful. Here we find a weak positive correlation of
0.181 (p < 0.01). This indicates that harmful posts can be but are not necessarily believable
(and vice versa).

Note that the tweets in our dataset show substantial heterogeneity regarding the characteristics
of the source accounts. On average, the authors of the tweets have 1.39 million followers
(SD: 5.88 million), 5795 followees (SD: 20094), and an account age of 8.89 years (SD:
4.46). A total share of 47.90 % of all authors have been verified by Twitter (SD: 0.50). The
mean sentiment of the tweets in our dataset is —0.005, i. e., slightly negative (SD: 0.26). To
accommodate these potentially confounding factors, we estimate an explanatory regression
model with control variables in the next section.

3.4.2 Regression Analysis

Coefficient estimates: We estimate a negative binomial regression to study the role of believ-
ability and harmfulness in the virality of misleading posts after controlling for confounding
effects (e. g., varying social influence). Fig. 3.3 reports the coefficient estimates and 99% Cls.
The dependent variable is the retweet count of the misleading tweet. We find that the coefficient
for Believable is positive and statistically significant (coef: 1.154; p < 0.01). This estimate
implies that misleading posts perceived as believable receive e!1%* — 1 ~ 217.09 % more
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Figure 3.2: Complementary cumulative distribution functions showing the distribution of the retweet
count separated by (a) believability and (b) harmfulness.

retweets. We further observe a negative and statistically significant coefficient for Harmful
(coef: —0.533; p < 0.01). This implies that misleading posts perceived as harmful receive
41.32 % fewer retweets. In sum, we find that misinformation that is (i) easily believable and
(i) not particularly harmful is associated with more viral resharing cascades.

Interaction effect: Misleading posts can be categorized as (i) believable or harmful, (ii)
believable and harmful, or (iii) neither believable nor harmful. To test whether the effects of
different combinations of believability and harmfulness on virality differ, we reestimated our
regression model with an interaction term between Believable x Harmful (see Fig 3.3). We
observe that the coefficient of the interaction term is not statistically significant (coef: 0.038;
p = 0.796). At the same time, the coefficients of Believable and Harmful remain stable. This
suggests that the predictors’ effects are additive and do not depend on each other.

Control variables: We also observe statistically significant coefficient estimates for the
control variables in our regression analysis. Specifically, more retweets occur for source
tweets authored by accounts with higher numbers of followers (coef: 0.303; p < 0.01) and
followees (coef: 0.107; p < 0.01). Furthermore, more retweets are estimated for tweets from
accounts that are younger in age (coef: —0.233; p < 0.01) and users with a verified status
(coef: 0.953; p < 0.01). Analogous to prior work (e. g., Prollochs et al., 2021a, 2021b), we
also observe that resharing cascades are larger if they convey a more positive sentiment (coef’
0.098; p < 0.01).

Robustness checks: We carried out multiple checks that confirmed the robustness of our
results. First, we checked our models for multicollinearity and ensured that the VIFs are below
four. Second, we reestimated our models with a random-effects specification controlling for
heteregoneity across the contributors on Birdwatch (i. e., user-specific effects). Third, we used
alternative methods for handling multiple Birdwatch notes for the same source tweets (e. g.,
via Birdwatch’s rating mechanism; see Prollochs, 2022; X, 2021). In each of these checks, we
found support for our findings.
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Figure 3.3: Negative binomial regression linking perceived believability and harmfulness to the
number of retweets. Reported are models w/o (coral) and w/ (turquoise) an interaction term between
believability and harmfulness. The circles show standardized coefficient estimates and the error bars
indicate the 99 % Cls. Month-year fixed effects are included.

3.4.3 Validation Study

To validate the categorizations on Birdwatch, we carried out a user study with n = 7 participants
via Prolific (www.prolific.com). All participants were English native speakers and based in the
US Furthermore, six out of seven participants stated that they regularly use social media to share
content. We asked the participants to rate the believability and harmfulness of 150 misleading
tweets from Birdwatch on a 5-point Likert scale. The participants rated tweets categorized as
believable by Birdwatch users as significantly more believable than tweets not categorized
as believable (MBelievable/Believable = 3.61, Mpelievable/NotBelievable = 3-25, t = 3.03, p < 0'01)-
Furthermore, tweets categorized as harmful by Birdwatch users were rated as significantly
more harmful than misleading tweets not categorized as harmful (MpamfuyHarmfur = 3-50,
MYarmful/NotHarmful = 3-02, t = 5.30, p < 0.01). The inter-rater agreement was statistically
significant for both believability (W = 0.27, p < 0.01) and harmfulness (W = 0.43,
p < 0.01). These findings add to the validity of our results and confirm that the perceptions
of independent annotators (that may have varying familiarity with the tweets’ information)
and the categorizations of (self-selected) Birdwatch users point in the same direction.

3.5 Discussion

Research implications: We contribute to research into misinformation by studying the link
between specific attributes of misleading posts and their virality on social media. Specifically,
we hypothesized that the virality of misleading posts differs depending on the perceived (i)
believability and (ii) harmfulness. Our results suggest that misleading posts that are easily
believable are more viral. From a theoretical perspective, a possible explanation lies in
the hedonic mindset of social media users: if a user does not believe the content of a post,
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increasing its reach might be less enjoyable (e. g., Johnson & Kaye, 2015; Kim & Dennis, 2019;
Minas et al., 2014; Moravec et al., 2019). We further found that misleading posts perceived
as harmful are less viral than those perceived as not harmful. This finding is concordant
with research in psychology (e. g., Koster et al., 2004; Schmidt et al., 2015; Van Damme
et al., 2008), suggesting that humans are more attentive if confronted with potentially harmful
information. As a result, harmful misinformation might be detected more accurately and,
therefore, less likely to be shared. Altogether, our work provides novel insights into how
community fact-checked posts spread in a real-world environment and demonstrates that
not all kinds of misinformation are equally viral. While previous research (e. g., Prollochs
et al., 2021a; Solovev & Prollochs, 2022; Vosoughi et al., 2018) has analyzed differences in
the spread of rumors of varying veracity, this study is the first to empirically study how the
perceived believability and harmfulness of misleading posts are linked to their virality on
social media.

Practical implications: Our findings are relevant for the design of more sophisticated strate-
gies to counter misinformation. Community-based fact-checking has the potential to partially
overcome the drawbacks of the experts’ approach to fact-checking, e. g., in terms of speed,
volume, and trust (Pennycook & Rand, 2019). Our observation that viral misleading posts
tend to be easily believable and not particularly harmful implies that the most viral community
fact-checked misinformation is often not particularly concerning from the perspective of public
safety. In practice, this knowledge could be used by platforms to enhance the prioritization of
posts for expert fact-checking. Our findings may also be relevant with regard to educational
applications and for enhancing the accuracy of machine learning models for automatically
detecting misleading posts.

Limitations and future work: As with others, our study is not free of limitations and offers
potential for future work. First, analogous to earlier observational studies (e. g., Prollochs
et al., 2021a; Solovev & Prollochs, 2022, 2023; Vosoughi et al., 2018), we demonstrate
associations and not causal paths. Second, experimental studies in controlled settings may
help to understand whether the perceptions regarding the believability and harmfulness of
misinformation differ between community fact-checkers, experts, and regular social media
users. Third, the restricted set of community fact-checked posts on Birdwatch may not reflect
the overall population of misleading posts on social media. Thus, more research is necessary to
better understand how the crowd selects posts for fact-checking (Drolsbach & Préllochs, 2023).
For instance, it would be interesting to understand whether Birdwatch users are more likely
to fact-check tweets that are easier to judge in terms of their believability and harmfulness.
Fourth, our analysis is limited to the social media platform Twitter and data from the Birdwatch
pilot phase. In the future, community-based fact-checking on Twitter may evolve to a different
steady-state due to a growing/more experienced user base and changes in functionality (e. g.,
Twitter recently rebranded Birdwatch to “Community Notes” X, 2021). Fifth, future work
may analyze whether the observed spreading patterns are generalizable to posts from other
fact-checking systems and social media platforms.
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Chapter 4

Community notes increase trust in
fact-checking on social media

Abstract

Community-based fact-checking is a promising approach to fact-check social media content
at scale. However, an understanding of whether users trust community fact-checks is missing.
Here, we presented n= 1810 Americans with 36 misleading and not misleading social media
posts and assessed their trust in different types of fact-checking interventions. Participants
were randomly assigned to treatments where misleading content was either accompanied by
simple (i.e., context-free) misinformation flags in different formats (expert flags or community
flags), or by textual “community notes” explaining why the fact-checked post was misleading
Across both sides of the political spectrum, community notes were perceived as significantly
more trustworthy than simple misinformation flags. Our results further suggest that the higher
trustworthiness primarily stemmed from the context provided in community notes (i.e., fact-
checking explanations) rather than generally higher trust towards community fact-checkers.
Community notes also improved misinformation discernment, but did not consistently reduce
sharing intentions for misleading posts beyond what was achieved with simple misinformation
flags. Our work implies that context matters in fact-checking and that community notes might
be an effective approach to mitigate trust issues with simple misinformation flags.

Keywords: misinformation, fact-checking, trust, social media
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4.1 Main

Concerns about misinformation on social media have been rising in recent years, particularly
given its potential impact on elections (Allcott & Gentzkow, 2017; Aral & Eckles, 2019;
Bakshy et al., 2015; Grinberg et al., 2019; A. M. Guess et al., 2020; Moore et al., 2023), public
health (Broniatowski et al., 2018; Gallotti et al., 2020; Rocha et al., 2021; Roozenbeek et al.,
2020), and public safety (Bér et al., 2023; Oh et al., 2013; Starbird, 2017). Major social media
providers such as X (formerly Twitter) and Facebook have thus been called upon to develop
effective countermeasures to combat the spread of misinformation on their platforms (Calo
et al., 2021; Donovan, 2020; Feuerriegel et al., 2023; Kozyreva et al., 2024; Lazer et al., 2018).
To this end, a widely implemented approach is the use of professional fact-checkers to identify
and label misleading posts (Instagram, 2019; Mosseri, 2016). The rationale is that if users
are warned that a message is false, they should be less likely to believe it. Previous work has
evaluated the effects of flags and warning labels on misinformation discernment and sharing
intentions. Although some contradictory evidence exists (Moravec et al., 2019), there is a
growing consensus that it can be effective to put misinformation flags on content contested by
fact-checkers (Altay et al., 2023; Clayton et al., 2020; Kim & Dennis, 2019; Martel & Rand,
2023a; Mena, 2020; Moravec et al., 2020; Ng et al., 2021; Pennycook, Bear, et al., 2020;
Pennycook, McPhetres, et al., 2020; Porter & Wood, 2021; Yaqub et al., 2020); for a review,
see (Martel & Rand, 2023a).

However, current approaches to fact-checking social media content have several drawbacks
that limit their full potential. First, due to the limited amount of fact-checks that experts can
perform, they are unable to accommodate the amount and speed of content creation on social
media (Martel et al., 2024; Pennycook & Rand, 2019). A large proportion of misinformation
on social media thus goes unchecked. Second, a large proportion of Americans have concerns
regarding the independence of the experts’ assessment (Poynter, 2019; Straub & Spradling,
2022), and the stance on fact-checking is increasingly becoming a partisan issue. Adherents
of the left tend to be less tolerable of the spread of misinformation and have greater trust in
fact-checking (Gonzalez-Bailon et al., 2022; Martel & Rand, 2023b; Nyhan & Reifler, 2015;
Shin & Thorson, 2017). According to surveys, a majority of Republican partisans (70 %) and
half of all U.S. adults believe that fact-checkers are biased and that their corrections cannot
be trusted (Poynter, 2019). While research indicates that fact-checks are broadly effective
(Martel & Rand, 2023b; Pan et al., 2022; Yaqub et al., 2020), their influence on users is smaller
— although still significant — for those who distrust fact-checkers (Martel & Rand, 2023b).
Hence, even when a social media post gets fact-checked and flagged, the impact on users may
be limited due to a lack of trust (Brandtzaeg & Folstad, 2017).

Given these problems regarding scalability and trust, recent works have proposed outsourcing
fact-checking of social media content to the actual social media users, i. €., non-expert fact-
checkers in the crowd (Allen et al., 2020, 2021; Bhuiyan et al., 2020; Epstein et al., 2020;
Godel et al., 2021; Micallef et al., 2020; Pennycook & Rand, 2019); for a review see (Martel
et al., 2024). The rationale is that the “wisdom of crowds” (i. e., the aggregated assessments of
non-expert fact-checkers) could result in an accuracy that is comparable to that of experts (Frey
& van de Rijt, 2021; Martel et al., 2024; Woolley et al., 2010). A prominent implementation
of community-based fact-checking is X’s “Community Notes” feature (formerly known as
“Birdwatch”) (Allen et al., 2022; Chuai et al., 2024; Prollochs, 2022; X, 2021). This feature
allows regular social media users on X to identify posts (formerly “tweets”) they believe
are misleading and write (textual) annotations that provide context to the post, so-called
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“community notes” (throughout this paper, we use the term “community notes” platform-
agnostic to refer to textual fact-checking annotations carried out by community fact-checkers).
Applying such a crowd-based approach to fact-checking social media posts has the potential to
address the scalability issues with expert fact-checking. Compared to expert-based assessments,
significantly larger quantities (Drolsbach & Prollochs, 2023; Prollochs, 2022) and a wider
range of posts (Pilarski et al., 2024; A. Zhao & Naaman, 2023) could be fact-checked at a
higher speed (A. Zhao & Naaman, 2023). However, evidence on whether exposing users to
community notes mitigates trust issues with simple misinformation flags is missing.

Two distinctive factors may lead one to expect that community notes may be perceived as
more trustworthy than simple misinformation flags. First, users may be more willing to trust
their peers (i. e., community fact-checkers) than experts. Americans’ trust in experts and
established information sources has been in continued decline over the last years (Gottfried &
Liedke, 2021; Kennedy et al., 2022). At the same time, people trust information sources more
if they perceive the source as similar to themselves (Brinol & Petty, 2009; Ecker et al., 2022;
Mackie et al., 1990; Siegrist, 2021). Hence, higher (perceived) source credibility may render
community fact-checks to be perceived as more trustworthy. Second, community notes allow
fact-checkers to add context by explaining why the fact-checked post was misleading and
linking to relevant external sources (Prollochs, 2022; X, 2021). People’s trust in information
increases with the amount of supporting evidence (Racherla et al., 2012; Schwarz & Jalbert,
2020; Siegrist, 2021) and presenting users with additional information that directly refutes a
false statement may help to debunk misinformation (Kreps & Kriner, 2022). While context-free
misinformation flags may create a gap in a user’s mental state (e. g., “why is this post labeled
as misleading?”’), context refuting misleading claims may also fill in plausible details, which
may strengthen the recall of correct information. Overall, both source effects (i. e., higher trust
in peers) and the provision of additional context may make community notes to be perceived
as more trustworthy than simple misinformation flags.

Previous work on community-based fact-checking has primarily focused on the accuracy of
community fact-checkers. Experimental studies found that, while the assessment of individuals
might be noisy and ineffective (Woolley et al., 2010), the crowd can be quite accurate in
identifying misleading social media content. The assessment of even relatively small crowds
is comparable to those of experts (Allen et al., 2021; Bhuiyan et al., 2020; Epstein et al.,
2020; Godel et al., 2021; Martel et al., 2024; Pennycook & Rand, 2019; Resnick et al., 2021).
Despite challenges with politically motivated flagging (Allen et al., 2022; Prollochs, 2022),
research further shows that users, to a large extent, perceive community-created fact-checks
for social media posts as being informative and helpful (Préllochs, 2022). Also, community
fact-checkers surpass experts in the volume, variety, and speed of fact-checking (Drolsbach &
Prollochs, 2023; Pilarski et al., 2024; Prollochs, 2022; Z. Zhao et al., 2020). Overall, prior
studies suggest that community-based fact-checking may address the scalability problem of
expert-based approaches. Yet, an understanding of whether users perceive community fact-
checks as more trustworthy than misinformation flags is missing. Here, we add by assessing
users’ trust in community fact-checks for social media posts.

In this study, we conducted a pre-registered survey experiment with n = 1810 American
residents (politically balanced) to assess their trust in different types of fact-checking interven-
tions (see Methods). Participants in our experiment were randomly assigned to treatments
where misleading content was accompanied by context-free misinformation flags in different
formats (expert flags or community flags), or by textual community notes explaining why the
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fact-checked post was misleading. Participants rated the perceived trustworthiness of each
fact-check. We then implemented hierarchical regression models to analyze how trust in fact-
checks varies across the different fact-checking interventions. Our objective is to understand
whether people are more likely to trust community notes than simple misinformation flags
and how the effects vary depending on the political concordance between participants and
posts. We also examine source effects, i. e., whether fact-checks carried out by experts or
the community are perceived as more trustworthy. This allows us to analyze whether trust in
fact-checks is fostered by source effects (higher trust in peers) or the provision of additional
context (i. e., fact-checking explanations). Furthermore, we study how users’ ability to identify
misinformation varies across the different fact-checking interventions.

4.2 Results

Here, we investigate users’ trust in fact-checks for social media posts with a preregistered
(https://aspredicted.org/rb45k.pdf) four-condition survey experiment (see Methods). We
presented n = 1810 American residents (M4 = 42 years, 51 % female; politically balanced;
see SI, Supplement A for further descriptive statistics) with 36 (18 misleading and 18 non-
misleading) social media posts and assessed their trust in different types of fact-checks.
Participants were recruited via Prolific across multiple sessions and randomly assigned to a
control, treatments where all misleading content was accompanied by simple (i. ., context-
free) misinformation flags (expert flags and community flags), or a treatment where all
misleading content was supplemented with textual community notes explaining why a post
was misleading. Each community note in our experiment represented a real-world fact-check
from X’s Community Notes platform that has been rated as helpful by multiple users with
diverse viewpoints (see Methods). All posts and fact-checks were presented in a standard
“X format” (see example in Figure 4.1), and were prevalidated (see SI, Supplement E for
details) to appeal to subjects with different political views (pro-Republican, pro-Democrat,
and politically neutral). Following our preregistration, we further asked the participants for an
assessment of the misleadingness of the posts. This allowed us to analyze how users’ ability
to identify misinformation varied across the four conditions.

4.2.1 Trustin fact-checks

The data suggest significant differences in the perceived trustworthiness of the fact-checks
presented to participants across the experimental conditions and political leanings. The
participants’ mean trust ratings (7-point Likert scale normalized to the interval [0, 1]) are
shown in Figure 4.2. On average, simple expert flags were rated as slightly more trustworthy
(M = 0.59) than simple community flags (M = 0.57). According to two-tailed ¢-tests, this
difference was significant for the full sample (P = 0.005), but failed to reached statistical
significance when looking at Biden supporters (P = 0.117) or Trump supporters (P = 0.052)
separately. Compared to expert flags, exposing participants to textual community notes that
elaborate on the reasons on why the fact-checked post was misleading significantly increased
(P < 0.001) the perceived trustworthiness (M = 0.63). This improvement was significantly
higher (P < 0.001) for Biden supporters (M = 0.68) than for Trump supporters (M = 0.58).
We further observe that the average trust ratings differed according to the political orientation
of both the participants and the fact-checked posts. Despite concerns with trust in fact-checkers
(Poynter, 2019), Trump-supporting participants rated the majority of fact-checks as at least
somewhat trustworthy (M = 0.56). However, participants preferring Biden exhibited a
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Figure 4.1: Example of a social media post and fact-checks shown to participants. Participants
were randomly assigned to one of four conditions: (1) Control, in which the participants were presented
only with the social media posts (i.e., without fact-checks), (2) expert flag, where misleading posts
were supplemented by a flag indicating that expert fact-checkers categorized the content as being
misleading, (3) community flag, where misleading posts were supplemented by a flag indicating that
community fact-checkers categorized the content as being misleading, or (4) community note, where
misleading posts were supplemented with textual community notes explaining why the information
in the post is misleading. Posts were politically balanced to appeal to subjects with different political
views (pro-Republican, pro-Democrat, and politically neutral).

significantly higher (P < 0.001) baseline trust in fact-checks (M = 0.64). Furthermore,
fact-checks were, on average, perceived as significantly (each P < 0.001) less trustworthy if
the misleading post was politically concordant (M = 0.58) as opposed to misleading posts
that were politically neutral (M = 0.60) or politically discordant (M = 0.62).

Next, we fitted a hierarchical linear regression model with three-way interaction terms and
random intercepts for subjects and posts to predict trustworthiness ratings (7-point Likert scale
normalized to the interval [0, 1]). This allowed us to control for between-subject variations
and study interaction effects (see Methods). Figure 4.3 visualizes the average marginal effects
(AME) for our main explanatory variables (full estimation results are in SI, Supplement
B). Consistent with the analysis of group-level means, the regression model predicts that
community notes were perceived as significantly more trustworthy than simple expert flags.
On average, replacing an expert flag with a community note would have increased trust in the
fact-check by 4.8 percentage points (AME = 0.048; 95 % CI = [0.042, 0.055]; P < 0.001).
In terms of percentages, this corresponds to an increase in trust of 8.2 %. Moreover, simple
community flags were slightly less trustworthy than simple expert flags (AME = —0.013;
95% CI = [-0.020, —0.006]; P = 0.003). This suggests that the higher trustworthiness
of community notes primarily stemmed from the additional context (i. €., the fact-checking
explanations) rather than the fact-checking source.

The increases in trust varied across the political leanings of participants and posts (see Fig-
ure 4.3b). For Biden supporters, replacing an expert flag with a community note would
have increased trust in the fact-check by 7.4 percentage points (AME = 0.074; 95 % CI =
[0.061,0.086]; P < 0.001) for politically neutral posts, by 4.5 percentage points (AME
= 0.045; 95% CI = [0.032,0.058]; P < 0.001) for politically discordant posts, and by
6.4 percentage points (AME = 0.064; 95% CI = [0.049,0.080]; P < 0.001) for politi-
cally concordant posts. For Trump supporters, replacing an expert flag with a community
note would have increased trust in the fact-check by 4.2 percentage points (AME = 0.042;
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Figure 4.2: Trust in fact-checks for misleading posts. (a) Mean trust ratings across fact-checking
interventions, i.e., experimental conditions. Note that trust in fact-checks was only assessed if a
fact-check was actually presented to users, i. €., across experimental conditions 2—4. (b) Mean trust
ratings across experimental conditions separated by participants’ political leanings (leaning Trump
vs. Biden). (c¢) Trust in fact-checks for participants leaning towards Trump vs. Biden. (d) Trust in
fact-checks for politically concordant, neutral, and discordant misleading posts. The 7-point Likert
scale responses were normalized to the interval [0, 1]. The y-axis begins at 50 %; the scale is the
same across each panel. N = 24003 observations across 1 347 participants. Statistical significance
(***p < 0.001; **p < 0.01; *p < 0.05) is calculated using two-tailed ¢-tests.

95 % CI = [0.025,0.059]; P < 0.001) for politically neutral posts, by 4.0 percentage points
(AME = 0.040; 95 % CI = [0.024, 0.056]; P < 0.001) for politically discordant posts, and by
2.3 percentage points (AME = 0.023; 95 % CI = [0.007,0.039]; P = 0.010) for politically
concordant posts. Complementing earlier research on misinformation flagging (Jia et al.,
2022), this implies that participants leaning towards Trump were more hesitant to trust the
context provided in community notes when exposed to misinformation that was politically
concordant (e. g., COVID-19 misinformation).
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Figure 4.3: Community notes were rated as more trustworthy than simple misinformation flags.
(a) Shown are the average marginal effects (AME) and 95 % confidence intervals from a hierarchical
linear regression model with interaction terms predicting trust in fact-checks (7-point Likert scale
normalized to the interval [0, 1]). AME is the difference in the average predicted trust ratings between
the group of interest and the reference group (e. g., an AME of 4-0.05 indicates a 5 percentage point
difference in trust ratings). (b) AME of replacing an expert flag with a community note (i. e., the
average difference between the predicted marginal effects for community notes vs. expert flags) across
the political leanings of participants (leaning Trump vs. Biden) and the political congruence of the
fact-checked posts (concordant, neutral, discordant). (¢) AME of replacing an expert flag with a
community flag (i. e., the average difference between the predicted marginal effects for community
flags vs. expert flags) across the political leanings of participants and the fact-checked posts. Control
variables and random intercepts for posts and subjects were included. The 95 % confidence intervals
(error bars) were derived using the bootstrap method for 1 000 resamples. N = 24 003 observations
across 1 347 participants. Full estimation results are in SI, Tables 4.5 and 4.7.

4.2.2 Identification of misleading and non-misleading posts

Next, we analyzed participants’ identification of misleading and non-misleading posts. The
majority of participants assigned to the control condition (in which no fact-check was shown)
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successfully identified misleading posts. The participants’ misleadingness ratings (7-point
Likert scale normalized to the interval [0, 1]) for posts in the control condition were significantly
higher (t-test: ¢ = 103.23; df = 15207; P < 0.001, two-tailed) if they were misleading
(M = 0.73) than if they were non-misleading (M = 0.44). Notably, for both misleading and
non-misleading posts, the share of posts rated as at least somewhat misleading was relatively
high. A plausible explanation is that we asked participants for an assessment of misleadingness
(i. e., a broad concept) rather than just true and false veracity (see See, 2021). To quantify the
effects of the different fact-checking interventions (i. e., conditions 2—4) on the identification of
misleading and non-misleading posts, we fitted a hierarchical linear regression model with four-
way interaction terms and random intercepts for subjects and posts to predict misleadingness
ratings (see Methods). Figure 4.4 visualizes the average marginal effects (see SI, Section 4.B
for full estimation results).

All fact-checking interventions significantly improved the identification of misleading social
media posts (see Figure 4.4a,d,e). Compared to the control condition, displaying fact-checks
increased the perceived misleadingness by, on average, 7.1 percentage points for expert flags
(AME = 0.071; 95 % CI = [0.063,0.078]; P < 0.001), 6.0 percentage points for community
flags (AME = 0.060; 95% CI = [0.053,0.067]; P < 0.001), and 9.6 percentage points
for community notes (AME = 0.096; 95 % CI = [0.089,0.102]; P < 0.001). In terms of
percentages, these numbers translate to an increase in perceived misleadingness of 9.7 % for
expert flags, 8.2 % for community flags, and 13.1 % for community notes. Hence, participants
were more likely to correctly identify misleading posts if exposed to a community note vs. an
expert flag (AME = 0.025; 95 % CI = [0.019, 0.032]; P < 0.001), and less likely if exposed
to a community flag vs. an expert flag (AME = —0.011; 95 % CI = [—0.018, —0004]; P =
0.003). The efficacy of the fact-checking interventions was slightly but significantly (each P <
0.01) larger for Biden supporters than for Trump supporters in the case of expert flags (Biden
supporters: AME = 0.085; 95 % CI = [0.076, 0.094]; P < 0.001, Trump supporters: AME =
0.055; 95 % CI = [0.044,0.067]; P < 0.001) and community notes (Biden supporters: AME
= 0.110; 95 % CI = [0.100, 0.120]; P < 0.001, Trump supporters: AME = 0.081; 95 % CI =
[0.070,0.091]; P < 0.001), but did not significantly (P = 0.443) differ across political
leanings for community flags (Biden supporters: AME = 0.064; 95 % CI = [0.054, 0.074];
P < 0.001, Trump supporters: AME = 0.055; 95% CI = [0.044,0.066]; P < 0.001).
Replicating earlier work Garrett and Bond, 2021; Grinberg et al., 2019; A. Guess et al., 2019;
Rathje et al., 2023, we further find that participants preferring Trump performed, on average,
significantly worse at identifying misleading posts than participants preferring Biden (AME
= —0.016; 95% CI = [—0.021,—0.011]; P = 0.001). Also, participants were, on average,
significantly more likely to correctly identify misleading posts that were politically discordant
(AME = 0.092; 95% CI = [0.087,0.097]; P < 0.001) than those that were politically
concordant (AME = —0.057; 95 % CI = [—0.057,0.064]; P = 0.001).

The advantage of community notes over simple expert flags in improving the identification of
misleading posts depended on the political congruence of the post (see Figure 4.4d). For Biden
supporters, replacing an expert flag with a community note would have increased the perceived
misleadingness by 2.4 percentage points for politically concordant posts (AME = 0.024;
95% CI = [0.007,0.039]; P = 0.009), and by 4.5 percentage points for politically neutral
posts (AME = 0.045; 95% CI = [0.031,0.059]; P < 0.001). We observe no statistically
significant effect for politically discordant posts (AME = 0.005; 95 % CI = [—0.007, 0.016];
P = 0.439). For Trump supporters, replacing an expert flag with a community note would
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have increased the perceived misleadingness by 4.5 percentage points for politically concordant
posts (AME = 0.045; 95 % CI = [0.027,0.065]; P < 0.001), and by 4.4 percentage points
for politically neutral posts (AME = 0.044; 95% CI = [0.026,0.062]; P < 0.001). For
politically discordant posts, the effect was not statistically significant (AME = —0.012;
95% CI = [-0.027,0.003]; P = 0.112). Hence, both Biden supporters and Trump supporters
were relatively more successful in identifying misinformation if exposed to community notes
for politically concordant or neutral posts, but not for politically discordant posts.

Across all fact-checking interventions, there were significant treatment condition effects on
untagged (i. ., non-labeled) non-misleading posts (see Figure 4.4b); that is, we observed an
“implied truth” effect on untagged posts Pennycook, Bear, et al., 2020. Compared to the control
condition (in which no fact-check was shown), displaying fact-checks on misleading posts de-
creased the perceived misleadingness of untagged non-misleading post by, on average, 5.2 per-
centage points for expert flags (AME = —0.052; 95 % CI = [—0.059, —0.044]; P = 0.001),
5.1 percentage points for community flags (AME = —0.051; 95 % CI = [—0.058, —0.043];
P = 0.001), and 3.2 percentage points for community notes (AME = —0.032; 95% CI =
[—0.039, —0.025]; P = 0.001). Hence, the treatment condition effect on untagged non-
misleading posts was significantly less pronounced for community notes than for simple
misinformation flags (each P < 0.001). There were no statistically significant variations
in these effects for Biden vs. Trump supporters (P = 0.306 for expert flags, P = 0.587 for
community flags, P = 0.214 for community notes).

Altogether, these results imply that community notes consistently improved the identification
of misleading posts over simple misinformation flags. However, simple misinformation flags
increased belief in untagged, non-misleading posts to a larger extent than community notes.
As a result, when comparing the aggregated average marginal effects across both misleading
and non-misleading posts (i. e., overall discernment), the advantage of community notes over
simple misinformation flags was small (see Figure 4.4c). Compared to the control condition,
displaying fact-checks on misleading posts increased the overall discernment of misleading vs.
non-misleading posts by, on average, 6.1 percentage points for expert flags (AME = 0.061;
95% CI = [0.056,0.066]; P < 0.001), 5.5 percentage points for community flags (AME
= 0.055; 95 % CI = [0.050,0.060]; P < 0.001), and 6.4 percentage points for community
notes (AME = 0.064; 95% CI = [0.059,0.069]; P < 0.001). The differences between
these average marginal effects were statistically significant for expert flags vs. community
flags (P = 0.021) and community notes vs. community flags (P < 0.001); however, not for
community notes vs. expert flags (P = 0.334).
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Figure 4.4: All fact-checking interventions improved the identification of misleading posts.
Shown are the average marginal effects (AME) and 95 % confidence intervals from a hierarchical
linear regression model with interaction terms predicting the perceived misleadingness of a post (7-
point Likert scale normalized to the interval [0, 1]). AME is the difference in the average predicted
misleadingness ratings between the group of interest and the reference group (e. g., an AME of +0.05
indicates a 5 percentage point difference in perceived misleadingness). (a) AMEs for misleading posts.
(b) AMEs for non-misleading posts. (¢) Aggregated AMEs across misleading and non-misleading
posts (i. ., overall discernment). (d) AMEs when replacing an expert flag with a community note (i. e.,
the average difference between the predicted marginal effects for community notes vs. expert flags)
across the political leanings of participants (leaning Trump vs. Biden) and the political congruence of
the fact-checked posts (concordant, neutral, discordant). (¢) AMEs when replacing an expert flag with
a community flag (i. e., the average difference between the predicted marginal effects for community
flags vs. expert flags) across the political leanings of participants and the fact-checked posts. Control
variables and random intercepts for posts and subjects were included. The 95 % confidence intervals
(error bars) were derived using the bootstrap method for 1 000 resamples. N = 64 454 observations
across 1 810 participants. Full estimation results are in SI, Tables 4.6 and 4.8.

4.2.3 Demographics, beliefs, and cognitive reflection

We examined differences across demographics and participants’ beliefs towards various topics,
which we also asked about as part of our survey (see Methods). Furthermore, participants had
to complete a 4-item Cognitive Reflection Test to measure their level of reflective thinking
(Mosleh et al., 2021; Thomson & Oppenheimer, 2016) and those in the treatment conditions
were additionally asked how they would rate their general reliance on fact-checks. The
average marginal effects of these variables on participants’ trust in fact-checks and perceived
misleadingness are visualized in Figure 4.5. Full results and descriptive statistics are in SI,
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Supplement C and Table S1.

Figure 4.5a shows that under the control condition (in which no fact-check was shown),
participants performed better in correctly identifying misleading posts if they were vaccinated
against COVID-19 (AME = 0.023; 95 % CI = [0.009,0.037]; P = 0.004) or have passed
the CRT (AME = 0.034; 95 % CI = [0.023,0.045]; P < 0.001). In contrast, participants
were less accurate in identifying misleading posts if they belonged to an ethnical minority
(AME = —0.020; 95 % CI = [-0.032, —0.007]; P = 0.007) or indicated a low willingness
to take risks (AME = —0.025; 95 % CI = [—0.037, —0.013]; P = 0.001). We do not observe
statistically significant links between the identification of misleading posts and other variables
(see Figure 4.5a). Overall, these results align well with previous work examining predictors
of susceptibility to misinformation (Arechar et al., 2023).

We further studied moderation effects, i. e., how the efficacy of fact-checking interventions
varied depending on demographics, beliefs, and cognitive reflection (Figure 4.5b). Confirming
previous work (Martel & Rand, 2023b), all considered fact-checking interventions had a broad
efficacy. Across all conditions, belief in misinformation was consistently reduced across
all demographics, i. e., misleading posts were more likely to be correctly identified (each
P <0.001).

When comparing the efficacy of different fact-checking interventions (Figure 4.5¢), replacing
an expert flag with a community note would have consistently increased trust in fact-checks
(each P < 0.001); except for participants who indicated that their general reliance on fact-
checks is low (AME = 0.005; 95 % CI = [—0.008,0.017]; P = 0.439). The advantage of
community notes over expert flags was particularly pronounced for male (AME = 0.053;
95% CI = [0.044,0.062]; P < 0.001) and young participants (AME = 0.054; 95% CI =
[0.041,0.067]; P < 0.001), ethnic minorities (AME = 0.067; 95% CI = [0.053,0.078];
P < 0.001), participants who stated that they did not believe in God(s) (AME = 0.077;
95% CI = [0.068,0.086]; P < 0.001), and those who passed the CRT (AME = 0.074;
95% CI = [0.065,0.083]; P < 0.001). Regarding the identification of misleading posts,
the highest improvements were observed for female participants (AME = 0.035; 95 % CI =
[0.026,0.044]; P < 0.001), participants who were not vaccinated against COVID-19 (AME
= 0.039; 95 % CI = [0.025,0.051]; P < 0.001), and for participants who indicated having a
high willingness to take risks (AME = 0.039; 95 % CI = [0.031, 0.047]; P < 0.001).
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Figure 4.5: Effects of demographics, fact-checking reliance, and cognitive reflection. (a) Average
marginal effects (AME) for misleading posts under the control condition. (b) AMEs for misleading
posts across different fact-checking conditions (relative to the control condition). (¢) AMEs when
replacing an expert flag with a community note. AMEs (symbols) were calculated based on hierarchical
linear regression models with interaction terms across two dependent variables (DV): trustworthiness (in
blue), and misleadingness (in red). The 7-point Likert-scale responses were rescaled to the interval [0,
1]. Control variables and random intercepts for posts and subjects were included. The 95 % confidence
intervals (error bars) were derived using the bootstrap method for 1 000 resamples. Full results are in
SI, Tables 4.10 to 4.16.

4.2.4 Effect of presentation format and context

We carried out an additional experiment to study the extent to which different presentation for-
mats influence the perceived trustworthiness of community notes. In the additional experiment,
n = 675 participants (Mgge = 43, 51% female, politically balanced) were randomly assigned
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to one of two conditions, representing two different presentation formats of community notes
(see Figure 4.6a). The two formats differed in such a way that the textual community note
was presented either without an explicit warning label (i. e., former condition 4) or with an
explicit warning label indicating that community fact-checkers categorized the content as
being misleading (i. €., a combination of former conditions 3 and 4). Apart from the treatments,
the experiment had the same elements and was conducted in exactly the same way as the
original experiment (see Methods).

We fitted hierarchical linear regression models to quantify the effects of the alternative pre-
sentation format of community notes on trust in fact-checks and the identification of mis-
leading and non-misleading posts (see SI, Supplement C). Figure 4.6b/c visualizes the av-
erage marginal effects (AME). Regarding trust in fact-checks, there were, on average, no
statistically significant differences between the two presentation formats (AME = —0.001;
95% CI = [—0.008,0.007]; P = 0.846). However, there were significant differences when
looking at Biden vs. Trump supporters individually. For Biden supporters, the alternative
presentation format with an explicit warning label decreased the trust in community notes
by 2.6 percentage points (AME = —0.026; 95 % CI = [-0.036, —0.016]; P = 0.001). In
contrast, the alternative presentation format increased trust in community notes by 2.5 percent-
age points for participants leaning towards Trump (AME = 0.025; 95 % CI = [0.015, 0.036];
P < 0.001).

We linearly aggregated the effect sizes from both experiments to provide an estimate for the
isolated effect of adding context to community fact-checks (i. e., warning label vs. warning
label + context). Compared to context-free community warning labels (i. e., condition 3 in
the main experiment), community notes combining the same warning label with context (i. e.,
the alternative presentation format in the additional experiment) were, on average, linked to
5.35 percentage points higher trust in fact-checks (95 % CI = [0.047,0.060]; P < 0.001). In
terms of percentages, this translates to an increase in trust of 9.35 %. Notably, the isolated
effect of fact-checking context on trust was larger for Trump supporters with 6.65 percentage
points (95 % CI = [0.057,0.076]; P < 0.001) than for Biden supporters with 3.47 percentage
points (95 % CI = [0.027,0.044]; P < 0.001).

The alternative presentation format improved the identification of misleading and non-misleading
posts. On average, presenting community notes with an explicit warning label increased the
perceived misleadingness of misleading posts by 2.0 percentage points (AME = 0.020;
95% CI = [0.012,0.027]; P < 0.001), and decreased the perceived misleadingness of non-
misleading posts by 1.4 percentage points (AME = —0.014; 95 % CI = [—0.023, —0.005];
P = 0.001). The variation across the political leanings of the participants was small.
For Biden supporters, we observe a smaller positive effect for misleading posts (AME
= 0.014; 95% CI = [0.004,0.024]; P = 0.011) and no statistically significant effect for
non-misleading posts (AME = —0.012; 95% CI = [—0.023,0.000]; P = 0.050). For
Trump supporters, we observe a slightly larger positive effect for misleading posts (AME
= 0.026; 95% CI = [0.015,0.037]; P < 0.001) and a slightly larger negative effect for
non-misleading posts (AME = —0.017; 95% CI = [-0.028, —0.004]; P = 0.011). In
terms of overall discernment, community notes with an explicit warning label significantly
increased participants’ accuracy by, on average, 1.66 percentage points (AME = 0.017;
95% CI = [0.011,0.022]; P < 0.001). This effect was again larger for Trump supporters
(AME = 0.021; 95% CI = [0.012,0.029]; P < 0.001) than for Biden supporters (AME
= 0.013; 95 % CI = [0.005, 0.020]; P = 0.003).

75



Chapter 4. Community notes increase trust in fact-checking on social media

We again related these numbers back to the results from our main experiment to assess
the isolated effect of context on the identification of misleading vs. non-misleading posts.
Compared to context-free community warning labels, adding context increased the perceived
misleadingness of misleading by posts by 5.54 percentage points on average (95% CI =
[0.049,0.062]; P < 0.001). In terms of percentages, this number translates to an increase
in perceived misleadingness of 6.99 %. The increase was slightly higher for participants
leaning towards Biden with 5.95 percentage points (95 % CI = [0.051,0.068]; P < 0.001)
than for those leaning towards Trump with 5.07 percentage points (95 % CI = [0.041, 0.061];
P < 0.001). For non-misleading posts, the effect of additional context was small (0.53
percentage points overall; 0.37 percentage points for Biden supporters; and 0.70 percentage
points for Trump supporters) and not statistically significant (P = 0.155 overall; P =
0.494 for Biden supporters; and P = 0.234 for Trump supporters). The improvement in
overall discernment of misleading vs. non-misleading posts was 2.51 percentage points on
average (95 % CI = [0.020, 0.030]; P < 0.001), 2.78 percentage points for Biden supporters
(95% CI = [0.021,0.034]; P < 0.001), and 2.19 percentage points for Trump supporters
(95 % CI = [0.015,0.030]; P < 0.001).

Overall, our additional experiment indicates that presentation effects for community notes were
relatively small. We observed, on average, no statically significant differences in trustwor-
thiness between community notes presenting solely context vs. community notes combining
context with explicit warning labels. In combination with the findings from our main exper-
iment, this further supports that the higher trustworthiness of community notes (vs. simple
misinformation flags) primarily stems from the additional context rather than different for-
mats of labels/warning messages. Nonetheless, combining fact-checking explanations with
explicit warning labels may have the potential to slightly improve users’ ability to identify
misinformation. A possible reason may be that the explicit warning labels offer users a more
definite cue about whether or not a post is misleading, thereby encouraging them to adhere to
the labels. In contrast, community notes that lack an explicit warning label and instead solely
focus on offering context (i. e., a more “neutral” presentation) may imply to users that the
judgment is, to a relatively larger extent, up to them. The consistent trust levels for community
notes across both presentation formats indicate that, on average, these improvements may be
achieved without compromising users’ trust in fact-checks.
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Figure 4.6: Additional experiment for effects of presentation format. (a) Example of a social
media post and fact-checks shown to participants. Participants were randomly assigned to one of
two conditions: (i) community note (main), where misleading posts were supplemented with a textual
community note without an explicit warning label (i. e., previous condition 4), or (ii) community note
(alternative), where misleading posts were supplemented by a combination of a textual community
note and an explicit warning label indicating that community fact-checkers categorized the content as
being misleading. Posts were politically balanced to appeal to subjects with different political views
(pro-Republican, pro-Democrat, and politically neutral). (b) Average marginal effects (AME) and
95 % confidence intervals from a hierarchical linear regression model with interaction terms predicting
trustworthiness (blue), and misleadingness (red) (7-point Likert scale normalized to the interval [0,
1]) for misleading posts. (¢) AMEs for non-misleading posts. (d) Aggregated AMEs for misleading
and non-misleading posts (i. e., overall discernment). The 95 % confidence intervals (error bars) were
derived using the bootstrap method for 1000 resamples. N = 12.168 (24.300) observations across
675 participants. Full results are in SI, Tables 4.22 and 4.23.

4.3 Discussion

Here, we presented n = 1810 Americans with 36 misleading and non-misleading social
media posts and assessed their trust in different types of fact-checking interventions. All
posts represented real-world items from the social media platform X, and all fact-checks were
surfaced by Community Notes’ bridging algorithm. Across all demographics and political
leanings, we found that text-based community notes explaining why a fact-checked post was
misleading were perceived as significantly more trustworthy than simple (i. e., context-free)
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misinformation flags. Only marginal differences were observed between simple expert flags
and simple community flags. This implies that the increases in trustworthiness primarily
stemmed from the context provided in community notes rather than the fact-checking source.
Furthermore, in an additional experiment, we found no statically significant differences
in trustworthiness across different presentation formats, that is, between community notes
presenting solely text-based explanations vs. community notes combining warning labels
and text-based explanations. Overall, our findings demonstrate that context matters in fact-
checking on social media and that exposing users to text-based community notes might be an
effective approach to mitigate trust issues with simple misinformation flags.

Previous work has evaluated the efficacy of simple misinformation flags regarding misin-
formation discernment and sharing intentions (Clayton et al., 2020; Kim & Dennis, 2019;
Martel & Rand, 2023a; Mena, 2020; Moravec et al., 2020; Ng et al., 2021; Pennycook, Bear,
et al., 2020; Pennycook, McPhetres, et al., 2020; Porter & Wood, 2021). Consistent with the
vast majority of these works, we find that fact-checking interventions significantly improved
the identification of misleading and non-misleading social media posts (we also analyzed
sharing intentions; yet, we relegated these findings to the SI due to potential spillover effects
when asking participants about misleadingness before assessing sharing intentions Epstein
et al., 2023; see SI, Supplement C.1). However, the advantage of community notes (over
simple misinformation flags) depended on the political congruence of the fact-checked post.
Across both sides of the political spectrum, replacing a simple misinformation flag with a
community note would have made users’ assessments relatively more accurate for politically
concordant misinformation, but not for politically discordant misinformation. Hence, the
context in community notes appears to be particularly helpful in countering resistance to fact-
checking for partisan-aligned misinformation (e. g., a Trump supporter exposed to COVID-19
misinformation). This is an encouraging finding, as politically concordant misleading posts
are also the type of misinformation that people are more likely to believe and share on so-
cial media. In contrast, additional context might be (relatively) less helpful for politically
discordant misinformation (e. g., a Biden supporter exposed to COVID-19 misinformation),
which users might perceive as clearly false and which might result in them being more inclined
to rely on their existing beliefs or knowledge. Interestingly, our analysis further showed
that treatment condition effects on untagged non-misleading posts were significantly less
pronounced for community notes than for simple misinformation flags. This indicates that
the presence of community notes on misleading posts led to a less strong expectation that
untagged, non-misleading posts were true.

Our findings reinforce the notion that partisanship plays a key role regarding the success of
fact-checking interventions (Altay et al., 2023). While the majority of users across both sides
of the political spectrum trusted the fact-checks in our study, participants preferring Trump over
Biden were overall significantly less likely to do so. In particular, Trump supporters tended to
distrust fact-checking context for politically concordant misinformation such as, for example,
COVID-19 misinformation. These observations align with prior studies, suggesting that
adherents to the left tend to be less tolerable to the spread of misinformation and have greater
trust in fact-checking (Gonzalez-Bailon et al., 2022; Shin & Thorson, 2017). Moreover, fact-
checks were, on average, perceived as less trustworthy if the misleading post was politically
concordant. This observation is supported by prior research that humans seek information
that confirms their partisan preferences (Ditto et al., 2019) and that the perceived credibility
of information is greater when it is consistent with the recipient’s existing political beliefs
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(Kelly, 2019; Traberg & van der Linden, 2022). Replicating earlier findings (Garrett & Bond,
2021; Grinberg et al., 2019; A. Guess et al., 2019; Rathje et al., 2023), we also observed that
participants leaning to the political right were less accurate in identifying misleading posts,
and more likely to re-share misinformation.

As with other research, ours is not free of limitations that offer opportunities for future research.
First, analogous to earlier works (Epstein et al., 2020; Mena, 2020; Pennycook, Bear, et al.,
2020), only posts that were verifiably misleading were presented with fact-checks and al//
misleading posts in the treatment conditions received flags/community notes. In practice,
however, the validity of misinformation warnings can vary, and invalid misinformation warn-
ings may lead individuals to discard authentic content (Freeze et al., 2021). Thus, future
studies should examine how users’ behavior changes if presented with erroneously labeled
posts and the effects of labeling varying proportions of misleading posts. Second, our study
focused on the cultural context of American misinformation and American participants. While
previous research suggests that solutions to the misinformation challenge may be similarly
effective around the globe (Arechar et al., 2023), future work should nonetheless explore how
our findings translate to other countries and cultural contexts. Third, the survey participants
recruited via Prolific were not nationally representative. Although our study was conducted
among social media users, the survey population likely overrepresented higher-educated users.
Fourth, additional limitations arise due to the selection of post and (high-quality) fact-checks
surfaced by Community Notes’ bridging algorithm. While we ensured that posts were politi-
cally balanced to appeal to subjects with different political views, more research is necessary
to understand how the efficacy varies for community notes of varying quality, writing styles,
and political stances. Fifth, future research may experiment with additional formats for the
design of flags and notes. However, our study indicates that such presentation effects may be
relatively small. Ultimately, our work was performed in an experimental context, which differs
from the common environment users face when browsing through social media. However, the
use of online surveys provided a sandbox to test otherwise challenging interventions, and pre-
vious works have shown that misinformation interventions replicate well in field experiments
(Pennycook & Rand, 2021).

From a broader perspective, misinformation on social media poses serious threats to democracy
and society as a whole. Major social media providers thus have been called upon to develop
effective countermeasures to combat the spread of misinformation on their platforms. However,
current approaches to fact-checking social media content do not live up to their full potential.
A major challenge is that fact-checking on social media must deal with distrust towards fact-
checkers. Our research demonstrates that community-based fact-checking systems (e. g., X’s
Community Notes) that focus on providing fact-checking context have the potential to at least
mitigate trust issues that are common in traditional approaches to fact-checking. Fostering
trust in fact-checking is vitally important, especially as we face upcoming events, such as
elections, and emerging challenges due to the scalability of Al-generated misinformation.

4.4 Methods

4.4.1 Participants

We recruited a large sample of American residents (total n = 1810, M4, = 42 years, 51 %
female, 52 % preferred Biden over Trump) via Prolific (https://www.prolific.co/) across seven
experimental sessions conducted between April and June 2023 (see SI, Supplement D for
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details). The study design was identical in all sessions. Although Prolific is not nationally
representative, research shows that it provides high-quality data (Douglas et al., 2023).

To achieve a representative distribution of Trump and Biden supporters (Republicans are
underrepresented on Prolific Douglas et al., 2023), we explicitly recruited Biden and Trump
supporters, respectively, in sessions 2—7. To do so, we used the prescreening tool available
through Prolific, contacting only participants who indicated they voted for Trump or Biden in
the 2020 presidential election. Furthermore, we ensured that the participants were representa-
tive across genders in all sessions (women are overrepresented on Prolific). Detailed summary
statistics are in SI, Supplement A.

4.4.2 Materials

All participants were presented with the same set of 36 social media posts (18 “misleading” and
18 “non-misleading” posts) across multiple topics (e.g., Politics, Business, Health, Celebrities).
The full list of social media posts is in SI, Table S24. All posts were presented in a standard
“X format” (see example in Figure 4.1). To minimize author-specific effects, the posts were
anonymized, and all information about likes, shares, and comments was removed. The
misleading social media posts and corresponding fact-checks have been manually selected
from X’s Community notes platform (available via https://twitter.com/i/communitynotes). At
the time of selection, each fact-check has been classified as helpful by Community Notes’
bridging algorithm, i. e., was rated helpful by multiple users with diverse viewpoints (Wojcik
et al., 2022) (see Supplement E). The non-misleading social media posts have been manually
selected from X to cover similar stories and topics. Hence, all fact-checks and posts in
our study represent real-world items from a major social media platform. All posts were
additionally fact-checked by three trained research assistants who accessed professional fact-
checks (snopes.com, factcheck.org, etc.) and other reliable sources to ensure that the labels
for misleading and non-misleading post items were accurate (see SI, Supplement E).

The post items in the misleading and non-misleading categories were politically balanced
to appeal to subjects with different political views (see SI, Supplement E). Specifically, in
each category, six posts were Republican-consistent (pro-Republican/anti-Democrat), six were
Democrat-consistent (pro-Democrat/anti-Republican), and six were politically neutral. To ex-
amine differences in political orientation, pro-Democrat/anti-Republican posts were classified
as concordant for participants favoring Biden over Trump and discordant for participants fa-
voring Trump over Biden (and vice versa for pro-Republican/anti-Democrat posts). Politically
neutral posts were classified as neutral for both groups of participants. The categorizations of
the political orientations of the posts were validated with the help of three trained research
assistants (see SI, Supplement E).

4.4.3 Procedure

The procedure was identical in all experimental sessions. Participants were randomly assigned
to one of four conditions (see Figure 4.1) using a between-subject design: (1) Control, where
the participants were presented only with the social media posts (i.e., without fact-checks),
(2) expert flag, where participants were presented with the same posts, but misleading posts
were supplemented by a flag indicating that expert fact-checkers categorized the content as
being misleading, (3) community flag, where participants were presented with the same posts,
but misleading posts were supplemented by a flag indicating that community fact-checkers
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categorized the content as being misleading, or (4) community note, where participants were
presented with the same posts, but misleading posts were supplemented with textual community
notes explaining why the information in the post is misleading. In conditions (2—4), all
misleading posts have been supplemented by the respective fact-check, and all non-misleading
posts have been displayed without any fact-check. Posts were displayed to participants in a
random order to minimize presentation-order effects.

Before starting the survey, participants were presented with the following instructions: “In this
survey, you will be presented with a set of social media posts. Please read the posts carefully
and answer the following questions for each post: (1) To the best of your knowledge, is the
above social media post misleading? (2) How trustworthy do you think the [expert fact-check,
community fact-check, textual community note] for the above social media post is? (3) If you
were to see the above content on social media, how likely would you be to share it?” Question
2 was only asked for misleading posts in conditions (2—4). Participants assigned to conditions
(2—4) have been provided with a general explanation of the origin of the fact-checks. For
each social media post, participants were asked to answer the above questions on a 7-point
Likert-scale. The Likert scales for the three questions (Q1-Q3) were specified as follows:
(Q1) Extremely Accurate (1) to Extremely Misleading (7); (Q2) Extremely Untrustworthy (1)
to Extremely Trustworthy (7); (Q3) Extremely Unlikely (1) to Extremely Likely (7).

At the end of the survey, we asked participants questions about demographics, their beliefs
toward various topics, and they had to answer a 4-item cognitive reflection test (see SI,
Supplement D).

4.4.4 Analysis

We implemented a hierarchical linear regression model with random intercepts for posts and
subjects to predict participants’ trust in fact-checks at the level of the response item. For the sake
of interpretability, we normalized the 7-point Likert scale responses to the interval [0, 1]. This
allows us to interpret the effects in our model as percentage point changes. The key explanatory
variables were dummies referring to the experimental conditions. For our analysis of trust
in fact-checks, we restricted the analysis to misleading posts and conditions 2—4 (baseline
= Condition 2/Expert flag). The reason is that the question regarding the trustworthiness of
fact-checks was only asked when a fact-check was presented and thus only for misleading
posts in conditions 2—4. In addition, we controlled for the political leaning of the participants,
i. e., whether they favored Biden or Trump (baseline = Biden), and whether a specific post
was aligned with a participant’s political leaning (concordant, neutral, or discordant; baseline
= neutral). To examine interaction effects, we included three-way interaction terms between
the condition dummies, the political leaning of the participants, and the political alignment of
posts.

Additionally, we implemented hierarchical linear regression models to analyze how misinfor-
mation discernment varied across the four conditions. To this end, we used the misleadingness
ratings for the posts as dependent variables. We again normalized the 7-point Likert scale
responses to the interval [0, 1]. The key explanatory variables were dummies referring to the
four experimental conditions (baseline = Condition 1/No fact-check), and a dummy indicating
whether a post was non-misleading (= 1) or misleading (= 0). The control variables for the
political leanings of the participants and the political alignment of the posts were the same
as in the previous model. Furthermore, we included four-way interaction terms between the
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condition dummies, the misleading dummy, the political leaning of the participants, and the
political alignment of posts to study interaction effects. Random intercepts for posts and
subjects were also included.

Since our models include multiple higher-order interactions, the coefficient estimates do not
easily translate to our quantities of interest. Following best practices (Leeper, 2021), we
thus calculated the average marginal effects (AME) to interpret the effect sizes. AME is the
difference in the average predicted effect between the group of interest and the reference group.
For instance, an AME of +0.05 for the Trump dummy variable indicates a 5 percentage point
difference in the expected value of the dependent variable for participants favoring Trump (as
opposed to those favoring Biden).

Multiple exploratory analyses and checks validated our results and confirmed their robustness
(see SI, Supplement C): (i) we analyzed how sharing intentions varied across the four condi-
tion. Furthermore, we performed additional moderation analyses (ii) to examine differences
across demographics and participants’ beliefs towards various topics (e. g., belief in God,
risk preferences); (iii) to examine how reliance on fact-checks is associated with participants’
ratings; (iv) to examine the role of cognitive reflection based on the outcomes of a 4-item
Cognitive Reflection Test. (v) We conducted an additional experiment to test the effects of
alternative presentation formats on the efficacy of community notes. As part of our robustness
checks, we also (vi) tested a wide range of alternative model specifications. For instance, we
repeated our analyses using logistic mixed-effects models treating the Likert-scale responses
as binary variables, and repeated our analysis using a linear regression model with robust
standard errors clustered on both subjects and posts. Moreover, we tested model variants
including by-post and by-subject random slopes. However, these “maximal” models failed to
converge or resulted in singular fits, i. e., overfitting. Random slopes were therefore omitted
and we instead opted for models with crossed random intercepts (Bates et al., 2015). Finally,
(vi) we performed a variety of model checks (e. g., assessing variance inflation factors) to
ensure that our estimates are robust. In all cases, our results were robust and consistently
supported our findings.

Our models were implemented in R 4.3.2 using the 1me4 package and the marginaleffects
package.
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Chapter 4. Community notes increase trust in fact-checking on social media

Appendix 4.A Descriptive statistics

4.A.1 Dependent variables

Figure 4.7 shows the distribution of the participants’ responses to questions on trust in fact-

checks (Figure 4.7a), misleadingness of posts (Figure 4.7b), and sharing intentions (Figure 4.7¢c)
on 7-point Likert scales.

a b
T
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Figure 4.7: Distribution of participants’ responses across experimental conditions on 7-point Likert
scales. (a) Trustworthiness of the fact-check. (b) Misleadingness of the post. (c) Sharing intentions.
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4.A. Descriptive statistics

4.A.2 Demographics, beliefs, and CRT

Table 4.1 shows the frequencies of the responses to questions on demographics and beliefs.
Evidently, the variables are similarly distributed across the experimental conditions. Overall,
51 % of all participants were female, 48 % male, and 1.4 % identify themselves as non-binary.
On average, the participants in our study were 42 years old and the majority of all participants
did at least attend college (83 %). Out of all participants, 97 % indicated to be native English
speakers, 75 % belong to an ethnic majority, and 74 % are vaccinated against COVID-19.
Furthermore, more than half of all participants indicated that they believe in God (54 %). Our
sample was approximately balanced across political leanings. Overall, 43 % of participants
identified as Democrats and 38 % as Republican (19.7 % as third party or other). During the
2020 presidency election, 48 % indicated that they voted for Biden, whereas 45 % voted for
Trump. When being forced to choose between Biden an Trump, 52 % prefer Biden as president
and 48 % prefer Trump.

Subjects in our study were asked a series of questions regarding their attitude towards risk,
trust, and preference for analytical thinking on a 5-point Likert scale. In the median, survey
participants were “undecided” on their attitude towards risk (M ediang;s; = 3) and trust in
democracy (M edianryystinDem = 3), had “somewhat” trust in general (M ediany, st = 4),
and did “not really” prefer doing something that requires little thought over something that is
Challenging (MedianThinkingPreference = 2)

Subjects in our study were also asked to complete a 4-item Cognitive Reflection Test (CRT).
Overall, 43 % passed the CRT, which means that they answered all 4 questions correctly.
Notably, this share is comparatively high, pointing towards a high-quality sample of participants
from Prolific.
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Table 4.1: Descriptive statistics of participants’ responses to questions on demographics, beliefs, and CRT. Values are reported as frequencies and percentages, unless

otherwise stated.

Variable Overall No Fact-Check Expert Flag Community Flag ~ Community Note
Participants (n) 1,810 463 448 422 477
Gender

Female 923 (51%) 252 (54%) 228 (51%) 215 (51%) 228 (48%)
Male 861 (48%) 207 (45%) 215 (48%) 201 (48%) 238 (50%)
Non-binary 26 (1.4%) 4 (0.9%) 5(1.1%) 6 (1.4%) 11 (2.3%)
Age

Mean 42.00 42.41 41.62 42.13 41.84
Level of Education

None 1 (<0.1%) 0 (0%) 1(0.2%) 0 (0%) 0 (0%)
Less than high school degree 17 (0.9%) 2 (0.4%) 4 (0.9%) 6 (1.4%) 5 (1.0%)
High school diploma 272 (15%) 54 (12%) 70 (16%) 62 (15%) 86 (18%)
Attended college 478 (26%) 114 (25%) 127 (28%) 126 (30%) 111 (23%)
Bachelor’s degree 731 (40%) 209 (45%) 177 (40%) 159 (38%) 186 (39%)
Graduate degree 311 (17%) 84 (18%) 69 (15%) 69 (16%) 89 (19%)
Proficiency in English

Beginner 1 (<0.1%) 0 (0%) 1(0.2%) 0 (0%) 0 (0%)
Intermediate 7 (0.4%) 3 (0.6%) 2 (0.4%) 0 (0%) 2 (0.4%)
Advanced 55 (3.0%) 12 (2.6%) 16 (3.6%) 16 (3.8%) 11 (2.3%)
Native Speaker 1,747 (97%) 448 (97%) 429 (96%) 406 (96%) 464 (97%)
Belief in God(s)

I believe in God 972 (54%) 254 (55%) 230 (51%) 228 (54%) 260 (55%)
I don’t believe in God 365 (20%) 85 (18%) 96 (21%) 83 (20%) 101 (21%)
I don’t know whether or not God exists 330 (18%) 88 (19%) 87 (19%) 74 (18%) 81 (17%)
I don’t really take a stance on God 143 (7.9%) 36 (7.8%) 35 (7.8%) 37 (8.8%) 35 (7.3%)
Vaccinated against COVID-19

Unvaccinated 472 (26%) 119 (26%) 120 (27%) 105 (25%) 128 (27%)
Vaccinated 1,338 (74%) 344 (74%) 328 (73%) 317 (75%) 349 (73%)
Ethnicity

Ethnic Majority 1,359 (75%) 341 (74%) 328 (73%) 323 (77%) 367 (77%)
Ethnic Minority 451 (25%) 122 (26%) 120 (27%) 99 (23%) 110 (23%)
Political Orientation

Democrat 778 (43%) 187 (40%) 205 (46%) 176 (42%) 210 (44%)
Republican 683 (38%) 192 (41%) 160 (36%) 146 (35%) 185 (39%)
Third Party 103 (5.7%) 30 (6.5%) 27 (6.0%) 27 (6.4%) 19 (4.0%)
Other 246 (14%) 54 (12%) 56 (13%) 73 (17%) 63 (13%)
Vote in 2020

Trump 811 (45%) 216 (47%) 198 (44%) 184 (44%) 213 (45%)
Biden 866 (48%) 209 (45%) 225 (50%) 199 (47%) 233 (49%)

Continued on next page
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Variable Overall No Fact-Check Expert Flag Community Flag  Community Note
Other Candidate 17 (0.9%) 5 (1.1%) 1 (0.2%) 7 (1.7%) 4 (0.8%)

1 did not vote for reasons outside my control 41 (2.3%) 11 (2.4%) 10 (2.2%) 12 (2.8%) 8 (1.7%)

1 did not vote but I could have 64 (3.5%) 19 (4.1%) 12 (2.7%) 17 (4.0%) 16 (3.4%)

1 did not vote out of protest 11 (0.6%) 3 (0.6%) 2 (0.4%) 3 (0.7%) 3 (0.6%)
Leaning Biden or Trump

Biden 935 (52%) 230 (50%) 242 (54%) 217 (51%) 246 (52%)
Trump 875 (48%) 233 (50%) 206 (46%) 205 (49%) 231 (48%)
Willingness to take risks

Median (IQR) 3.00 (2.00,4.00)  3.00(2.00,4.00) 3.00(2.00, 4.00) 3.00 (2.00, 4.00) 3.00 (2.00, 4.00)
Trust in general

Median (IQR) 4.00 (3.00,4.00)  4.00 (3.00,4.00) 4.00(3.00,4.00)  4.00 (3.00, 4.00) 4.00 (3.00, 4.00)
Trust in Democracy

Median (IQR) 3.00 (2.00,4.00)  3.00(2.00,4.00) 4.00 (2.00, 4.00) 3.00 (2.00, 4.00) 4.00 (2.00, 4.00)
Thinking Preference

Median (IQR) 2.00 (2.00,3.00)  2.00(2.00,3.00) 2.00(2.00,3.00) 2.00(2.00, 3.00) 2.00 (2.00, 3.00)
Cognitive Reflection Test

Failed 1,029 (57%) 281 (61%) 256 (57%) 230 (55%) 262 (55%)
Passed 781 (43%) 182 (39%) 192 (43%) 192 (45%) 215 (45%)
General Reliance on Fact-Checks

Low 886 (66%) 0 (0%) 297 (66%) 324 (77%) 265 (56%)
High 461 (34%) 0 (0%) 151 (34%) 98 (23%) 212 (44%)
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4.A.3 Demographics, beliefs, and CRT of Trump vs. Biden supporters

To assess representativeness beyond gender and political orientation, we looked at how other
variables (demographics, beliefs, etc.) differed between participants preferring Trump vs.
Biden. Figure 4.8 visualizes the distributions of participants’ responses for relevant variables.

We observe that the proportion of female participants is about the same in both groups, pro-
Democrats and pro-Republicans (52% vs. 51.5%). At the same time, the share of participants
older than 40 years is clearly smaller among pro-Democrats (43.7% vs. 60.5%). Further, we
find that participants who favored Biden were slightly less likely to be native English speakers
(95.5% vs. 97.5%), more often belonged to ethnic minorities (28.7 % vs. 20.9%), and were less
likely to believe in God (35.4% vs. 74%) compared to those who supported Trump. A larger
portion of participants leaning towards Biden (vs. those leaning towards Trump) possessed
academic degrees (53% vs. 62%), received the COVID-19 vaccine (91.8% vs. 54.8%), and
reported a high reliance on fact-checks (42% vs. 26.2%). Additionally, participants preferring
Biden were more successful in passing the CRT than those preferring Trump (38.9% vs.
47.4%).

Note that these observations align well with expectations. For instance, analysis of voter
demographics in various recent US elections revealed that younger people, ethnic minorities,
and individuals holding academic degrees were more likely to support the Democratic Party
than the Republican Party, while those identifying as religious were less prevalent among
Democratic voters Doherty et al., 2018; Gramlich, 2020. Similarly, studies on attitudes
towards COVID-19 vaccination showed that Democrats were more inclined to get vaccinated
Pasquini and Saks, 2022; Ye, 2021. Moreover, distrust of fact-checkers was shown to be more
widespread among pro-Republicans than among pro-Democrats, as pro-Republicans were
more likely to perceive fact-checkers as biased Poynter, 2019.

Diff

Gender: Female 51.5@52 +0.5B
Age: over 40 [ ) @60.5 +16.8T

Native Speaker 5.6 @@ 97.5 +1.9T

Ethnic Minority 209@ @285 +7.5B

Trump

Believes in God [ J @74 +38.6T

Academic Degree 53@ @62 +9B

Vaccinated against COVID-19 54.8@ [ ] +37B
High Reliance on Fact-Checks 26.2@ @42 +15.8B
Passed CRT 3890 L ] +8.5B

Figure 4.8: Difference in participants’ responses to questions on demographics, beliefs, and CRT,
depending on their political leaning. The values show the percentage share of pro-Republican/pro-
Trump (red) and pro-Democrat/pro-Biden (blue) participants in the respective group. The column
“Diff” reports the difference between both groups, “T” and “B” stand for Trump and Biden.
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4.A. Descriptive statistics

4.A.4 Attrition

Before conducting our analysis, we adjusted the dataset to exclude participants who either did
not complete the survey in full, indicated they had responded randomly, engaged in online
research during the survey, or indicated they do not use social media. Additionally, those who
failed the attention check were removed (see SI, Section 4.D). Table 4.2 provides an overview
of the number of participants excluded on the basis of these criteria.

We find that the variation in participant numbers across different conditions post-cleanup (see
Participants (after cleaning) in Table 4.2) primarily reflects differences in the initial populations
of these conditions (see Participants (before cleaning) in Table 4.2), i. e., randomness in the
assignment via the survey tool. The share of participants excluded on the basis of the individual
criteria was fairly consistent, and there were no statistically significant differences in the share
of participants who completed the survey across the different conditions (Chi-square test:
x2 = 9; P = 0.2133, two-tailed). Overall, this suggests that attrition did not significantly
affect the sizes of the treatment groups in our study.
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Table 4.2: Distribution of different exclusion criteria per condition.

v6

Variable Overall No Fact-Check  Expert Flag Community Flag ~ Community Note
Participants (before cleaning) 2102 530 517 503 552
Participants (after cleaning) 1,810 (86.11%) 463 (87.35%) 448 (86.65%) 422 (83.90%) 477 (86.41%)
Completed Survey

Yes 2014 (95.81%) 511 (96.42%) 492 (95.16%) 484 (96.22%) 527 (95.47%)
No 88 (4.19%) 19 (3.58%) 25 (4.84%) 19 (3.78%) 25 (4.53%)
Answered Randomly

Yes 27 (1.19%) 6 (1.13%) 7 (1%) 5 (1%) 6 (0.5%)
No 1989 (94.62%) 505 (95.20%) 485 (94%) 479 (95%) 522 (94.5%)
N/A (didn’t complete) 88 (4.19%) 19 (3.58%) 25 (4.84%) 19 (3.78%) 25 (4.53%)
Searched Online

Yes 26 (1.14%) 5(0.95%) 6 (1.16%) 5 (1.00%) 10 (1.81%)
No 1990 (94.67%) 506 (95.47%) 486 (94.00%) 479 (95.22%) 517 (93.66%)
N/A (didn’t complete) 88 (4.19%) 19 (3.58%) 25 (4.84%) 19 (3.78%) 25 (4.53%)
Social Media Account

Yes 1966 (93.53%) 500 (94.34%) 476 (92.07%) 473 (94.04%) 517 (93.66%)
No 48 (2.28%) 11 (2.08%) 16 (3.09%) 11 (2.18%) 10 (1.81%)
N/A (didn’t complete) 88 (4.19%) 19 (3.58%) 25 (4.84%) 19 (3.78%) 25 (4.53%)
Passed attention check

Yes 1900 (90.39%) 483 (91.13%) 472 (91.30%) 445 (88.47%) 500 (90.58%)
No 114 (5.42%) 28 (5.29%) 20 (3.86%) 39 (7.75%) 27 (4.89%)
N/A (didn’t complete) 88 (4.19%) 19 (3.58%) 25 (4.84%) 19 (3.78%) 25 (4.53%)
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4.A. Descriptive statistics

4.A.5 Social media behavior

Table 4.3 reports the participants responses to questions regarding their social media behavior.
79 % of all participants use Facebook, 64 % use Twitter/X, and 68 % use Instagram. Prior to all
analyses, all participants not using social media platforms were removed. Participants indicated
that they are more likely to share content on political (41 %) and scientific (55 %) topics than
on other topics. Out of all participants, 19 % stated that they do not share any content on
social media. Participants where also asked to rate whether specific post characteristics are
important for them when deciding about sharing a post. While accuracy and interestingness
were extremely or very important to a majority of participants (91 % and 81 %), it was less
important whether a post is funny (41 %) or surprising (22.5 %). Moreover, most participants
indicated that it is at least moderately important for them that a post aligns with their beliefs
(83 %). The participants’ ratings on the importance of specific post characteristics did not
differ drastically across different social media platforms and topics.
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Table 4.3: Percentage of participants reporting having a social media account and type of content shared. Rows show participants’ ratings of whether specific post
characteristics are important for them when deciding about sharing a post.

Social media outlets used Type of content shared
wn
§ ] E § § - 72} :f:: % %
£ 2 2 ¥ £ & 5 £ £ 2 g8 £ 15 9

. i f £ z £ 2 £ % 2 £ 2 % £ 5§
Variable [ =~ ) — = = o ~ ) Q 75} = C Z
Participants (n) 1,441 1,156 486 1,227 346 721 423 741 582 454 989 479 455 344
Post is Accurate
Not at all 22% 15% 14% 2.0% 14% 1.1% 33% 05% 03% 0.7% 05% 02% 09% 8.4%
Slightly 09% 14% 12% 14% 03% 1.7% 07% 12% 14% 22% 14% 13% 13% 1.5%
Moderately 6.5% 7.8% 84% 77% 69% 7.6% 59% 81% 7.6% 8.1% 7.0% 75% 79% 52%
Very 26% 29% 29% 27% 27% 27% 25% 31% 32% 32% 30% 32% 26% 16%
Extremely 65% 61% 60% 62% 65% 63% 65% 59% 58% S57% 61% 59% 64% 69%
Post is Surprising
Not at all 26% 24% 22% 25% 21% 22% 30% 18% 18% 12% 19% 18% 31% 46%
Slightly 22%  24% 26% 22% 16% 24% 24% 24% 23% 21% 24% 22% 27% 18%
Moderately 30% 32% 28% 31% 32% 31% 30% 32% 33% 33% 34% 32% 29% 22%
Very 16% 15% 17% 15% 22% 17% 13% 19% 21% 26% 17% 22% 9.5% 6.4%
Extremely 6.5% 55% 74% 62% 95% 64% 35% 66% 57% 7.5% 57% 6.1% 3.3% 8.4%
Post is Interesting
Not at all 2.8% 1.6% 1.6% 23% 4.0% 12% 47% 03% 05% 02% 03% 0% 1.8% 12%
Slightly 22% 22% 19% 28% 2.0% 25% 35% 22% 1.7% 18% 19% 15% 22% 3.5%
Moderately 13% 14% 17% 14% 14% 13% 13% 13% 13% 10% 13% 14% 15% 14%
Very 43% 44% 42% 43% 43% 44% 43% 47% 47% 47% 46% 47% 45% 30%
Extremely 39% 38% 37% 38% 37% 40% 35% 38% 38% 41% 39% 38% 37% 40%

Continued on next page
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Table 4.3: (continued)

Social media outlets used Type of content shared

: . 3 § F ., £ . 3

2 3 o) g0 2 o = 2 g 2 2 = 5

) = =y ] = [ ) = = ) = - ) L

, s ® £ © £ £ £ 2 2 = £ 2 £ B

Variable e = 72 — = = o ~ 7 &} 75 /m o P4
Post is Aligned to the User’s Beliefs
Not at all 8.1% 82% 68% 81% 72% 64% 11% 4.7% 4.1% 4.8% 62% 4.6% 7.0% 19%
Slightly 81% 10% 93% 9.4% 6.6% 89% 11% 93% 12% 9.0% 12% 11% 8.6% 7.8%
Moderately 23% 24% 23% 22% 21% 23% 26% 26% 27% 25% 27% 31% 25% 15%
Very 30% 30% 32% 31% 33% 30% 30% 32% 32% 33% 30% 32% 31% 23%
Extremely 30% 27% 29% 30% 32% 31% 22% 28% 25% 29% 25% 23% 28% 34%
Post is Funny
Not at all 11% 10% 84% 10% 69% 7.9% 13% 99% 6.7% 57% 83% 92% 99% 18%
Slightly 16% 18% 15% 18% 18% 15% 18% 20% 17% 15% 20% 19% 16% 13%
Moderately 31%  32% 30% 31% 29% 31% 34% 34% 33% 31% 33% 33% 35% 26%
Very 22%  22% 28% 22% 27% 25% 20% 23% 26% 25% 23% 24% 19% 18%
Extremely 19% 18% 19% 19% 19% 20% 15% 14% 17% 23% 16% 15% 20% 24%
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4.A.6 Perception of fact-checks

Table 4.4 reports the participants awareness of fact-checks and the influence the fact-checks
had on their responses during the survey. Among participants in conditions 2 — 4, a vast
majority (75 %) was aware of fact-checking prior to participating. However, awareness
was substantially higher for expert fact-checks (92 %) than for community flags (65 %) and
community notes (66 %). In general, participants’ reliance on fact-checks differed a lot, but
was similarly distributed across all conditions. Overall, 34 % indicated to have a high or
extreme reliance on fact-checks.

Furthermore, participants were asked to indicate what influence the presented fact-check had
on their discernment of posts with and without fact-checks during the survey. Overall, the
majority of participants stated the the presence of fact-checks made them rate potentially
misleading post as less accurate (52 %) or the tag had not influence (20 %). Posts without
fact-checks (i. e., that were not potentially misleading) have been rated as more accurate
(38.5 %) or the tag had no influence (43 %). Interestingly, the share of participants in condition
4 (community note) indicating that they rated posts with a community note (slightly) more
accurate was much higher than in the other conditions (44 % versus 14.5 % and 14.3 %).

Table 4.4: Participants’ perception of fact-checks.

Variable Overall No Fact-Check  Expert Flag Community Flag = Community Note
Participants (n) 1,810 463 448 422 477
Aware of Fact-Checking (Prior to Survey)

Not Aware of Fact-Checking 345 (26%) - 37 (8.3%) 146 (35%) 162 (34%)
Aware of Fact-Checking 1,002 (74%) - 411 (92%) 276 (65%) 315 (66%)
Reliance on Fact-Checks

None (1) 193 (14%) - 75 (17%) 76 (18%) 42 (8.8%)
Slight (2) 272 (20%) - 94 (21%) 110 (26%) 68 (14%)
Moderate (3) 421 (31%) - 128 (29%) 138 (33%) 155 (32%)
High (4) 328 (24%) - 114 (25%) 67 (16%) 147 (31%)
Extreme (5) 133 (9.9%) - 37 (8.3%) 31(7.3%) 65 (14%)
Influence of Fact-Checks (Misleading Posts)

Much less accurate (1) 223 (17%) - 105 (23%) 61 (14%) 57 (12%)
Less accurate (2) 376 (28%) - 148 (33%) 140 (33%) 88 (18%)
Slightly less accurate (3) 148 (11%) - 52 (12%) 68 (16%) 28 (5.9%)
Tag had no influence (4) 274 (20%) - 87 (19%) 97 (23%) 90 (19%)
Slightly more accurate (5) 179 (13%) - 31 (6.9%) 37 (8.8%) 111 (23%)
More accurate (6) 118 (8.8%) - 20 (4.5%) 16 (3.8%) 82 (17%)
Much more accurate (7) 29 (2.2%) - 5(1.1%) 3 (0.7%) 21 (4.4%)
Influence of Fact-Checks (Non-misleading Posts)

Much less accurate (1) 36 (2.7%) - 6 (1.3%) 14 (3.3%) 16 (3.4%)
Less accurate (2) 100 (7.4%) - 16 (3.6%) 30 (7.1%) 54 (11%)
Slightly less accurate (3) 116 (8.6%) - 23 (5.1%) 26 (6.2%) 67 (14%)
Tag had no influence (4) 575 (43%) - 183 (41%) 183 (43%) 209 (44%)
Slightly more accurate (5) 366 (27%) - 161 (36%) 118 (28%) 87 (18%)
More accurate (6) 122 (9.1%) - 50 (11%) 38 (9.0%) 34 (7.1%)
Much more accurate (7) 32 (2.4%) - 9 (2.0%) 13 (3.1%) 10 (2.1%)
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4.B. Estimation results

Appendix 4.B Estimation results

To predict the participant’s (i) trust in fact-checks and (ii) misleadingness ratings, we imple-
mented a hierarchical linear regression model with random intercepts for posts and subjects.
Average marginal effects (AMEs) and coefficient estimates are reported in Tables 4.5 and 4.7
(trust in fact-checks) and Tables 4.6 and 4.8 (misleadingness). The findings are described in
detail in Section Results of the main paper.

Table 4.5: Average marginal effects (AME) and 95 % confidence intervals from a hierarchical linear
regression model with three-way interaction terms predicting the trustworthiness of a fact-check (7-
point Likert scale normalized to the interval [0, 1]). AME is the difference in the average predicted
trustworthiness ratings between the group of interest and the reference group (e. g., an AME of +0.05
indicates a 5 percentage point difference in trustworthiness ratings). The indented rows report the AMEs
of an intervention depending on the political leanings of participants (leaning Trump vs. Biden) and the
political congruence of the fact-checked posts (concordant, neutral, discordant). Random intercepts for
posts and subjects are included. The 95 % confidence intervals for the AMEs were derived using the
bootstrap method for 1 000 resamples. N = 24 003 observations across 1 347 participants. Coefficient
estimates are in SI, Table 4.7.

AME Lower CI  Upper CI  P-value

Community Note [ref.: Expert Flag] 0.048 0.042 0.055 < 0.001
Leaning Biden 0.061 0.052 0.069 < 0.001
Leaning Biden, Concordant 0.064 0.049 0.080 < 0.001
Leaning Biden, Neutral 0.074 0.061 0.086 < 0.001
Leaning Biden, Discordant 0.045 0.032 0.058 < 0.001
Leaning Trump 0.035 0.026 0.045 < 0.001
Leaning Trump, Concordant 0.023 0.007 0.039 0.010
Leaning Trump, Neutral 0.042 0.025 0.059 < 0.001
Leaning Trump, Discordant 0.040 0.024 0.056 < 0.001

Community Flag [ref.: Expert Flag)] -0.013 —0.020 —0.006 0.003
Leaning Biden —0.010 —0.019 0.000 0.045
Leaning Biden, Concordant —0.008 —-0.027 0.009 0.391
Leaning Biden, Neutral —-0.010 —0.024 0.006 0.188
Leaning Biden, Discordant —0.011 —0.026 0.003 0.155
Leaning Trump —0.016 —0.026 —0.006 0.006
Leaning Trump, Concordant -0.027 —0.044 -0.010 0.001
Leaning Trump, Neutral —0.007 —0.025 0.011 0.441
Leaning Trump, Discordant —-0.014 —0.031 0.004 0.118

Leaning Trump [ref.: Leaning Biden]  —0.084 —0.089 —0.078 0.001

Concordant [ref.: Neutral] —0.023 —0.029 —-0.017 0.001
Leaning Biden —0.034 —0.043 —0.026 0.001
Leaning Trump -0.010 —-0.020 0.000 0.040

Discordant [ref.. Neutral] 0.022 0.016 0.028 < 0.001
Leaning Biden 0.024 0.016 0.032 < 0.001
Leaning Trump 0.019 0.009 0.028 < 0.001

99



001

Table 4.6: Average marginal effects (AME) and 95 % confidence intervals from a hierarchical linear regression model with four-way interaction terms predicting the
perceived misleadingness of a post (7-point Likert scale normalized to the interval [0, 1]). AME is the difference in the average predicted misleadingness ratings
between the group of interest and the reference group (e. g., an AME of +0.05 indicates a 5 percentage point difference in misleadingness ratings). AMEs are reported
separately for misleading (columns 2—5) and non-misleading posts (columns 6-9). The indented rows report the AMEs of an intervention depending on the political
leanings of participants (leaning Trump vs. Biden) and the political congruence of the fact-checked posts (concordant, neutral, discordant). Random intercepts for
posts and subjects are included. The 95 % confidence intervals for the AMEs were derived using the bootstrap method for 1 000 resamples. N = 64 454 observations
across 1 810 participants. Coefficient estimates are in SI, Table 4.8.

Misleading Non-misleading

AME Lower CI UpperCI P-value AME Lower CI UpperCI P-value

Expert Flag [ref.: No Fact-Check] 0.071 0.063 0.078 < 0.001 —0.052 —0.059 —0.044 0.001
Leaning Biden 0.085 0.076 0.094 < 0.001 —0.057 —0.067 —0.048 0.001
Leaning Trump 0.055 0.044 0.067 < 0.001 —0.046 —0.056 —0.035 0.001
Community Flag [ref.: No Fact-Check]) 0.060 0.053 0.067 < 0.001 —0.051 —0.058 —0.043 0.001
Leaning Biden 0.064 0.054 0.074 < 0.001 —0.053 —0.063 —0.044 0.001
Leaning Trump 0.055 0.044 0.066 < 0.001 —0.047 —0.058 —0.036 0.001
Community Note [ref.: No Fact-Check] 0.096 0.089 0.102 < 0.001 —0.032 —-0.039 —-0.025 0.001
Leaning Biden 0.110 0.100 0.120 < 0.001 —0.038 —0.048 —0.029 0.001
Leaning Trump 0.081 0.070 0.091 < 0.001 —0.024 —0.035 —0.014 0.001
Community Note [ref.: Expert Flag] 0.025 0.019 0.032 < 0.001 0.020 0.013 0.027 < 0.001
Leaning Biden, Concordant 0.024 0.007 0.039 0.009 0.014 —0.001 0.029 0.060
Leaning Biden, Neutral 0.045 0.031 0.059 < 0.001 0.016 0.001 0.032 0.042
Leaning Biden, Discordant 0.005 —-0.007 0.016 0.439 0.027 0.008 0.046 0.003
Leaning Trump, Concordant 0.045 0.027 0.065 < 0.001 0.035 0.016 0.053 < 0.001
Leaning Trump, Neutral 0.044 0.026 0.062 < 0.001 0.019 0.003 0.036 0.020
Leaning Trump, Discordant -0.012 —-0.027 0.003 0.112 0.009 —-0.011 0.029 0.385
Community Flag [ref.: Expert Flag] —0.011 —0.018 —0.004 0.003 0.001 —0.006 0.008 0.759
Leaning Biden, Concordant —0.043 —0.061 —0.026 0.001 0.008 —-0.010 0.024 0.334
Leaning Biden, Neutral —-0.017 —0.032 —0.001 0.033 —0.003 —-0.017 0.011 0.721
Leaning Biden, Discordant —0.003 —0.015 0.009 0.628 0.007 —0.012 0.025 0.459
Leaning Trump, Concordant 0.007 —-0.012 0.028 0.532 —0.002 —-0.021 0.018 0.876
Leaning Trump, Neutral —0.004 —0.023 0.013 0.637 —0.009 —0.027 0.007 0.248
Leaning Trump, Discordant —0.002 -0.018 0.012 0.780 0.007 —-0.015 0.026 0.508
Leaning Trump [ref.: Leaning Biden) —-0.016 —-0.021 —0.011 0.001 0.034 0.029 0.039 < 0.001
Concordant [ref.: Neutral] —0.057 —0.064 —0.051 0.001 0.041 0.036 0.047 < 0.001

Continued on next page
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Misleading Non-misleading
AME Lower CI UpperCI  P-value AME Lower CI UpperCI  P-value
Leaning Biden —0.086 —0.094 —0.078 0.001 0.003 —0.004 0.011 0.384
Leaning Trump —-0.027 —0.036 —0.017 0.001 0.082 0.072 0.091 < 0.001
Discordant [ref.: Neutral] 0.092 0.087 0.097 < 0.001 0.168 0.162 0.174 < 0.001
Leaning Biden 0.091 0.084 0.098 < 0.001 0.193 0.184 0.201 < 0.001
Leaning Trump 0.093 0.085 0.101 < 0.001 0.141 0.132 0.151 < 0.001
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Chapter 4. Community notes increase trust in fact-checking on social media

Table 4.7: Estimation results for a hierarchical linear regression model with three-way interaction
terms predicting the trustworthiness of a fact-check (7-point Likert scale normalized to the interval
[0, 1]). Random intercepts for posts and subjects are included. N = 24 003 observations across 1 347

participants.

Dependent Variable: Trustworthiness

Variable

Coef. Std. ErrorLower CI Upper CI P-value

Condition

Misleading (Expert Flag) [ref’]
Misleading (Community Flag)
Misleading (Community Note)

Political Leaning (Subject)
Biden [ref’]
Trump

Political Concordance (Post)
Neutral [ref]

Concordant

Discordant

Interactions

Concordant X Trump

Discordant x Trump

Misleading (Community Flag) x Concordant
Misleading (Community Note) x Concordant
Misleading (Community Flag) x Discordant
Misleading (Community Note) X Discordant
Misleading (Community Flag) x Trump

Misleading (Community Note) X Trump

Misleading (Community Flag) x Concordant X Trump
Misleading (Community Note) X Concordant X Trump
Misleading (Community Flag) x Discordant X Trump
Misleading (Community Note) X Discordant X Trump

—0.010 0.025  —0.059 0.039 0.685
0.074** 0.024 0.027 0.121 0.002

—0.080** 0.025 —0.129  —0.030 0.002

—0.031 0.018  —0.067 0.004 0.083
0.035 0.018  —0.001 0.070 0.054

0.035 0.020  —0.004 0.074 0.081
—-0.013 0.020  —0.052 0.026 0.527
0.001 0.011  —0.021 0.024 0.897
—0.010 0.011  —0.031 0.012 0.373
—0.001 0.011  —0.023 0.021 0.955
—0.029** 0.011  —-0.051  —0.008 0.007
0.003 0.036  —0.068 0.074 0.940
—0.032 0.035 —0.100 0.037 0.366
—0.021 0.016  —0.053 0.011 0.201
—0.010 0.016 —0.041 0.022 0.543
—0.006 0.016  —0.038 0.026 0.725
0.027 0.016  —0.004 0.059 0.086

Intercept 0.619%** 0.021 0.579 0.659  <0.001
Subject-level RE YES

Post-level RE YES

AIC —2710.56

Participants (n) 1347

Observations (N) 24003

Significance: ***p < 0.001; **p < 0.01; *p < 0.05

102



4.B. Estimation results

Table 4.8: Estimation results for hierarchical linear regression model with four-way interaction terms
predicting the perceived misleadingness of a post (7-point Likert scale normalized to the interval [0,
1]). Random intercepts for posts and subjects are included. N = 64 454 observations across 1 810
participants.

Dependent Variable: Misleadingness

Variable Coef. Std. ErrorLower CI Upper CI P-value
Condition

No Fact-Check [ref'] - - - - -
Expert Flag 0.101" 0.010  0.080  0.121 <01
Community Flag 0.084™" 0.011 0.063 0.105 <01
Community Note 0.146™ 0010  0.125  0.166  <MOl

Political Leaning (Subject)

Biden [ref]] - - - - -
Trump -0.017 0.011  —0.038 0.003 0.101
Political Concordance (Post)

Neutral [ref.] - - - - -
Concordant -0.077 0.050 -0.175 0.021 0.122

Discordant 0.138™ 0.050  0.040 0237  0.006
Misleading (Post)

Misleading [ref’] - - - - -
Non-misleading -0.363"" 0.050 —0.461 —0.265 <01
Interactions

Concordant X Trump 0.066 0.051 —0.034 0.166 0.195
Discordant x Trump -0.010  0.051 —0.110  0.089  0.836
Expert Flag x Concordant 0.004 0012 -0.020  0.028  0.735
Community Flag x Concordant —0.022 0.012  —0.047 0.002 0.072
Community Note x Concordant —-0.017 0.012  —0.041 0.006 0.152
Expert Flag x Discordant -0.052""" 0.013 —0.077 -0.028  <MOI
Community Flag x Discordant -0.039" 0.013 -0.064 —0.014  0.003
Community Note x Discordant -0.092""" 0.012 -0.117 —0.068  <MO1
Expert Flag x Trump —0.028 0.015 —0.058 0.001 0.059
Community Flag x Trump -0.016 0015 —0.046  0.014  0.293
Community Note x Trump -0.029"  0.015 —0.058 0.000 0.046
Concordant x Non-misleading 0.089 0.071  —0.049 0.228 0.206
Discordant x Non-misleading 0.073 0.071  —0.066 0.212 0.304
Trump x Non-misleading 0.029"  0.012 0.005 0.053 0.018
Expert Flag x Non-misleading -0.143™" 0.012 -0.167 —0.119 <@01

sk

Community Flag x Non-misleading -0.129 0.012 -0.154 -0.105 <001
Community Note x Non-misleading -0.172"" 0.012 -0.195 —0.148  <MO1
Expert Flag x Concordant x Trump —0.029 0.018  —0.064 0.006 0.110
Community Flag x Concordant x Trump 0.010 0.018  —0.026 0.045 0.598
Community Note x Concordant x Trump —0.006 0.017  —0.041 0.028 0.717
Expert Flag x Discordant x Trump 0.025 0.018 -0.010 0.060 0.159
Community Flag x Discordant X Trump 0.013 0.018  —0.022 0.048 0.468
Community Note x Discordant x Trump 0.009 0.017 -0.025 0.043 0.605
Concordant x Trump x Non-misleading 0.023 0.072  —0.118 0.164 0.747
Discordant x Trump x Non-misleading —0.035 0.072  —-0.176 0.105 0.622
Expert Flag x Concordant x Non-misleading -0.018 0.017 —0.052 0.016 0.302
Community Flag x Concordant x Non-misleading 0.019 0.018 —0.015 0.054 0.277
Community Note x Concordant x Non-misleading 0.001 0.017  -0.032 0.035 0.950
Expert Flag x Discordant x Non-misleading 0.021 0.017 —0.013 0.056 0.219
Community Flag x Discordant x Non-misleading 0.017 0.018 -0.018 0.052 0.348
Community Note x Discordant x Non-misleading 0.071"* 0.017  0.037  0.106  <@01
Expert Flag X Trump x Non-misleading 0.048™  0.018 0.014 0.082 0.006
Community Flag X Trump x Non-misleading 0.029 0.018  —0.006 0.064 0.100
Community Note x Trump x Non-misleading 0.052"*  0.017  0.018  0.085  0.003
Expert Flag X Concordant X Trump x Non-misleading 0.007 0.025 —0.042 0.056 0.772

Community Flag x Concordant x Trump x Non-misleading  —0.033 0.025  —0.083 0.016 0.187
Community Note x Concordant x Trump x Non-misleading ~ 0.004 0.025 —0.044 0.052 0.871
Expert Flag x Discordant x Trump x Non-misleading —0.029 0.025 —0.078 0.020 0.247
Community Flag x Discordant x Trump x Non-misleading ~ —0.010 0.025  —0.060 0.039 0.687
Community Note x Discordant x Trump X Non-misleading ~ —0.032 0.025 —0.080 0.016 0.188

Continued on next page
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Table 4.8: (continued)

Variable Coef. Std. ErrorLower CI Upper CI P-value
Intercept 0.712" 0.036  0.642  0.782  <@01
Subject-level RE YES

Post-level RE YES

AIC —4352.41

Participants (n) 1810

Observations (N) 64454

Standard errors are in parentheses; ”*p < 0.001; Mp < 0.01; ‘p < 0.05
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4.C. Additional analyses

Appendix 4.C Additional analyses

4.C.1 Sharing intentions

Note: Participants in our survey also had to state whether they would consider sharing the
presented posts on social media. However, research shows that asking about misleadingness
before assessing sharing intentions can influence the outcome variable, that is, increase
correlation between the identification of misleadingness and sharing intentions Epstein et al.,
2023. The following results should therefore be interpreted with caution.

In our survey, participants assigned to the control condition had significantly lower (¢-test:
t = —36.11; df = 13395; P < 0.001, two-tailed) sharing intentions (7-point Likert scale
normalized to the interval [0, 1]) for misleading (M = 0.13) than for non-misleading posts
(M = 0.23). To quantify intervention effects, we fitted a hierarchical linear regression model
with four-way interaction terms and random intercepts for subjects and posts to predict sharing
intentions (see Section Methods of the main paper). Figure 4.9 shows the average marginal
effects (see SI, Table 4.9 for AMEs).

All fact-checking interventions significantly reduced sharing intentions for misleading posts
(see Figure 4.9a,c,d). Compared to the control condition, sharing intentions for misleading
posts were, on average, 2.7 percentage points lower for participants exposed to expert flags
(AME = —0.027; 95% CI = [-0.033, —0.021]; P = 0.001), 3.5 percentage points lower
for community flags (AME = —0.035; 95 % CI = [-0.041, —0.029]; P = 0.001), and 1.3
percentage points lower for community notes (AME = —0.013; 95 % CI = [—0.018, —0.007];
P = 0.001). In terms of percentages, these numbers translate to a reduction in sharing inten-
tions of 21.3 % for expert flags, 27.6 % for community flags, and 10.3 % for community notes.
Hence, compared to expert flags, community flags decreased sharing intentions for misleading
posts (AME = —0.008; 95 % CI = [—0.014, —0.003]; P = 0.001), while community notes
led to an increase (AME = 0.014; 95% CI = [0.014,0.019]; P < 0.001). The efficacy of
the fact-checking interventions in reducing sharing intentions for misleading posts did not
vary significantly for participants leaning towards Biden vs. Trump (P = 0.817 for expert
flags, P = 0.671 for community flags, P = 0.486 for community notes). We further observe
that Trump supporters had significantly higher baseline intentions to share misleading posts
than Biden supporters (AME = 0.018; 95 % CI = [0.014, 0.022]; P < 0.001). Also, sharing
intentions for misleading posts were, on average, higher for politically concordant posts (AME
= 0.022; 95% CI = [0.017,0.027]; P < 0.001) than for politically discordant posts (AME
= —0.033; 95 % CI = [-0.038, —0.029]; P = 0.001).

Similar to the previous analyses, the efficacy of community notes in reducing sharing intentions
for misleading posts varied across political leanings (see Figure 4.9c). For Trump supporters,
replacing an expert flag with a community note would have decreased sharing intentions
for misleading posts by 2.2 percentage points if they were politically concordant (AME
= —0.022; 95% CI = [—0.037,—0.008]; P = 0.001). This effect was slightly positive for
politically neutral (AME = 0.015; 95% CI = [0.002,0.029]; P = 0.029) and discordant
posts (AME = 0.035; 95 % CI = [0.022,0.047]; P < 0.001). We find a similar pattern for
Biden supporters. Here, replacing an expert flag with a community note would have increased
sharing intentions by 1.4 percentage points for politically discordant posts (AME = 0.031;
95% CI = [0.021,0.042]; P < 0.001), whereas the effects were smaller for politically neutral
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(AME = 0.014; 95% CI = [0.002, 0.026]; P = 0.018) and not statistically significant for
politically concordant posts (AME = 0.010; 95 % CI = [—0.002, 0.023]; P = 0.100).

We also observe some treatment condition effects on untagged non-misleading posts (see
Figure 4.9b). For Biden supporters, displaying fact-checks on misleading posts increased
sharing intentions for untagged non-misleading posts by 1.4 percentage points for expert
flags (AME = 0.012; 95% CI = [0.006,0.023]; P = 0.003), by 2.7 percentage points
for community flags (AME = 0.027; 95% CI = [0.018,0.036]; P < 0.001), and by 1.0
percentage points for community notes (AME = 0.010; 95% CI = [0.002,0.019]; P =
0.020). For Trump supporters, we do not observe significant effects across any of the conditions
(P = 0.081 for expert flags, P = 0.447 for community flags, P = 0.218 for community
notes). When comparing the average marginal effects across all participants (i. e., both Biden
and Trump supporters), the treatment condition effects on untagged non-misleading posts
were statistically significant for community flags (AME = 0.012; 95 % CI = [0.005, 0.009];
P < 0.001), but not for expert flags (AME = 0.003; 95 % CI = [—0.004, 0.009]; P = 0.340)
and community notes (AME = 0.002; 95 % CI = [—0.004, 0.008]; P = 0.511). Furthermore,
we find that Trump supporters had slightly higher baseline intentions to share non-misleading
posts than Biden supporters (AME = 0.006; 95 % CI = [0.002,0.011]; P = 0.005), and
sharing intentions for non-misleading posts were higher for politically concordant posts (AME
= 0.028; 95 % CI = [0.021,0.033]; P < 0.001) than for politically discordant posts (AME
= —0.072; 95 % CI = [-0.078, —0.067]; P = 0.001).

In sum, these results suggest that community notes were less successful in reducing sharing
intentions for misleading posts than simple misinformation flags. In particular, politically
discordant misleading posts with community notes were more likely to be shared (by both
Biden and Trump supporters) relative to discordant posts with simple misinformation flags. A
potential explanation might be that the community notes themselves were actually perceived
as politically concordant (because they were applied to politically discordant original posts).
Thus, participants may have been inclined to share the post because they were sharing the
community note appended to it, rather than endorsing the original post.
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Figure 4.9: Community notes did not consistently reduce sharing intentions for misleading posts.
Shown are the average marginal effects (AME) and 95 % confidence intervals from a hierarchical linear
regression model with interaction terms predicting sharing intentions (7-point Likert scale normalized
to the interval [0, 1]). AME is the difference in the average predicted sharing intentions between
the group of interest and the reference group (e. g., an AME of 4-0.05 indicates a 5 percentage point
difference in sharing intentions). (a) AMEs for misleading posts. (b) AMEs for non-misleading
posts. (¢) AMEs when replacing an expert flag with a community note (i. e., the average difference
between the predicted marginal effects for community notes vs. expert flags) across the political
leanings of participants (leaning Trump vs. Biden) and the political congruence of the fact-checked
posts (concordant, neutral, discordant). (d) AMEs when replacing an expert flag with a community
flag (i. e., the average difference between the predicted marginal effects for community flags vs. expert
flags) across the political leanings of participants and the fact-checked posts. Control variables and
random intercepts for posts and subjects were included. The 95 % confidence intervals (error bars)
were derived using the bootstrap method for 1 000 resamples. N = 64 454 observations across 1 810
participants. Full estimation results are in SI, Table 4.9.
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Table 4.9: Average marginal effects (AME) and 95 % confidence intervals from a hierarchical linear regression model with four-way interaction terms predicting
sharing intentions (7-point Likert scale normalized to the interval [0, 1]). AME is the difference in average predicted sharing intentions between the group of interest
and the reference group. AMEs are reported separately for misleading and non-misleading posts. The indented rows report the AMEs depending on political leaning
and congruence. Random intercepts and bootstrap-derived confidence intervals. N = 64 454 observations across 1 810 participants.

Condition Subgroup Congruence Misleading Non-misleading
AME  Lower CI Upper CI  P-value AME  Lower CI Upper CI  P-value

Expert Flag All - —0.027 —0.033 —0.021 0.001 0.003 —0.004 0.009 0.340
Expert Flag Leaning Biden ~— — —0.025 —0.033 —0.017 0.001 0.014 0.006 0.023 0.003
Expert Flag Leaning Trump — —0.029 —0.038 —0.020 0.001 —0.009 —0.019 0.001 0.081
Community Flag All - —0.035 —0.041 —0.029 0.001 0.012 0.005 0.019 <®01
Community Flag Leaning Biden = — —0.031 —0.039 —-0.022 0.001 0.027 0.018 0.036 <001
Community Flag Leaning Trump  — —0.039 —0.048 —0.031 0.001 —0.004 —0.014 0.006 0.447
Community Note All - —0.013 —0.018 —0.007 0.001 0.002 —0.004 0.008 0.511
Community Note Leaning Biden ~ — —0.006 —0.014 0.002 0.135 0.010 0.002 0.019 0.020
Community Note Leaning Trump  — —0.020 —0.028 —0.011 0.001 —0.006 —-0.014 0.003 0.218
Community Note vs Expert Flag ~ All - 0.014 0.009 0.019 <001 —-0.001 —0.007 0.005 0.789
Community Note vs Expert Flag ~ Leaning Biden =~ Concordant 0.010 —0.002 0.023 0.100 —0.011 —-0.027 0.006 0.188
Community Note vs Expert Flag  Leaning Biden Neutral 0.014 0.002 0.026 0.018 0.006 -0.010 0.021 0.441
Community Note vs Expert Flag ~ Leaning Biden =~ Discordant 0.031 0.021 0.042 <@01 —-0.007 -0.019 0.006 0.276
Community Note vs Expert Flag ~ Leaning Trump  Concordant —0.022 —0.037 —0.008 0.001 0.001 -0.017 0.018 0.858
Community Note vs Expert Flag ~ Leaning Trump  Neutral 0.015 0.002 0.029 0.029 0.002 —0.015 0.019 0.833
Community Note vs Expert Flag ~ Leaning Trump  Discordant 0.035 0.022 0.047 <001 0.006 —-0.010 0.021 0.417
Community Flag vs Expert Flag  All - —0.008 —-0.014 —0.003 0.001 0.009 0.002 0.016 0.010
Community Flag vs Expert Flag ~ Leaning Biden =~ Concordant 0.006 —0.008 0.019 0.442 0.023 0.006 0.041 0.010
Community Flag vs Expert Flag ~ Leaning Biden =~ Neutral —-0.013 —-0.026 —0.001 0.037 0.023 0.008 0.039 0.004
Community Flag vs Expert Flag ~ Leaning Biden = Discordant —-0.010 —0.020 <0.001 0.053 —0.008 —0.021 0.005 0.220
Community Flag vs Expert Flag ~ Leaning Trump  Concordant —-0.012 —-0.027 0.003 0.140 0.013 —0.005 0.033 0.150
Community Flag vs Expert Flag ~ Leaning Trump  Neutral —0.005 —0.020 0.010 0.445 0.007 —0.009 0.026 0.391
Community Flag vs Expert Flag ~ Leaning Trump  Discordant —-0.013 —-0.025 <0.001 0.053 —0.004 —-0.019 0.011 0.598
Leaning Trump vs Biden All - 0.018 0.014 0.022 <01 0.006 0.002 0.011 0.005
Concordant vs Neutral All - 0.022 0.017 0.027 <01 0.028 0.021 0.033 <®01
Concordant vs Neutral Leaning Biden — — 0.018 0.012 0.025 <01 0.053 0.045 0.062 <01
Concordant vs Neutral Leaning Trump  — 0.025 0.017 0.033 <001 <0.001 —0.009 0.009 0.986
Discordant vs Neutral All - —0.033 —0.038 —0.029 0.001 —0.072 —0.078 —0.067 0.001
Discordant vs Neutral Leaning Biden — — —0.033 —0.040 —0.027 0.001 —0.083 —0.090 —0.076 0.001
Discordant vs Neutral Leaning Trump — —-0.033 —0.040 —-0.026 0.001 —-0.061 —0.069 —0.053 0.001
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4.C.2 Demographics and beliefs

We repeated our regression analyses including information on the participants’ demographics
and beliefs (see Section Demographics, beliefs, and cognitive reflection in the main paper).
This included the participants’ gender (male, female, non-binary), level of education (attended
college vs. didn’t attend college), stance towards God (believes in God vs. doesn’t believe
in God), ethnicity (ethnic minority vs. not a minority), and COVID-19 vaccination status
(vaccinated vs. not vaccinated). In addition, we included the following variables regarding
the participants attitude: willingness to take risks (low vs. high), trust in people they interact
with in their daily life (low vs. high), trust in democracy (low vs. high), and preference to
perform tasks that require thinking (low thinking preference vs. high thinking preference).
For all Likert-scale variables, a value of greater than “undecided” (3) was considered high
(otherwise low).

Table 4.10 reports the AMEs for misleadingness ratings under the control condition. We
further studied moderation effects, i. e., how the efficacy of fact-checking interventions varied
depending on demographics and beliefs. The corresponding AMEs are reported in Tables 4.11
to 4.13.

Table 4.10: AMEs of demographics and beliefs on perceived misleadingness under the control condition
(No Fact-Check) for misleading posts. The AMEs are calculated from hierarchical linear regression
models with interaction terms. Random intercepts for posts and subjects are included. The 95 %
confidence intervals for the AMEs were derived using the bootstrap method for 1 000 resamples.
N = 64454 observations across 1 810 participants for DV: Misleadingness

Misleading

AME Lower CI UpperCl P-value

Dependent Variable: Misleadingness

Female [ref.: Male] 0.000 —0.012 0.012 0.970
Attended college [ref-: Didn t attend college] —0.003 -0.014 0.009 0.639
Age: < 30 years [ref.: 30— 50 years] 0.002 —0.013 0.017 0.760
Age: > 50 years [ref.: 30 — 50 years] 0.002 —-0.010 0.017 0.777
Believes in God [ref.: Doesn t believe in God] —0.005 -0.019 0.007 0.398
Minority [ref.: Not a minority] —0.020 —0.032 —0.007 0.007
Vaccinated against COVID-19 [ref.: Not vaccinated against COVID-19] 0.023 0.009 0.037 0.004
Low willingness to take risks [ref.: High willingness to take risks) —0.025 —0.037 —0.013 0.001
High trust [ref.: Low Trust] 0.002 —-0.010 0.014 0.796
High trust in democracy [ref.: Low trust in democracy] 0.008 —-0.003 0.020 0.149
High thinking preference [ref.: Low thinking preference] 0.006 —0.006 0.018 0.323
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Table 4.11: AME of replacing an expert flag with a community note on trust in fact-checks for
misleading posts depending on participants’ demographics and beliefs. The AMEs are calculated from
a hierarchical linear regression model with interaction terms predicting predicting the trustworthiness
of a fact-check (7-point Likert scale normalized to the interval [0, 1]). Random intercepts for posts and
subjects are included. The 95 % confidence intervals for the AMEs were derived using the bootstrap
method for 1000 resamples. N = 24 003 observations across 1 347 participants.

Dependent Variable: Trustworthiness

Misleading

AME Lower CI Upper CI  P-value

AMEsS of Community Note [ref. Expert Flag]

Female 0.036 0.026 0.045 < 0.001
Male 0.053 0.044 0.062 < 0.001
Didn’t attend college 0.041 0.033 0.050 < 0.001
Attended college 0.050 0.041 0.060 < 0.001
Age: < 30 years 0.054 0.041 0.067 < 0.001
Age: 3049 years 0.046 0.037 0.055 < 0.001
Age: > 50 years 0.038 0.027 0.049 < 0.001
Doesn’t believe in God 0.077 0.068 0.086 < 0.001
Believes in God 0.017 0.007 0.026 < 0.001
Not a Minority 0.038 0.031 0.046 < 0.001
Minority 0.067 0.053 0.078 < 0.001
Vaccinated against COVID-19 0.045 0.037 0.052 < 0.001
Not vaccinated against COVID-19  0.046 0.033 0.058 < 0.001
Low willingness to take risks 0.030 0.020 0.040 < 0.001
High willingness to take risks 0.056 0.048 0.065 < 0.001
Low trust 0.035 0.023 0.047 < 0.001
High trust 0.049 0.042 0.058 < 0.001
Low trust in democracy 0.031 0.022 0.040 < 0.001
High trust in democracy 0.060 0.051 0.068 < 0.001
Low thinking preference 0.049 0.041 0.057 < 0.001
High thinking preference 0.040 0.030 0.050 < 0.001
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Table 4.12: AME of replacing an expert flag with a community note on misleadingness ratings for
misleading posts depending on participants’ demographics and beliefs. The AMEs are calculated from
a hierarchical linear regression model with interaction terms predicting the perceived misleadingness of
a post (7-point Likert scale normalized to the interval [0, 1]). Random intercepts for posts and subjects
are included. The 95 % confidence intervals for the AMEs were derived using the bootstrap method for
1 000 resamples. N = 64 454 observations across 1 810 participants.

Dependent Variable: Misleadingness

Misleading

AME Lower CI Upper CI  P-value

AMEs of Community Note [ref. Expert Flag]

Female 0.035 0.026 0.044 < 0.001
Male 0.008 —0.002 0.017 0.118
Didn’t attend college 0.027 0.019 0.036 < 0.001
Attended college 0.017 0.007 0.028 < 0.001
Age: < 30 years 0.030 0.018 0.044 < 0.001
Age: 30-49 years 0.017 0.007 0.027 < 0.001
Age: > 50 years 0.027 0.015 0.039 < 0.001
Doesn’t believe in God 0.030 0.022 0.038 < 0.001
Believes in God 0.017 0.007 0.026 0.003
Not a Minority 0.023 0.015 0.030 < 0.001
Minority 0.023 0.010 0.037 < 0.001
Vaccinated against COVID-19 0.017 0.010 0.025 < 0.001
Not vaccinated against COVID-19  0.039 0.025 0.051 < 0.001
Low willingness to take risks 0.001 —0.009 0.011 0.831
High willingness to take risks 0.039 0.031 0.047 < 0.001
Low trust 0.034 0.022 0.046 < 0.001
High trust 0.018 0.010 0.026 < 0.001
Low trust in democracy 0.031 0.022 0.041 < 0.001
High trust in democracy 0.014 0.005 0.023 0.003
Low thinking preference 0.025 0.016 0.033 < 0.001
High thinking preference 0.020 0.010 0.030 < 0.001
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Table 4.13: AME of different fact-checking interventions (reference: control condition) on the iden-
tification of misleading posts depending on participants’ demographics and beliefs. The AMEs are
calculated from a hierarchical linear regression model with interaction terms predicting misleadingness
(7-point Likert scale normalized to the interval [0, 1]). The 95 % confidence intervals for the AMEs
were derived using the bootstrap method for 1000 resamples. N = 64 454 observations across 1 810
participants.

Dependent Variable: Misleadingness

Misleading

AME Lower CI UpperCl  P-value

AME:s of Expert Flag [ref. No Fact-Check]

Female 0.057 0.047 0.067 < 0.001
Male 0.086 0.076 0.097 < 0.001
Didn’t attend college 0.069 0.059 0.079 < 0.001
Attended college 0.073 0.062 0.084 < 0.001
Age: < 30 years 0.072 0.056 0.087 < 0.001
Age: 3049 years 0.072 0.062 0.083 < 0.001
Age: > 50 years 0.068 0.054 0.081 < 0.001
Doesn’t believe in God 0.074 0.065 0.084 < 0.001
Believes in God 0.068 0.057 0.078 < 0.001
Not a Minority 0.071 0.063 0.080 < 0.001
Minority 0.069 0.056 0.083 < 0.001
Vaccinated against COVID-19 0.076 0.068 0.085 < 0.001
Not vaccinated against COVID-19  0.055 0.039 0.070 < 0.001
Low willingness to take risks 0.087 0.077 0.099 < 0.001
High willingness to take risks 0.058 0.049 0.069 < 0.001
Low trust 0.055 0.041 0.069 < 0.001
High trust 0.078 0.069 0.086 < 0.001
Low trust in democracy 0.059 0.049 0.069 < 0.001
High trust in democracy 0.083 0.072 0.093 < 0.001
Low thinking preference 0.075 0.066 0.084 < 0.001
High thinking preference 0.064 0.053 0.075 < 0.001
AMEs of Community Flag [ref. No Fact-Check]

Female 0.048 0.039 0.058 < 0.001
Male 0.073 0.062 0.084 < 0.001
Didn’t attend college 0.056 0.046 0.065 < 0.001
Attended college 0.064 0.053 0.076 < 0.001
Age: < 30 years 0.058 0.043 0.074 < 0.001
Age: 3049 years 0.059 0.048 0.069 < 0.001
Age: > 50 years 0.061 0.047 0.075 < 0.001
Doesn’t believe in God 0.061 0.051 0.071 < 0.001
Believes in God 0.058 0.048 0.068 < 0.001
Not a Minority 0.055 0.046 0.064 < 0.001
Minority 0.074 0.059 0.088 < 0.001
Vaccinated against COVID-19 0.061 0.053 0.070 < 0.001
Not vaccinated against COVID-19  0.055 0.039 0.072 < 0.001
Low willingness to take risks 0.076 0.064 0.087 < 0.001
High willingness to take risks 0.047 0.038 0.057 < 0.001
Low trust 0.051 0.037 0.066 < 0.001
High trust 0.063 0.054 0.071 < 0.001
Low trust in democracy 0.053 0.043 0.063 < 0.001
High trust in democracy 0.066 0.056 0.077 < 0.001
Low thinking preference 0.065 0.056 0.074 < 0.001
High thinking preference 0.051 0.039 0.063 < 0.001
AMEs of Community Note [ref. No Fact-Check]

Female 0.092 0.082 0.101 < 0.001
Male 0.094 0.084 0.105 < 0.001
Didn’t attend college 0.096 0.087 0.105 < 0.001
Attended college 0.090 0.080 0.100 < 0.001
Age: < 30 years 0.102 0.087 0.116 < 0.001
Age: 3049 years 0.089 0.079 0.099 < 0.001

Continued on next page
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Continued from previous page

AME Lower CI Upper CI  P-value

Age: > 50 years 0.094 0.082 0.107 < 0.001
Doesn’t believe in God 0.104 0.094 0.114 < 0.001
Believes in God 0.084 0.075 0.094 < 0.001
Not a Minority 0.094 0.086 0.102 < 0.001
Minority 0.092 0.078 0.105 < 0.001
Vaccinated against COVID-19 0.093 0.085 0.101 < 0.001
Not vaccinated against COVID-19  0.094 0.080 0.108 < 0.001
Low willingness to take risks 0.088 0.078 0.099 < 0.001
High willingness to take risks 0.097 0.088 0.107 < 0.001
Low trust 0.089 0.076 0.101 < 0.001
High trust 0.096 0.087 0.104 < 0.001
Low trust in democracy 0.090 0.081 0.100 < 0.001
High trust in democracy 0.097 0.087 0.107 < 0.001
Low thinking preference 0.099 0.091 0.108 < 0.001
High thinking preference 0.084 0.073 0.095 < 0.001
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4.C.3 Reliance on fact-checks

Participants in the treatment conditions were also asked to indicate whether they tend to rely
on fact-checks in general (None (1) to Extreme (5)). We repeated our analysis with reliance
on fact-checks as an additional explanatory variable (see Section Demographics, beliefs, and
cognitive reflection in the main paper). Here, we code responses higher than “Moderate” (3)
as a high reliance in fact-checks (otherwise = low). Table 4.14 reports the AMEs, i. e., how
the efficacy of fact-checking interventions varied depending on participants’ self-reported
reliance on fact-checks across our three dependent variables.

Table 4.14: Average marginal effects (AME) of replacing an expert flag with a community note depend-
ing on participants’ reliance on fact-checks. The AME are calculated from hierarchical linear regression
models with interaction terms predicting trust in fact-checks and misleadingness for misleading posts.
Random intercepts for posts and subjects are included. The 95 % confidence intervals for the AMEs
were derived using the bootstrap method for 1 000 resamples. N = 24 003 observations across 1 347
participants for DV: Trustworthiness, and N = 48 249 observations across 1 347 participants for
DV: Misleadingness

Misleading

AME Lower CI Upper CI  P-value

Dependent Variable: Trustworthiness

AMEs of Community Note /[ref. Expert Flag]
High reliance on fact-checks ~ 0.038 0.030 0.045 < 0.001
Low reliance on fact-checks 0.005 —0.008 0.017 0.439

Dependent Variable: Misleadingness

AMEs of Community Note [ref. Expert Flag]
High reliance on fact-checks  0.012 0.004 0.019 0.005
Low reliance on fact-checks ~ 0.035 0.023 0.047 < 0.001
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4.C.4 Cognitive Reflection Test (CRT)

A common method to assess the level of a persons’ reflective thinking is the so-called Cognitive
Reflection Test (CRT). Participants in our study were asked to answer a 4-item CRT (for further
details see Section 4.D). We classified four correct answers as “Passed CRT” and less than four
correct answers as “Failed CRT”. Table 4.15 reports the average marginal effects (AME) across
our three dependent variables. Moderation effects, i. e., how the efficacy of fact-checking
interventions varied depending on the outcomes of the CRT are reported in Table 4.16. The
findings are described in detail in Section Demographics, beliefs, and cognitive reflection of
the main paper.

Table 4.15: Average marginal effects (AME) of the outcome of a CRT (= 1 if passed; = 0 otherwise)
on perceived misleadingness for misleading posts. The AME are calculated from linear mixed-effects
regression models with interaction terms. Random intercepts for posts and subjects are included. The
95 % confidence intervals for the AMEs were derived using the bootstrap method for 1 000 resamples.
N = 64454 observations across 1 810 participants for DV: Misleadingness

Misleading

AME Lower CI UpperCI P-value

Dependent Variable: Misleadingness
Passed CRT [ref.: Failed CRT] 0.034 0.023 0.045 < 0.001

Table 4.16: Average marginal effects (AME) of different fact-checking interventions depending on
the outcome of the CRT (= 1 if passed; = 0 otherwise) for misleading posts. The AME are calculated
from linear mixed-effects regression models with interaction terms predicting trust in fact-checks and
perceived misleadingness. Random intercepts for posts and subjects are included. The 95 % confidence
intervals for the AMEs were derived using the bootstrap method for 1000 resamples. N = 24 003
observations across 1 347 participants for DV: T'rustworthiness, and N = 64 454 observations across
1 810 participants for DV: Misleadingness.

Misleading

AME Lower CI UpperCl  P-value

Dependent Variable: Trustworthiness

AMES of Community Note [ref. Expert Flag]

Passed CRT  0.074 0.065 0.083 < 0.001
Failed CRT  0.026 0.017 0.035 < 0.001
Dependent Variable: Misleadingness

AME:s of Community Note [ref. Expert Flag]

Passed CRT  0.034 0.025 0.043 < 0.001
Failed CRT ~ 0.017 0.009 0.026 < 0.001
AME:s of Community Note [ref. No Fact-Check]

Passed CRT  0.094 0.084 0.104 < 0.001
Failed CRT  0.094 0.084 0.103 < 0.001
AMEs of Community Flag [ref. No Fact-Check]

Passed CRT ~ 0.048 0.038 0.059 < 0.001
Failed CRT  0.066 0.056 0.076 < 0.001
AME:s of Expert Flag [ref. No Fact-Check]

Passed CRT ~ 0.060 0.048 0.071 < 0.001
Failed CRT  0.077 0.068 0.086 < 0.001
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4.C.5 Analysis with hierarchical logistic regression models

We repeated our analysis with an alternative model specification using hierarchical logistic
regression model and treating the Likert-scale responses as binary variables. Specifically,
the dependent variable Trustworthy took the value = 1 if the fact-check was rated at least
as somewhat trustworthy (i. e., participants gave a 5 or higher on the 7-point Likert scale)
and = 0 otherwise. The dependent variable Misleading took the value = 1 if the fact-check
was rated at least as somewhat misleading (i. e., participants gave a 5 or higher on the 7-point
Likert scale) and = 0 otherwise. Table 4.17 reports the corresponding frequencies across the
four experimental conditions. All explanatory variables and random effects specifications
were the same as in our main analysis. The logistic mixed-effects models were implemented
in R 4.3.2 using the glmer package and the marginaleffects package.

Consistent with our main analysis, we observe that users exposed to community notes perceived
fact-checks as significantly more trustworthy (see Table 4.18) than those exposed to simple
misinformation flags (all P < 0.01). Furthermore, all fact-checking interventions resulted in
participants rating misleading posts as significantly more misleading (see Table 4.19). In sum,
we find that all main findings are robust with similar effect sizes as in our main analysis.

Table 4.17: Frequency of ratings on the level of response items (per post and per participant) across
the experimental conditions. Ratings given by the participants on a 7-point Likert scale were rescaled
into binary variables that took the value = 1 if the rating was greater than Neutral (and = 0 otherwise).

Variable Overall No Fact-Check  Expert Flag ~ Community Flag  Community Note
Observations (N) 64,454 16,205 15,885 15,192 17,172
Trustworthy

Yes 14,514 (60%) - 4,617 (59%) 4,260 (56%) 5,637 (66%)
No 9,489 (40%) - 3,204 (41%) 3,336 (44%) 2,949 (34%)
Misleading

Yes 43,099 (67%) 10,755 (66%) 10,473 (66%) 9,998 (66%) 11,873 (69%)
No 21,355 (33%) 5,450 (34%) 5,412 (34%) 5,194 (34%) 5,299 (31%)
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Table 4.18: Average marginal effects (AME) and 95 % confidence intervals from a hierarchical
logistic regression model with three-way interaction terms predicting whether a fact-check was rated as
trustworthy (0 = no; 1 = yes). AME is the difference in average predicted probability of whether a
fact-check was rated as trustworthy between the group of interest and the reference group expressed as a
proportion (e. g., an AME of +0.05 indicates a 5 percentage point difference in predicted probabilities).
The indented rows report the AMEs of an intervention depending on the political leanings of participants
(leaning Trump vs. Biden) and the political congruence of the fact-checked posts (concordant, neutral,
discordant). Random intercepts for posts and subjects are included. The 95 % confidence intervals
for the AMEs were derived using the bootstrap method for 500 resamples. N = 24 003 observations
across 1 347 participants.

AME  Lower CI Upper CI  P-value

Community Note [ref.: Expert Flag] 0.065 0.055 0.074 < 0.001
Leaning Biden, Concordant 0.104 0.079 0.129 < 0.001
Leaning Biden, Neutral 0.120 0.098 0.144 < 0.001
Leaning Biden, Discordant 0.047 0.025 0.068 < 0.001
Leaning Trump, Concordant 0.013 -0.014 0.041 0.360
Leaning Trump, Neutral 0.052 0.026 0.080 < 0.001
Leaning Trump, Discordant 0.047 0.023 0.073 < 0.001

Community Flag [ref.: Expert Flag] —0.024 —0.034 -0.014 0.002
Leaning Biden, Concordant —0.024 —0.057 0.007 0.140
Leaning Biden, Neutral -0.013 —0.039 0.012 0.286
Leaning Biden, Discordant -0.019 —0.041 0.002 0.084
Leaning Trump, Concordant —-0.047 —-0.075 -0.019 0.006
Leaning Trump, Neutral —0.024 —0.054 0.004 0.088
Leaning Trump, Discordant —-0.017 —0.045 0.009 0.194

Leaning Trump [ref.: Leaning Biden] — —0.100 —-0.109 —0.092 0.002

Concordant [ref.: Neutral] —0.043 —0.055 —0.032 0.002

Discordant [ref.. Neutral] 0.048 0.038 0.058 < 0.001
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Table 4.19: Average marginal effects (AME) and 95 % confidence intervals from a hierarchical logistic regression model with four-way interaction terms predicting
whether a post was rated as misleading (0 = no; 1 = yes). AME is the difference in average predicted probability of whether a fact-check was rated as misleading
between the group of interest and the reference group expressed as a proportion (e. g., an AME of 40.05 indicates a 5 percentage point difference in predicted
probabilities). AMEs are reported separately for misleading (columns 2—5) and non-misleading posts (columns 6—9). The indented rows report the AMEs of an
intervention depending on the political leanings of participants (leaning Trump vs. Biden) and the political congruence of the fact-checked posts (concordant, neutral,
discordant). Random intercepts for posts and subjects are included. The 95 % confidence intervals for the AMEs were derived using the bootstrap method for 500
resamples. N = 64 454 observations across 1 810 participants.

Misleading Non-misleading

AME  Lower CI Upper CI P-value AME  Lower CI Upper CI P-value

Expert Flag [ref.: No Fact-Check] 0.067 0.057 0.077 < 0.001 -0.078  —-0.091 -0.064 0.002
Community Flag [ref.: No Fact-Check) 0.050 0.041 0.060 < 0.001 -0.072 —0.086  —0.060 0.002
Community Note [ref.: No Fact-Check] 0.080 0.071 0.090 < 0.001 —0.033  —-0.046 -0.019 0.002
Community Note [ref.: Expert Flag] 0.013 0.006 0.021 0.006 0.046 0.033 0.060 < 0.001
Leaning Biden, Concordant 0.032 0.010 0.055 0.008 0.023  —0.005 0.052 0.088
Leaning Biden, Neutral —0.002  —0.015 0.011 0.728 0.054 0.026 0.085 0.006
Leaning Biden, Discordant —0.014 —0.024 —0.004 0.012 0.068 0.037 0.104 < 0.001
Leaning Trump, Concordant 0.068 0.045 0.094 < 0.001 0.080 0.046 0.112 < 0.001
Leaning Trump, Neutral 0.028 0.008 0.049 0.012 0.026  —0.006 0.060 0.122
Leaning Trump, Discordant -0.032  —0.047 -0.016 0.002 0.023  —0.012 0.054 0.194
Community Flag [ref.: Expert Flag] -0.017  —0.025 —0.008 0.002 0.006  —0.007 0.019 0.374
Leaning Biden, Concordant -0.061 —0.086 —0.036 0.002 0.010 —0.020 0.039 0.496
Leaning Biden, Neutral —0.009  —0.025 0.008 0.254 0.005  —0.026 0.037 0.742
Leaning Biden, Discordant -0.009 —0.019 0.001 0.106 0.023  —0.011 0.059 0.196
Leaning Trump, Concordant 0.009 —0.018 0.039 0.566 0.022 -0.017 0.059 0.246
Leaning Trump, Neutral —0.003  —0.027 0.019 0.798 —0.022  —0.055 0.011 0.204
Leaning Trump, Discordant -0.023  -0.040 —0.007 0.010 -0.004 -0.037 0.033 0.838
Leaning Trump [ref.: Leaning Biden] —0.029  —-0.036  —0.022 0.002 0.049 0.039 0.058 < 0.001
Concordant [ref.: Neutral] -0.070  —0.079  -0.061 0.002 0.042 0.029 0.053 < 0.001
Discordant [ref.: Neutral] 0.053 0.046 0.060 < 0.001 0.232 0.221 0.244 < 0.001
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4.C.6 Analysis with cluster-robust standard errors

In our main analysis, we used hierarchical linear regression models with crossed random
intercepts for posts and subjects. As an alternative model specification, we repeated our
analysis using a linear regression model with robust standard errors clustered on both subjects
and posts, analogous to earlier research Pennycook et al., 2020. The average marginal effects
(AMESs) are visualized in Figures 4.10 and 4.11 and tabulated in Tables 4.20 and 4.21. Across
all models, the results were qualitatively identical and consistently supported our findings.

Table 4.20: Average marginal effects (AME) and 95 % confidence intervals from a linear regression
model with robust standard errors clustered on subjects and posts predicting the trustworthiness of a
fact-check (7-point Likert scale normalized to the interval [0, 1]). AME is the difference in average
predicted probability of whether a fact-check was rated as trustworthy between the group of interest and
the reference group expressed as a proportion (e. g., an AME of +0.05 indicates a 5 percentage point
difference in predicted probabilities). The indented rows report the AMEs of an intervention depending
on the political leanings of participants (leaning Trump vs. Biden) and the political congruence of the
fact-checked posts (concordant, neutral, discordant). Random intercepts for posts and subjects are
included. The 95 % confidence intervals for the AMEs were derived using the bootstrap method for
1000 resamples. N = 24 003 observations across 1 347 participants.

Misleading

AME  Lower CI Upper CI  P-value

Community Note [ref.: Expert Flag] 0.048 0.038 0.059 < 0.001
Leaning Biden, Concordant 0.063 0.041 0.086 < 0.001
Leaning Biden, Neutral 0.074 0.051 0.098 < 0.001
Leaning Biden, Discordant 0.044 0.020 0.068 < 0.001
Leaning Trump, Concordant 0.023 —0.002 0.047 0.079
Leaning Trump, Neutral 0.042 0.016 0.068 0.004
Leaning Trump, Discordant 0.041 0.015 0.071 0.005

Community Flag [ref.: Expert Flag] -0.013 —0.024 —0.002 0.017
Leaning Biden, Concordant —0.010 —0.035 0.015 0.426
Leaning Biden, Neutral —0.010 —0.032 0.015 0.404
Leaning Biden, Discordant -0.010 -0.035 0.016 0.454
Leaning Trump, Concordant —0.027 —0.052 —0.003 0.032
Leaning Trump, Neutral —0.008 —0.034 0.022 0.504
Leaning Trump, Discordant —-0.013 —0.042 0.014 0.365

Leaning Trump [ref.: Leaning Biden] — —0.084 —0.092 —0.076 0.001

Concordant [ref.: Neutral] —0.023 —0.032 —0.013 0.001

Discordant [ref.. Neutral] 0.022 0.011 0.032 < 0.001
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Figure 4.10: (a) Shown are the average marginal effects (AME) and 95 % confidence intervals from
a linear regression model with robust standard errors clustered on subjects and posts predicting the
trustworthiness of a fact-check (7-point Likert scale normalized to the interval [0, 1]). (b) AME of
replacing an expert flag with a community note (i. e., the average difference between the predicted
marginal effects for community notes vs. expert flags) across the political leanings of participants
(leaning Trump vs. Biden) and the political congruence of the fact-checked posts (concordant, neutral,
discordant). (¢) AME of replacing an expert flag with a community flag (i. e., the average difference
between the predicted marginal effects for community flags vs. expert flags) across the political leanings
of participants and the fact-checked posts. Control variables and random intercepts for posts and subjects
were included. The 95 % confidence intervals (error bars) were derived using the bootstrap method for
1000 resamples. N = 24 003 observations across 1 347 participants. Full AMEs are in SI, Table 4.20.
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Figure 4.11: Shown are the average marginal effects (AME) and 95 % confidence intervals from
a linear regression model with robust standard errors clustered on subjects and posts predicting the
perceived misleadingness of a post (7-point Likert scale normalized to the interval [0, 1]). (a) AMEs for
misleading posts. (b) AMEs for non-misleading posts. (¢) AMEs when replacing an expert flag with a
community note (i. ., the average difference between the predicted marginal effects for community
notes vs. expert flags) across the political leanings of participants (leaning Trump vs. Biden) and the
political congruence of the fact-checked posts (concordant, neutral, discordant). (d) AMEs when
replacing an expert flag with a community flag (i. e., the average difference between the predicted
marginal effects for community flags vs. expert flags) across the political leanings of participants and
the fact-checked posts. Control variables and random intercepts for posts and subjects were included.
The 95 % confidence intervals (error bars) were derived using the bootstrap method for 1 000 resamples.
N = 64454 observations across 1 810 participants. Full AMEs are in SI, Table 4.21.
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Table 4.21: Average marginal effects (AME) and 95 % confidence intervals from a linear regression model with robust standard errors clustered on subjects and posts
predicting the perceived misleadingness of a post (7-point Likert scale normalized to the interval [0, 1]). AME is the difference in average predicted probability of
whether a fact-Check was rated as misleading between the group of interest and the reference group expressed as a proportion (e. g., an AME of +0.05 indicates a 5
percentage point difference in predicted probabilities). AMEs are reported separately for misleading (columns 2—5) and non-misleading posts (columns 6-9). The
indented rows report the AMEs of an intervention depending on the political leanings of participants (leaning Trump vs. Biden) and the political congruence of the
fact-Checked posts (concordant, neutral, discordant). Random intercepts for posts and subjects are included. The 95 % confidence intervals for the AMEs were
derived using the bootstrap method for 1 000 resamples. N = 64 454 observations across 1 810 participants.

Misleading Non-misleading

AME  Lower CI Upper CI P-value AME  Lower CI Upper CI P-value

Expert Flag [ref.: No Fact-Check] 0.070 0.063 0.078 < 0.001 —0.052  —0.060 -0.044 0.001
Community Flag [ref.: No Fact-Check) 0.060 0.052 0.068 < 0.001 -0.051 —0.059 —0.042 0.001
Community Note [ref.: No Fact-Check] 0.096 0.088 0.104 < 0.001 —0.031  —-0.039 -0.024 0.001
Community Note [ref.: Expert Flag] 0.026 0.018 0.033 < 0.001 0.020 0.013 0.028 < 0.001
Leaning Biden, Concordant 0.026 0.006 0.046 0.016 0.014 -0.004 0.031 0.123
Leaning Biden, Neutral 0.045 0.030 0.061 < 0.001 0.017 0.001 0.033 0.037
Leaning Biden, Discordant 0.005  —0.007 0.017 0.408 0.027 0.009 0.045 0.007
Leaning Trump, Concordant 0.044 0.022 0.065 < 0.001 0.035 0.014 0.055 < 0.001
Leaning Trump, Neutral 0.044 0.025 0.064 < 0.001 0.019 0.000 0.037 0.042
Leaning Trump, Discordant -0.011  —0.028 0.006 0.188 0.009 —0.011 0.031 0.409
Community Flag [ref.: Expert Flag] -0.010 —0.017 —0.003 0.010 0.001  —0.007 0.009 0.721
Leaning Biden, Concordant -0.041 —0.064 -0.019 0.001 0.008 —0.011 0.026 0.386
Leaning Biden, Neutral —0.016 —0.033  —0.001 0.036 —0.003  —0.018 0.014 0.743
Leaning Biden, Discordant -0.002 —0.014 0.010 0.742 0.006 —0.014 0.026 0.534
Leaning Trump, Concordant 0.007  —0.015 0.029 0.501 -0.001 -0.022 0.020 0.945
Leaning Trump, Neutral —0.004 —0.024 0.018 0.685 -0.009  —0.029 0.010 0.312
Leaning Trump, Discordant -0.001 -0.017 0.015 0.911 0.007 -0.015 0.029 0.539
Leaning Trump [ref.: Leaning Biden] —0.016 —0.022 -0.011 0.001 0.034 0.028 0.040 < 0.001
Concordant [ref.: Neutral] —0.058  —0.065 —0.050 0.001 0.042 0.035 0.048 < 0.001
Discordant [ref.: Neutral] 0.092 0.086 0.098 < 0.001 0.168 0.161 0.175 < 0.001
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4.C. Additional analyses

4.C.7 Additional experiment for effects of presentation format

We conducted an additional experiment (see Section Effect of presentation format and context
in the main paper) in which participants were randomly assigned to one of two conditions: (i)
community note (main), where misleading posts were supplemented with a textual community
note without an explicit warning label (i. e., previous condition 4), or (ii) community note
(alternative), where misleading posts were supplemented by a combination of a textual com-
munity note and an explicit warning label indicating that community fact-checkers categorized
the content as being misleading

We fitted hierarchical linear regression models to quantify the effects of the alternative presen-
tation format of community notes on trust in fact-checks, and the identification of misleading
and non-misleading posts. Note that due to the time that has passed since the first experiment
was carried out and the resulting potential differences in the participants’ level of knowledge on
some of the topics covered in the social media posts, the answers cannot be directly compared
across experiments. Therefore, we run a separate regression model for the new experiment.
The key explanatory variable in the regression model was a binary dummy indicating the alter-
native presentation format. All other explanatory variables and random effects specifications
were the same as in our main analysis. Tables 4.22 to 4.24 present the AMESs for our three
dependent variables. The findings are described in Section Effect of presentation format and
context of the main paper.

Table 4.22: Average marginal effects (AME) and 95 % confidence intervals from a hierarchical linear
regression model with three-way interaction terms predicting the trustworthiness of a fact-check (7-
point Likert scale normalized to the interval [0, 1]). AME is the difference in the average predicted
trustworthiness ratings between the group of interest and the reference group (e. g., an AME of +0.05
indicates a 5 percentage point difference in trustworthiness ratings). The indented rows report the AMEs
of an intervention depending on the political leanings of participants (leaning Trump vs. Biden) and the
political congruence of the fact-checked posts (concordant, neutral, discordant). Random intercepts for
posts and subjects are included. The 95 % confidence intervals for the AMEs were derived using the
bootstrap method for 1 000 resamples. N = 12 150 observations across 675 participants.

AME Lower CI  Upper CI  P-value

Community Note (Alternative) [ref.: (Main)]  —0.001 —0.008 0.007 0.846
Leaning Biden —0.026 —0.036 —-0.016 0.001
Leaning Biden, Concordant —0.024 —0.041 —0.004 0.017
Leaning Biden, Neutral —0.030 —0.049 —0.013 0.001
Leaning Biden, Discordant —0.024 —0.041 —0.008 0.005
Leaning Trump 0.025 0.015 0.036 < 0.001
Leaning Trump, Concordant 0.031 0.013 0.049 < 0.001
Leaning Trump, Neutral 0.017 —-0.003 0.034 0.093
Leaning Trump, Discordant 0.029 0.009 0.048 < 0.001

Leaning Trump [ref.: Leaning Biden) —0.063 —0.070 —0.055 0.001

Concordant [ref.: Neutral] —0.026 —0.035 —-0.017 0.001
Leaning Biden —0.039 —0.053 —0.027 0.001
Leaning Trump —0.012 —0.026 0.001 0.067

Discordant [ref.: Neutral] 0.011 0.002 0.020 0.010
Leaning Biden 0.020 0.009 0.032 < 0.001
Leaning Trump 0.001 -0.012 0.014 0.858
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Table 4.23: Average marginal effects (AME) and 95 % confidence intervals from a hierarchical linear regression model with four-way interaction terms predicting
the perceived misleadingness of a post (7-point Likert scale normalized to the interval [0, 1]). AME is the difference in the average predicted misleadingness ratings
between the group of interest and the reference group (e. g., an AME of +0.05 indicates a 5 percentage point difference in misleadingness ratings). AMEs are reported
separately for misleading (columns 2—5) and non-misleading posts (columns 6-9). The indented rows report the AMEs of an intervention depending on the political
leanings of participants (leaning Trump vs. Biden) and the political congruence of the fact-checked posts (concordant, neutral, discordant). Random intercepts for
posts and subjects are included. The 95 % confidence intervals for the AMEs were derived using the bootstrap method for 1 000 resamples. N = 24 300 observations
across 675 participants.

Misleading Non-misleading

AME  Lower CI Upper CI P-value AME  Lower CI Upper CI P-value

Community Note (Alternative) [ref.: (Main)] 0.020 0.012 0.027 < 0.001 -0.014 —-0.023  —0.005 0.001
Leaning Biden 0.014 0.004 0.024 0.011 -0.012 —-0.023 0.000 0.050
Leaning Biden, Concordant 0.010 —0.008 0.028 0.292 —-0.002 -0.023 0.018 0.828
Leaning Biden, Neutral 0.008 —0.010 0.025 0.368 —0.008  —0.027 0.010 0.399
Leaning Biden, Discordant 0.023 0.006 0.039 0.005 -0.023  -0.045 —0.002 0.032
Leaning Trump 0.026 0.015 0.037 < 0.001 -0.017 —-0.028 —0.004 0.011
Leaning Trump, Concordant 0.046 0.026 0.068 < 0.001 -0.018  —0.039 0.003 0.113
Leaning Trump, Neutral 0.014  —0.005 0.033 0.122 0.002  —-0.020 0.023 0.865
Leaning Trump, Discordant 0.017 0.000 0.034 0.051 -0.030 —0.052  —0.008 0.011
Leaning Trump [ref.: Leaning Biden] -0.010 —0.017 —0.002 0.016 0.019 0.010 0.027 < 0.001
Concordant [ref.: Neutral] —0.048 —-0.057 —0.038 0.001 0.051 0.041 0.061 < 0.001
Leaning Biden —0.080 —0.092 —0.068 0.001 0.031 0.016 0.045 < 0.001
Leaning Trump -0.015  —-0.029 —0.001 0.030 0.072 0.056 0.087 < 0.001
Discordant [ref.: Neutral] 0.032 0.023 0.040 < 0.001 0.153 0.143 0.163 < 0.001
Leaning Biden 0.035 0.024 0.047 < 0.001 0.148 0.133 0.162 < 0.001
Leaning Trump 0.029 0.016 0.042 < 0.001 0.158 0.144 0.173 < 0.001
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Table 4.24: Average marginal effects (AME) and 95 % confidence intervals from a hierarchical linear regression model with four-way interaction terms predicting
sharing intentions (7-point Likert scale normalized to the interval [0, 1]). AME is the difference in average predicted sharing intentions between the group of interest
and the reference group (e. g., an AME of 4+-0.05 indicates a 5 percentage point difference in sharing intentions). AMEs are reported separately for misleading (columns
2-5) and non-misleading posts (columns 6-9). The indented rows report the AMEs of an intervention depending on the political leanings of participants (leaning
Trump vs. Biden) and the political congruence of the fact-checked posts (concordant, neutral, discordant). Random intercepts for posts and subjects are included. The
95 % confidence intervals for the AMEs were derived using the bootstrap method for 1 000 resamples. N = 24 300 observations across 675 participants.

Misleading Non-misleading

AME Lower CI Upper CI P-value AME  Lower CI Upper CI P-value

Community Note (Alternative) [ref.: (Main)] —0.009 —0.016  —0.002 0.005 0.012 0.004 0.020 0.006
Leaning Biden -0.021  —-0.031 -0.012 0.001 0.015 0.005 0.026 0.006
Leaning Biden, Concordant —-0.015 —0.031 0.001 0.062 0.003  —-0.017 0.024 0.764
Leaning Biden, Neutral —0.024  —0.040 —0.008 0.006 0.022 0.003 0.042 0.024
Leaning Biden, Discordant -0.023 —0.038 —0.008 0.003 0.019 0.001 0.037 0.024
Leaning Trump 0.003  —0.006 0.013 0.521 0.009  —0.002 0.020 0.150
Leaning Trump, Concordant -0.001 —0.017 0.015 0.872 -0.001  —0.021 0.020 0.955
Leaning Trump, Neutral 0.014  -0.004 0.031 0.112 —0.002  —0.024 0.018 0.873
Leaning Trump, Discordant —-0.003  —0.020 0.013 0.706 0.029 0.010 0.048 < 0.001
Leaning Trump [ref.: Leaning Biden) 0.014 0.007 0.021 < 0.001 —0.002  —-0.010 0.006 0.579
Concordant [ref.: Neutral] 0.010 0.002 0.019 0.022 -0.003  -0.014 0.008 0.583
Leaning Biden 0.009  -0.002 0.021 0.114 0.009  —0.005 0.024 0.241
Leaning Trump 0.010  -0.002 0.022 0.096 -0.015  —-0.030 0.000 0.049
Discordant [ref.: Neutral] —0.006 —0.014 0.002 0.150 -0.072  —-0.081 -0.062 0.001
Leaning Biden —0.009  —0.021 0.003 0.150 -0.076  —0.090 —0.063 0.001

Leaning Trump —0.003 —0.015 0.008 0.599 -0.067 —0.081 —0.054 0.001
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Appendix 4.D Further methodological details

4.D.1 Participants

Our preregistration (which can be found here: https://aspredicted.org/rb45k.pdf) describes
that we “plan to recruit 1500 participants.” In the end, we slightly exceeded this number:
after handling all outliers 1810 valid participants remained (1,347 in treatment conditions).
Participants were recruited between April 30th and June 15th in seven experimental sessions
to achieve a balanced number of participants with different political leanings (Republicans
are underrepresented on Prolific Douglas et al., 2023). Specifically, we explicitly recruited
participants who indicated they voted for Biden (sessions 2, 5, and 6) or Trump (sessions 3,
4, and 7) in the 2020 presidential election using the prescreening tool available on Prolific.
Participants who participated in one session were prevented from participating in subsequent
session. The procedure was identical in all sessions. In our regression analysis, we control
for potential pre-treatment effects by including random intercepts for subjects and posts.
Participants were paid $4 for completing the survey (approx. 20min), which translated to an
hourly wage of $12/h.

The participants were allocated to the individual sessions as follows:

* Session 1: April 30th, 2023. n = 296 finished the survey, participants who indicated
responding randomly (n = 8), searching online for any of the headlines during the
experiment (n = 6), do not have a social media account (n = 9), or failed the attention
checks (n = 29) were removed from analysis. The final sample was n = 260 (M 44 =
37, 52 % female).

+ Session 2: May 15th, 2023. n = 397 finished the survey, participants who indicated
responding randomly (n = 5), searching online for any of the headlines during the
experiment (n = 6), do not have a social media account (n = 5), or failed the attention
checks (n = 19) were removed from analysis. The final sample was n = 374 (M 4. =
41, 51 % female).

* Session 3: May 16th, 2023. n = 403 finished the survey, participants who indicated
responding randomly (n = 5), searching online for any of the headlines during the
experiment (n = 4), do not have a social media account (n = 11), or failed the attention
checks (n = 30) were removed from analysis. The final sample was n = 362 (M 44 =
46, 52 % female).

+ Session 4: May 25th, 2023. n = 260 finished the survey, participants who indicated
responding randomly (n = 4), searching online for any of the headlines during the
experiment (n = 1), do not have a social media account (n = 7), or failed the attention
checks (n = 25) were removed from analysis. The final sample was n = 227 (M 4. =
43, 53 % female).

* Session 5: May 26th, 2023. n = 156 finished the survey, participants who indicated
responding randomly (n = 2), searching online for any of the headlines during the
experiment (n = 2), do not have a social media account (n = 6), or failed the attention
checks (n = 13) were removed from analysis. The final sample was n = 137 (M 44 =
40, 48 % female).
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*Answer the following questions:

If it takes 5 machines 5 min to make 5 widgets, how long
would it take 100 machines to make 100 widgets?

In a lake, there is a patch of lily pads. Every day, the
patch doubles in size. If it takes 48 days for the patch to
cover the entire lake, how long would it take for the patch
to cover half of the lake?

Afarmer had 15 sheep and all but 8 died. How many are
left?

If you're running a race and you pass the person in
second place, what place are you in?

Figure 4.12: CRT Questions

» Session 6: June 14th, 2023. n = 252 finished the survey, participants who indicated
responding randomly (n = 1), searching online for any of the headlines during the
experiment (n = 3), do not have a social media account (n = 5), or failed the attention
checks (n = 18) were removed from analysis. The final sample was n = 230 (M4g4. =
40, 49 % female).

» Session 7: June 15th, 2023. n = 250 finished the survey, participants who indicated
responding randomly (n = 2), searching online for any of the headlines during the
experiment (n = 4), do not have a social media account (n = 10), or failed the attention
checks (n = 21) were removed from analysis. The final sample was n = 220 (M4 =
45, 51 % female).

4.D.2 Participants in additional experiment

For the additional experiment studying the effects of different presentation formats of commu-
nity notes, we recruited n = 795 participants between February 6th and February 13th, 2024
in one experimental session via Prolific.com. Survey design, prescreening, payment, and data
cleansing were conducted identically to the main experiment. In addition, we excluded people
who had already taken part in the survey last year.

Participants who indicated responding randomly (n = 19), searching online for any of the
headlines during the experiment (n = 26), not having a social media account (n = 15), or
failed the attention checks (n = 64) were removed from analysis. This led to a final sample of
n = 675 participants (M4g. = 42.88 , 50.81 % female).

4.D.3 Additional question items

Following the questions regarding trustworthiness, misleadingness, and sharing intentions,
participants were asked to complete a 4-item Cognitive Reflection Test (CRT). A CRT is a
common method to determine a person’s level of reflective thinking. The purpose of its design
is to assess an individual’s inclination to replace an intuitive yet incorrect response with a
more rational and accurate response Frederick, 2005. For our CRT, we used a combination of
both numeric and non-numeric questions from different sources Frederick, 2005; Thomson
and Oppenheimer, 2016 (see Figure 4.12).

Subsequently, participants were asked about their social media use:
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* What type of social media accounts do you use (if any)? (Facebook, Twitter, Snapchat,
Instagram, WhatsApp, TikTok, Other, None)

* Which of these types of content would you consider sharing on social media (if any)?
(Political news, Sports news, Celebrity news, Science/technology news, Business news,
Other, None)

* When deciding whether to share a piece of content on social media, how important is it
to you that the content is... (Accurate, Surprising, Interesting, Aligned with my beliefs,
Funny; each answered on a 5-point likert scale (Not al all, Slightly, Moderately, Very,
Extremely))

» To what extend do you trust the information that comes from the following? (National
news organizations, local news organization, friends and family, Social network sites
(e.g., Facebook, Twitter), 3rd party fact-checkers (e.g., snopes.com, factcheck.org); each
answered on a 5-point likert scale (not at all, a little, a moderate amount, a lot, a great
deal))

Depending on the condition participants where assigned to (condition 2—4), we also asked
questions about their awareness of the specific type of fact-checks and what influence the
respective fact-checks had on their assessment regarding the accuracy of a post:

* Prior to you taking this study, were you aware of the existence of third-party fact-
checking organizations (community-based fact-checking)? (Yes/No)

* To what extent did the “Checked by third-party fact-checking organizations” tag (“Checked
by other social media users with multiple perspectives tag”, “Community note”) influ-
ence you opinion about the accuracy of the social media posts? (5-point likert scale;

Not at all, Slightly, Moderately, Very, Extremely)

* We are interested in whether the “Checked by third-party fact-checking organizations”
tag (“Checked by other social media users with multiple perspectives tag”, “Community
note”) influenced your opinion about the accuracy of the social media posts that were
tagged as potentially misleading. I rated “potentially misleading” posts as: (7-point likert
scale; Much less accurate, Less accurate, Slightly less accurate, Tag had no influence,

Slightly more accurate, More accurate, Much more accurate)

* We are interested in whether the “Checked by third-party fact-checking organizations”
tag (“Checked by other social media users with multiple perspectives tag”, “Community
note”) influenced your opinion about the accuracy of the social media posts that were
NOT tagged as potentially misleading. I rated posts that were NOT “potentially mislead-
ing” as: (7-point likert scale; Much less accurate, Less accurate, Slightly less accurate,

Tag had no influence, Slightly more accurate, More accurate, Much more accurate)

At the end of the survey, participants where asked to answer several demographic questions:
age, gender, level of education, proficiency in English, US region where they live, stance
toward god (or gods), whether they have been vaccinated against COVID-19, whether they see
themselves as part of an ethnic minority, political orientation (Democrat, Republican, Third
Party, Other), and questions on their voting behavior in the 2020 presidency election. First,
they were asked who they voted for (Joe Biden, Donald Trump, Other Candidate, I did not vote
for reasons outside my control, I did not vote but I could have, I did not vote out of protest)
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and second, who they would prefer to be president, if they absolutely had to choose between
Joe Biden and Donald Trump.

In addition, participants had to provide an assessment of their attitudes toward the following
statements on risk aversion and trust (5-point likert scale; Not at all, Not really, Undecided,
Somewhat, Very much):

» [ am generally a person that is fully prepared to take risks.
* I usually have the feeling that I can trust the people I interact with in my daily life.
* [ have a fundamental trust in democracy.

* [ would rather do something that requires little thought than something that is sure to
challenge my thinking abilities.

At the end of the survey, participants were asked if they responded randomly at any point
during the survey or searched for the content online. Participants who answered “yes” to any
of these questions were excluded from the analysis. Furthermore, we excluded participants
who indicated not to have any social media account or failed any attention check.
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Appendix 4.E  List of social media posts and fact-checks

All participants were presented with 36 social media posts (18 “Non-misleading” and 18
“misleading”). The posts for our study were selected as follows. First, misleading posts and
corresponding fact-checks have been manually selected from X’s Community Notes platform.
Only posts that had been identified as helpful by the platform’s bridging algorithm Wojcik
et al., 2022 — meaning they were rated as helpful by users across diverse viewpoints and made
visible on X (https://communitynotes.x.com/guide/en/contributing/notes-on-twitter) — were
considered. Two research assistants (RAs) initially selected around 50 posts to cover a diverse
set of posts across a wide variety of relevant topics (Politics, Business, Health, Climate Change,
Celebrities, Other). From this initial selection, 18 posts were chosen for our study to appeal to
subjects with different political views (6 “pro-Democrat,” 6 “Neutral,” and 6 “pro-Republican”
posts). We aimed for a balanced distribution of the political leanings within the individual topic
groups, where appropriate. For example, the topics “Politics” and “Health” comprised posts
across all political leanings, whereas posts on “Celebrities” were all politically neutral. Second,
Non-misleading posts have been manually selected via corresponding keyword searches from
X to represent a similar distribution of topics. Here, we again started with a larger list of posts,
which was then narrowed down to 18 posts that were evenly distributed across political lines
(6 “pro-Democrat,” 6 “Neutral,” and 6 “pro-Republican” posts).

To ensure the correctness of the fact-checking labels, we have taken the following steps.
First, all fact-checks for misleading posts were carried out by community fact-checkers on X’s
Community Notes platform and rated as helpful. Second, we ensured that we only include posts
that we perceived as clearly misleading or non-misleading. Third, we had three trained RAs
manually assess the veracity of the posts. The RAs were not aware of the fact-checking label
and were tasked to manually assess professional fact-checks (snopes.com, factcheck.org, etc.)
or other reliable sources to determine whether the posts were misleading (or Non-misleading).
The assessments of the RAs were in perfect agreement with the fact-checking labels.

As a further check, we had three trained RA to validate our labels for the political orientation of
the posts. The RAs were asked to assume that the content of all posts was entirely accurate and
to evaluate whether the posts would have been more favorable to Democrats or Republicans (on
a 5-point Likert-scale ranging from “more favorable to Democrats” (1) to “more favorable to
Republicans” (5)). The distribution of participant’s responses is shown in Figure 4.13. Overall,
pro-Democrat posts (M yisicading/ Dem = 140, MNon—misieading/Dem = 1.53) were rated as
significantly less favorable for Republicans than pro-Republican posts (Ms;sicading/Rep =
4.47, MNon—misieading/Rep = 4-10). Pro-Democrat posts were rated as significantly more
favorable to Democrats than politically neutral posts and pro-Republican posts were more
favorable to Republicans than politically neutral posts. Statistically, each of these differences
in means was significant according to two-sided ¢-tests (each P < 0.001).
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Republican 5% | 15% 80%
1
1
Neutral 12% | 78% 10%
1
100 % 50 % 0% 50 % 100 %
M more favorable to Democrats slightly more favorable to Democrats
equally favorable to Democrats and Republicans (neutral) [ slightly more favorable to Republicans

W more favorable to Republicans

Figure 4.13: Distribution of participants’ responses regarding the political orientation of posts on
S-point Likert scales.
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Chapter 5

Characterizing AI-Generated
Misinformation on Social Media

Abstract

Al-generated misinformation (e. g., deepfakes) poses a growing threat to information integrity
on social media. However, prior research has largely focused on its potential societal conse-
quences rather than its real-world prevalence. In this study, we conduct a large-scale empirical
analysis of Al-generated misinformation on the social media platform X. Specifically, we ana-
lyze a dataset comprising 91 452 misleading posts, both Al-generated and non-Al-generated,
that have been identified and flagged through X’s Community Notes platform. Our analysis
yields four main findings: (i) Al-generated misinformation is more often centered on enter-
taining content and tends to exhibit a more positive sentiment than conventional forms of
misinformation, (ii) it is more likely to originate from smaller user accounts, (iii) despite this,
it is significantly more likely to go viral, and (iv) it is slightly less believable and harmful
compared to conventional misinformation. Altogether, our findings highlight the unique char-
acteristics of Al-generated misinformation on social media. We discuss important implications
for platforms and future research.

Keywords: Social Media, Al-generated misinformation, Community Notes, Virality
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5.1 Introduction

Artificial intelligence (Al) technologies are rapidly transforming the social media landscape,
enabling the creation of convincing synthetic content. A prominent example is deepfakes —
Al-generated media that can realistically imitate real people’s appearance, voice, or actions
(Feuerriegel et al., 2023; Groh et al., 2024; Hancock & Bailenson, 2021; Sippy et al., 2024;
Vaccari & Chadwick, 2020). These and other forms of Al-generated misinformation blur
the line between authentic and fabricated content, making it increasingly difficult for users
and platforms to discern what is real (Goldstein et al., 2023; Groh et al., 2024). As these
tools become more sophisticated and accessible, they offer powerful new means for spreading
misinformation (Feuerriegel et al., 2023; Goldstein et al., 2023). Their increased scalability,
multilingualism, and multimodality further complicate detection, and pose significant chal-
lenges to the defense strategies previously employed by digital platforms and users (Feuerriegel
et al., 2023).

Despite growing concerns, Al-generated misinformation on social media remains poorly
understood. Prior research warns that such content can have serious societal consequences,
including the erosion of trust in media, institutions, and democratic processes (Dobber et al.,
2021; Goldstein et al., 2023; Hancock & Bailenson, 2021; Vaccari & Chadwick, 2020; Yan
et al., 2025). Individuals with low media literacy may be particularly susceptible to these
threats (Feuerriegel et al., 2023; Grinberg et al., 2019). While several studies have analyzed
the ability of humans (Bashardoust et al., 2024; Bray et al., 2023; Cooke et al., 2024; Diel
et al., 2024; Groh et al., 2024; Kobis et al., 2021; Kreps & Kriner, 2022; Somoray & Miller,
2023) and machine learning systems (Montserrat et al., 2020; Zi et al., 2020) to detect Al-
generated content — typically finding that such detection is highly challenging — there is little
empirical evidence on how Al-generated misinformation actually spreads on social media
and how it differs from conventional forms of misinformation. This hinders efforts to design
platform defenses, guide policy, and build public resilience (Feuerriegel et al., 2023). Our
study addresses this gap with by characterizing Al-generated misinformation circulating on
the social media platform X (formerly Twitter).

Research goal: In this paper, we conduct a large-scale empirical analysis to characterize
Al-generated misinformation circulating on the social media platform X. Specifically, we
address the following research questions:

* RQ1: How does Al-generated misinformation differ from other forms of
misinformation in terms of content attributes (e. g., modality, topics)?

* RQ2: What are the characteristics of accounts that disseminate Al-generated
misinformation?

* RQ3: Is Al-generated misinformation more viral than other types of misin-
formation?

* RQ4: How does Al-generated misinformation differ in terms of its believ-
ability and harmfulness?

Data & methods: We analyze a large dataset consisting of 91 452 misleading posts, both
Al-generated and non-Al-generated, that have been identified and flagged on X’s Community
Notes platform (Twitter.2021; Prollochs, 2022) between January 2023 and January 2025
(i. e., during an observation period of two years). Compared to alternative approaches (e. g.,
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manual annotation; machine learning-based identification), Community Notes offers two key
advantages for identifying Al-generated misinformation: (i) it enables large-scale detection
(Pilarski et al., 2024; Prollochs, 2022) and (ii) it achieves high identification accuracy enabled
by the wisdom of crowds (Allen et al., 2021; Drolsbach & Prollochs, 2023b; Martel et al.,
2024). To characterize Al-generated misinformation, we employ a large language model
(LLM) to annotate misleading posts across a wide range of dimensions (e. g., sentiment, topics,
believability, harmfulness). Based on this data, we then empirically analyze how Al-generated
misinformation on social media differs from traditional forms of misinformation. The data
collection and the analysis follow common standards for ethical research (Rivers & Lewis,
2014).

Contributions: To the best of our knowledge, our study is the first large-scale study charac-
terizing Al-generated misinformation circulating on social media. Our analysis contributes
the following four main findings: (i) Al-generated misinformation is more often centered on
entertaining content and tends to exhibit a more positive sentiment than conventional forms
of misinformation, (ii) it is more likely to originate from smaller user accounts, (iii) despite
this, it is significantly more likely to go viral, and (iv) it is slightly less believable and harmful
as conventional misinformation. These findings highlight the distinct role of Al-generated
within the broader misinformation ecosystem and offer important implications for platforms,
policymakers, and researchers seeking to design countermeasures against Al-generated misin-
formation.

5.2 Background

The manipulation of media content has long been a concern; however, the rapid advancements
of generative Al tools have significantly lowered the barriers to creating sophisticated Al-
generated content (Feuerriegel et al., 2023; Westerlund, 2019). Al-generated content (e. g.,
deepfakes) — artificially generated videos, images, and audio designed to mimic real individuals
— have become increasingly prevalent on social media, raising critical concerns about their
role in spreading misinformation (Groh et al., 2024; Hancock & Bailenson, 2021; Vaccari &
Chadwick, 2020). This emerging form of digital misinformation poses significant challenges
to the defense strategies previously employed by digital platforms and users (Feuerriegel
et al., 2023; Goldstein et al., 2023). Additionally, the increased scalability, multilingualism,
and multimodality of Al-generated content further complicate its detection and mitigation
(Feuerriegel et al., 2023; Timmerman et al., 2023).

Research on Al-generated misinformation is still in its early stages, with most existing studies
focusing on their potential societal impacts, such as erosion of trust in media and democratic
institutions (Dobber et al., 2021; Goldstein et al., 2023; Hancock & Bailenson, 2021; Vaccari
& Chadwick, 2020). Despite growing concern, there is limited empirical evidence on the
actual prevalence of Al-generated misinformation on social media and how it spreads relative
to other forms of misinformation. Although Al-generated misinformation is often portrayed
as a particularly dangerous type of digital misinformation (Hancock & Bailenson, 2021), it
remains unclear what specifically distinguishes them from traditional misinformation in terms
of its content characteristics, reach, and user engagement.

A separate body of research has focused on detecting Al-generated misinformation, typically
through one of two approaches: (1) human-centered methods (Groh et al., 2024) and (2)
automated, machine learning-based methods (Montserrat et al., 2020; Zhou et al., 2023).
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Human-centered methods, which are dependent on individual judgements, often struggle to
accurately identify Al-generated content (Bray et al., 2023; Cooke et al., 2024; Diel et al.,
2024; Groh et al., 2024; Somoray & Miller, 2023). Further, they lack scalability, which makes
them ineffective for large volumes of media (Groh et al., 2024). Yet, evidence from studies on
traditional misinformation shows that crowd-based approaches, where multiple judgments
are aggregated, can achieve accuracy levels comparable to those of experts and overcome
scalability issues (Allen et al., 2021; Drolsbach & Prollochs, 2023b; He et al., 2025; Martel
et al., 2024). In contrast, automated detection approaches, e. g., using Al models to analyze
inconsistencies in facial expressions, lighting, and audio-visual mismatches, offer a scalable
solution. However, they often struggle with accuracy and robustness, leading to false positives
or undetected deepfakes (Almars, 2021; Feuerriegel et al., 2023; Zhou et al., 2023). To enable
comprehensive and reliable empirical analysis of Al-generated misinformation circulating on
social media, there is thus a need for complementary detection strategies that are both scalable
and accurate.

Our work: In this study, we characterize Al-generated misinformation that has been identified
on X’s Community Notes platform, i.e., via the wisdom of crowds. Compared to other
identification strategies, this has two key advantages: (i) it overcomes the scalability limitations
of human-centered methods (Groh et al., 2024); (ii) it addresses challenges with low accuracy
of Al-based approaches for the detection of Al-generated content (Almars, 2021; Feuerriegel
etal., 2023; Zhou et al., 2023). This unique data source enables us to empirically analyze what
distinguishes Al-generated misinformation from traditional forms of misinformation in terms
of reach, user engagement, and content characteristics. Addressing these questions, is a crucial
first step for developing effective countermeasures against Al-generated misinformation.

5.3 Data and Methods

5.3.1 Data source

To address our research questions, we analyze a comprehensive dataset of crowd-annotated
social media posts flagged as misleading on X’s Community Notes between January 2023
and January 2025, i. e., for an observation period of two years.! X’s Community Notes is a
crowdsourced fact-checking system that enables users to add context to potentially misleading
posts (Prollochs, 2022; X, 2021). By incorporating contributions from diverse perspectives,
the system strives to provide balanced and informative notes (Wojcik et al., 2022) to help
users assess content accuracy (Drolsbach et al., 2024). Each Community Note consists of
the assigned label (i. e., whether the post is considered misleading) and a textual descrip-
tion that explains why a post is misleading (e. g., because it is a deepfake; see examples in
Fig. 5.1). Further, Community Notes features a rating mechanism, where other users can rate
the helpfulness of each note (Solovev & Prollochs, 2025). A note becomes visible on X for
all users if (and only if) it reaches a certain helpfulness rating, reflecting agreement across
diverse perspectives rather than simple majority approval. Community fact-checks identified
as helpful on the Community Notes platform have been shown to be accurate (Drolsbach &
Prollochs, 2023b) and trustworthy (Drolsbach et al., 2024).

For our data collection, we filtered all Community Notes rated as helpful, resulting in a
dataset of 91452 community fact-checked posts. We downloaded both the source posts

! Available via https:/communitynotes.x.com/guide/en/under-the-hood/download-data
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7a\ Readers added context they thought people might want to know

Al generated video

This note has been posted because the vast majority of commenters believe
this is a real video, so a simple comment is not enough.

m/how-to/hc

Do you find this helpful? Rateit

> oD

Nature is amazing

72\ Readers added context they thought people might want to know =
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This image of Pope Francis is an Al generated picture and not real. The image = o
was created on the Al image-generating app midjourney. Alh Readers added context tothis video

om/amp/s/www.ind This is Al generated by a TikTok account known for digitally altered or Al
generated images.

Do you find this helpful? Rateit leRcarI IR saan

when rated helpful by others. Do you find this helpful? Rate it

Figure 5.1: Examples of posts on X that shares a deepfake in form of an (a) Image, (b) Video, or (c)
no media (here: URL to media content) and the corresponding Community Notes.

and all attached media (i. e., images and videos). To retrieve additional metadata about the
fact-checked posts, we mapped the referenced tweetID to the original source tweet via the
X Research API. This includes key attributes such as the number of retweets, likes and,
impressions, the type of attached media as well as details about the author’s profile such as
the follower count, followee count, total tweet count, account age, and verification status. In
addition, we estimated the authors’ political partisanship and misinformation exposure on
social media using the method proposed by Mosleh and Rand (2022). Partisanship scores
range from —1 (Democrat) to +1 (Republican) and are based on the number of Democratic
and Republican public figures followed by each user. The misinformation exposure score
([0, 1]) is derived from the proportion of followed public figures that have been rated false by
PolitiFact.”

5.3.2 Identification of Al-generated misinformation

To distinguish Al-generated content from other misleading posts, we implemented an LLM-
based identification approach. Specifically, we deployed an OpenAl Assistant (based on
gpt-4-turbo), which was given the task of identifying whether a Community Note refers
to Al-generated content. The assistant was instructed to act as a “professional annotator
specializing on annotating social media content.” The task was complemented by a clear

2We use the method available at https://github.com/mmosleh/minfo-exposure. Due to X API restrictions,
partisanship and misinformation expose could only be calculated for authors of 32 070 posts in our dataset.
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description of what is to be understood as Al-generated content. For each case, it returned a
binary classification (“yes” or “no”’) of whether or not is Al-generated (see S/, Sec. Prompt:
Identification of AI-Generated Posts for the full prompt).

Compared to alternative strategies (e. g., keyword-based heuristics, purely content-based
methods), our approach to identify Al-generated misleading posts via Community Notes
offers two main advantages: (i) it leverages crowd-sourced fact-checking explanations (i. e.,
Community Notes), which contain contextual insights not evident from the media content
alone, and (ii) it achieves comparatively high accuracy (see validation below).

Validation: To validate the identification of Al-generated misinformation, we conducted
a validation study involving three trained research assistants. Each assistant independently
reviewed 400 randomly selected posts (1/3 Al and 2/3 non-Al), including both the original
post and the corresponding textual Community Note. For each post, they assessed whether
it contained Al-generated content (Yes/No). The participants rated posts categorized as Al-
generated significantly more often as Al-generated than posts categorized as non-Al-generated
(Magsar = 0.75, M g1 nonar = 0.22, ¢ = 19.318, p < 0.01). An analysis of Fleiss’s Kappa
shows a fair interrater agreement, which is statistically significant (v = 0.322, z = 11.1,
p < 0.01). These findings strengthen the validity of our results, showing that individual
annotators (that may have varying familiarity with the posts’ information) and the LLM align
well in their perceptions and categorizations of Al-generated misleading posts.

5.3.3 Annotation of post characteristics

We used an LLM-based classification approach (Chuai, Sergeeva, et al., 2025; Feuerriegel et al.,
2025) to annotate the source posts with a wide variety of content characteristics. Since this task
required processing not only textual content but also media elements (i. e., images/videos), it
was computationally demanding. To balance API costs while ensuring representativeness, we
randomly selected a balanced subset of 3 000 posts (1 500 Al/1 500 Non-Al). Subsequently, we
deployed an OpenAl Assistant (gpt-4-turbo) configured to function as a professional content
reviewer. The assistant was presented with the textual elements of the posts and the attached
media (images or video snapshots). Further, it was provided with the information that all posts
had been flagged as misleading by a community-based fact-checking initiative. Its evaluation
focused on four core dimensions: sentiment, topic, harmfulness, and believability.

Sentiment (Feuerriegel et al., 2025) referred to the emotional tone or attitude expressed in
the post, categorized as positive, neutral, or negative. The topic dimension (Feuerriegel et
al., 2025) required the assistant to identify the main subject matter as one of the following
topics: Politics, Technology, Health, Crime, Business, Entertainment, Sports, Education,
Satire, and Other. Harmfulness (Drolsbach & Prollochs, 2023a) assessed the potential of the
content to cause real-world damage, including emotional distress, physical harm, or societal
disruption, particularly if the misinformation were believed and acted upon (low, medium or
high). Believability (Drolsbach & Prollochs, 2023a) was defined as the degree to which a
post could plausibly be accepted as true by a general audience (low, medium or high). These
definitions were embedded directly in the system prompt to ensure consistent and interpretable
outputs. The full prompt is available in the SI, Sec. Prompt: Annotation of post characteristics.
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5.4 Empirical Analysis

5.4.1 Content characteristics (RQ1)

Our final dataset includes 91 452 posts across more than 60 languages, with 4 577 posts
(i.e., 5.06%) identified as containing Al-generated content. English dominates the dataset,
accounting for half of all posts (50.05%), followed by Japanese (12.15%), Spanish (10.94%),
French (7.85%), Portuguese (5.83%), and German (2.61%). A long tail of low-frequency
languages reflects the dataset’s global scope, though many languages are represented by only
a handful of posts. These posts contain either an image (55.95%), a video (37.16%), a GIF
(0.02%), or no media (6.86%) (see Fig. 5.2). The latter mostly consists of URLs linking
to Al-generated content on another website or are reposts of other posts containing media.
Compared to other forms of misinformation, Al-generated misleading posts are 1.33 times
more likely to contain media elements (i. e., images, video, or GIFs). Overall, the numbers
reflect the growing importance of visual content on social media.

0.00 0.25 0.50 0.75 1.00
Relative Share

Il Photo [l Video ] GIF [l No Media

Figure 5.2: Distribution of media types/modalities in Al-generated vs. non-Al-generated misleading
posts. N =91452.

Sentiment: We applied LLM-based sentiment classification on a subset of the dataset
(NN = 3000) that incorporates both the textual content of each post and any attached media (see
Sec. Annotation of post characteristics). Figure 5.3 presents the distribution of posts classified
as negative, neutral or positive. The results indicate that a higher proportion of Al-generated
posts exhibit positive sentiment compared to non-Al-generated posts (24% vs. 16%). In
contrast, negative sentiment is more prevalent among non-Al-generated posts (51% vs. 43%).
Further, Pearson’s Chi-squared test revealed a statistically significant association between
Al generation status and sentiment classification (x = 36.85, p < 0.01). This indicates
that the distribution of sentiment categories differs systematically between Al-generated and
non-Al-generated posts and suggests that Al-generated misinformation may be more likely to
adopt a humorous or entertaining tone.

As a validation, we calculated sentiment scores on the full dataset (N = 91, 452), this time
using only the textual content of each post (i. e., without attached media).> Consistent with our
main analysis, we find that the mean sentiment score is significantly higher for Al-generated
posts than for non-Al-generated ones (t = —3.63, p < 0.01). However, the purely text-based
approach classified a larger proportion of posts as neutral. This likely reflects the fact that

3We used the Twitter-roBER Tu-base model, which is fine-tuned on tweets, to calculate sentiment scores for the
textual content of each post (Barbieri et al., 2020; Loureiro et al., 2022).

139



Chapter 5. Characterizing AI-Generated Misinformation on Social Media

much of the emotional tone in these posts is conveyed through attached media, rather than

text alone.
[
x
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Figure 5.3: Distribution of sentiment in Al-generated vs. non-Al-generated misleading posts. N =
3 000.

Topics: Based on the LLM-based topic classification (including both textual content & media),
we observe notable differences in the distribution of specific topics between Al-generated
and non-Al-generated content (see Fig. 5.4). Specifically, 30.40% of Al-generated posts are
associated with the topic Entertainment, while only 16.60% of non-Al-generated posts focus
on this topic. This suggests that Al-generated content may be more likely to focus on lighter,
more engaging topics. In contrast, the share of posts related to the topic Health is higher
among non-Al-generated content (9.40% vs. 2.27%), indicating a potential difference in the
focus areas of human versus Al creators. For all other topics, the distribution remains largely
similar between the two groups (i. e., the differences are < 2.00%).

Alr _ _
0% 25% 50% 75% 100%
Relative Share
B Business Health [ Sports Bl other
B Politics Crime [ Entertainment

I Technology | Education [l Satire

Figure 5.4: Distribution of topics in Al-generated vs. non-Al-generated misleading posts. N = 3 000.

5.4.2 Author characteristics (RQ2)

Next, we analyze how the characteristics of authors of Al-generated misinformation differ
from those of other forms misinformation (see Fig. 5.5). We observe that Al-generated
misleading posts tend to originate from accounts with significantly more followers (950, 660
vs. 585,671), but fewer followees (6072 vs. 8153), and are, on average, older (8.32 vs.
7.31 years). These accounts have also posted and interacted with more content throughout
their entire lifetime, with a higher mean tweet count (73, 688 vs. 61,047). The tweet count
includes original posts, replies, retweets and quoted posts. Further, the number of posts per
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author is lower for Al-generated posts (1.55 vs. 2.78), which may reflect the higher effort
required to create and disseminate Al-generated misinformation. Both two-sided ¢-tests and
Kolmogorov—Smirnov (KS) tests confirm that these differences between Al-generated and
non-Al-generated misinformation are statistically significant (each p < 0.01).
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Figure 5.5: Complementary cumulative distribution functions (CCDFs) for Al vs. non-Al generated
misleading posts, shown separately for follower counts (a), followee counts (b), account age (¢), and
the number of posts per author (d). N = 91452.

Partisanship and misinformation exposure: We observe a significantly higher mean
partisanship score among authors of Al-generated posts compared to those of non-Al-generated
posts (see Fig. 5.6), indicating that authors of Al-generated content tend to be more conservative.
The partisanship score ranges from —1 (Democrat) to 1 (Republican), with higher values
indicating greater conservatism (Mosleh & Rand, 2022). Specifically, the mean partisanship
score for Al-generated posts is 0.272, compared to 0.199 for non-Al-generated posts. While
both means fall on the conservative side of the scale, the higher value for Al-generated content
suggests a notable shift toward more right-leaning users among those sharing such posts. This
difference is statistically significant according to a two-sided t—test (¢ = —3.43, p < 0.01).
In contrast, we find no statistically significant differences in misinformation exposure between

the two groups (t = —1.665, p = 0.09).
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Al-
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Figure 5.6: Boxplot of partisanship scores for Al vs. non-Al generated misleading posts (N = 32 070).
The partisanship scores range from —1 (Democrat) to 1 (Republican), with higher values indicating
greater conservatism Mosleh and Rand, 2022.

5.4.3 Virality (RQ3)

The posts in our dataset have generated more than 200 billion impressions, have been reposted
more than 137 million times and liked more than 969 million times. On average, Al-generated
misinformation received 8.19% more impressions, 20.54% more reposts and 49.42% more
likes.

Regression model: To better understand the virality of Al-generated vs. other types of
misinformation and account for confounding factors, we implement three negative binomial
regression models explaining the number of (i) retweets, (ii) likes and (iii) impressions (e. g.,
Chuai, Pilarski, et al., 2024; Chuai, Tian, et al., 2024; Rathje et al., 2021). The key explanatory
variable is Al Generated;, i. e., whether the post contains media that was generated using
Al (= 1) or not (= 0). Consistent with previous work (e. g., Drolsbach & Prollochs, 2023b;
Stieglitz & Dang-Xuan, 2013; Vosoughi et al., 2018), we control for content characteristics
(i. e., media type), and account characteristics (i. e., follower count, followee count, account
age, verification status).

Each model takes the following form:

log (E[Y; | Xi]) = Bo + B1 AlGenerated,;
+ B2 MediaType; + 33 Followers; + 34 Followees;
+ Bs AccountAge; + B¢ Verified; + uy, 5.1

where Y; denotes the outcome variable (retweets, likes, impressions) for post ¢, X; is the
vector of explanatory variables, and 3 the intercept. Furthermore, we include month-year
fixed effects u;, which allow us to control for variation in exposure windows and platform
dynamics over time (e. g., Drolsbach & Prollochs, 2023a, 2023b). In our regression analysis,
all continuous variables are z-standardized to aid interpretability.

Coefficient estimates: We find that Al-generated misleading posts are substantially more
viral than other forms of misinformation. On average, they receive 19 — 1 = 10.81% more
retweets (coef: 0.103, p < 0.01), 34.16% more likes (coef: 0.294, p < 0.01), and 10.32%
more impressions (coef: 0.098, p < 0.01), compared to non-Al-generated misleading posts
(see Fig. 5.7).

Regarding the control variables, we observe that media content plays a significant role in
driving user engagement. Compared to posts without media, those containing images receive
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30.46% more retweets (coef: 0.266, p < 0.01), while posts with videos receive 53.86% more
retweets (coef: 0.431, p < 0.01). Similar patterns are observed across other engagement
metrics, except for the impression count, which shows no significant effect of images. Posts
containing images or videos receive significantly higher engagement overall (p < 0.01), while
GIFs show a significant effect only for retweets — likely due to the small number of posts with
GIFs attached in the dataset.

The effects of social influence variables are also statistically significant (p < 0.01) and
align with findings from prior work (e. g., Drolsbach & Prdllochs, 2023b). Higher follower
and followee counts are associated with higher engagement, while a higher account age is
associated with lower engagement. Interestingly, the verification status exhibits a strong
positive effect on impression count but a negative effect on both retweet count and like count
(all p < 0.01). This suggests that verified users benefit from greater visibility, likely due to
algorithmic amplification on X, which boosts their content in users’ feeds. However, after
controlling for other account characteristics (e. g., follower count) this increased exposure
does not translate into higher user engagement.
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Figure 5.7: Negative binomial regression with the retweet count, like count, and impression count as
DVs. The circles show standardized coefficient estimates and the vertical bars represent 99% confidence
intervals. Month-year fixed effects are included. N = 91452.

Model checks: (1) We checked that variance inflation factors as an indicator of multicollinear-

ity are below the critical value of five (Akinwande et al., 2015). (3) We found confirmatory
results when estimating separate regressions for Al-generated vs. not Al-generated posts. (iii)
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We repeated our regression analysis controlling for the topic and sentiment of the fact-checked
posts. Here we used the subset of 3 000 LLM-annotated posts for which we have access to topic
and sentiment labels (see Sec. Annotation of post characteristics). We found that Al-generated
posts are more viral than other misleading posts even after controlling for differences in topics
and sentiment.

5.4.4 Harmfulness & believability (RQ4)

As Al models become increasingly capable of mimicking human communication, their ability
to produce more credible and potentially more harmful misinformation grows (Feuerriegel et al.,
2023). Understanding characteristics such as believability and harmfulness is therefore critical
for assessing the risks associated with Al-generated content and informing effective detection
and mitigation strategies (Drolsbach & Prollochs, 2023a). To address this, we analyzed the
LLM-based annotation of post believability and harmfulness (see Section Annotation of post
characteristics), comparing Al-generated and non-Al-generated misinformation.

We observe that most posts are perceived as not particularly harmful, with 66% of Al-generated
and 62% of non-Al-generated posts rated as low in harmfulness. Ratings of medium and high
harmfulness are less common: 23% vs. 27% for medium, and 10% vs. 11% for high (Al vs.
non-Al, respectively). In terms of believability, the largest share of posts is perceived as highly
believable, with 45% of Al-generated and 42% of non-Al-generated posts rated as such. The
remaining distributions are 32% vs. 30% for low believability, and 23% vs. 28% for medium
believability (Al vs. non-Al).

Although the absolute differences between Al-generated and non-Al-generated posts in terms
of harmfulness and believability are relatively small, Chi-squared tests imply that they are
partially statistically significant. For believability, Al-generated posts are more likely to be
rated as less believable, while non-Al-generated posts are more likely to be rated as at least
medium believable (y = 22.827, p < 0.01). For harmfulness, non-Al-generated posts are
slightly more likely to be classified as medium or highly harmful, while Al-generated posts
are more likely to be categorized as less harmful (x = 7.317, p = 0.03).

Overall, despite the statistical significance, these differences are quite small. Still, the data
suggests a slight tendency that Al-generated posts are both less believable and less harmful.

5.5 Discussion

Al-generated misinformation represents a growing challenge in the digital information land-
scape. Different from traditional forms of misinformation, it leverages advanced Al technolo-
gies to create highly realistic yet deceptive content, making detection increasingly difficult
(Feuerriegel et al., 2023; Groh et al., 2024; Hancock & Bailenson, 2021; Vaccari & Chadwick,
2020). Despite these risks, research has largely focused on the societal consequences of
Al-generated misinformation (Dobber et al., 2021; Hancock & Bailenson, 2021; Vaccari &
Chadwick, 2020) rather than their real-world prevalence. Here, we contribute by conducting a
large-scale empirical analysis of Al-generated misinformation circulating on the social media
platform X.
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Figure 5.8: Harmfulness (a) and believability (b) of Al-generated vs. non-Al-generated misleading
posts. N = 3000.

5.5.1 Implications

Our findings highlight the distinct characteristics of Al-generated misinformation and their
unique role within the misinformation ecosystem. Compared to other forms of misinformation,
Al-generated content is more frequently focused on entertainment and tends to exhibit a
more positive sentiment (RQ/). Yet, even when accounting for content differences, Al-
generated misleading posts are disproportionately more likely to go viral (RQ2) — despite
frequently originating from smaller accounts (RQ3). Moreover, we find that Al-generated
misinformation is similarly believable and harmful as traditional forms of misinformation
(RQO4). This underscores the capacity of generative Al models to produce highly realistic and
persuasive misleading content.

These patterns suggest that the Al-generated nature of content should be treated as a distinct and
meaningful factor in misinformation research. Its disproportionate virality points to underlying
persuasive properties that may not be captured by existing content-based or intent-based
categorizations (Tandoc Jr et al., 2018). To account for these properties, future studies should
consider incorporating Al-generated content as an explanatory variable in empirical models
of misinformation spread and engagement. Our results also motivate further research into
the psychological and perceptual mechanisms that make Al-generated misinformation so
compelling. Future research should examine the factors driving their spread (e. g., emotional
appeal, visual realism, novelty), the demographics most engaged with them, and how they shape
user interactions differently from traditional forms of misinformation. types of misleading
information.

For platforms, the high virality of Al-generated misinformation highlights the urgency to

145



Chapter 5. Characterizing Al-Generated Misinformation on Social Media

develop more effective countermeasures (Feuerriegel et al., 2023). Traditional strategies (e. g.,
expert-based fact-checking) often focus on high-profile accounts or recurring misinformation
themes (Chuai, Zhao, et al., 2025; Greene et al., 2025). However, our results demonstrate
that smaller accounts are disproportionately responsible for spreading Al-generated misinfor-
mation. This indicates that detection strategies must move beyond account size as a primary
signal. Here, community-based fact-checking systems — such as X’s Community Notes —
can be a promising tool by leveraging the collective judgment of users to identify and flag
misleading content that may evade both professional fact-checkers and automated systems
(Pilarski et al., 2024). In addition, improved cross-platform coordination could potentially
improve consistency and enable more effective mitigation strategies across the broader digital
ecosystem.

Al-generated misinformation also presents a growing challenge to user trust and safety online
(Feuerriegel et al., 2023; Goldstein et al., 2023; Hancock & Bailenson, 2021). As Al-generated
content becomes increasingly indistinguishable from authentic content, users face greater chal-
lenges in evaluating the authenticity of the information they encounter and share (Bashardoust
et al., 2024; Diel et al., 2024; Groh et al., 2024). This makes media literacy training (Guess et
al., 2020; Jones-Jang et al., 2021) more essential than ever. Educational initiatives should help
users develop skills to critically assess Al-generated misinformation, recognize manipulation
techniques, and understand its broader societal implications (Feuerriegel et al., 2023; Goldstein
et al., 2023). Such training is particularly vital for high-stakes domains (e. g., elections, health),
where the spread of Al-generated misinformation can have serious real-world consequences
(Bér et al., 2023).

5.5.2 Limitations & future research

As any other research, our study is not free of limitations. First, our analysis is observational
and cannot establish causal relationships. However, our observational approach allows us
to uncover robust patterns based on real-world social media data that would be difficult to
study in controlled settings. Second, our data is limited to a single platform (i. e., X), which
may constrain the generalizability to other platforms with different user bases or moderation
practices. Still, given X’s central role in shaping public discourse, it provides a particularly
important setting for investing emerging forms of misinformation. Third, we rely on X’s
Community Notes system to identify misinformation, which inherently only captures content
that is flagged by users. As such, some Al-generated misleading posts likely go undetected,
potentially biasing our view toward more visible or controversial cases. However, this crowd-
sourced approach offers a unique advantage in terms of scalability and accuracy, enabling the
identification of a wide range of misinformation without relying on manual annotation or au-
tomated approaches. Finally, future research should examine how fact-checking effectiveness
and visibility differ for Al-generated versus traditional misinformation, and how corrections
influence downstream user behaviors (e. g., sharing). Overall, continued research is needed to
understand and mitigate the evolving risks posed by Al-generated misinformation on social
media.

5.6 Conclusion

Despite growing concerns, the characteristics of Al-generated misinformation on social media
are poorly understood. Our work addresses this gap by offering a large-scale empirical analysis
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of Al-generated misinformation circulating on X. Drawing on a dataset of 91 452 misleading
posts identified via X’s Community Notes platform, we show that Al-generated misinformation
differs significantly from traditional forms in terms of content attributes, source accounts, and
virality. To effectively address this emerging threat, researchers, platforms, and policymakers
will need to develop new strategies and countermeasures that account for the unique properties
of Al-generated misinformation.
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All analyses are based on publicly available data. We declare no competing interests.
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5.A. Descriptive statistics

Appendix 5.A Descriptive statistics

An overview of the dataset used in this study is shown in Table 5.1.

Table 5.1: Variable Definitions and Summary Statistics.

Variable Description Overall Al Non-Al
Mean SD Mean SD Mean SD

Content Characteristics (/N = 91452)

Al-generated Tweet identified as Al-generated (= 1 if true, else 0.120 0.330 1.000 0.000 0.000 0.000
0)

Media Type Media type in tweet (e.g., image, video, none) -

Sentiment Sentiment score (Twitter ROBERTa-base model) 0.040 0.670 0.010 0.650 0.050 0.680

Content Characteristics (LLM-Annotated, N = 3 000)

Sentiment (LLM) Sentiment score (—1 = Negative, +1 = Positive) —0.270 0.775 -0.184 0.801 —0.356 0.738

Topic Topic category (Politics, Tech, Health, etc.) -

Believability Perceived as believable (= 1 if true) 0.340 0.470 0.580 0.490 0.310 0.460

Harmfulness Perceived as harmful (= 1 if true) 0.410 0.490 0.660 0.470 0.370 0.480

Account Characteristics

Followees Accounts followed (in 1000s) 6.176  24.002 8.152  30.273 6.072  23.621

Followers Followers (in 1000s) 932.393 7515512 585.671 7622.054 950.660 5074.501

Account Age Account age (in years) 8.217 5.075 7.311 4.811 8.322 5.078

Tweet Count Posts, reposts, quotes & replies (in 1000s) 73.055 141309 61.047 93.267 73.688 143.357

Partisanship Political leaning (—1 = Democrat, +1 = Repub- 0.202 0.769 0.272 0.782 0.199 0.768
lican)

Misinformation Expo-  Exposure to misinformation [0, 1] 0.599 0.170 0.606 0.175 0.298 0.170

sure

Virality

Retweet Count Number of retweets (in 1000s) 1.469 3.284 1.753 3.570 1.454 3.268

Impression Count Number of impressions (in 1000s) 2157.207 7044.313 2324.291 6222.344 2148.404 7084.897

Like Count Number of likes (in 1000s) 10326 25370 15.057 32.628 10.077 24.904

Appendix 5.B Prompt: Identification of AI-Generated Posts

To distinguish Al-generated content from other misleading posts, we implemented an OpenAl

Assistant (gpt-4-turbo). The corresponding prompt is printed below.

“You are a professional annotator specializing on annotating social media content. Your task
is to classify social media posts based on Community Notes. The Community Notes have been
added for fact-checking purposes to the social media posts, have been found helpful by other
users and provide additional context to the social media post. Each post must be annotated

along two dimensions: Al-generated, IdentificationConfidence

Your goal is to produce consistent, structured annotations. Follow the definitions and for-
matting instructions strictly. Return only a valid JSON object with exactly two top-level keys:

"Al-generated’ and “IdentificationConfidence”.

Definitions and Output Format:

1. Al-generated
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* Definition: ldentify whether you expect the original post to contain Al-generated
content based on the community note provided. Al-generated content refers to any
form of text, image, audio, video, or other media that is created with the assistance
of artificial intelligence technologies. These technologies include machine learn-
ing models—such as large language models (LLMs), image generators, or speech
synthesis systems—that can mimic human creativity, language, or perception.
Return only the classification (yes or no).

* Qutput format: “Yes” // One of: Yes, No
2. Identification confidence

* Indicate how confident you are regarding your identification of Al-generated
content as provided in 1.

* Output format: "Medium” // One of: Low, Medium, High

Return only a valid JSON object using the structure above. Do not include any explanation,
comments, or metadata.”’

Appendix 5.C Prompt: Annotation of post characteristics

We implemented an OpenAl Assistant (gpt-4-turbo) to annotate the source posts with a wide
variety of content characteristics. The corresponding prompt is printed below.

“You are a professional content reviewer specializing in analyzing social media posts, including
both the tweet text and attached media (images or video snapshots). All social media posts for
comment were identified as misleading by a community-based fact-checking initiative. Your
task is to assess the content across the following four dimensions: Believability, Sentiment,
Harmfulness, and Topic. Consider both text and visual media in your assessment. Return only
a valid JSON object using the structure and formatting below. Do not include any explanation,
comments, or metadata.

Definitions and Output Format:
1. Believability

* Definition: Rate the believability of the social media post (text + attached media).
Believability is defined as the quality of something being convincing or credible
enough that people accept it as true or plausible.

* Output format: “believability”: "High” // One of: Low, Medium, High
2. Sentiment

* Definition: Rate the sentiment of the social media post (text + attached media).
Sentiment refers to the underlying emotion or attitude conveyed in a message,
reflecting how the author feels about a subject, whether it's positive, negative, or
neutral.

* Qutput format: “sentiment”: "Negative” // One of: Positive, Neutral, Negative

3. Harmfulness
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* Rate the harmfulness of the social media post (text + attached media). Harmfulness
is defined as the potential of a (misleading) post to cause real-world damage (such

as physical harm, social division, or emotional distress) especially when people
believe and act on the misinformation.

* QOutput format: "harmfulness”: "Medium” // One of: Low, Medium, High
4. Topic
* Identify the main topic of the post (text + attached media)

* Qutput format: “topic”: “Politics” // One of: Technology, Health, Politics, Crime,
Business, Entertainment, Sports, Education, Satire, Other”
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Chapter 6

Content Moderation on Social Media
in the EU: Insights From the DSA
Transparency Database

Abstract

The Digital Services Act (DSA) represents a major legislative framework that mandates large
social media providers to file Statements of Reasons (SoRs) to the DSA Transparency Database
whenever they remove or restrict access to certain content on their platforms in the EU. In
this work, we empirically analyze this unique data source and provide an early look at content
moderation decisions of social media platforms in the EU. Our empirical analysis based on
more than 156 million SoRs reveals significant differences in content moderation practices and
how large social media platforms implement their obligations under the DSA. Our findings
have important implications for regulators, suggesting the need to lay out more specific rules
that ensure common standards on how social media providers handle rule-breaking content on
their platforms.

Keywords: Content moderation, social media, online harms, DSA, EU
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6.1 Introduction

Social media platforms have become essential channels for accessing information that offer
various benefits but also facilitate the dissemination of harmful or illegal content (e. g., hate
speech, calls for violence, disinformation). Concerns about such content’s impact on elections
public health, and safety have grown recently (e. g., Bér et al., 2023; Feuerriegel et al., 2023).
In response, platforms employ diverse content moderation systems, i. €., mechanisms that aim
to prevent harm by removing or reducing the visibility of rule-breaking content (Grimmelmann,
2015). However, their degree of strictness varies greatly between platforms, with each platform
keeping the specifics of how it enacts its moderation decisions largely opaque (Jhaver et al.,
2019). Accordingly, there have been increasing calls for legislation to revise the present model
of self-regulation, where social media platforms primarily define the rules and procedures of
online content moderation (Schlag, 2023; Turillazzi et al., 2023).

The EU, recognizing the need for greater control and oversight, has recently introduced the
Digital Services Act (DSA) that establishes a new set obligations for social media providers
(Schlag, 2023; Turillazzi et al., 2023). Major platforms can now be held responsible for the risks
illegal content on their platforms poses to society. The DSA aims to create a harmonized legal
framework that avoids inconsistencies and uncoordinated procedures in content moderation.
For this purpose, providers of large social media platforms are required to file Statements of
Reasons (SoRs) explaining why content was moderated, by reference to the specific legal
provision infringed. To ensure scrutiny of content moderation decisions and transparency
for both platforms and users, all SoRs are made publicly available by the EU via the DSA
Transparency Database (DSA-TDB).

Research goal: Here, we provide a holistic early look at the DSA-TDB. Due to this unique
data source, we are, for the first time, able to empirically analyze real-world content moderation
decisions of social media platforms in the EU. Specifically, we are interested in what types
of content are typically moderated (RQ1), what the specific reasons for content moderation
are (RQ2), to what extent content moderation is automated by the platforms (RQ3) and what
types of moderation actions the platforms implement (RQ4).

Data & Methods: To answer our research questions, we collected all SoRs submitted to the
DSA-TDB by major social media platforms within the first two months after its launch on
September 25, 2023. Based on over 156 million SoRs, each representing a single content
moderation action, we extracted and analyzed a wide variety of variables (e.g., content types,
legal grounds) to understand content moderation decisions in the EU. Additionally, we imple-
mented regression analysis to characterize which types of content moderation decisions are
more likely to be performed automatically (i. e., without human intervention) by social media
platforms.

Contributions: Our work presents the first empirical analysis of the EU’s DSA-TDB, yielding
the following key findings: (i) There are vast differences in the frequency of content moderation
across platforms, with TikTok performing over 350 times more moderation decisions per user
than X. (ii) Text and videos are most commonly moderated, while images and other formats
undergo less frequent moderation. (iii) Primary reasons for moderation include content outside
platform scope, illegal/harmful speech, and pornography, while moderation for misinformation
is relatively rare. (iv) Automated methods predominantly detect and decide upon rule-breaking
content. (v) Content moderation actions vary substantially across platforms, with some favoring
post removal and others visibility reduction. Overall, our study highlights inconsistencies in
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how platforms implement their obligations under the DSA, suggesting the need to lay out more
specific rules that ensure common standards on how providers handle rule-breaking content.

6.2 Background

Content moderation: Content moderation aims to prevent the spread of illegal and undesirable
content in online communities (Grimmelmann, 2015). Social media platforms use various
measures like content removal, visibility reduction, labeling, or account actions to address
rule-breaking content (Jiang et al., 2023). Effective moderation is crucial for social network
functionality, promoting guideline compliance, and reducing incivil behavior (Gillespie, 2018;
Horta Ribeiro et al., 2023). Over the last couple of years, content moderation systems on
mainstream platforms have become increasingly sophisticated, evolving from relatively small
teams overseeing the content to the usage of automated systems that detect and intervene when
rule-breaking behavior occurs (Gillespie, 2018). Notably, each social media platform has
developed various systems to implement these processes (Gillespie, 2018); yet each platform
keeps the specifics of how it enacts its moderation decisions opaque (Jhaver et al., 2019).

Digital Services Act: The Digital Services Act (DSA) stands as a pivotal legislative framework
crafted by the EU, which aims to modernize the digital landscape and ensure safer, more open
platforms (Schlag, 2023; Turillazzi et al., 2023). Adopted in July 2022 and effective since
November 16, 2022, it imposes requirements on online platform providers. All Very Large
Online Platforms (VLOPs) with over 45 million users in the EU (corresponding to 10% of
the overall population) must meet DSA obligations since August 25, 2023. This includes
regular transparency reports detailing content moderation measures, user reports, error rates of
automated systems, and team qualifications (Article 15). Furthermore, as mandated by Article
17 of the DSA, VLOPs are required to provide detailed Statements of Reasons (SoRs) for
any content moderation activity. The intention is to inform users about content moderation
decisions and explain the underlying reasons. In accordance with Article 24(5) of the DSA, all
submitted statements are to be collected and made publicly available on the DSA Transparency
Database (DSA-TDB). SoRs are to be clear and specific and easily comprehensible and as
precise and specific as reasonably possible under the given circumstances.

6.3 Data

We downloaded all SoRs from the website of the DSA-TDB, that were submitted between the
introduction of the database on September 25, 2023, and November 25, 2023, i. e. within an
observation period of two months. In total, more than 550M SoRs were transmitted during the
observation period. As we focus on content moderation on social media, we only included
SoRs submitted by large social media platforms, namely Facebook, Instagram, YouTube,
TikTok, Snapchat, X, LinkedIn and Pinterest. Furthermore, we excluded SoRs for content
published before August 25, 2023, as the obligations associated with the DSA framework
became effective from this date. The resulting dataset contains more than 156M SoRs, each
including information on one content moderation action.

In our data, the largest number of SoRs was submitted by TikTok (100.15M; 64.09%), followed
by Facebook (33.70M; 21.56%), Pinterest (12.45M; 7.97%), YouTube (5.12M; 3.28%), and
Instagram (3.95M; 2.53%). Snapchat (0.61M; 0.39%), X (0.27M; 0.17%), and LinkedIn
(0.03M; 0.02%) submitted less than one million SoRs during our observation period. Evidently,
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TikTok moderates substantially more content than all other platforms, some of which are much
more relevant in the European market in terms of user numbers (e. g., YouTube, Facebook and
Instagram).

6.4 Empirical Analysis

6.4.1 Content Types (RQ1)

When submitting a SoR, platforms have to indicate the type of content that was moderated (i. e.,
text, images, videos, etc.). Studying the platform-specific distribution of how the platforms
specify the type of the moderated content, we find considerable differences (see Fig. 6.1).
While TikTok primarily focuses on Text (57.14%) and Videos (33.97%), Snapchat moderated
a larger share of Videos (63.92%) and (16.96%). The platform X seems to limit its
content moderation activities mainly to Synthetic Media (99.83%). The remaining platforms
each categorized more than 50% of all content moderation actions as content type Other,
i.e., content types that are not predefined by the DSA.! Altogether, we find that the type
of content subject to moderation is, in many cases, strongly related to the content that is
predominantly published on the respective platform (e. g., Video and Image on Snapchat,
Video and Advertisement on YouTube, Pins on Pinterest, job-related content on LinkedIn). It
is also worth noting that the content type is specified by the platform (i. e., self-reported), and
each content piece is assigned to a single type. However, social media content is often a mix of
different types. In a similar vein, Al-generated content may be classified as image/text/video
or as synthetic media. Overall, it seems likely that the content type reported by platforms often
describes only one dimension of a social media post.

B Text Image B Product | Other
B Vvideo I Synthetic Media | Audio

TikTok| [ . 1
Facebook| [Nl .
Pinterest| | NEREEE .
Instagram| [l —
YouTube| [N
Snapchat| G I
X -
LinkedIn| | I
0.00 0.25 0.50 0.75 1.00
Share

Figure 6.1: Distribution of moderated content types.

6.4.2 Reasons for Moderation (RQ2)

Platforms must specify if content is incompatible (Article 17(3)(d) DSA) or illegal (Article 17
(3)(e) DSA) when explaining moderation actions. Incompatibility dominates (99.80%), while

!The majority of this content concerns violations that affect entire accounts/profiles, platform-specific content
types (e. g., pins or boards on Pinterest), and (job) advertisements (in particular on Youtube, Pinterest, and
LinkedIn).
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only X focusing more than 99% on illegal content. Additionally, platforms assign one of 14
categories defining the reason for moderation. We find that there is a relatively highly similarity
across most platforms (see Fig. 6.2). With the exceptions of X and Pinterest, all platforms
moderated a large proportion of content that does not correspond to the Scope of Platform
Service, [llegal/Harmful Speech, and Violence. In contrast, Pinterest focused primarily
on Pornography/Sexualized Content (80.95%). In the case of X, the vast majority of
content moderation actions were attributed to Violence (41.18%) or Pornography/Sexualized
Content (44.37%). Snapchat is the platform that moderated content in the widest variety of
categories (e. g. 16.69% in Scams & Fraud and 10.77% Unsafe & Illegal Products).

I Scope of Platform Service I Intellectual Property Infringements

| Illegal/Harmful Speech B Sscif Harm

I Pornography/Sexualized Content Mis—/Disinformation

B Vviolence [ Unsafe & Illegal Products
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Share

Figure 6.2: Distribution of reasons for moderation.

6.4.3 Automation of Content Moderation (RQ3)

Regarding content moderation, platforms must specify if the decision was automated (fully,
partially, not), and if the violation was detected automatically (yes, no). Overall, 60.67% of all
content moderation decisions were performed fully automated, 31.48% partially automated,
and 7.74% not automated. Furthermore, automated detection often led to automated decisions,
while manually moderated content was more frequently identified or reported by humans (e.g.,
users or moderators). Across all fully automated content moderation decisions, over 99% of
the content was automatically identified; whereas in the partially automated and not automated
categories, this proportion drops to 76.06% and 71.75%, respectively.

Across platforms, we observe further differences (see Fig. 6.3). While TikTok mainly employs
fully automated decision-making, Facebook, Pinterest and Instagramm tend to combine
automated means and human intervention (i. e., partially automated). In contrast, YouTube,
Snapchat, X and LinkedIn performed the majority of their content moderation not automated.
X again stands out with a completely manual content moderation (i. e., not automated).

Regression analysis: To better understand situations in which content moderation is more
likely to be performed automatically, we implement a logistic regression model estimating
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Figure 6.3: Distribution of automation level across platforms.

how the likelihood of automated content moderation decision varies across different content
types and decision grounds (see Fig. 6.4). We find that the odds of a content moderation
decision being performed automatically are 347 ~ 32.143 times higher if the content was
detected automatically (p < 0.01). Across content types, we find that the odds of a content
moderation decision performed automatically are significantly higher for text compared to
other content (i. e., Product, Synthetic Media, Audio, Other) (p < 0.01). At the same time, we
find a smaller positive association for Images (p < 0.01), while Videos are less likely to be
moderated automatically (p < 0.01). With regard to legal grounds, we find that all categories
are statistically significantly less likely to be automatically moderated compared to content that
does correspond to the Scope of Platform Service (each p < 0.01). We also observe a small
negative association between the time elapsed between the date the content was published on
the platform and the moderation date (p < 0.01).

6.4.4 Content Moderation Actions (RQ4)

Reported content moderation actions can be grouped into two categories: (i) actions that affect
a specific content piece (i. e., , labelling, disabling, demotion and of
content); (ii) actions that affect an account (i. e., suspension or termination of an account).
The platforms describe in the SoRs how the content was moderated, either by selecting one
of these predefined actions or by selecting Other. In the case of the latter, platforms can
provide a short description of the action that was taken. To accommodate such cases, we
employed string matching to assign the text descriptions to the predefined action categories.?
If a description is missing or unclear, the category Other is used (0.36%).

Overall, we observe that the most frequent types of content moderation are the
(55.15%), the demotion of content (25.15%), and the suspension/termination

(14.96%). The tendency to focus on these actions as the primary choice of content moderation

is prevalent across most platforms. However, there are also differences. For instance, Pinterest

ELINT3

The descriptions were assigned to the predefined action categories as follows: “Limited distribution”, “not
eligible for recommendation”, “Bounce” — Content Demoted; “Bounce”, “Ban” — Content Disabled —,
“AddTweetAnnotation” — Content Labelled (ordered by descending frequency). X describes a large part of
the moderated content as “not suitable for work” (NSFW) (71.20%) whereby, according to the platform’s own
guidelines, either a reduction in visibility (i. e., demotion) or of the content is implemented (see striped
area in Fig. 6.5)
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Figure 6.4: Coefficient estimates (circles) and 99% confidence intervals (bars) for a logistic regression
model with Automated Decision (=1 if yes; otherwise =0) as DV (n= 156 378 199). Monthly
and platform fixed effects are included. EVs are AutomatedDetection (ref. No), ContentType
(ref.: Other), Reason M oderation (ref. Scope of Platform Service), and Delay (days elapsed
until moderation).
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puts a stronger focus on . Conversely, Snapchat implemented content
disabling in over 50% of its content moderation actions. X does not distinguish between
and in its reporting to the DSA-TDB.

6.5 Discussion & Future Work

Relevance: Effective content moderation is vital for preventing the dissemination of illegal
and undesirable content in social networks (Gillespie, 2018). However, social media providers’
moderation decisions are often perceived as opaque. Previous research, primarily based on
artificial environments or limited observational datasets (e. g., Drolsbach & Préllochs, 2023;
Ling et al., 2023), faced challenges in systematically collecting and analyzing these decisions.
To foster transparency and accountability, the DSA mandates major social media platforms in
the EU to make key information on their content moderation decisions publicly accessible.
Utilizing the EU’s DSA-TDB — a unique and previously unavailable data source — we shed
light on how major social media providers moderate user-generated content on their platforms.

Implications: Our study reveals significant differences and inconsistencies in the content
moderation practices of major social media platforms, with TikTok performing over 350 times
more content moderation decisions per user than X. While platforms with higher moderation
volumes may or may not encounter rule-breaking content more frequently, our findings indicate
that different platforms focus on distinct types of rule-breaking content. Although all platforms
consistently address violence and pornography, their approach to other harms like illegal
speech and misinformation varies considerably. For instance, X rarely moderates illegal
speech and misinformation. Additionally, the actions taken against rule-breaking content
differ across platforms, with some removing it frequently and others opting to reduce visibility.
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Figure 6.5: Distribution of decision types across platforms.

Overall, our study suggests varied interpretations of DSA obligations, leading to a fragmented
outcome that the DSA aims to avoid. These findings have implications for regulators, urging
clearer guidelines to ensure consistent standards for handling rule-breaking content.

Further, our study contributes to the ongoing debate on the role of automation in content
moderation. We find that the majority of rule-breaking content is already identified and
processed through automated methods. While some platforms combine automated and human
moderation, others (e. g., TikTok), predominantly rely on fully automated content moderation.
X stands out by exclusively relying on non-automated means, albeit moderating a significantly
lower content volume. Given the massive scale of content moderation in the EU, this suggests
a potential need for some level of automation to meet the DSA-imposed regulatory obligations.

Limitations and future work: Our study opens avenues for future research. Firstly, our
inferences are restricted to the initial two months after the introduction of the DSA-TDB in the
EU, and future work can explore how patterns change over time. Secondly, the evolving nature
of content moderation efforts may reach a different steady-state with growing experience
and EU rule clarifications. Thirdly, understanding the impact of content removal or visibility
reduction on user behavior warrants further investigation. Lastly, analyzing the source content
that has been moderated would be insightful, but such data is currently unavailable. Despite
these limitations, our study contributes to the understanding of social media content moderation,
providing a foundation for future policy improvements. We hope our early work stimulates
more research to enhance transparency in content moderation on social media.
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Chapter 7

Pass-through of Temporary Fuel Tax
Reductions: Evidence from Europe

Abstract

Several European countries have implemented temporary fuel tax reductions in 2022 to relieve
the financial burden on their citizens. This paper is the first to provide estimates of the
pass-through rates as well as the effect on retail margins for France and Italy. Further, it
contributes to the recent literature on the fuel tax reduction in Germany. Using a unique data
set containing daily consumer prices at service station chain level for gasoline and diesel,
we employ a staggered Difference-in-Differences (DiD) design. Our main results imply that
in the aggregate there was a full-shifting of the fuel tax reductions in all three countries.
Nevertheless, in an event study design we find that the pass-through rates over time are
heterogeneous between the countries and types of fuel. Depending on time, heterogeneous
effects imply a full-shifting up to a minor over-shifting of the pass-through rates. These
findings also have important implications for the effective design of unconventional fiscal
policy as well as for competition policy in the fuel market.

Keywords: Fuel prices, Pass-through, environmental taxes, staggered DiD
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Chapter 7. Pass-through of Temporary Fuel Tax Reductions: Evidence from Europe

7.1 Introduction

More than two years after the beginning of the COVID-19 pandemic many countries worldwide
exhibited very high inflation rates. The reasons are a recovering demand in combination with
ongoing supply chain problems as well as the war of aggression in the Ukraine. In April
2022, the inflation rate of Germany reached 7.4%, the highest rate since 1981. Other western
countries have similar rates: the inflation rate of the whole EU has been 8.1%, the US even
had a rate of 8.3% in April 2022. In autumn 2022, inflation in some countries has already
risen to around 10%.!

In this situation several governments tried to relieve their citizens with tax reductions or
transfer payments. On April 27, 2022, the German government announced a (second) stimulus
package worth 14-16 billion Euro.? Beside new transfer payments and a cheap, nationwide
public transport ticket (€9 ticket), it also included a temporary reduction of the energy tax rate
from June 1 to August 31, 2022 at an estimated cost of 3.15 billion Euro.? Since the energy
tax is levied on fuel products in Germany, this might also have had an effect on retail fuel
prices. However, consumers only benefit from this regulation if the petroleum companies
pass-through the tax reduction sufficiently.

Also other countries in the EU, such as France or Italy have implemented temporary measures
in 2022. In France, the government introduced a fixed fuel discount between April 1 and August
31, which later has been extended until the end of the year 2022. The Italian government had
already approved a subsidy program in March including a fuel tax reduction from March 22
until the end of April. Also this intervention has later been extended until December 31, 2022.
Those government actions provide us with ideal exogenous shocks, which we can use as a
natural experiment.*

In this paper, we estimate the pass-through rate and the effect on the retail margins of the
temporary fuel tax reductions in the three largest countries of continental Europe (measured by
GDP), namely France, Germany and Italy. Austria, Estonia, Lithuania, and Latvia are being
selected as appropriate control countries for the purpose of this analysis because these nations
did not introduce any comparable measures during the year 2022. Using a unique panel data
set containing daily consumer prices for gasoline and diesel on service station chain level,
we compute the pass-through rates and changes in the margins by employing a staggered
Difference-in-Differences (DiD) approach.

Our results imply a heterogeneous passing over time of the fuel tax reductions depending on
the country as well as on the type of fuel. However, we find the following two key results. First,
the average pass-through rates are very high so that there is a full-shifting of the temporary
tax reductions, indicating highly competitive markets. Second, the estimated pass-through

'See https://www.global-rates.com/de/wirtschaftsstatistiken/inflation/inflation.aspx. (Last accessed: October
19, 2022).

2See https://www.bundesfinanzministerium.de/Content/DE/Pressemitteilungen/Finanzpolitik/2022/04/2022-
04-27-zweites-entlastungspaket.html. (Last accessed: October 19, 2022). The package was approved by the
German parliament on May 13.

3See https://www.bundestag.de/dokumente/textarchiv/2022/kw20-de-energiesteuersenkungsgesetz-894664.
(Last accessed: October 19, 2022).

“Due to the circumstance that the interventions were introduced to ease the burden to consumers and with the
intention to lower consumer prices, potential endogeneity issues will be discussed at the end of Chapter 7.5.
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7.2. Related Literature

rates are on average higher for gasoline than for diesel,’ which may result from the special
situation on the European energy markets in 2022 following the Russian invasion of Ukraine
and a relating high demand of (heating) diesel.

The results of our paper have implications for the effective design of unconventional fiscal
policy and are also relevant for competition policy. Unconventional fiscal policy can only
be effective in stimulating demand if consumers expect tax reductions to be passed through
by firms. Besides, such fuel tax reductions also have distributional- and climate-economical
effects. While the discount may act like a redistribution from bottom to top as particularly
high-income consumers with large cars are benefiting, it is generally questionable whether
subsidizing fossil fuels is a good idea in times of climate change.

The rest of the paper is structured as follows. Section 7.2 presents related literature, followed
by a description of retail fuel markets in Section 7.3. We present our data set and descriptive
statistics in Section 7.4. In Section 7.5, we explain our empirical strategy and then present the
estimation results in Section 7.6. We conclude in Section 7.7 by discussing policy implications
and limitations.

7.2 Related Literature

Since gasoline markets are typically characterized by a very specific cyclical pricing pattern,
academia as well as competition authorities are highly interested in analyzing this industry
sector. The leading theory to explain price cycles in gasoline markets are Edgeworth price
cycles. This theory has been formalized by Maskin and Tirole (1988) and assumes a dynamic
oligopoly game where firms compete in prices and sell homogeneous goods. Starting at a
supra-competitive price, firms undercut each other until the price reaches marginal costs.
Given that there is no gain to lowering prices further, firms play a war of attrition. After one
firm relents the price back to a high level, the other follow and the cycle begins anew (see
M. D. Noel et al., 2011).

In contrast to the literature mentioned above, other authors discuss the possibility of tacit
collusion in gasoline markets. Since petrol stations can easily observe and monitor price
changes as well as learn the price setting behavior of their competitors, an explicit agreement is
not necessary to establish such an behavior. Evidence for collusion in gasoline markets has been
found for Australia (Byrne & De Roos, 2019) and Norway (Foros & Steen, 2013). With respect
to Germany, Dewenter et al. (2017) show that the introduction of the "Markttransparenzstelle
fiir Kraftstoffe’ (market transparency unit for fuels, MTS-K)® in 2013 has increased both
gasoline and diesel prices. Assad et al. (2023) find that algorithmic pricing has a significant
effect on competition in the German gasoline market.

Another strand of the literature analyzes the effects of changes in the crude oil price on refined
petroleum products. Here, most of the papers are focused on the oil-gasoline relationship.
It has been shown that downstream prices seem to respond to increases in upstream prices
more rapidly than their responses to decreases in upstream prices, so that there is a potentially

>Note: Our hypothesis tests indicate that there is no statistically significant difference between them (see
Chapter 7.6.1).

%The MTS-K is an independent unit of the German competition authority. ~All petrol stations
in Germany are legally bound to inform the MTS-K about price changes in real time (see https://
www .bundeskartellamt.de/EN/Economicsectors/MineralOil/MTU -Fuels/mtufuels node.html;jsessionid=
0E947D4936B3B12872C630A4005CED95.2_cid378).
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asymmetric pass-through of increasing and decreasing costs (’rockets and feathers’) (e.g.,
Grasso & Manera, 2007; M. Noel, 2009; M. D. Noel, 2015). In this context, similar studies
explore the causes for this asymmetric relation between crude oil and gasoline. They identify
refinery utilization rates and inventories as a main driver of those asymmetries (e.g., Kaufmann
& Laskowski, 2005; Perdiguero-Garcia, 2013)

Recent papers also analyze the pass-through of taxes and excise duties on fuel prices. In
general, pass-through rates depend on consumer behavior as well as on competition parameters
(e.g., Montag et al., 2021; Genakos & Pagliero, 2022; Harju et al., 2022). The effect of tax
changes on market prices primarily depends on supply and demand elasticities (Edgeworth,
1897). In a perfectly competitive market, the pass-through rate increases in the elasticity of
supply and decreases in the elasticity of demand. However, if competition is not perfectly
competitive, the pattern of tax incidence becomes more complex and several degrees of tax
shifting are possible: under-, full- and over-shifting to consumers (see 7.A ). Besides, not only
the horizontal market structure but also vertical market power has to be considered (Fuest
et al., 2020).

Some empirical results indicate that the coefficient associated with taxes on gasoline prices
is not statistically different from one (or slightly less than one) (e.g., Marion & Muehlegger,
2011; Bello & Contin-Pilart, 2012; Li et al., 2014). In contrast, other studies find that a
higher percentage of a tax increase is passed to consumers than a tax reduction (Doyle Jr &
Samphantharak, 2008; Silvia & Taylor, 2014) or identify state-specific rates of pass-through
(Kaufmann, 2019). Regarding the fuel tax reduction in Germany in 2022, results range between
a partial pass-through to a full-pass-through (e.g., Bernhardt et al., 2023; Dovern et al., 2023;
Fuest et al., 2022; Kahl, 2023; Schmerer & Hansen, 2023; Seiler & Stdckmann, 2023). Here
we explicitly contribute for the case of Germany but also other not yet examined countries
(France and Italy) utilizing a staggered difference-in-difference design.

7.3 The Retail Fuel Market

The fuel market is characterized by a vertical structure, with refineries producing fuels from
crude oil in the upstream market and selling them to fuel stations, which in turn distribute the
fuels to end customers (downstream market). In our study, we focus on the analysis of retail
prices on the service station chain level, however, an understanding of the upstream sector is
still relevant, especially for the calculation of margins. During fuel production a barrel (42
gallons) of crude oil can be refined into 19 gallons of gasoline, 12 gallons of diesel and 13
gallons of other products.” In addition to crude oil, refineries also add other oils and liquids to
the finished products that are sold to the petrol stations.

After significant increases in the European retail fuel prices at the beginning of 2022, several
countries adopted measures with the aim of relieving consumers. For our analysis, we focus
on the three largest economies in continental Europe that have introduced reductions of excise
duties on fuel or similar measures, explicitly Germany, France, and Italy. To choose appropriate
control countries for our staggered DiD approach, we need to find countries of the European
Union (EU) which have not implemented any regulations in the fuel market in 2022. Table
7.1 presents an overview of policies introduced in all member states of the EU. It is obvious,

’See https://www.eia.gov/energyexplained/oil-and-petroleum-products/refining-crude-oil-inputs-and-outputs.
php (Last accessed: October 19, 2022).

168


https://www.eia.gov/energyexplained/oil-and-petroleum-products/refining-crude-oil-inputs-and-outputs.php
https://www.eia.gov/energyexplained/oil-and-petroleum-products/refining-crude-oil-inputs-and-outputs.php

7.3. The Retail Fuel Market

that there are numerous overlaps in timing (i.e., measures came into force on the same day),
which prevent a comparison. Apart from that, there are several countries that have chosen VAT
reductions or price caps as policy measures, which also reduces comparability (due to varying
magnitude of actual discounts over time). The consideration of all countries shows that by
these criteria the majority of all EU countries are not eligible as control countries for our
analysis.8 Yet, Austria, Estonia, Latvia, and Lithuania, as countries that have not introduced
any regulations, are considered suitable for comparison.

Country Country Code Type of Measure Date (mm/dd/yy) Tax reduction in Sample?
ES Diesel
Austria AT - - - - Control
Belgium BE VAT reduction + Fuel tax reduction 02/01 +03/19/22  15% + 17.5¢t/l  15% + 17.5¢ct/l -
Bulgaria BG Fixed discount 07/09/22 13ct/l 13ct/l -
Croatia HR Price cap 10/17/21 -
Cyprus CYy - - - - -
Czech Republic (074 Fuel tax reduction 06/01/22 1.5CZK/1 1.5CZK/ -
Denmark DK - - - - -
Estonia EE - - - - Control
Finland FI - - - - -
France FR Fixed discount 04/01/22 15ct/1 15ct/1 Treatment
Germany DE Fuel tax reduction 06/01/22 29.55¢t/l 14.04ct/1 Treatment
Greece GR - - - - -
Hungary HU Price cap 11/11/21 -
Ireland 1IE Fuel tax reduction 03/10/22 20ct/l 15ct/l -
Italy IT Fuel tax reduction 03/22/22 25ct/l 25ct/l Treatment
Latvia LV — - - - Control
Lithuania LT - - - - Control
Luxembourg LU Fuel tax reduction 03/31/22 7.5¢t/1 7.5¢t/1 -
Malta MT - - - - -
Netherlands NL Fuel tax reduction 04/01/22 17.3ct/l 11.1ct/l -
Poland PL VAT reduction 02/01/22 15% 15% -
Portugal PT ”Autovoucher” (limited to 501/month) 11/01/21 10ct/l 10ct/l -
Romania RO - - - - -
Slovenia SI Price cap 03/15/22 - - -
Slovakia SK - - - - -
Spain ES Fixed discount 04/01/22 20ct/l 20ct/l -
Sweden SE Fuel tax reduction 06/01/22 17ct/l 17ct/l -

Table 7.1: Overview of fuel tax reductions in all EU member states. In the case of fuel tax reductions
given values are excl. associated VAT reduction. Sources: https://www.bruegel.org/dataset/national-
policies-shield-consumers-rising-energy-prices (last accessed on 07/08/2023).

The retail fuel markets in all countries of our sample are characterized by an oligopoly. Those
oligopolists operate nationwide, while there are also smaller suppliers with a single or small
number of service stations that operate on a regional basis. For instance, in Germany five
firms (Shell, BP/Aral, Esso, Total, and Jet) combine for a market share of 67%. In the other
countries, the market shares of the oligopolists are within a comparable range (see Table 7.2).
Differences in the total number of service stations are primarily related to country size and
population.

In contrast, the upstream markets in the individual countries of our sample have larger differ-
ences. In Austria, for example, there is only one refinery, and the majority of fuel is imported

8Belgium, Croatia, Hungary, Poland, Portugal, and Slovenia have introduced regulations other than a fixed
tax reduction/discount. Bulgaria, Czech Republic, Ireland, the Netherlands, Spain, and Sweden were excluded as
additional treated countries for timing reasons. Due to their specific geographical location, data unavailability
and/or a currency other than the Euro we decided not to consider Cyprus, Denmark, Finland, Greece, Malta,
Romania, and Slovakia.

169


https://www.bruegel.org/dataset/national-policies-shield-consumers-rising-energy-prices
https://www.bruegel.org/dataset/national-policies-shield-consumers-rising-energy-prices

Chapter 7. Pass-through of Temporary Fuel Tax Reductions: Evidence from Europe

from Germany. France also has a relatively small number of refineries and refining capacity in
relation to the market size, resulting in a more inelastic supply side compared to Germany and
Italy. Estonia, Latvia, and Lithuania do not have any (or only one) refinery and are therefore
also strongly dependent on fuel imports. However, we incorporate these observable differences
between countries by including the refinery utilization, imports of crude oil and petroleum
products, and the number of gas stations per chain as control variables into our empirical
analysis (see Sections 7.4 and 7.5).

‘ Austria ‘ Estonia France Germany Italy ‘ Latvia Lithuania
Number of fuel stations 2,759 515 11,040 14,452 21,700 600 765
Downstream  Oligopoly members BP, ENI, Jet, | Alexela Oil, | Shell, Aral, | Shell, Aral, | Eni, Q8, | Circle K, | Viada,
OMYV, Shell | Neste, Circle | Esso, Total, | Esso, Total, | Esso, Tamoil | Neste, Viada, | Circle K,
K, Olerex, | Jet Jet Virsi-A Neste, Baltic
Saare Kiitus Petroleum
Market share of oligopolists | 67% ~54% 62% 67% 49% ~52% ~51%
Number of refineries 1 0 6 11 10 0 1
Upstream
Refinery capacity (in Mt/a) | 9.80 0 58.20 100.90 83.90 0 9.60

Table 7.2: Overview of relevant market characteristics in all countries considered. When market share
values were not publicly available, they were approximated based on the stations in our dataset relative
to all stations (denoted by ~). Source: Statistical Report 2023, FuelsEurope, https://www.fuelseurope.
eu/publications/publications/statistical-report-2023.

Considering retail fuel prices, it becomes clear that the price of crude oil accounts for an
important share of prices and their fluctuations. Yet, taxes and other duties account for the
largest share. Table 7.3 summarizes the excise duties on gasoline and diesel for the countries in
our data set. All countries levy a lower excise duty on diesel than on gasoline, with Germany
having the largest diesel privilege (at least without taking into account the temporary fuel tax
reductions). Without considering any temporary tax reductions, Austria has the lowest excise
duties for fuel and Italy has the highest ones. All countries also levy an additional Value-added
tax (VAT) on gasoline and diesel.” In Germany, an additional fuel carbon tax of 7.2 cents
(8.03 cents) on gasoline (diesel) and an additional fuel storage fee of 0.27 cents (0.30 cents)
on gasoline (diesel) are levied.

In Germany, the excise duty on fuel (“energy tax”) has been lowered by 29.55 cents per liter
for gasoline (35.20ct incl. VAT) and by 14.04 cents per liter for diesel (16.70ct incl. VAT) for
the period between June 1 and August 31, 2022.'% With this reduction, Germany has lowered
the excise duty on fuel to the minimum level permitted in the EU. In Italy, a reduction of the
excise duty on gasoline and diesel by 25 cents per liter (30.50ct incl. VAT) has been introduced
from March 22, 2022 on.!! This measure was initially limited until April 30, but was extended
shortly after and ultimately lasted until the end of 2022. The French government has passed a
law that introduced a discount for all important fuel products by 15 cents per liter (18.00ct
incl. VAT) from April 1, 2022 on.On September 1, the fuel discount has even been increased

VAT rates are as follows: 19% in Germany, 20% in Austria, Estonia, and France, 21% in Latvia and Lithuania,
and 22% in Italy. To calculate margins and pass-through rates we include VAT reductions associated with the
energy tax reductions/discounts to consider the overall reductions.

10See: https://www.bundestag.de/dokumente/textarchiv/2022/kw20-de-energiesteuersenkungsgesetz-894664
(Last accessed: July 10, 2023).

"See: https://www.gazzettaufficiale.it/eli/id/2022/03/21/22G00032/sg and https://www loc.gov/item/global-
legal-monitor/2022-05-3 1/italy-new-law-reduces-excise-taxes-and-vat-on-fuels-to-ameliorate-financial-crisis-
caused-by-war-in-ukraine/ (Last accessed: July 10, 2023).
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from 15 to 25 cents per liter and in addition has been extended until December 31, 2022.?
This discount was paid as a subsidy for quantities sold to the distributor at the second-last
distribution level. Based on the termination of the tax reduction in Germany on August 31,
2022 and the simultaneous change of the discount in France, we have chosen an observation
period until August 31, 2022.

Even though technically the introduced discount in France is different compared to the tax
reductions in Germany and Italy, basically it has a similar effect on the costs of the retailers
(i.e., service stations). For this reason, it is referred to as a reduction of excise duties paid on the
retail-level in the following. In our empirical analysis (see Section 7.5 and 7.6), we compare
our estimated coefficients with the overall tax reductions (also including the associated VAT
changes), which are also given in Table 7.3. With regard to the implemented measures, it
is important to note that these represented a one-time reduction in all treated countries. In
Austria, Estonia, Latvia, and Lithuania, the tax rate remained constant throughout the whole
observation period (see Figure 7.8 in 7.C).

‘ ‘ Gasoline (E5) ‘ Diesel

Country ‘ Treatment ‘ Pre Post ‘ Diff. Incl. VAT ‘ Pre Post Diff. Incl. VAT

Austria - 48.00  48.00 - - 40.00  40.00 - -
Estonia - 4228 4228 - - 39.29  39.29 - -
France 04/01/2022 | 68.29 5329 | -15.00 -18.00 59.40 44.40 | -15.00 -18.00
Germany | 06/01/2022 | 65.45 35.90 | -29.55 -35.20 47.04 33.00 | -14.04 -16.70

Italy 03/22/2022 | 72.84 47.84 | -25.00 -30.50 61.74 36.74 | -25.00 -30.50
Latvia - 4112 41.12 - - 3330 33.30 - -
Lithuania | — 43.44 4344 - - 33.02 33.02 - -

Table 7.3: Excise taxes on Gasoline (E5) and Diesel in cents per liter before and after treatment
(where applicable). “Incl. VAT” indicates estimated changes when VAT is applied. Source: https:
//ec.europa.eu/taxation_customs/tedb/

7.4 Data and Descriptive Statistics

7.4.1 Data Collection

Our analysis is based on five different data sources. First, we scraped data on daily average
gasoline (E5) and diesel consumer prices on a service station chain level from the information
platform Fuelo. These prices on Fuelo are the basis of our analysis. Fuelo uses official sources
as well as information from consumers, publishes this on its website and displays historical
information on a daily average level. Real-time price updates are not considered relevant for
our analysis as the platform only provides the historical price averages at the service station
chain level.!® The data from Fuelo also provides information on the number of fuel stations
per service chain. Incorporating this measure serves a dual purpose. Firstly, it helps control for

12See https://www.connexionfrance.com/article/French-news/How-the-French-government-fuel-discount-will-
change-from-September-1 (Last accessed: July 12, 2023)

B3Example for German prices from February 2, 2022, https://de.fuelo.net/prices/date/2022-2-2?lang=en. (Last
accessed: July 11, 2023). Statement from Fuelo on their sources: https://de.fuelo.net/prices/last_updated?lang=de.
(Last accessed: July 11, 2023).
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variations in the number of stations across different countries. Secondly, it takes into account
the fact that the average fuel prices displayed on the Fuelo website are constructed based on
different numbers of chain stations in each country.'*

Second, we use data on the crude oil price Brent from Onvista and exchange rates from Dollar
into Euro by the Federal Reserve Bank of St. Louis (FRED) to highlight the relation between
consumer prices and the Brent price.!> The Brent price is also a crucial part to determine retail
margins.

Third, we incorporate data on refinery capacities and convert them into a measure of refinery
utilization, which indicates how efficiently the refineries are utilizing their maximum capacity.
It is crucial to control for refinery utilization in our analysis, since gasoline and diesel can either
be produced domestically within the country or imported from other countries. To assess this,
we utilize data from both Concawe and Eurostat.'® Concawe provides annual national-level
data on refinery capacities, measured in mega tonnes per annum (Mt/a). With the assistance
of Eurostat data on the supply (and transformation) of oil and petroleum products, we convert
these capacities into a measure of refinery utilization.

Exact calculation of the utilization rate needs some clarification. Before the utilization rate
can be determined the domestic production must be calculated from several variables, i.e.
the stream of raw oil, loss from refining the crude oil, changes in stock, releases of strategic
reserve or inflow from marine bunkers.!”

The capacities provided by Concawe and Eurostat are available on a yearly basis, while the
data for refinery utilization is required on a monthly level. To bridge this gap, the yearly
capacities are converted into monthly capacities by dividing them by 12. Dividing the monthly
domestic production by monthly available capacity determines the utilization of the refinery
on a monthly level. Controlling for these refinery utilization possesses the opportunity to rule
out differences at the supply side from the local refinery level, i.e. from breakdown in the
refinery or loss of access to crude oil.

Fourth, to account for variations in the total imports of oil and petroleum products, we
incorporate national-level data from Eurostat specifically related to the imports of these
products. These imports are measured in thousands of tonnes. By controlling for changes

14See, 7.B, Table 7.9 for the distribution of number of service chain stations in the data. Note: Data from Fuelo
has a large market coverage. Example: Germany had 14,452 stations in 2022. Our scraped data covers 10,600
stations.

3See historical Brent prices, https://www.onvista.de/rohstoffe/db-Oelpreis-Brent-26262975 and exchange rates
from FRED, https://fred.stlouisfed.org/series/DEXUSEU. (Last accessed: July 11, 2023).

16See information from Concawe, https://www.concawe.eu/refineries-map/ and Eurostat https://ec.europa.cu/
eurostat/databrowser/view/nrg_cb_oilm/default/table?lang=en. (Last accessed: July 11, 2023).

Y Eurostat provides information from the Monthly Oil and Gas questionnaire at page 10, No. 11 on how the
gross inland deliveries are determined and we will use this to rearrange this equation for domestic production (https:
//ec.europa.eu/eurostat/documents/38154/42198/MOS_v2012.1.pdf/f4a7a75¢c-b0d1-4370-802a-560ca5f86f4d#:~:
text=Gross%?20inland%20deliveries%20(Observed)%3A,.%20t0%20the%20inland%20market. (Last accessed:
July 11, 2023)). From the data of Eurostat we calculate domestic production for petroleum products with the
formula: Domestic Production = Gross inland deliveries - Primary product receipts - Recycled products + Refinery
fuel - Imports + Exports + International marine bunkers - Interproduct transfers + Products transferred + Stock
changes. Note: Refinery gross output denotes what we call domestic production. Statistics from Furostat regarding
what they refer to as indigenous production is not available.
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in imports, we aim to capture another aspect of supply-side changes that are likely to be
significantly influenced by the outbreak and ongoing war in Ukraine.!®

7.4.2 Descriptive Statistics

Our final data set includes consumer price data in Euro per liter for seven European countries
Germany, France, Italy, Austria, Lithuania, Estonia and Latvia on a service station chain level
during the period from January 3 to August 31, 2022.

Table 7.8 in 7.C presents the summary statistics divided by countries. To calculate the margins,
we simply subtract taxes and duties as well as the share of the crude oil price (Brent price)
attributable to the production of diesel and gasoline from the gross consumer prices.'” Even
though these margins still contain different cost types (e.g., cost of refining, transportation
costs), with the crude oil price we can eliminate the main source of input cost variation.

The data set contains 12,515 observations on a service station chain level, i.e. we have a panel
data set including price information on 52 unique country-service-station-chain-pairs for 241
days.?? For each country we observe a different number of chains present in the data (see
Table 7.9 in 7.C).?! For instance, Germany has 15 different service station chains present in
the data, whereas Austria has six. Overall, there are 30 chains in the treated country’s data
and 22 chains in the non-treated data.?> Countries display variations in terms of refinery
utilization, the number of stations per chain, and total imports of oil and petroleum products.
To illustrate this point, a comparison of Germany and Austria serves as an examples. When
comparing these two countries, we observe differences in the magnitude of imports of oil and
petroleum products (mean: 10,191 v. 987; measured in thousand tonnes), refinery utilization
(mean: 0.91 v. 0.55; represented by decimal units) and the number of fuel stations operated
per chain (mean: 706 vs. 196). By incorporating these covariates into our analysis, we aim
to account for and capture differences in the pre-existing trends and characteristics across
countries. These factors help us consider the unique features and dynamics of each country’s
fuel market.?

18See: Eurostat, imports of oil and petroleum products by partner country, https://ec.europa.eu/eurostat/
databrowser/view/NRG_TI OILM__ custom_6837161/default/table?lang=en. (Last accessed: July 11, 2023).

19 An important note is that our measure of retail margins includes the refinery margin, the station margin, as
well as different cost types such as the cost of refining or the cost of transportation. For a detailed description on
the calculation of margins see 7.B.

The data set is slightly unbalanced.

I Fuelo’s market coverage per service station chain varies and total market coverage is different across countries.
However, it is worth mentioning that the geographic coverage within countries comprises almost their entirety,
which can be substantiated through visual inspection. Nevertheless, the goal of this study is to analyze the overall
pass-through rate. In this respect, our identification strategy relies on the comparison of the evolution of country-
wide large chains average prices, such as most important players Shell, Esso, or Total rather than analyzing the
entire market.

22The estimation will utilize the not-yet-treated characteristics of the data. During the time periods when part of
the data is not yet treated these chains will be used as a comparison group.

“Estonia and Latvia do not have a refinery. For regression purpose the values are set to zero. For E5 in Lithuania
(Estonia) there are 9 (2) observations missing which are filled by the last available value of the respective chain to
complete the series. For some months in Lithuania refinery utilization is sometimes slightly larger than 1. This
probably comes from data accuracy and calculations from an annual capacity to a monthly levels.
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Country Austria Estonia France Germany Italy Latvia Lithuania

Pre  Post Pre  Post Pre  Post
Fuel Price E5 1.783 1.857 1916 2.038 1.947 1.861 1.948 1.983 1.803 1.738
Diesel 1.815 1.759 1.886 2.065 1.881 1.968 1.840 1960 1.753 1.726
Fuel Margin E5 0.273 0392 0.257 0392 0204 0352 0228 0372 0.347 0.270
Diesel 0.386  0.342 0323 0.505 0.326 0.465 0253 0467 0.387 0.367
Relative Fuel Margin/Lerner-Index ~ ES 0.260 0345 0278 0.330 0.220 0.310 0.260 0.320 0.318 0.262

Diesel 0.337 0.310 0.324 0392 0309 0.374 0.277 0374 0.338 0.329

Table 7.4: Summary statistics of fuel prices and margins by country before (pre) and after (post) the tax
decrease (Numbers in Euro per liter, except the relative margins). Averages are based on the country
and service station chain pairs.

Despite these differences across countries and service station chains, Table 7.4 reports that the
average price level of diesel and gasoline is very similar across the seven countries, although
prices are smaller in Austria, which is mainly driven by the low fuel taxes in this country.
Concentrating on the treated countries (France, Germany, Italy), we mostly observe higher
average consumer prices after the fuel tax reductions (compare Pre and Post in Table 7.4).24
Even though this seems to be counterintuitive at first glance, this is mainly driven by the
increasing price for crude oil during our observation period (see development of the Brent
prices in Figure 7.1), which has mostly overcompensated the decreased fuel taxes. Table 7.4
also shows that the absolute as well as the relative retail margins for diesel and gasoline have
increased in Italy and Germany after the fuel tax reductions, while they started to decrease in
France after the introduction (on average).?

Figure 7.1 visualizes the development of the average median consumer prices and Figure 7.2
shows the daily average retail margins. The figures are divided into sub figures to point out the
development of gasoline (upper) and diesel (middle) of the seven European countries during
our observation period. The Brent price (lower) is also depicted to highlight the strong link
to the market price for crude oil. The vertical lines reflect the introduction of the respective
tax reductions in Italy (March 22, yellow), France (April 1, blue), and Germany (June 1, red).
In fact, the prices as well as the margins in the seven countries tend to follow the same trend
before the policy changes. In all countries, there is also a noticeable increase in both, prices
and margins, at the end of February when the war in the Ukraine has started.

With respect to the diesel and gasoline consumer prices, Figure 7.1 shows that both have
decreased in the first phase after the respective fuel tax cuts in the three treated countries.
However, they tend to increase again after a while which is mainly driven by the price increase
for crude oil (depicted in dashed grey in the lower sub figure).?®.

21t is worth mentioning that the definition of the Pre and Post periods is distinct for the three treated countries
due to the different implementation dates of the fuel tax reductions.

P Relative retail margin reflects the simple Lerner-Indices formula, dividing the absolute margins by net prices.

2To have a better understanding of the individual consumer price curves, we additionally present the gasoline
and diesel price development for the seven countries separately in Figure 7.7 of 7.C.
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Figure 7.1: Development of average consumer prices for gasoline (upper) and diesel (middle). The
vertical lines reflect the introduction of the respective tax reductions in Italy (March 22, yellow), France
(April 1, blue), and Germany (June 1, red). Brent prices (lower) in Euro per Liter is denoted in dashed

grey.

Simultaneously, the absolute (and also the relative) effect on retail margins exhibits similar
trends between the three treated countries (see Figure 7.2). In addition, the margins reveal
a slight difference between the countries. While the margins have increased in Germany
for diesel and gasoline, in France and Italy they immediately started to decrease after the
temporary tax reduction. In relative terms these margins (see Figure 7.10 in 7.B) reflect the
Lerner-Indices (Giocoli, 2012; Lerner, 1934) which range from 0 (no market power) to 1
(monopoly market power). Interpretation of this crude measure of market power is problematic,
especially without deep knowledge about the exact cost structure on all parts of the vertical
chain within the fuel market and should be carried out with caution (Elzinga & Mills, 2011).
Therefore, the large increase and long-term shift in the margins seen in the mid of March
2022 may be prominent but the exact cause cannot be determined without detailed market
information on costs and is not part of this paper. In this regard, our empirical analysis will
show that these changes in margins are on average not affected by the tax reductions.
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Figure 7.2: Development of average retail margins for gasoline (upper) and diesel (middle). The
vertical lines reflect the introduction of the respective tax reductions in Italy (March 22, yellow), France
(April 1, blue), and Germany (June 1, red). Brent prices (lower) in Euro per Liter is denoted in dashed
grey. See relative retail margins in Figure 7.10 in 7.B.

7.5 Methodology

In our empirical analysis, we estimate the impact of the temporary fuel tax reductions on fuel
prices and retail margins. In order to do this, we compare the evolution of consumer prices
and retail margins at fuel stations in Germany, France, Italy, Austria and the Baltic States,

before and after the reductions of the fuel taxes.

We apply a staggered Difference-in-Differences (DiD) design to causally estimate the effect of
the temporary fuel tax reduction on fuel prices and retail margins. In contrast to the canonical
DiD setup, the staggered design allows to estimate the unbiased average treatment effect
on the treated (ATT) when there are more than two time periods and variation in timing of
the treatment. This design is more credible and robust than the canonical DiD with a single
treatment period because including multiple treatments plausibly alleviates concerns that
contemporaneous trends drive the observed treatment effects (see, e.g., Baker et al., 2022).
Goodman-Bacon (2021) shows that time-varying treatment effects can create a bias in the

static two-way fixed effects (TWFE) DiD estimate since earlier-treated units act as effective
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controls for later-treated units so that the resultant DiD estimates could reflect differences in

treatment effects over time between different treatment groups.

Hence, more recent papers propose alternative DiD estimators that do not suffer from the pitfalls
associated with TWFE described above (Callaway & Sant’Anna, 2021; De Chaisemartin &
d’Haultfoeuille, 2020; Sun & Abraham, 2021). We follow the recent DiD methodology
developed by Callaway and Sant’Anna (2021) as it allows to estimate a time-varying and
cohort-specific ATT using not-yet-treated or never-treated as clean controls. Specifically, the

estimation strategy follows the stylized regression:>’

Yijt = X'B+ 1t - TAX i + mij + At + €3jt, (7.1)

where y;;; denotes the consumer price (or retail margin) of gasoline or diesel sold by gas station
chain j in country ¢ at date ¢, and T"A X, is a dummy variable that equals one when country
¢ implements a temporary fuel tax reduction at date ¢ (note that France, Italy and Germany
implemented there reductions at different dates, see Section 7.3). The vector X’ contains
our control variables refinery utilization rate, total imports of oil and petroleum imports and
number of gas stations.”® The variable 7;; corresponds to country service station chain fixed
effects and controls for any time-invariant differences between the countries in our dataset.
Finally, A\; gives the day fixed effects, which capture the transitory shocks that identically
affect the individual countries, such as fluctuations in the price of crude oil or the conflict in

the Ukraine.

Let us further assume that G; contains ¢ different states treated at different points of time and
C; is a set of never treated states. Then, under the parallel trend and anticipation assumptions

(J. Wooldridge, 2021) we can estimate the ATT for a treatment-timing group ¢ at a point in time

*"Depicting this equation’s purpose is to intuitively highlight the estimation strategy. Exact estimation will rely
on Equations (7.2) and (7.3) as well as Footnote 28.

“Note that we can add time-invariant variables when using the approach from Callaway and Sant’Anna (2021)
because those variables are interacted with the day fixed effects. Thus, the covariates are not collinear with our
state fixed effects, but act more like state-specific time trends. Technically, we use an inverse probability weighting
(IPW) to rebalance the distribution of covariates and estimate reweighted AT Ts (Abadie, 2005).
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as the group-time average treatment effect using never-treated (7.2) or not-yet-treated (7.3)

units as controls by using the R package as provided by Callaway and Sant’Anna (2021):%°

ATT(g,t) = E[Y; — Yy1|G = g — E[Y; — Y,1|C = 1]. (72)
ATT(g,t) = E[Y; — Y, 1|G = g] = B[Y; — Y, 1|D: =0,G #g.  (1.3)

In the Equations (7.2) and (7.3), ¢ indexes the time in days, g gives the period in which country

1 1s treated and Y}, is the fuel price or retail margin of country .

Finally, we can average the ATT(g,t) over all countries:

T
> 1{g < t}ATT(g,1). (7.4)

t=2

1

Os(9) = T_g+1

Equation (7.4) then gives the time-average for each group and the overall average respectively.
As already mentioned above, we use the fuel prices of seven different European countries to
causally identify the effect of the temporary fuel tax reductions. Thereby, Germany, Italy, and
France are the treated countries and Austria as well as the Baltic States are the never-treated

countries in our staggered DiD approach.

We also want to estimate the treatment effect heterogeneity over time as the effect of the
temporary fuel tax reductions on the retail prices might be dynamic. Using an event study
design we can prove the process of tax pass-through over time to check whether there is an
effect, how many periods it takes to have an effect, and how long it lasts. Moreover, we can
test the parallel trend assumption checking the pre-treatment estimators. Hence, based on
Equations (7.2) and (7.3) we provide an event study including pseudo-ATTs for the pre-period
and ATTs for the post-period.

To perform the described analysis, various requirements for an unbiased and exogenous
estimation have to be satisfied. In general, we can assume that the countries in our data set

are very comparable. They are all members of the European Single Market, which implies

»See https://beallaway11.github.io/did/index.html.
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harmonized border checks, common customs policy, and identical regulatory procedures on the
movement of goods within the European Union (EU). Beyond, the seven countries are relatively
similar in their geographic location and have highly correlated public and school holidays. In
our observation period, also the travel restrictions put in place due to the COVID-19 crisis

were similar and no major reforms, which could also affect fuel prices, were implemented.

Furthermore, to causally identify an unbiased ATT of the temporary fuel tax reductions on
fuel prices, there should also be no other transitory shocks that would differently affect fuel
prices in the individual countries before and after the tax reduction. Due to their geographic
proximity the petroleum companies in the seven countries procure most of their crude oil
from similar sources. Finally, we also focus on a relatively narrow window around the tax
reductions, which should alleviate concerns on transitory shocks differently affecting the seven

countries.

Moreover, requirements have to be considered in the context of government actions tackling
high energy prices observed due to the start of the Ukraine war (see Chapter 7.1). The fuel
tax reductions were implemented as a measure to counter high inflation rates which may
induce the idea of potential endogeneity between tax reductions and price changes, i.e. price
changes are affected by the tax reduction and vice versa. There are two major arguments
why endogeneity does not pose a problem in our analysis. First, depending on time intervals
of tax changes, i.e. tax changes every month, frequent changes might pose a problem for
identifying an unbiased effect, especially if long-run relationships are examined (Kaufmann,
2019). However, excise duty reductions by the European governments do not occur on a
regular basis,3? and the interventions in 2022 were implemented at short notice. The energy
taxation in Europe is more rigid compared with e.g. the taxation in the US (Kaufmann, 2019)
and the interventions in 2022 were a reaction on an exogenous shock, namely the war in the
Ukraine. Second, we utilize a panel data set on a service station chain level and a (staggered)
DiD design to compare the decisions of countries that implemented a tax reduction to countries

that decided against introducing such an intervention. All European countries were equally

3%Excise duties on gasoline and diesel have not been changed in Germany since 2006, in Italy since (at least)
2016, and in France since 2018 (prior to the reduction in 2022). For the legal basis, see: https://ec.europa.eu/
taxation customs/tedb/index.html. See also Figure 7.8 that highlights exact tax changes in 2022.
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affected by high fluctuations of the crude oil price (see Figure 7.1), which is accounted for by
time fixed effects. This design mitigates a bias for the ATT as long as the control groups are
not affected by a similar intervention and generally provide a reasonable comparison group to
construct an appropriate counterfactual, i.e. the parallel trend assumption must be satisfied (J.
Wooldridge, 2021). Our analysis meets this requirement, especially because the never-treated
part of the control countries did not receive any fuel tax reductions during our observation
period. Figures provided in Chapter 7.6.2 (Figure 7.3 and Figure 7.4) provide evidence in
form of event studies, highlighting that the assumption of a common trend can be assumed to

be satisfied.

7.6 Results

7.6.1 Baseline Results

Table 7.5 presents the results of estimating regression equation (7.4) using the consumer
price for gasoline and diesel as outcome variables. The coefficients in columns (I) and (II)
correspond to the average treatment effect of the temporary fuel tax reductions on gasoline
and diesel in France, Italy and Germany without any other control variables. Columns (III)
and (IV) show the effect on consumer prices when we additionally control for the supply
side parameters refinery utilization, number of gas stations and the total imports of oil and

petroleum products.
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Table 7.5: Staggered DiD, referring to estimates of (7.2) and (7.3) that are averaged by means of (7.4).
Approach with consumer prices as outcome variable. Bootstrapped (robust) standard errors provided
in parentheses are clustered on the country and service station chain level.

¢y ) 1) av)

Gasoline Diesel Gasoline Diesel
Italy -0.32*** (0.02)  -0.30"** (0.02)  -0.35"** (0.02) -0.30""* (0.02)
France -0.19"** (0.02)  -0.18"** (0.01)  -0.20™** (0.02) -0.19""* (0.01)
Germany -0.36™* (0.02)  -0.15"** (0.01) -0.39"** (0.02) -0.18"** (0.01)
Simple Weighted Avg. -0.31"** (0.01)  -0.20"** (0.01)  -0.33"** (0.01) -0.21™** (0.01)
Pass-Through Italy 106.09% 98.67% 114.27F 100.00%
Pass-Through France 104.65% 99.91% 111.37% 105.99%
Pass-Through Germany 103.52% 89.73% 110.32% 106.69%
Time FE Yes Yes Yes Yes
Country and Chain FE Yes Yes Yes Yes
Supply Parameters No No Yes Yes
Observations 12,515 12,515 12,515 12,515

Note: Hy: No effect. *p < 0.05, **p < 0.01, ***p < 0.001; Hy: 100% Pass-Through: Tp < 0.05, ¥p < 0.01

In general, the results in Table 7.5 show that the fuel tax reductions led to a statistically
significant decline in the average consumer prices of both fuel types for all three countries
treated (p < 0.001). For our model without any covariates, in Germany the average price
for diesel decreases by 15 cents per liter after the fuel tax reduction (column (1)), whilst the
average price for gasoline decreases by about 36 cents per liter (column (II)). Also for France
the price decrease for diesel (-18 cents per liter) is slightly lower compared to the one for
gasoline (-19 cents per liter). With a price drop of more than 30 cents per liter for diesel and
32 cents per liter for gasoline, also the estimated pass-through rates in Italy are very high.
Including additional control variables (columns (III) and (IV)) only quantitatively changes
our estimation results, even though we apparently underestimate the average treatment effects

without controlling for the supply side.

In a next step, we can calculate the average pass-through rates of the fuel tax reductions.

Therefore, we divide the estimated coefficients by the actual tax reductions in the three
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countries.’! The estimated pass-through rates in Table 7.5 mostly imply a full- or even an
over-shifting of the temporary fuel tax reductions. In our baseline estimations (columns (I)
and (II) in Table 7.5), there is an over-shifting for gasoline and almost a full-shifting for diesel.
With an estimated pass-through rate of approx. 106%, Italy has the highest passing on of the
temporary fuel tax reduction for gasoline and France the highest one for diesel (approx. 100%).
Overall, the estimated rates are very similar in the three countries, even though the estimated
pass-through rate for diesel is slightly lower in Germany (approx. 90%). Including the control
variables for the supply side (columns (III) and (IV) in Table 7.5) into our regression model
generally increases the estimated pass-through rates so that we also find a full- or over-shifting
for diesel now. In general, the high pass-trough rates might be explained by the inelastic
demand for fuel products and particularly by the high public awareness as well as the threat of
policymakers to pursue antitrust measures. The 2022 fuel tax reductions had great political

and economic implications so that there was a high attention in the public debate (Kahl, 2023).

However, testing whether the average pass-through rates are statistically significant different
from a full pass-through (100%) shows that all but one are not different to 100% (see Table
7.5). Only the pass-through rate of gasoline in Italy in column (III) is statistically significantly

higher than 100% (p < 0.05).

Beside the general high average pass-through rates, a second interesting finding is that the
effects of the tax reductions are mostly higher for gasoline compared to diesel in our estimations.
This is in sharp contrast to the literature that finds a more inelastic demand for diesel compared
to gasoline (Ajanovic et al., 2012; Fridstrem & Ostli, 2021; Karagiannis et al., 2011). However,
the Russian invasion of Ukraine led to a high uncertainty of consumers in the energy markets
in 2022, which was combined by an unusually high demand for heating diesel in spring and
summer 2022. Households increased their heating diesel stocks out of fear of continuously
rising prices, because they expected even higher prices in the future. This phenomena was
particularly present in Germany.>? As heating diesel is a close substitute for diesel (whereas

gasoline is not), this might explain the lower pass-through rates for diesel in our results.

31For instance, in our baseline estimation for diesel (column (I) of Table 7.5) the pass-through rate for Germany
can be calculated as follows: passthrough = 25tCoctl — — 15 — (.8973 = 89.73%.

32See https://www.dw.com/en/german-residents-make-plans-amid-fears-of-a-winter-gas-shortage/a-62482737.
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However, scrutinizing differences of the average gasoline estimates against average diesel
estimates in each country by means of a hypothesis test reveals no statistically significant
differences. Table 7.6 shows the p-values for each of the tests, with none rejecting the null

hypothesis based on common significance levels.*

Ho: (I)=(I)  Ho: (II) = (IV)

Italy 0.4451 0.2392
France 0.7679 0.7403
Germany 0.2582 0.7104

Table 7.6: T-test of gasoline versus diesel pass-through rates from Table 7.5. Values are p-values. See
Footnote 33 for details on hypothesis construction.

7.6.2 Pre-Treatment Trends and Dynamic Effects

To check whether the estimated results are causal effects and to highlight evolution of pass-
through rates over time, we will present an event study design next. The crucial assumption to
interpret the results as causally is the parallel trends assumption. Even though this assumption
is not directly testable, the event study design does lead to a formal test of pre-treatment trends.
With this approach, we can also observe the treatment effects of the fuel tax reductions over

time.

Figure 7.3 presents the group-time average treatment effects from Equation (7.3) for gasoline
in the three treated countries.>* We use the regression model including all control variables
and compute bootstrapped 95% confidence intervals. Moreover, we apply a varying base

period which means that a pseudo-ATT is computed in each treatment period by comparing

3Hypothesis test is constructed by each model and country where the t-statistic is then given by t =
EstCoeffGasoline EstCoeffpiesel

TozReduclionGasoline  TozReduclionpiesel  following J. M. Wooldridge, 2015, Chapter. 4-4. Note: The
2

(- StdErrorGasoline )2 StdErrorpigsel
Ta T

TReducltionGasoline azReduclion pjegel
test usually contains a covariance term in the denominator between the two variables. In our comparison the
pass-through rates are independent because the underlying estimation is run separately, thus there is no covariance
term between gasoline and diesel. Hence, from an econometricians’ viewpoint most average pass-through rates are
neither statistically different from a complete pass-through nor do the average pass-through rates differ between
gasoline and diesel. Overall, the average pass-through rates are mostly in line with findings of the literature on
Germany 2022 which imply a full pass-through (Bernhardt et al., 2023; Dovern et al., 2023; Kahl, 2023; Schmerer
& Hansen, 2023; Seiler & Stockmann, 2023).

3*In Figure 7.11 of 7.C, we present the same dynamic analysis but without including any covariates. The results
there are qualitatively very similar.
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the changes in outcomes for a particular group relative to the comparison group in the pre-
treatment periods.>> This just means that we compute changes in the pre-treatment periods
from period ¢t — 1 to period ¢, but repeatedly change the value of ¢ (Callaway & Sant’Anna,
2021). The pre-treatment coefficients are close to zero and mostly insignificant in all three
countries providing supportive evidence for the common trend assumption. An exception is
the time of the beginning of Russia’s invasion in the Ukraine, which leads to a short divergence
in the pre-trends for Italy and France. However, the pre-trends converge back to the zero line
and are statistically insignificant shortly before the exogenous shocks of the tax cuts in all

three countries.

In Figure 7.3 we can also observe that the treatment effects over time are negative and mostly
statistically different from zero. In Germany, there is an immediate drop at the day of the fuel
tax reduction with almost full pass-through (red dashed horizontal line). There is a similar
development in Italy, where full pass-trough is already reached three days after the tax cut.
In the following, there is an over-shifting in both countries. On the contrary, in France it
takes almost two weeks until there is a full pass-through. This is in line with our theoretical
predictions, since France has a more inelastic supply side compared to the two other treated
countries (see Section 7.3). Overall, Figure 7.3 suggests that the treatment effects are relatively

stable over time in all three countries.

3pseudo-ATT means that we estimate the effect of participating in the treatment if the treatment had occurred
in that period (instead of when it acutally occurred).
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Figure 7.3: Event Study of prices with gasoline (E5) and all covariates. Bootstrapped (robust) standard
errors are clustered on the country and service station chain level. Error bars represent 95% confidence
intervals. Red dashed horizontal line depicts the value for a full-pass-through.

Figure 7.4 shows the group-time average treatment effects for diesel from Equation (7.3).3
The pre-treatment coefficients are again close to zero and mostly insignificant (except during
the start of the Ukraine conflict for Italy and France). The pattern of the treatment effects over
time is very similar compared to the event study for gasoline in Figure 7.3. While Italy has a
relatively fast full pass-through again, it takes some time in France until there is a significant
effect and even longer for a full-pass through. In Germany, we again observe an immediate
drop in the treatment effects at the day of the fuel tax reduction. Again, the treatment effects
are relatively stable over time, even though the effects get insignificant for Germany in the
end of August. This can be explained by the drought in Germany throughout the summer of
2022. The very high temperatures led to exceptional low water levels in German rivers which,

in turn, raised the transportation costs for diesel imports (Dovern et al., 2023).

3%In Figure 7.12 of 7.C, we present the same dynamic analysis but without including any covariates. The results
there are again qualitatively very similar.
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Figure 7.4: Event Study of prices with diesel and all covariates. Bootstrapped (robust) standard errors
are clustered on the country and service station chain level. Error bars represent 95% confidence
intervals. Red dashed horizontal line depicts the value for a full-pass-through.

7.6.3 Retail Margins

Table 7.7 shows the results of estimating regression equation (7.3) averaged w.r.t equation
(7.4) using the retail margins for gasoline and diesel as outcome variables. The results indicate
that the reduction in fuel taxes had no significant effect on the average margins in the three
countries. This is in line with our results from Section 7.6.1 as we mostly find a full-shifting
of the temporary fuel tax reductions which, on average, should not have an effect on the retail

margins.
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Table 7.7: Staggered DiD, referring to estimates of (7.2) and (7.3) that are averaged by means of (7.4).
Approach with retail margins as outcome variable. Bootstrapped (robust) standard errors provided in
parentheses are clustered on the country and service station chain level.

@ (ID) (1) Iv)
Gasoline Diesel Gasoline Diesel
Ttaly -0.02 (0.01)  0.00 (0.01) -0.01(0.02)  0.02(0.01)
France -0.01 (0.02)  0.00 (0.01) -0.01(0.02) -0.00 (0.01)
Germany -0.01(0.02) 0.02(0.01) -0.02(0.02) 0.00 (0.01)

Simple Weighted Avg.  -0.01 (0.01)  0.01 (0.01) -0.01 (0.01)  0.00 (0.01)

Time FE Yes Yes Yes Yes
Country and Chain FE Yes Yes Yes Yes
Supply Parameters No No Yes Yes
Observations 12,515 12,515 12,515 12,515

Note: Hy: No effect. “p < 0.05, **p < 0.01, "™ p < 0.001

However, performing an event study design for the outcome variable retail margins implies
that there are some positive margins for diesel as well as gasoline in the first days after the
fuel tax reductions. Figure 7.5 presents the event study results for gasoline in the three treated
countries. The margins are significantly positive in the first days after the tax cuts for Italy
and France, but insignificantly for Germany. This is in line with our findings in Figure 7.3
because it takes some days in Italy and France until the tax reduction is passed through to
consumers. Since those daily average treatment effects get insignificantly after a few days,
the overall average treatment effects in Table 7.7 are still insignificant. In contrast, there is an
immediate drop in Germany in the gasoline prices, which results in the insignificant margins

also in the first days after the tax cut there.

In the following weeks, we even find some negative average treatment effects in Figure 7.5.
For instance, in Germany there is a drop in the estimated ATTs in June and July. Again, this
corresponds to our estimated pass-through rates for gasoline (see Figure 7.3) because for this
months we find an over-shifting of the tax reduction in Germany. Since this means that the
German petroleum companies passed through more than 100% of the temporary tax reduction
to the consumers at this time, their retail margins are lower compared to the counterfactual

scenario where there had been no tax cut.
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Figure 7.5: Event Study of Margins with gasoline (E5) and all covariates. Bootstrapped (robust)
standard errors are clustered on the country and service station chain level. Error bars represent 95%
confidence intervals.

Figure 7.6 shows the equivalent results for the retail margins of diesel. Beside the positive retail
margins in Italy and France, we also find some positive diesel margins in the first days after
the tax cut for Germany now. During the time of the over-shifting of the fuel tax reductions
(see Figure 7.4), we even find some significant negative average treatment effects here. This
is similar to the estimated retail margins for gasoline (see Figure 7.5) and again relates to the
fact that the petroleum companies passed through more than 100% of the temporary fuel tax
reductions to the consumers at these times leading to lower retail margins compared to the
counterfactual scenarios. Overall, those effects over time cancel each other out so that we
have no significant average effect in Table 7.7. This also relates to our main estimations in
Table 7.5 where we find that the temporary tax reductions are mostly passed to consumers on
a one-to-one basis on average, which should not lead to any significant changes in the average

retail margins.
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Figure 7.6: Event Study of Margins with diesel and all covariates. Bootstrapped (robust) standard
errors are clustered on the country and service station chain level. Error bars represent 95% confidence
intervals.

7.7 Conclusion and Policy Implications

This paper provides empirical evidence on the pass-through of temporary fuel tax reductions
in the three largest European economies. The governments in Italy, France and Germany
introduced relief packages to mitigate the effects of increasing energy prices in the course of
post-pandemic economic recovery and the Russian aggression towards the Ukraine. As a part
of those packages, the three countries reduced the fuel taxes (introduced a discount on fuel)
for several months in 2022. Since the individual measures have taken place at different points
of time, we apply a staggered DiD design to causally estimate pass-through rates as well as

changes in retail margins.

Our results imply a heterogeneous pass-through over time of the fuel tax reductions depending
on the country and type of fuel. We mostly find a full-shifting of the temporary fuel tax
reductions meaning the estimated average pass-through rates are close to 100%. This identifies
the fuel markets in the three countries as highly competitive, where the consumers enjoy all of
the tax reliefs. High pass-through rates can be explained by the general inelastic demand for
fuel products and particularly by the high public awareness as well as the threat of policymakers

to pursue antitrust measures during the 2022 tax cuts.
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A second finding of our paper is that the average pass-through rates are generally higher
for gasoline compared to diesel. However, hypothesis tests indicate that, from a statistical
perspective, there is no discernible distinction between the pass-through rates for gasoline and
diesel. Besides this statistical perspective, the average findings are in contrast to the previous
literature, which finds a more inelastic demand for diesel compared to gasoline, this might
be explained by the unusual market situation in 2022. The Russian invasion of Ukraine led
to a high uncertainty of consumers in the European energy markets, which (among others)

resulted in a higher demand for heating diesel, a close substitute for diesel.

Analyzing dynamics associated with time within the framework of an event study reveals
differences with regard to the development of the AT Ts between countries and types of fuel.
The period of time until a full pass-through is reached for the first time differs, and, in addition,

different periods of over- and full-shifting are observable.

With respect to the margins, we find no significant effect different from zero on the average
retail margins in the three countries. This is in line with the estimated pass-through rates
because the tax reductions were mostly passed on to the consumers one-for-one, which does
not change the retail margins of the petroleum companies. However, performing an event
study design suggests that the petroleum companies have made some positive retail margins
at least in the first days after the fuel tax reductions as it has taken some days until the tax

reduction has been fully passed-through to the consumers.

A key takeaway from our paper for policymakers is that temporary fuel tax reductions seem to
be a suitable measure to lower consumer prices for diesel and gasoline, even though it may
take some time until full pass-through is reached. Hence, the primary goal of the governments
to relieve their citizens by achieving lower consumer prices for petroleum products has been
met. Whether the corrective goal of a Pigouvian tax or subsidy can be achieved generally
depends on whether the consumers also bear the incidence of the measure. In this context, the
fuel markets in the three countries seem to be competitive enough so that environmental taxes
are passed on to the consumers. However, due to the distributional- and climate-economical
shortcomings as well as the relatively high fiscal burden of fuel tax reductions it is debatable

whether a temporary fuel tax reduction is an suitable intervention at all.

190



7.7. Conclusion and Policy Implications

From a competition policy perspective, our results hardly allow any conclusions to be drawn
about whether there are competition restrictions in the fuel market at all. However, the
estimated pass-through rates in the three countries imply that the alleged restrictions can at
least not hinder a high pass-through of the tax reductions. In general, comprehensive sector
analyses by the competition authorities to find the mildest means of competition policy seem

to be more appropriate than short-term government interventions in the fuel market.

Apart from already mentioned limitations regarding policy implications, data limitations do
not allow to make any statements on welfare effects, as we cannot observe the traded volumes.
Furthermore, due to the aggregated price data at service chain level, it is not possible to look at
regional effects within individual countries. However, the geographic location of the service
stations included in the dataset shows that we observe a balanced geographic coverage, which
implies that the average effects within countries are robust. With regard to our observation
period and the design of the measures studied, only temporary effects are analyzable. For
further studies, it would be interesting to extend the period and also examine the end of the
measures and the associated tax increases under the subject of asymmetric pass-through of
increasing and decreasing costs, i.e. rockets and feathers. Overall, it is crucial to emphasize
that the obtained results are not readily transferable or applicable to other industries. The
retail fuel market (and any other market) is characterized by unique features and therefore an
own empirical assessment of the pass-through of tax reductions in other industries would be

necessary.

Nevertheless, our work provides new and important insights into the transmission of tax

reductions in a dynamic and much studied industry, using the most recent methods.
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Appendix 7.A Appendix A

Economic theory implies that the elasticities of demand and supply as well as the competitive
situation in a market determine the level of pass-through. Following Weyl and Fabinger (2013),
we denote p as the retail price and ¢ as the quantity tax rate, so that the pass-through rate is
given by p = fl—f. We further define the elasticity of demand (ep = —(D’'p/Q)) and supply
(es = S'p/Q). In this framework, Weyl and Fabinger (2013) postulate that the solution of the
firm maximization problem can be described by the conduct parameter § = (p — mc(q))/pep.
f maps the degree of competition in a market. For instance, 6 is equal to 0 in perfect and
Bertrand competition, equal to 1 in a monopolistic market, and equal to 1/n in Cournot
competition. Then, the pass-through rate p is independently of the specific model given by

1
p= =
1+ 2 yefy b

€S €ms

(7.5)

Aside from the conduct parameter 6, formula (7.5) implies that the pass-through of a marginal
cost increase also depends on the elasticity of demand ¢ p, the elasticity of the inverse marginal
cost curve (the elasticity of supply)?” g, the curvature of the demand function €,,,°%, and the
variation of 6 in changes of production ¢53°.

Even though formula (7.5) suggests that the sign and magnitude of the pass-through is ambigu-
ous, we can simplify the expression for p in some special cases. If there is perfect competition
in a market (@ = 0), then p = m so that the pass-through only depends on the ratio
of demand and supply elasticity. More generally, if the marginal cost were constant, demand
were linear, and 6 were constant, expression (7.5) would simplify to p = 1/(1 + ). Arise in
the conduct parameter ¢ (less competition) would lead to lower pass-through in this situation
(Genakos & Pagliero, 2022). For instance, in a monopolistic market (6 = 1) the pass-through
would be lower (p = 0.5) compared to a market with perfect competition (f = 0) where we
would have full pass-through (p = 1).

However, in general, the sign of the effect of an increase in the conduct parameter 6 on the
pass-through remains ambiguous. This is especially the case for an oligopolistic market, which
should be the most appropriate market form to model the fuel industry in Europe. The impact
of the conduct parameter on the pass-through can either be positive or negative, depending on
the actual market situation. Under certain assumptions also pass-through rates larger than one
are possible. Hence, the impact of the intensity of competition on the pass-through rate in an
oligopolistic market remains an empirical problem (Genakos & Pagliero, 2022).

3"The monopolist determines the price based on demand and its costs, there is, just like in an oligopoly, no
supply curve and accordingly, no supply elasticity in the sense of perfect competition.

3BGiven by €, = %ﬁq, where ms is the negative of the marginal consumer surplus (ms = —p’q). If demand
is linear, then €,,s = 1, if concave, €,,s < 1, and if convex, €,,s > 1 (and the opposite is also true) Genakos &
Pagliero, 2022.

¥Given by eg = (0/q(d0/dq)).

196



7.B. Appendix B

Appendix 7.B  Appendix B

To compute the daily average retail margins for the five countries in our data set, we subtract
a fuel share of the crude oil price (major input cost) as well as the country-specific taxes and
duties (see Montag et al., 2021). For each country in our raw data set, we observe a daily
average gross consumer price. In a first calculation step, we calculate the average consumer
prices without VAT taxes for every day and country.*’ To get the daily average net price, we
then also subtract the excise duties for the individual countries (see Table 7.3). Thereby, for
the treated countries we have to differentiate between the period before and after the fuel tax
reductions.

In a final step, we have to subtract the input cost of crude oil (Brent) from the daily net price.
Therefore, we use the information that around 54% of the Brent oil price per barrel corresponds
to the production of 19 gallons of gasoline and around 34% to the production of 12 gallons of
diesel.*! We further transform these measures into the input cost per liter of gasoline and diesel.
The retail margins of gasoline and diesel are then computed as the average gross consumer
price per liter adjusted to VAT taxes and excise duties minus the share of crude oil price per
liter of a corresponding fuel product.

“"The VAT taxes are very heterogeneous in the five countries: 22% in Italy, 20% in Austria and France, 19% in
Germany, and 7.7% in Switzerland.

“1See https://www.cia.gov/energyexplained/oil-and-petroleum-products/refining-crude-oil-inputs-and-outputs.
php. (Last accessed: October 19, 2022)
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Statistic count mean std min 25% 50% 75% max
Country  Variable
Diesel 1,446 1.81 0.23 1.28 1.67 1.87 1.99 2.15
ES 1,446 1.78 0.22 1.29 1.61 1.79 1.95 2.16
Margin of Diesel in Euro/l 1,446 0.39 0.13 0.06 0.26 0.40 0.48 0.67
Margin of E5 in Euro/l 1,446 0.27 0.13 -0.01 0.18 0.25 0.37 0.56
Austria Number of Stations per Chain 1,446 196.17 104.28 8.00 117.00 229.50 281.00 312.00
Relative Margin/Lerner-Index of Diesel 1,446 0.34 0.07 0.08 0.29 0.34 0.39 0.50
Relative Margin/Lerner-Index of E5 1,446 0.26 0.08 -0.01 0.21 0.25 0.32 0.43
Total Imports of Oil and Petroleum Products 1,446 987.21 212.86 745.05 779.82 887.39 1,156.51 1,328.22
Utilization of Capacity 1,446 0.55 0.27 0.25 0.26 0.37 0.78 0.93
Diesel 1,190 1.76 0.22 1.26 1.67 1.83 1.90 2.06
ES5 1,188 1.86 0.19 1.45 1.74 1.90 1.98 2.16
Margin of Diesel in Euro/l 1,190 0.34 0.11 0.06 0.24 0.37 0.43 0.55
Margin of E5 in Euro/l 1,188 0.39 0.09 0.13 0.32 0.40 0.46 0.61
Estonia Number of Stations per Chain 1,190 55.78 30.58 9.00 34.00 59.00 79.00 95.00
Relative Margin/Lerner-Index of Diesel 1,190 0.31 0.07 0.09 0.27 0.32 0.36 0.43
Relative Margin/Lerner-Index of ES 1,188 0.35 0.05 0.13 0.32 0.35 0.38 0.45
Total Imports of Oil and Petroleum Products 1,190 135.61 24.04 103.00 120.00 131.00 147.00 190.00
Utilization of Capacity 0
Diesel 1,687 2.00 0.18 1.52 1.86 2.01 2.13 2.51
E5 1,687 1.99 0.16 1.60 1.88 1.97 2.11 2.50
Margin of Diesel in Euro/l 1,687 0.44 0.14 0.05 0.34 0.45 0.54 0.84
Margin of E5 in Euro/l 1,687 0.34 0.12 0.00 0.25 0.33 0.42 0.74
France Number of Stations per Chain 1,687 42629  216.77 97.00 197.00 419.00 685.00 736.00
Relative Margin/Lerner-Index of Diesel 1,687 0.37 0.07 0.06 0.33 0.37 0.42 0.52
Relative Margin/Lerner-Index of ES 1,687 0.31 0.07 0.00 0.27 031 0.36 0.49
Total Imports of Oil and Petroleum Products 1,687  6,749.68 45479 6,041.00  6,395.00  6,965.00  6,987.00  7,486.00
Utilization of Capacity 1,687 0.73 0.09 0.60 0.69 0.71 0.85 0.90
Diesel 3,615 1.91 0.19 1.51 1.81 1.97 2.03 2.49
E5 3,615 1.91 0.16 1.65 1.77 1.90 2.04 2.40
Margin of Diesel in Euro/l 3,615 0.38 0.12 0.01 0.26 0.40 0.47 0.96
Margin of E5 in Euro/l 3,615 0.26 0.10 -0.07 0.17 0.26 0.34 0.84
Germany  Number of Stations per Chain 3,615 706.67 683.04 13.00 188.00 458.00 980.00  2,597.00
Relative Margin/Lerner-Index of Diesel 3,615 0.33 0.06 0.01 0.28 0.33 0.38 0.57
Relative Margin/Lerner-Index of E5 3,615 0.25 0.06 -0.09 0.20 0.25 0.31 0.53
Total Imports of Oil and Petroleum Products 3,615 10,191.52 321.37 9,391.28 10,161.25 10,305.77 10,483.69 10,507.72
Utilization of Capacity 3,615 0.91 0.04 0.84 0.89 0.92 0.95 0.96
Diesel 1,928 1.92 0.15 1.62 1.82 1.89 2.03 2.37
E5 1,928 1.97 0.13 1.75 1.86 1.94 2.07 235
Margin of Diesel in Euro/l 1,928 0.40 0.14 0.07 0.31 0.40 0.50 0.80
Margin of E5 in Euro/l 1,928 0.33 0.11 0.04 0.24 0.31 0.39 0.71
Italy Number of Stations per Chain 1,928  2,109.50 1,511.06 176.00  1,017.50  1,973.00  3,054.25  4,437.00
Relative Margin/Lerner-Index of Diesel 1,928 0.34 0.07 0.07 0.30 0.35 0.39 0.52
Relative Margin/Lerner-Index of E5 1,928 0.30 0.07 0.04 0.26 0.29 0.35 0.49
Total Imports of Oil and Petroleum Products 1,928  6,446.63 540.48 5,701.19  5,993.60 6,614.20 6,986.43  7,182.83
Utilization of Capacity 1,928 0.86 0.09 0.70 0.82 0.92 0.93 0.97
Diesel 1,444 1.75 0.23 1.28 1.51 1.82 1.90 2.13
ES 1,444 1.80 0.19 1.44 1.61 1.83 1.93 213
Margin of Diesel in Euro/l 1,444 0.39 0.13 0.06 0.24 0.42 0.47 0.64
Margin of E5 in Euro/l 1,444 0.35 0.09 0.03 0.27 0.35 0.41 0.57
Latvia Number of Stations per Chain 1,444 64.63 2220 30.00 41.00 70.00 88.00 89.00
Relative Margin/Lerner-Index of Diesel 1,444 0.34 0.07 0.06 0.28 0.35 0.39 0.47
Relative Margin/Lerner-Index of E5 1,444 0.32 0.05 0.03 0.29 0.32 0.35 0.44
Total Imports of Oil and Petroleum Products 1,444 184.64 49.18 125.43 154.16 180.90 202.69 298.02
Utilization of Capacity 0
Diesel 1,205 1.73 0.20 1.29 1.55 1.79 1.85 2.04
E5 1,196 1.74 0.19 1.38 1.58 1.74 1.88 2.10
Margin of Diesel in Euro/l 1,205 0.37 0.10 0.10 0.28 0.38 0.45 0.59
Margin of E5 in Euro/l 1,196 0.27 0.10 -0.02 0.19 0.25 0.34 0.53
Lithuania Number of Stations per Chain 1,205 81.40 25.40 44.00 74.00 76.00 91.00 122.00
Relative Margin/Lerner-Index of Diesel 1,205 0.33 0.06 0.10 0.29 0.33 0.38 0.45
Relative Margin/Lerner-Index of ES 1,196 0.26 0.07 -0.02 0.22 0.26 0.31 0.41
Total Imports of Oil and Petroleum Products 1,205 74742 24531 327.60 438.80 76490  1,059.60  1,061.10
Utilization of Capacity 1,205 0.81 0.35 0.20 0.24 1.02 1.06 1.07

Table 7.8: Summary statistics of Austria, Estonia, France, Germany, Italy, Latvia, and Lithuania at the
service station chain level.
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Figure 7.7: Development of gasoline and diesel consumer prices for the seven countries in our data set.
The vertical lines reflect the introduction of the respective tax reductions. Confidance band is shown to
highlight that data varies on the service station chain level.
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Figure 7.8: Development of gasoline and diesel excise duties (inclusive of further duties) for the seven
countries in our data set.
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Figure 7.9: Development of Capacity and Refinery Utilization.
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Statistic count mean std min 25% 50% 75% max
Country  Variable
Diesel 1,446 1.81 0.23 1.28 1.67 1.87 1.99 2.15
E5 1,446 1.78 0.22 1.29 1.61 1.79 1.95 2.16
Margin of Diesel in Euro/I 1,446 0.39 0.13 0.06 0.26 0.40 0.48 0.67
Margin of E5 in Euro/l 1,446 0.27 0.13 -0.01 0.18 0.25 0.37 0.56
Austria Number of Stations per Chain 1,446 196.17 104.28 8.00 117.00 229.50 281.00 312.00
Relative Margin/Lerner-Index of Diesel 1,446 0.34 0.07 0.08 0.29 0.34 0.39 0.50
Relative Margin/Lerner-Index of E5 1,446 0.26 0.08 -0.01 0.21 0.25 0.32 0.43
Total Imports of Oil and Petroleum Products 1,446 987.21 212.86 745.05 779.82 887.39 1,156.51 1,328.22
Utilization of Capacity 1,446 0.55 0.27 0.25 0.26 0.37 0.78 0.93
Diesel 1,190 1.76 0.22 1.26 1.67 1.83 1.90 2.06
E5 1,188 1.86 0.19 1.45 1.74 1.90 1.98 2.16
Margin of Diesel in Euro/I 1,190 0.34 0.11 0.06 0.24 0.37 0.43 0.55
Margin of E5 in Euro/l 1,188 0.39 0.09 0.13 0.32 0.40 0.46 0.61
Estonia Number of Stations per Chain 1,190 55.78  30.58 9.00 34.00 59.00 79.00 95.00
Relative Margin/Lerner-Index of Diesel 1,190 0.31 0.07 0.09 0.27 0.32 0.36 0.43
Relative Margin/Lerner-Index of ES 1,188 0.35 0.05 0.13 0.32 0.35 0.38 0.45
Total Imports of Oil and Petroleum Products 1,190 135.61  24.04 103.00 120.00 131.00 147.00 190.00
Utilization of Capacity 0
Diesel 1,687 2.00 0.18 1.52 1.86 2.01 2.13 2.51
E5 1,687 1.99 0.16 1.60 1.88 1.97 2.11 2.50
Margin of Diesel in Euro/I 1,687 0.44 0.14 0.05 0.34 0.45 0.54 0.84
Margin of E5 in Euro/l 1,687 0.34 0.12 0.00 0.25 0.33 0.42 0.74
France Number of Stations per Chain 1,687 426.29 216.77 97.00 197.00 419.00 685.00 736.00
Relative Margin/Lerner-Index of Diesel 1,687 0.37 0.07 0.06 0.33 0.37 0.42 0.52
Relative Margin/Lerner-Index of ES 1,687 0.31 0.07 0.00 0.27 0.31 0.36 0.49
Total Imports of Oil and Petroleum Products 1,687  6,749.68 454.79 6,041.00  6,395.00  6,965.00  6,987.00  7,486.00
Utilization of Capacity 1,687 0.73 0.09 0.60 0.69 0.71 0.85 0.90
Diesel 3,615 1.91 0.19 1.51 1.81 1.97 2.03 2.49
E5 3,615 1.91 0.16 1.65 1.77 1.90 2.04 2.40
Margin of Diesel in Euro/l 3,615 0.38 0.12 0.01 0.26 0.40 0.47 0.96
Margin of E5 in Euro/l 3,615 0.26 0.10 -0.07 0.17 0.26 0.34 0.84
Germany Number of Stations per Chain 3,615 706.67 683.04 13.00 188.00 458.00 980.00  2,597.00
Relative Margin/Lerner-Index of Diesel 3,615 0.33 0.06 0.01 0.28 0.33 0.38 0.57
Relative Margin/Lerner-Index of E5 3,615 0.25 0.06 -0.09 0.20 0.25 0.31 0.53
Total Imports of Oil and Petroleum Products 3,615 10,191.52 321.37 9,391.28 10,161.25 10,305.77 10,483.69 10,507.72
Utilization of Capacity 3,615 0.91 0.04 0.84 0.89 0.92 0.95 0.96
Diesel 2,667 1.93 0.19 1.51 1.84 1.98 2.06 2.36
E5 2,667 1.98 0.16 1.65 1.89 1.98 2.09 2.37
Margin of Diesel in Euro/l 2,667 0.31 0.13 -0.02 0.21 0.31 0.41 0.67
Margin of E5 in Euro/l 2,667 0.32 0.11 -0.03 0.24 0.32 0.40 0.70
Italy Number of Stations per Chain 2,667 1,508.27 988.63 19.00 756.50 1,819.00 2,319.00  2,774.00
Relative Margin/Lerner-Index of Diesel 2,667 0.27 0.07 -0.01 0.23 0.27 0.31 0.46
Relative Margin/Lerner-Index of E5 2,667 0.27 0.06 -0.01 0.23 0.27 0.31 0.46
Total Imports of Oil and Petroleum Products 2,667  6,385.49 437.68 5,594.38  6,008.47  6,245.89  6,746.58  7,558.76
Utilization of Capacity 2,667 0.68 0.09 0.55 0.62 0.65 0.76 0.85
Diesel 728 1.74 0.21 1.25 1.66 1.81 1.89 2.00
E5 726 1.77 0.20 1.37 1.67 1.83 1.92 2.06
Margin of Diesel in Euro/l 728 0.33 0.11 0.04 0.24 0.36 0.41 0.56
Margin of E5 in Euro/l 726 0.37 0.10 0.11 0.30 0.39 0.45 0.61
Latvia Number of Stations per Chain 728 6545  36.49 13.00 36.00 63.00 93.00 106.00
Relative Margin/Lerner-Index of Diesel 728 0.30 0.07 0.08 0.26 0.31 0.35 0.44
Relative Margin/Lerner-Index of E5 726 0.33 0.06 0.10 0.30 0.34 0.38 0.46
Total Imports of Oil and Petroleum Products 728 215.13  39.28 168.00 174.00 199.00 253.00 290.00
Utilization of Capacity 0
Diesel 831 1.77 0.22 1.29 1.66 1.83 1.92 2.06
E5 831 1.84 0.20 1.44 1.71 1.86 1.96 2.16
Margin of Diesel in Euro/l 831 0.33 0.11 0.04 0.24 0.36 0.42 0.55
Margin of E5 in Euro/l 831 0.37 0.10 0.10 0.30 0.39 0.44 0.60
Lithuania Number of Stations per Chain 831 68.00  31.79 13.00 41.00 63.00 90.00 106.00
Relative Margin/Lerner-Index of Diesel 831 0.30 0.07 0.08 0.26 0.31 0.35 0.44
Relative Margin/Lerner-Index of E5 831 0.32 0.06 0.09 0.29 0.33 0.36 0.45
Total Imports of Oil and Petroleum Products 831 287.36  43.15 234.00 241.00 281.00 327.00 372.00
Utilization of Capacity 831 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Table 7.9: Summary statistics for number of service stations per chain present in the data. Overall cov-
erage: Austria 1177/2748 ~ 43%, Germany 10600/14500 =~ 73%, France 2984/11151 ~ 27%,
Italy 16876/21700 = 78%, Estonia 276/491 =~ 56%, Latvia 388/605 =~ 64% and Lithua-
nia 407/718 = 56%. Visual inspection of the stations displayed on the map provided by Fu-
elo reveals the extent of geographical coverage within the national markets. Source: Fuelo.net,
https://de.fuelo.net/gasstations?lang=en.
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Figure 7.10: Development relative retail margins for gasoline (upper) and diesel (middle). The vertical
lines reflect the introduction of the respective tax reductions in Italy (March 22, yellow), France (April
1, blue), and Germany (June 1, red). Brent prices (lower) in Euro per Liter is denoted in dashed grey.
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Figure 7.11: Event Study of prices with gasoline (ES) and no covariates. Bootstrapped (robust) standard
errors are clustered on the country and service station chain level. Error bars represent 95% confidence

intervals.
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7.C. Appendix C
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Figure 7.12: Event Study of prices with diesel and no covariates. Bootstrapped (robust) standard
errors are clustered on the country and service station chain level. Error bars represent 95% confidence
intervals.
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