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Matthew R. DeVerna

SOCIAL MEDIA MISINFORMATION:

SPREAD, IMPACT, AND FACT-CHECKING WITH LARGE LANGUAGE MODELS

The digital age has profoundly reshaped how information is created, disseminated, and con-

sumed, raising significant concerns about the spread and impact of misinformation. This dis-

sertation examines misinformation from three interconnected perspectives: its dissemination, its

societal consequences, and potential interventions to mitigate its harms. The first part focuses

on the spread of misinformation on social media platforms, introducing metrics to identify “super-

spreaders” of low-credibility content and revealing gaps in platform moderation. It also introduces a

novel method for inferring information diffusion cascades, enabling a reexamination of a landmark

misinformation dataset and challenging prevailing assumptions about how information spreads.

The second part explores the impact of misinformation, demonstrating its relationship to vaccine

hesitancy during the COVID-19 pandemic and modeling the broader public health consequences

of a heavily misinformed population. These studies employ a combination of large-scale correla-

tional analyses and agent-based simulations to quantify the societal effects of misinformation. The

final section explores interventions with artificial intelligence, particularly the application of large

language models (LLMs) for fact-checking. A randomized controlled experiment finds that while

LLM-generated fact-checking information often accurately identified false content, this information

did not consistently improve users’ ability to discern headline accuracy and, in some cases, even

reduces discernment. Through these investigations, this dissertation contributes to the ongoing

debate about the social significance of misinformation by exploring its spread, consequences, and

possible solutions.
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Chapter 1

Introduction

Misinformation is not like a plumbing problem you fix. It is a social

condition, like crime, that you must constantly monitor and adjust to.

– Rosenstiel [374]

The digital age has seamlessly integrated technology into nearly every aspect of daily life, gen-

erating a massive volume of data that captures human behavior and societal trends in an unprece-

dented way [187, 242, 378, 451]. This abundance of data has catalyzed the rise of computational

social science, a field that leverages computational techniques to analyze digital trace data, offering

transformative insights into human behavior and society [191, 235, 236, 382, 455].

A key component of computational social science has been the study of social media and its far-

reaching impact on individuals and society. Scholars have examined a range of critical questions,

including the spread of information [459, 461], free speech [215], news consumption [193, 322],

propaganda [41, 430], psychology [25, 71, 333, 469], and democracy [70, 94, 336]. Concerns about

a “post-truth” era—where subjective “alternative facts” often replace objective reality [69, 248,

275]—and the growing use of digital foreign influence campaigns to manipulate public opinion [127,

269] have driven a surge in research on the spread of misinformation and disinformation online [147,

237, 320].

This dissertation focuses specifically on social media misinformation, conceptually defined as

information spreading on a platform that is false or misleading [16]. Disinformation, by contrast,

refers to the dissemination of this content with malicious intent, such as political propaganda

1



designed to manipulate election outcomes [127, 262]. These concepts are often couched within

broader frameworks like “information disorder” [454] or “problematic content” [283], which provide

distinct lenses for analyzing these phenomena.

While misinformation and disinformation are not new [2, 14, 19, 96, 148, 226, 270, 368], the

digital age has fundamentally transformed how this content is created, disseminated, and con-

sumed [147, 237]. This transformation was underscored by the 2024 World Economic Forum’s

Global Risks Report, which identified misinformation and disinformation as “the most severe global

risk anticipated over the next two years” [145, pg. 8]. Nearly 1,500 experts across academia, busi-

ness, government, and civil society warned that these phenomena could exacerbate a range of social

ills, including undermining the legitimacy of elections worldwide.

These concerns are compounded by the widespread use of social media as a dominant news

source. A recent report by the Reuters Institute for the Study of Journalism revealed that the

majority of adults in 19 major countries rely on social media for news [302, 411]. In the United

States, a 2024 Pew Research Center report revealed that nearly one in five adults now use social

media as their primary news platform, a figure that has been steadily rising for years [303]. Public

concern has risen in parallel: 56% of US adults in 2024 express concern about its spread [200], a

worry bolstered by revelations from the US Justice Department about a Russian-sponsored malign

influence campaign targeting the American public [207].

Further amplifying these concerns is the rapid advancement of artificial intelligence (AI). Gener-

ative AI technologies, such as large language models (LLMs), enable the creation of highly realistic

but fabricated content, including text, images, and videos, that can be disseminated at unprece-

dented scale. As such, experts have raised concerns about AI’s potential to intensify the misin-

formation crisis [53, 162, 277, 404]. These concerns are well-founded: malicious AI-powered bots

are often indistinguishable from real users [475], and companies like OpenAI have acknowledged

the risk that their models could be misused by bad actors [162, 400]. To make matters worse,

2



recent studies also show that LLMs can persuade individuals on polarized topics [26, 210] and

generate persuasive propaganda [161], making them attractive tools for political information cam-

paigns [162]. These developments threaten to further erode users’ ability to distinguish authentic

content from deceptive or AI-generated material.

At the same time, researchers and practitioners have begun exploring how LLMs might be

harnessed to combat misinformation [82]. These models have demonstrated significant promise

in several relevant areas, including rating the credibility of news domains [475] and assessing the

veracity of claims across diverse contexts [82, 190, 352, 489]. These models show promise in

several relevant areas: evaluating the credibility of news domains [475], assessing the truthfulness

of claims [82, 190, 352, 489], and generating high-quality fact-checking explanations that people

often prefer to those written by humans [107]. Recent work suggests that LLMs can also reduce

belief in conspiracy theories through tailored, evidence-based corrections [97]. Harnessing these

capabilities could offer more scalable and effective solutions than traditional approaches.

These dual trajectories—AI as both an amplifier of existing misinformation threats and a po-

tential tool for combating them—reflect the growing complexity of today’s information ecosystem.

As generative technologies continue to evolve and spread, they raise urgent questions about how

misinformation is created, disseminated, and might ultimately be addressed.

Within this context, this dissertation contributes to the misinformation literature by examining

three interrelated themes: its spread across platforms, its impact on real-world outcomes, and the

effectiveness of emerging interventions. In the following chapter, I critically examine prominent

arguments that diminish the importance of studying misinformation [2, 206]. Building on this

foundation, I present a series of empirical studies that contribute new insights to this ongoing

debate.

The first part of this dissertation examines the spread of (mis)information on social media. I in-

troduce simple, platform-agnostic metrics to identify “superspreaders”—a small group of accounts

3



responsible for a disproportionate share of low-credibility content—offering the first empirical char-

acterization of these accounts and their behavior, as well as moderation gaps on Twitter. Then,

reanalyzing data from one of the most-cited studies of online misinformation [449], I demonstrate

how naive—though widely accepted—assumptions about information diffusion introduce systematic

biases into network analyses. To do this, I introduce a novel cascade reconstruction framework,

Probabilistic Diffusion Inference (PDI). Specifically, these projects address the following two re-

search questions:

RQ1: How can we identify and characterize the most problematic spreaders of misinformation on

social media?

RQ2: How do simplifying assumptions about information diffusion distort our understanding of

social networks?

The second part of this dissertation investigates the impact of misinformation, focusing on public

health. One study presents the first large-scale empirical link between COVID-19 misinformation

and vaccine hesitancy and refusal. Another uses agent-based simulations informed by real-world

social and mobility data to model the effects of misinformation on disease spread in a worst-case

scenario. Together, these analyses highlight how misinformed populations can significantly hinder

public health efforts, answering the following research questions:

RQ3: What is the relationship between online misinformation and vaccination intentions?

RQ4: How do heavily misinformed populations affect the spread of disease?

The final part explores the mitigation of misinformation through AI-assisted fact-checking. A

preregistered, large-scale survey experiment tests how fact-checks generated by a popular language

model influence belief in, and intent to share, political news headlines. Results show that AI-

generated fact-checks can both improve and impair individuals’ ability to discern news veracity,

emphasizing the importance of evaluating these tools for unintended consequences. This project

addresses the following question:
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RQ5: How does fact-checking information generated by large language models affect belief in, and

intent to share, political headlines?

Overall, this dissertation investigates the spread, impact, and mitigation of misinformation

in the digital age. By analyzing how misinformation circulates, influences society, and might be

countered, it offers both theoretical and practical contributions to the ongoing effort to understand

and address one of today’s most pressing challenges.

5



Chapter 2

Literature Review

A good book is the precious lifeblood of a master spirit.

– Milton [280]

In this chapter I review literature relevant to the empirical work presented in this dissertation.

While the study of misinformation has gained substantial attention, there remains considerable de-

bate over its actual prevalence and impact. I open the chapter by reviewing this debate, highlighting

key points of disagreement and convergence, and offering a balanced perspective that informs the

rest of this dissertation.

Following this discussion, I review the literature most relevant to the empirical chapters that

follow. These topics include: research on superspreaders of misinformation; computational ap-

proaches for analyzing the diffusion of information online; empirical work on the relationship be-

tween misinformation and vaccine behaviors; intervention strategies for countering misinformation,

with a focus on fact-checking; and emerging research applying large language models to automated

fact-checking.

2.1 Is misinformation a problem?

Despite widespread public concern and substantial changes to the global information ecosystem,

scholarly debate continues over the societal impact of misinformation. Although such disagreement

is not unique to the study of misinformation [326]—and can even prompt useful new perspectives—

it also complicates efforts to design policy responses.
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Some critics argue that concerns about misinformation are overstated, warning of a “moral

panic” and suggesting that researchers risk becoming “amplifiers of disinformation themselves”[206].

These authors—using “disinformation” as an umbrella term for various problematic content online—

quite clearly legitimize the study of misinformation:

Let us be clear, disinformation is real. There are efforts by nefarious actors and some
political elites to purposefully mislead. This makes disinformation into a legitimate
object of study [206, pg. 10].

However, they and others [1, 11, 15, 63] contend that the reach and impact of misinformation are

exaggerated. In particular critics argue that:

1. Exposure to misinformation is low.

2. Misinformation has little to no impact.

How well are these criticisms supported? I critically examine these claims, drawing on counterar-

guments from the literature [128, 130, 246, 420], beginning with the assertion that misinformation

exposure is low.

2.1.1 Reach: Is exposure to misinformation low?

It is true that a growing body of research finds that exposure to misinformation is limited for

most people [63]. However, these findings depend heavily on how misinformation is defined and

measured—a crucial methodological issue that is often overlooked [12, 16].

Many studies that report low exposure focus narrowly on so-called “fake news.” They typically

quantify this content in two ways: (1) by counting engagements with debunked headlines identified

via fact-checking organizations [9, 449], or (2) by tracking domains associated with untrustworthy

publishers [11, 237].

For example, numerous frequently cited studies—using various metrics related to fake news’

proportion of total clicks, views, web traffic or media diet—report that unreliable or blatantly false

news constitutes ≈10% or less of their calculated metric [9–11, 17, 174, 176–178, 286, 319, 338].
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The relative consistency of these findings has led to the prominence of this position, which has been

referred to by some as the“small-fraction” argument [130].

However, while domain- and URL-based approaches are valuable for large-scale computational

analysis, they are conceptually narrow—a point acknowledged even by many of the studies’ au-

thors [11, 177, 286]. Table 2.1.1 illustrates this point by listing some of these estimates and the

corresponding number of domains/URLs used in each study.

Table 2.1: Sample of peer-reviewed estimates of unreliable news consumption that support the
“small-fraction” argument [130], along with their measurement approaches. Estimates rounded to
the nearest percentage or number of articles.

Study Estimate Measurement

Osmundsen et al. [319] 4% of news diet 608 domains

Allen et al. [10] 3% of news clicks* 624 domains

Allen et al. [11] < 1% of media diet 98 domains

Guess et al. [177] 6% of news diet 21 domains

Grinberg et al. [174] 6% of news diet 300 domains

Allcott and Gentzkow [9] avg. adult saw ≈1 fake news article 156 URLs

* Estimate based on Social Science One URLs data and may be inflated due to inclusion criteria limiting

URLs to those with 100+ public shares [10].

These approaches systematically exclude other prevalent forms of misinformation, including:

text-only posts (e.g., from elites) [231, 238, 290], manipulated images and visual content [478], and

misleading content from mainstream news outlets [13].

A recent expert survey found that 73% of misinformation scholars support broader definitions

that encompass such content [16]. Consequently, there is growing recognition that domain- and

URL-based metrics likely underestimate misinformation exposure, prompting calls to adopt more

inclusive approaches [12, 244, 281, 406].

To be clear, studying misinformation by leveraging URLs or domains is not inherently flawed.

These methods provide important advantages—especially scalability—and are extremely well-suited

for certain types of research questions. Indeed, I adopt them in some of the work I present here.

However, scale should not be mistaken for comprehensive coverage. This is particularly important
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when studying prevalence: narrow definitions can severely underestimate the scope of the prob-

lem, as they exclude many forms of misleading or deceptive content that audiences nonetheless

encounter. Overgeneralizing from such limited measures is likely to mislead interpretations of the

true prevalence of misinformation in the digital ecosystem. These limitations become evident in

light of other work and alternative approaches.

For instance, recent work highlights the overlooked harm of misleading headlines from rep-

utable news outlets, which may shape public opinion more effectively than outright falsehoods [13].

Moreover, emerging evidence suggests that the relationship between source credibility and misin-

formation exposure is more complex than previously understood. Users who share both high- and

low-credibility sources are more likely to post misleading articles from reputable outlets, compared

to other users sharing articles from the same sources [159]. Such behavior “is consistent with users

strategically re-purposing information from mainstream sources to enhance the credibility and reach

of misleading claims” [159, pg. 1].

Other studies have moved beyond domain-based metrics by applying machine learning to detect

specific types of misinformation or by analyzing non-textual content such as images. For example,

one study used machine learning to classify climate-related tweets and found that approximately

16% contained misinformation [364]. Separately, an analysis of political images on Facebook es-

timated that over 20% included false or misleading content [478]. Each of these measurements

captures a single component of a broader ecosystem of misinformation—focusing on either text or

images, but not both—suggesting that aggregate prevalence is likely higher when multiple modali-

ties are considered together. For instance, the model in Ref. [364] focused solely on textual content

and would not detect misinformation conveyed through visuals. Taken together, these findings

illustrate how alternative methods can uncover higher prevalence rates and reveal dimensions of

misinformation that traditional, domain-based approaches often overlook—even though these newer

methods remain conceptually limited in their own ways.
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Researchers have also begun to assess misinformation exposure by shifting focus from domains

to the behavior and rhetoric of political elites known to spread falsehoods [290]. This approach

is particularly compelling in light of evidence documenting a shift in the communication norms

of U.S. conservative politicians, marked by a rise in “belief speaking”—statements grounded in

personal conviction rather than verifiable facts [231]. Notably, a 10% increase in belief speaking is

associated with a 12.8-point decline in content quality (on a 100-point scale). Beyond this, elites

have been shown to legitimize conspiracy theories [238] and undermine trust in public institutions,

including health agencies [181].

Some influential actors also rely on truth-adjacent rhetoric to mislead. This technique, known as

“paltering,” involves using technically true statements to create false impressions [363], and has long

been a staple of political propaganda campaigns [19]. Excluding such forms of manipulation from

prevalence measurements almost certainly leads to a substantial underestimation of misinformation

within the information ecosystem.

Related to larger questions around prevalence, some have highlighted that misinformation is

often “concentrated among small minorities of users.” Again, we agree that this appears to be the

case given the existing evidence (see [63] for a review). However, this finding should not be taken

as evidence that misinformation is unimportant or without consequences.

First, it is worth noting that many of these findings are based on the same domain- or URL-

level methods that likely miss a substantial portion of misinformation, suggesting that exposure

may be broader than currently understood. Second, and more importantly, even if misinformation

is concentrated among certain users, research shows that these individuals are not passively en-

countering it at random. Rather, some can be strategically targeted with tailored misinformation

campaigns [121, 271], while others actively seek out such content through fringe or conspiratorial

communities [56, 359].
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These dynamics can give rise to phenomena such as pluralistic ignorance or false consensus

effects, in which minority views appear more widespread than they actually are. Recent work

synthesizing research from political science, psychology, and cognitive science refer to this as the

“fun house mirror” nature of social media, whereby digital platforms distort perceptions of social

norms and drive polarization [358].

Thus, understanding how misinformation reaches concentrated audiences is a critical area of

inquiry. When it is disproportionately consumed and shared within specific communities, the mech-

anisms of delivery and pathways of exposure become just as important to examine as the content

itself—particularly given evidence that its spread is often driven by a small number of influential

accounts [33, 174, 217]. These issues are central to Part I of this dissertation, which focuses on

identifying and analyzing those accounts as well as critically examining common methodological

assumptions in the study of information diffusion.

2.1.2 Impact: Does misinformation have no impact?

Another prominent critique of misinformation research is what Ecker et al. [130] refer to as the “no

causal impact” argument. This position holds that misinformation has not been reliably shown

to cause harmful behaviors. For example, Adams et al. [2] assert that “misbehaviors are not yet

reliably demonstrated empirically to be the outcome of misinformation”[2, pg. 1436], and similar

doubts are echoed in Refs. [16, 148].

This argument faces two major problems: it rests on an implausible theory of human decision-

making, and it contradicts a growing body of empirical evidence.

First, the logic underpinning this critique implies that people do not rely on information to

make decisions. If false information cannot cause false beliefs that misinform actions, then accurate

information must also be irrelevant. Indeed, critics themselves appear to question whether exposure
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to misinformation should be expected to shape behavior if accurate information often fails to do

so:

In health and risk communication it is widely accepted that the mere provision of
accurate information is typically not sufficient to induce behavioral change—raising the
question of why perceiving false information should be sufficient to induce aberrant
behavior [2, pg. 1445].

This line of reasoning is unconvincing. Following it to its logical conclusion would suggest we

should stop promoting accurate health information, which is clearly not advisable. Public health

campaigns have had demonstrably positive effects, such as increasing smoking cessation [273, 274],

precisely because people do, in fact, rely on the information they encounter.

This assumption—that humans use information when making decisions—is foundational across

scientific disciplines. For example, the first sentences of Fellows [140] review of the neuroscience of

decision-making open with the simple observation that:

Decision making is a vital component of human behavior. Like other executive processes,
it involves the synthesis of a variety of kinds of information [140].

Similarly, dual-process theories of social cognition [134], along with research in psychology [6] and

behavioral economics [292], all share the premise that people make decisions based on both accurate

and inaccurate information. Thus, if any decisions are shaped by information exposure, it follows

that low-quality or false information may degrade decision quality.

Crucially, misinformation need not be the “sole contributor” to negative outcomes in order for

it to warrant concern, as some critics seem to suggest misinformation research assumes [2, p. 1441].

As Ecker et al. [130] put it:

Just as it is safe to assume that people do not believe and act on everything they hear
or see, it is also safe to assume that they do believe and act on some things [130, pg.
5].

Once we acknowledge that people rely on information to form beliefs and guide behavior, it

becomes clear that exposure to misinformation can shape both—particularly when it introduces or

reinforces false beliefs. As critics themselves acknowledge:
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For misinformation to be the cause of aberrant behavior, it needs to either reinforce or
introduce false beliefs [2, pg. 1453].

Fortunately, there is ample evidence documenting how misinformation leads to inaccurate beliefs

and reasoning [129, 266, 355]. False beliefs that have been widely held at various times—such as

the claims that Barack Obama was born in Kenya, vaccines cause autism, or millions of illegal

votes were cast in the 2016 U.S. election—did not arise spontaneously; they were seeded by false

claims [14, 247, 309] and subsequently spread through information networks.

As emphasized by Ecker et al. [130], researchers face significant ethical challenges in generating

the kind of clear, causal evidence that critics appear to desire [173, 253]. For example, conducting

an experiment in which participants are deliberately given false information about where to vote

during an actual election would be ethically indefensible, as it violates core principles outlined in the

Belmont Report [348]. Yet, the outcome of such a study is not difficult to predict: if participants

are told to vote at the wrong location—and are denied access to corrective information, as would

be the case in a well-controlled study—it is highly likely that many would fail to cast a valid ballot.

Despite these ethical constraints, causal evidence linking misinformation to harmful behaviors

does exist. Experimental work has shown that exposure to misinformation can increase vaccine

hesitancy [257], and further studies have demonstrated that misinformation causally influences

vaccination intentions and uptake [291]. These effects appear to be especially pronounced when

vaccine-skeptical content on platforms like Facebook is not flagged by fact-checkers [13], further

supporting calls for broader definitions of misinformation [12, 281]. Beyond the domain of public

health, researchers using causal-inference methods have also shown that anti-refugee misinformation

contributes to hate crimes [293] and that misinformation disseminated through cable news reduced

public compliance with COVID-19 health measures [23, 65, 394].

This should not come as a surprise. Psychological research has shown that people process true

and false information in similar ways when forming beliefs [266]. Moreover, ample evidence suggests

that humans are predisposed to accept information as true by default [243, 287]. This cognitive
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tendency leaves individuals especially vulnerable to various harms in digital environments, where it

can be exploited to deceive or mislead [202]. In high-speed, high-volume information settings like

social media platforms—where attention is fragmented and critical scrutiny is often limited—this

vulnerability can make misinformation particularly potent [333, 335, 350].

2.2 A measured perspective

This review of the central claims in the debate over misinformation’s reach and impact makes

clear that neither alarmism nor dismissal is fully justified. While critics raise worth-while concerns

about the prevalence of the problem and exaggerated rhetoric, a close reading of the empirical

record—alongside what is known about human cognition—supports a more grounded perspective.

As argued by Ecker et al. [130], we should aim to strike a balance that “permits us to be alarmed

when appropriate” [130, pg. 2]. While much attention has been paid to the overall proportion of

misinformation in the information ecosystem, it need not be overwhelming to produce serious

societal consequences. After all, the general public tends to be disengaged from news and politics,

generally, yet few would argue that this content has little effect on public opinion or democratic

outcomes [11, 157].

Given the human tendency to accept information as true by default [243], even a relatively

small volume of false or misleading content—if strategically targeted [433], repeated [139, 329], or

algorithmically amplified [21, 276]—can exert an outsized influence on public beliefs, attitudes, and

behaviors. Moreover, both critics and concerned researchers generally agree that a small segment

of the population is deeply immersed in such content, further underscoring the need to pursue

effective remedies. In this context, the danger of misinformation lies not solely in its prevalence,

but in how it leverages core features of human cognition and the structural dynamics of digital

media systems.
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Finally, it is crucial to highlight that the divide between critics and proponents of misinformation

research is narrower than it might appear. Many critiques of misinformation research actually

reflect shared assumptions and goals with those who advocate for its continued study. There is

general agreement, for instance, that misinformation is not a new problem. What is new—and

deserving of careful empirical attention—are the ways in which the socio-technical changes over the

past two decades have fundamentally altered how people interact with information. Critics and

researchers also broadly agree on the value of proactive strategies, such as promoting trustworthy

content, improving digital literacy, and increasing access to reliable sources. At the same time,

while some forms of low-quality content may not merit intervention—for example, satire or trivial

fringe claims—ignoring misinformation entirely seems unnecessarily dangerous [130], particularly

in light of “data voids” that can be strategically exploited by bad actors [50, 307, 362].

What is needed, then, is research that can navigate these complexities: acknowledging the

limitations of prior work, while addressing the pressing challenges posed by misinformation in

contemporary information environments. This dissertation contributes to that effort by developing

a more comprehensive understanding of misinformation’s reach and impact, and by testing new

approaches to mitigate its harms.

2.3 Superspreaders of misinformation

One critical step toward addressing these challenges is identifying where misinformation originates

and how it spreads—particularly through the activity of highly influential users. Recent research

suggests that superspreaders of misinformation—users who consistently disseminate a dispropor-

tionately large amount of low-credibility content—may be at the center of this problem [73, 149,

174, 217, 306, 389, 476]. In the political domain, one study investigated the impact of misinforma-

tion on the 2016 U.S. election and found that 0.1% of Twitter users were responsible for sharing

approximately 80% of the misinformation [174]. Social bots also played a disproportionate role in
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spreading content from low-credibility sources [388]. The Election Integrity Partnership (a consor-

tium of academic and industry experts) reported that during the 2020 presidential election, a small

group of “repeat spreaders” aggressively pushed false election claims across various social media

platforms for political gain [149, 217].

In the health domain, studies of the COVID-19 “infodemic” on Facebook and Twitter found

that superspreaders were often popular pages and verified accounts [476]. In 2021, the Center for

Countering Digital Hate reported that just 12 accounts—dubbed the “disinformation dozen”—were

responsible for nearly two-thirds of anti-vaccine content circulating on social media [73, 306]. A

longitudinal study of vaccine-related tweets during the pandemic found similar patterns: approxi-

mately 800 verified superspreaders accounted for 35% of the misinformation shared on an average

day [338]. These findings are especially concerning given that eroding public trust in vaccines can

have serious consequences during a global health crisis [229]. Indeed, exposure to vaccine-related

misinformation has been shown to reduce individuals’ willingness to get vaccinated [257, 339].

A related but not entirely equivalent user type is the “supersharer,” as described by Baribi-

Bartov et al. [33]. In that study, the authors identified Twitter accounts linked to registered voters

and analyzed which users within that group were most responsible for spreading misinformation.

While valuable, this approach focuses on a narrow slice of the overall information ecosystem. Specif-

ically, it excludes many of the most influential accounts—such as news outlets, political parties,

and major institutions—that do not fall within the category of individual registered voters. Under-

standing these broader actors is essential. As I will show in Chapter 3, such accounts are frequently

positioned at the center of the spread of misinformation.

2.3.1 Vital nodes identification

There is a great deal of literature on the identification of influential nodes within a network [260].

While some of this work is not directly related to the social media space, it offers some guidance
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about how nodes—in our case, social media accounts—interact within an information diffusion

network. Given that the dynamics of diffusion are hard to infer, this work often takes a structural

and/or a topical approach.

Structural approaches focus on extracting information about potentially influential users from

the topology of social connections in a network [214, 222, 321, 327, 367]. A classic example is

PageRank, an algorithm that counts the number and quality of connections to determine a node’s

importance [321]. Several authors have found that the k-core decomposition algorithm [18, 386]

outperforms other node centrality measures in identifying the most effective spreaders within a

social network [222, 327]. This algorithm recursively identifies nodes that are centrally located

within a network. Unfortunately, this method is unable to differentiate between individuals in the

network’s core, which may be important for individualized content moderation practices.

Topical approaches take into account network structure while also considering the content being

shared [185, 458]. For example, Topic Sensitive PageRank [185] calculates topic-specific PageRank

scores. Another way to extend PageRank is to bias the random walk through a topic-specific

relationship network [458].

Given the ample evidence of manipulation within social media information ecosystems [163,

388, 389, 429], it is important to investigate whether the results mentioned above generalize to

misinformation diffusion on social media platforms. Simple heuristics like degree centrality (i.e., the

number of connections of a node) perform comparably to more expensive algorithms when seeking

to identify superspreaders [62]. These results, though encouraging, rely on model-based simulations

and decade-old data. More recent work has proposed methods for identifying fake news spreaders

and influential actors within disinformation networks that rely on deep neural networks and other

machine learning algorithms [241, 398]. Another approach that has been applied in social media

studies [48, 144] treats this task as a problem of optimal percolation in random networks [288].

17



The goal is to minimize the energy in a many-body system to pinpoint the smallest possible set of

influential accounts [288]. These methods, however, are complex and hard to interpret.

2.4 Information diffusion

The methods described above typically operate on static networks constructed from platform-

provided data. However, despite substantial advances in the field, social media data continue to

present major challenges for studying the dynamics of information diffusion online [232, 236]. A key

issue is the opaque and evolving nature of socio-technical systems: platforms continuously modify

their interfaces and ranking algorithms, shaping user behavior in ways that are difficult to observe

or measure [234]. Additionally, changes driven by proprietary, undisclosed algorithms add further

complexity to diffusion analyses [450].

A particularly important, yet often overlooked, challenge involves reconstructing diffusion cas-

cades. On platforms like Facebook and Instagram, researchers typically only have access to aggre-

gate engagement metrics, such as the number of shares or reactions. Other platforms—including

Twitter (now X), Mastodon, Bluesky, and Threads—provide more granular data, but still obscure

the underlying diffusion paths by attributing all reshares to the original post. This flattening of

cascades conceals the actual structure of information flow, making it difficult to understand how

content propagates through social networks [31]. I refer to this issue as the cascade inference

problem (Figure 2.1).

To address this problem, methods have been proposed to infer cascade structures and approxi-

mate the underlying diffusion process [28, 88, 89, 108, 122, 150, 160, 165, 417–419, 447–449]. Nearly

all of these approaches leverage some form of the “follower network”—that is, metadata about who

follows whom [28, 88, 108, 418, 447–449]. These approaches rest on a core assumption: users are

only exposed to content from accounts they follow. Under this logic, if user A does not follow user

B, the probability that A would reshare B’s content is treated as zero. This effectively constrains
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Figure 2.1: Illustration of the cascade inference problem. (a) Social media platforms often provide
“naive” metadata that simplifies and distorts the true structure of information diffusion, attributing
all reshares directly to the original poster. (b) To recover the actual diffusion paths, researchers
apply inference methods that attempt to reconstruct the cascade. Many of these methods rely on
follower network structure, as is common with microblogging platforms like Twitter. However, such
approaches have important limitations: for example, if user 4 follows multiple accounts involved in
the cascade, there is no reliable way to determine which specific exposure triggered their reshare.

resharing behavior to the structure of the follower graph. Often paired with this network-based

constraint is a temporal one, which assumes that if user A shares a post before user B, then B

could not have been influenced by A. Together, these simplifications offered a seemingly reasonable

framework for approximating information flow—particularly during the early years of platforms

like Twitter, when content exposure was primarily shaped by follow relationships. Despite their

limitations (discussed in the next section), these assumptions laid the foundation for a wide array

of cascade inference techniques.

Some of the earliest work in this space came from Gomez-Rodriguez et al. [165], who developed

a method to infer the structure of entire information networks, rather than individual cascades.

Importantly, their approach was designed to model general patterns of information flow (e.g.,

across blogs or news sites), and aimed to produce algorithmic approximations rather than exact

reconstructions of specific diffusion paths. Other early research focused on reconstructing Twitter

“reply trees”—that is, conversational threads formed through replies rather than reshares [89].
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While conceptually related, this task is considerably more straightforward, as Twitter metadata

explicitly records which post a reply is directed at, eliminating the need for inference.

Bakshy et al. [28] were among the first to apply cascade reconstruction at massive scale, explor-

ing questions of influence on Facebook, following in the steps of earlier work leveraging platform-

provided data [228]. Other researchers proposed standards for tracing the provenance of informa-

tion [417] and implemented systems to perform real-time cascade reconstruction online [418, 419].

However, to date, such standards have not seen widespread adoption.

More recent work has borrowed the concept of follower network-based inference in a frame-

work known as “Time-inferred Diffusion”[447–449]. The most prominent example can be found in

Vosoughi et al. [449], which reported that “[f]alsehood diffused significantly farther, faster, deeper,

and more broadly than the truth”[449, pg. 1]. Although subsequent research has raised method-

ological concerns that substantially limit the strength of the study’s conclusions [208], the paper

remains highly influential, with over 10,000 citations at the time of writing. More recent work

has used follower network-based methods to investigate coordinated inauthentic behavior on Twit-

ter [88].

A parallel thread of work within industry has approached the cascade inference problem using

proprietary data. Researchers at Facebook developed a method they termed “rechaining,” which

reconstructs resharing cascades based on internal attribution logs [122, 150]. Because the plat-

form can record exactly which post a user clicks to reshare—information not available to external

researchers—these systems can capture what the authors refer to as explicit attribution [122, pg.

147]. Nonetheless, this attribution remains imperfect, as the platform cannot capture all possible

exposure paths—i.e., users may encounter content through mechanisms that are not recorded by

the platform’s logs.

To address this limitation, the rechaining procedure attempts to infer exposure by checking

whether users were previously shown content that exactly matches the reshared post within a
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predefined time window (typically one hour). If such an exposure is found, the system attributes

the earlier exposure as the most likely source of influence. Despite offering valuable insight into

user behavior, the authors acknowledge that this method still relies on arbitrary choices—such as

the time window threshold—and that the psychological and social processes leading someone to

reshare content are likely far more complex [122].

2.4.1 Problems with follower-graph reconstruction methods

The work presented in Chapter 4 is motivated by significant shortcomings in the above-described

cascade reconstruction frameworks.

These approaches, while widely used, suffer from well-documented limitations. Most notably,

their reliance on the follower network assumes that users are only exposed to content from accounts

they follow. This assumption ignores the many alternative avenues through which users can en-

counter information—such as platform search and exploration, external web links, group chats, or

word of mouth. More critically, closer inspection shows that the underlying framework fails to hold

in many realistic scenarios.

To illustrate, consider the hypothetical cascade shown in Figure 2.1, which contrasts the stan-

dard cascade structure reported by APIs (a) with the true cascade paths (b). Follower-network-

based methods typically proceed in two steps. First, all reshare actions are temporally ordered,

leveraging the fact that a user can only be influenced by posts that appeared earlier in time. This

step is generally uncontroversial—for instance, determining that user 1 reshared the original post

from user 0 is straightforward, given the absence of alternative candidate “parents.” Second, the

method restricts potential parents to those whom the user follows, with the goal of narrowing the

set of plausible sources.

However, given the hypothetical scenario presented in Figure 2.1, this strategy only works under

very specific conditions:

• User 1 follows user 0;
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• User 2 follows user 1 and no one else;

• User 3 follows user 1 and no one else; and

• User 4 follows user 3 and no one else.

If users 2, 3, or 4 follow more than one potential parent, the method must choose between

multiple candidates—an ambiguity that standard follower-network approaches are not equipped to

resolve. Although node-level features could, in principle, provide useful signals for disambiguation,

this avenue remains largely unexplored [165]. In practice, researchers have either evaluated the

outcomes of different decision rules [28] or, more commonly, relied on a simple heuristic: selecting

the most recent prior post as the likely parent [449]. However, this assumption is deeply problematic.

Not only do we lack reliable estimates of its accuracy, but the potential for misattribution grows

significantly as cascades increase in size. With more nodes comes a greater number of plausible

parent-child links, compounding the difficulty of correctly reconstructing the underlying diffusion

process [46].

Perhaps more importantly, these methods were designed for an earlier era—the age of the social

graph—when platforms primarily delivered content based on users’ explicit follow relationships.

That is, most of what was in a user’s feed was from accounts they chose to follow. Today, however,

we are firmly in the recommender system era. Most content is now surfaced algorithmically, largely

independent of a user’s follower network. For example, roughly 50% of Twitter’s “For You” feed

is composed of content from accounts users do not follow [437]. In this context, relying on the

follower graph as a proxy for information exposure no longer reflects how content actually reaches

users.

As noted earlier, some researchers have collaborated with platforms that have access to detailed

logs of sharing activity [29, 122, 150, 169]. However, it is generally understood that even these

datasets are not immune to error [28, 122, 169]. This persistent lack of ground-truth data makes

validating cascade reconstruction techniques extremely difficult [106], calling on new approaches to

an important problem.
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2.5 Misinformation and vaccine behaviors

Over the past decade, a growing body of research has documented how misinformation undermines

vaccine confidence and uptake [396]. Even prior to the COVID-19 pandemic, false claims about

vaccine safety contributed to serious public health setbacks. Misinformation has been linked to

declines in adolescent HPV vaccination due to unfounded safety concerns [468], measles outbreaks

in communities with previously high coverage [39], and disruptions to Ebola vaccination campaigns

in the Democratic Republic of Congo [446].

The COVID-19 pandemic dramatically amplified these challenges. Falsehoods about the virus

and its vaccines spread rapidly across social media, building on long-standing patterns of distrust,

fear, and politicized narratives [156]. To characterize this unprecedented surge of untrustworthy

information, many—including the World Health Organization—adopted the term “infodemic,” for-

mally legitimizing the notion that false information posed a serious threat to pandemic response

efforts [156, 467, 484]. This framing helped elevate concerns about online information environments

within the global health policy agenda. However, some scholars have critiqued the term, arguing

that it risks overstating the novelty of the problem, oversimplifying complex belief dynamics, or

diverting attention from deeper structural drivers of vaccine hesitancy [393].

Nevertheless, a broad range of empirical studies support the conclusion that misinformation had

tangible and measurable consequences during the pandemic. Surveys conducted in both the United

States and globally demonstrate that belief in COVID-19-related misinformation was strongly asso-

ciated with vaccine refusal [366, 396]. Experimental studies further show that even brief exposure to

vaccine misinformation can reduce willingness to vaccinate [257], while other analyses estimate these

causal effects within the larger information ecosystem, revealing that unflagged misinformation is

particularly problematic [13]. Taken together, these findings suggest that although the infodemic

framing warrants critical reflection, the public health risks posed by misinformation—particularly

during crises—are both substantial and well-documented.
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Researchers have identified several mechanisms through which misinformation can shape vac-

cine decisions [36]. These include the erosion of trust in public health institutions, the exploitation

of cognitive biases, and the reinforcement of existing political or ideological beliefs [36, 229]. Mis-

information often thrives in polarized online communities, where repeated exposure to false claims

lowers perceived vaccine safety and reinforces skepticism [139]. These dynamics can contribute

to localized outbreaks that complicate disease eradication efforts and exacerbate existing racial,

ethnic, and socioeconomic health disparities. The evidence to date strongly suggests that misin-

formation is associated with—and in some cases causally linked to—harmful vaccine behaviors.

Yet large-scale analyses suggest that platform efforts to counter misinformation have been largely

ineffective [55], underscoring the urgent need for more effective, evidence-based interventions to

combat this ongoing challenge.

2.6 Misinformation interventions

Over the past decade, a substantial body of research has explored a wide range of interventions

designed to combat misinformation. Recent reviews from multiple disciplinary perspectives offer

slightly different overviews of these strategies [3, 225, 369, 370, 491]. For instance, Kozyreva et

al. [225] have developed a publicly accessible “toolbox” of individual-level interventions, complete

with an online interface that succinctly summarizes evidence supporting each approach.1 Taking

a psychological perspective, Ziemer and Rothmund [491] critique the literature, arguing that ”the

majority of misinformation studies . . . are poorly linked to basic psychological theory” [491, pg.

1], and call for stronger theoretical grounding in intervention design. Meanwhile, Roozenbeek et al.

[369] highlight existing gaps in the literature, recommending increased research outside of Western

and English-speaking contexts and encouraging more field studies. Finally, Aghajari et al. [3]

1interventionstoolbox.mpib-berlin.mpg.de
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challenge the predominant focus on individual-level approaches, emphasizing the need to better

incorporate community-level factors such as social norms and collective behaviors.

Table 2.2 provides a non-exhaustive conceptual overview of prominent misinformation inter-

ventions, drawing from the framework proposed by Kozyreva et al. [225]. These interventions

are categorized into three broad types: nudges, boosts and educational interventions, and refuta-

tion strategies. Nudges aim to gently steer behavior, building on influential work from behavioral

economics and cognitive psychology [209, 423]. Boosts and educational interventions focus on im-

proving individuals’ cognitive skills, media literacy, and verification strategies, thereby enhancing

their ability to recognize and resist misinformation. Finally, refutation strategies directly counter

false beliefs, typically by offering corrective information.

Table 2.2: Non-exhaustive overview of misinformation intervention types and outcome variables as
described by Kozyreva et al. [225].

Category Intervention name Outcome variable

Nudges

Accuracy prompts Sharing discernment

Friction Sharing intentions

Social norms Beliefs in misinformation; sharing in-
tentions

Boosts and
educational
interventions

Inoculation Accuracy/credibility discernment; ma-
nipulation technique recognition

Lateral reading and verification
strategies

Credibility assessment of websites; use
of verification strategies (self-reported
or tracked)

Media-literacy tips Accuracy discernment; sharing discern-
ment

Refutation
strategies

Debunking and rebuttals Beliefs in misinformation; attitudes to
relevant topics (e.g., vaccination); be-
havioral intentions; continued influence
of misinformation

Warning and fact-checking labels Accuracy judgments; sharing intentions

Source-credibility labels Sharing intentions; accuracy judg-
ments; information diet quality

Considerable evidence now indicates that many misinformation interventions can be effective,

at least under controlled conditions or for specific populations. For example, a recent megastudy
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evaluated nine prominent interventions selected by nearly 80 misinformation researchers through

a collaborative process [138]. Using a unified experimental design with standardized stimuli and

participant samples, this study found that nearly all intervention approaches meaningfully im-

proved individuals’ accuracy and sharing discernment—the ability to distinguish true content from

false [138, 175]. While these findings are promising and supported by some large-scale on-platform

experiments [331, 372], there is increasing recognition of the need for more realistic field studies to

better understand how interventions perform in complex, real-world environments [370, 421].

One intervention strategy that has attracted growing scholarly and platform interest involves

the integration of crowd-sourced contextual information into online content—an approach often

described as leveraging the “wisdom of the crowd”[267]. This interest has been amplified by its

increasing adoption by major platforms. At the time of writing, crowd-sourced systems have been

deployed by X[470], Meta [278], and Google (YouTube)[482], with Meta notably replacing its long-

standing professional fact-checking program–drawing criticism from experts concerned about the

shift away from expert-led moderation[233, 245, 354].

The central premise of these systems is to harness the collective judgment of diverse users to

assess credibility and attach contextual notes to potentially misleading content. On X, for example,

the “Community Notes” program enables users to submit contextual clarifications, which are only

published when contributors from differing ideological perspectives agree the note is helpful—

a design choice intended to reduce bias and depolarize [410]. By aggregating input from a wide

contributor base, these systems aim to surface relevant background information, identify misleading

claims, and enhance transparency, while also offering a more scalable alternative to traditional fact-

checking. Empirical research suggests that crowd-sourced judgments can match or even exceed

expert assessments in some contexts [267], and evaluations by X and others have illustrated that

Community Notes can reduce misinformation [85, 466]. Independent studies also suggest that these

systems may enhance trust in the information environment [125].
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However, important limitations remain. Content most in need of clarification often involves

politically or socially divisive claims—precisely the types of posts where cross—ideological con-

sensus is difficult to achieve. When consensus cannot be reached, no note is published, limiting

the intervention’s reach. This challenge is particularly consequential given that contested content

comprises a large share of online misinformation [74, 464]. Additionally, a recent study found that

Community Notes did not significantly reduce engagement with misinformation during its early

viral stages—suggesting that timing delays may limit the system’s impact [86].

2.6.1 Fact-checking

Despite platforms’ recent shift toward Community Notes–style systems [278, 470, 482], traditional

fact-checking remains one of the most thoroughly studied and empirically validated strategies for

countering misinformation [268, 311, 343, 453, 491]. Professional fact-checking directly targets

the accuracy of specific claims, and a robust body of experimental evidence shows that it can

reduce belief in misinformation and decrease intentions to share—even among individuals who

express skepticism toward fact-checkers themselves [268, 343, 453]. Cross-national experiments

further support the generalizability of fact-checking: in a study conducted simultaneously across

Argentina, Nigeria, South Africa, and the United Kingdom, Porter and Wood [343] found that

fact-checks consistently reduced misperceptions across diverse political and cultural contexts.

A recent meta-analysis synthesizing results from 30 studies confirmed a positive overall effect of

fact-checking on belief correction, though the magnitude of that effect varied depending on several

moderating variables [453]. Fact-checks were more effective when they aligned with participants’

political views (i.e., pro-attitudinal corrections) than when they challenged them (i.e., counter-

attitudinal), with this asymmetry particularly pronounced among conservatives—suggesting greater

susceptibility to motivated reasoning in this group. Effectiveness also declined with higher political

sophistication, indicating that more politically knowledgeable individuals may be more resistant
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to updating their beliefs. Moreover, fact-checks targeting campaign-related content were generally

less effective than those addressing non-campaign topics.

Design features of the correction messages also shaped outcomes. Simpler, less lexically complex

language improved effectiveness, while more sophisticated wording tended to reduce it. Similarly,

the inclusion of visual cues or “truth scales” generally weakened correction effects, contrary to

expectations. Partial corrections—those that addressed only part of a claim—were significantly

less effective than fact-checks that refuted an entire statement. As for delivery format, full-text

fact-checking articles outperformed brief labels, and the inclusion of source cues such as logos or

claims of impartiality did not meaningfully enhance credibility. These findings emphasize that while

fact-checking is broadly effective, its impact depends heavily on the content, design, and cognitive

context in which it is delivered.

Nonetheless, fact-checking continues to face several limitations. Chief among these is scalability:

because fact-checking relies on human labor, it struggles to keep pace with the speed and volume

of misinformation online [40, 333]. In addition, labeling systems can inadvertently contribute to

the “implied-truth effect,” wherein users interpret unflagged content as credible simply because it

has not been corrected [329]. This is especially problematic given the scale limitations mentioned

above: large volumes of unchecked content may be mistakenly seen as trustworthy, thus weakening

the overall effectiveness of fact-checking efforts.

In sum, traditional fact-checking remains a vital and empirically grounded intervention in the

fight against misinformation. Yet, realizing its full potential will require overcoming significant

practical constraints and carefully attending to the psychological and communicative factors that

shape its reception.
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2.6.2 LLM fact-checking

Given the limitations surrounding human-based fact-checking—particularly issues of scalability—

there has been renewed interest in leveraging automated methods, specifically those powered by

large language models (LLMs). While natural language processing techniques have long been

explored for automated fact-checking [172, 179, 183, 486], the substantial recent advancements in

cutting-edge LLMs have significantly accelerated research in this area [82].

LLMs are appealing for automated fact-checking due to their broad linguistic capabilities and

capacity to generate fluent, authoritative-sounding text. Initial tests of GPT-3, even in zero-shot

scenarios—i.e., without task-specific training or additional context—have demonstrated promising

effectiveness at fact-checking claims [190]. Moreover, analysis of GPT-4, which incorporated evi-

dence retrieved externally, has demonstrated even greater accuracy, though performance still varies

across different languages [352]. A key strength of these systems appears to be their ability to au-

tomate nearly all components of the fact-checking pipeline: formulating search queries, retrieving

relevant evidence, evaluating claims, and generating natural-language judgments with human-like

justifications and citations [415, 489].

A variety of approaches for leveraging LLMs in fact-checking have been proposed. For exam-

ple, domain-specific systems like Climinator provide nuanced, evidence-rich evaluations of climate-

related claims by combining a debate-style framework with access to up-to-date scientific sources [240].

More general-purpose systems such as MUSE integrate retrieval and credibility assessment across

both text and images to generate timely, high-quality fact-checks at scale [489]. Other work has

explored multi-agent architectures that coordinate specialized LLMs to collaboratively verify claims

and improve reliability in complex fact-checking tasks [445].

Despite these promising developments, significant concerns remain regarding the deployment of

LLMs for critical tasks like fact-checking. A notable issue is the persistent tendency of LLMs to

“hallucinate” or confidently generate inaccurate information [30, 197, 204]. In addition, research
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has shown that models display well-known biases which could, in theory, permeate fact-checking

responses [154, 192, 300, 376].

One widely adopted strategy for addressing these challenges—particularly in knowledge-intensive

tasks like fact-checking—is retrieval-augmented generation (RAG)[249]. RAG systems work by first

retrieving relevant information from a curated database of authoritative sources, then incorporat-

ing that content into the model’s prompt before generating a response. This process explicitly

directs the LLM to ground its output in external evidence, improving factual accuracy and trans-

parency. Thanks to its flexibility and effectiveness across a range of applications, RAG has seen

rapid development and broad adoption in recent years[67, 328].

Overall, LLMs represent a promising path toward scaling and enhancing fact-checking efforts,

demonstrating early success in specific contexts and tasks. However, as the previous review of

the literature related to the effectiveness of fact-checking illustrates, human interaction with these

systems will complicate their efficacy.

2.6.3 Human-AI interaction

Harnessing the potential benefits of LLM-based fact-checking systems in real-world settings requires

a nuanced understanding of how users perceive and interact with artificial intelligence. A growing

body of research highlights a range of factors that influence trust in AI systems, particularly in

high-stakes, credibility-sensitive domains such as misinformation detection.

The MAIN model (Modality, Agency, Interactivity, Navigability) provides a useful heuristic

framework for analyzing how digital media affordances shape users’ credibility assessments [413].

According to this framework, cues refer to specific features of a digital system that activate heuris-

tics—mental shortcuts that inform judgments about quality, trustworthiness, or usefulness. The

definition of “quality” may vary depending on the context or technology under evaluation.
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In the context of LLM-powered fact-checking, for example, the inclusion of source citations in a

model’s response may serve as a cue that triggers the heuristic “information with citations is more

accurate or reliable.” In this example, the presence of citations signals higher perceived quality in

the user’s mind—even if the factual content of the response is unchanged.

The MAIN model identifies four primary types of cues—modality, agency, interactivity, and

navigability—from which it derives its name. These include the modality of the system’s output

(e.g., text, audio, video), its perceived agency (i.e., whether the information appears to come from

a human or a machine), the system’s interactivity (e.g., opportunities for user input or feedback),

and its navigability (i.e., the ease with which users can explore supporting or related content). Each

of these dimensions can influence how users assess credibility and determine whether a system is

trustworthy or useful. For instance, agency cues—such as whether an answer appears to come from

a human or a machine—may strongly impact user judgments of competence or accountability.

Recent empirical studies illustrate how these dynamics manifest in practice. One study found

that when participants were unaware of a statement’s source, they were more likely to trust content

presumed to be written by a human. However, when explicitly told whether content was generated

by ChatGPT or a human, trust in both sources declined and participants became more likely to

verify the information independently [60]. This suggests that transparency about AI involvement

may trigger more critical scrutiny, rather than blind trust. Similarly, a cross-national study of

content moderation preferences found that users consistently expressed greater confidence in human

moderators over AI systems when evaluating politically contentious material—reflecting a baseline

preference for human agency in sensitive or interpretive domains [465]. These findings underscore

how perceptions of agency and transparency interact with cognitive heuristics, which will be crucial

in the development of AI-driven fact-checking systems.

Design features can also mitigate the risks of over-reliance on AI tools. A recent study by

researchers at Microsoft provides a compelling example [403]. In this work, participants used either
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a traditional search engine or an LLM-powered assistant to answer factual questions. While those

using the LLM system answered questions more quickly, their performance declined significantly

when the model provided incorrect information—highlighting the risk of over-reliance on inaccurate

AI outputs. To address this, the researchers introduced a simple confidence-based, color-coded

highlighting scheme to indicate potentially unreliable portions of the model’s response. This design

intervention significantly increased users’ ability to detect incorrect information, improving decision

accuracy without sacrificing efficiency or user satisfaction. The findings suggest that well-designed

cues—aligned with users’ cognitive heuristics—can preserve the benefits of LLM systems while

reducing the risks of uncritical adoption.

Given the rapid trajectory of improvement in LLM performance on fact-checking tasks [190,

240, 352, 489], well-designed systems hold the potential to generate large positive effects—if they

can effectively influence user beliefs.

2.6.4 LLM persuasion

In recent years, scholars have begun exploring LLMs’ capacity to shift human beliefs across a

range of domains. Notably, Costello et al. [97] provided evidence that conversational interactions

with LLMs could reduce belief in conspiracy theories. Their results showed that belief reductions

among conspiracy believers were significant and durable, with many effects persisting weeks later.

Related work has demonstrated similar outcomes in the context of misinformation about climate

change [100] and HPV vaccination [472], further highlighting the persuasive potential of well-

designed LLM interactions.

These promising results, however, raise important ethical concerns about misuse. Unfortunately,

research has already shown that LLMs can be used to increase belief in falsehoods. For example,

Danry et al. [103] find that deceptive AI-generated content can strengthen misinformation beliefs,

even in the absence of overt disinformation cues. Other studies show that LLMs are capable of
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persuading users on politically polarized topics [26, 210] and can be deployed for propaganda-like

purposes [161].

Although earlier work suggests that users often prefer human-led interventions in online set-

tings [465], recent findings indicate that labeling messages as AI-generated does not significantly

reduce their persuasive impact [155]. A key open question is whether LLMs are more effective at

persuading users of true claims compared to false ones. Encouragingly, some evidence points in

this direction: a text-based analysis of conspiracy-related conversations from Costello et al. [97]

found that the persuasiveness of the model’s responses was strongly associated with the inclusion

of accurate, well-supported information—suggesting that factual content itself may be a central

driver of belief change. While further research is needed, these findings offer cautious optimism

that LLMs may be more effective at promoting factual beliefs, perhaps because the truth is often

more coherent and cognitively satisfying than fabrications.

As LLMs continue to evolve and are increasingly integrated into real-world applications, this

research agenda remains in its early stages. Interdisciplinary collaboration—spanning computer

science (to ensure factual reliability), psychology and communication (to enhance message design

and trust), and public policy (to guide responsible deployment)—will be essential to realizing the

benefits of LLM-based interventions while mitigating the risks of misuse.
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Spread
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Chapter 3

Identifying and characterizing superspreaders of low-credibility content on

Twitter

Every man should have a built-in automatic crap detector operating inside

him. It also should have a manual drill and a crank handle in case the

machine breaks down.

– Hemingway [265]

Despite the growing evidence that superspreaders of misinformation play a crucial role in the

spread of misinformation, we lack a systematic understanding of who these superspreader accounts

are and how they behave. This gap may be partially due to the fact that there is no agreed-upon

method to identify such users; in the studies cited earlier in Chapter 2 [73, 149, 174, 217, 306,

389, 476], superspreaders were identified based on different definitions and methods while studying

separate problems.

I address this gap by providing a coherent characterization of superspreaders of low-credibility

content on Twitter. In particular, this work addresses two questions. First, can superspreaders of

low-credibility content be reliably identified? To be useful, any method for measuring the degree

to which an online account is a superspreader of such content should be accurate and predictive.

Here I focus on simple approaches utilizing data that are widely available across platforms. More

complex methods may require detailed information about the structure of the entire social network,

which is typically unavailable or computationally prohibitive to collect.

Mitigating the negative impact of superspreaders of low-credibility content additionally requires

a deeper understanding of these users, leading to the second question: who are the superspreaders—
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i.e., what types of users make up most superspreader accounts—and how do they behave? A

better understanding of the origins of misinformation is an important step toward decreasing its

amplification and reach [325].

To answer the first research question, I begin by collecting 10 months of Twitter data and

defining “superspreaders” as accounts that introduce low-credibility content, which then dissem-

inates widely. Operationally, I define low-credibility content as content originally published by

low-credibility, or untrustworthy sources. With this definition, I evaluate various platform-agnostic

metrics to predict which users will continue to be superspreaders after being identified. See Meth-

ods for details on sources and metrics. I evaluate each metric by ranking accounts in an initial

time period and then comparing how well these rankings predict a user will be a superspreader in

a subsequent period. I also compare all metrics to an optimal performance based on data from

the evaluation period. The metrics considered are based on accounts’ Bot Score (likelihood that

an account is automated, calculated utilizing BotometerLite [477]), Popularity (number of follow-

ers), Influence (number of retweets of low-credibility content earned during the initial period),

and h-index, repurposing a metric initially proposed to study scholarly impact [189]. I find that

the h-index and Influence metrics outperform other metrics and achieve near-optimal accuracy in

predicting the top superspreaders months in advance.

After validating the h-index and Influence metrics, I address the second research question by

conducting a qualitative review of the worst superspreaders. Behavioral statistics and relevant

user characteristics are analyzed as well; e.g., whether accounts are verified or suspended. I learn

that 52% of superspreaders on Twitter are political in nature. I also find accounts of pundits with

large followings, low-credibility media outlets, personal accounts affiliated with those media outlets,

and a range of nano-influencers—accounts with approximately 14 thousand followers. Addition-

ally, I learn that superspreaders use toxic language significantly more often than the typical user

sharing low-credibility content. Finally, I examine the relationships between suspension, verified
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status, and popularity of superspreaders. This analysis suggests that Twitter may overlook verified

superspreaders with very large followings.

Overall, I address the aforementioned gaps related to the most influential spreaders of low-

credibility content on a social media platform that is central to the public’s discussion of nearly all

topics. I demonstrate that simple metrics inspired by the literature [62, 327] can be applied easily to

most social media platforms to reliably find superspreaders months in advance. Moreover, I provide

the first empirical analysis of these accounts, their behavior, and the apparent unwillingness of a

major social media platform to moderate their dissemination of unreliable content.

3.1 Methods

3.1.1 Low-credibility content diffusion

I begin by building a low-credibility content diffusion dataset from which I can identify problematic

users. To identify this content, I rely on the Iffy+ list [198] of 738 low-credibility sources compiled

by professional fact-checkers—an approach widely adopted in the literature [48, 174, 237, 388,

476]. This approach is scalable, but has the limitation that some individual articles from a low-

credibility source might be accurate, and some individual articles from a high-credibility source

might be inaccurate.

Tweets are gathered from a historical collection based on Twitter’s Decahose Application Pro-

gramming Interface (API) [436]. The Decahose provided a 10% sample of all public tweets. I collect

tweets over a ten-month period (Jan–Oct 2020). I refer to the first two months as the observation

period and the remaining eight months as the evaluation period. From this sample, I extract all

tweets that link to at least one source in the list of low-credibility sources. This process returns a

total of 2,397,388 tweets sent by 448,103 unique users.
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3.1.2 Metrics

Here, I define several metrics that can be used to rank users in an attempt to identify superspreaders

of low-credibility content.

Popularity

Intuitively, the more followers you have on Twitter, the more your posts are likely to be seen and

reposted. As a simple measure of popularity, I can use an account’s number of followers, even

though it does not fully capture its influence [79]. Specifically, let us define Popularity as the mean

number of Twitter followers an account had during the observation period. I extracted the numbers

of followers from the metadata in the collection of tweets.

Influence

Various measures of social media influence have been proposed [79]. One that is directly related to

spreading low-credibility content can be derived from reshares of posts that link to untrustworthy

sources. I compute the Influence I of account i by summing the number of retweets of all posts

they originated that link to low-credibility sources during the observation period. This is formally

expressed as Ii =
∑

t∈Ti ρt, where ρt denotes the number of retweets of post t, and Ti is the set of

all observed posts by account i that link to low-credibility content. One could also consider quoted

tweets, however we focus on retweets because they are commonly treated as endorsements; quoted

tweets can indicate other intent such as criticism.

Bot Score

Some research has reported that social bots can play an important role in the spread of untrust-

worthy content [388]. Therefore, I adopt a Bot Score metric that represents the likelihood of an

account being automated [141]. A user’s Bot Score is given by the popular machine learning tool
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BotometerLite [313], which returns a score ranging from zero to one, with one representing a high

likelihood that an account is a bot. Machine learning models are imperfect but enable the analysis

of significantly larger datasets. BotometerLite is selected for its high accuracy, which will minimize

error, and its reliance only on user metadata from the Twitter V1 API [477]. This allows us to

analyze the user objects within the historical data, calculating the likelihood that a user was a bot

at the time of observation; as opposed to relying on other popular tools that query an account’s

most recent activity at the time of estimation [383]. Since I obtain a score from the user object in

each tweet, I set user i’s Bot Score equal to the mean score across all tweets by i in the observation

period.

h-index

To quantify an account’s consistent impact on the spread of content from low-credibility sources,

I repurpose the h-index, which was originally developed to measure the influence of scholars [189].

The h-index of a scholar is defined as the maximum value of h such that they have at least h papers,

each with at least h citations. Similarly, in the context of social media, I define h(i) of user i as the

maximum value of h such that user i has created at least h posts linking to low-credibility sources,

each of which has been reshared at least h times by other users.

I apply this metric to the Twitter context and adopt the most common metric on this platform

for resharing content, the retweet count. As a result, a Twitter user i with h = 100 means that

the user has posted at least 100 tweets linking to low-credibility sources, each of which has been

retweeted at least 100 times.

Unlike common measures of influence, such as the retweet count or the number of followers, this

repurposing of the h-index focuses on problematic repeat-offenders by capturing the consistency

with which a user shares low-credibility content [153]. For example, a user i who posts only one

39



Table 3.1: Classification scheme utilized during the process of manually annotating superspreader
accounts. An account’s political affiliation was recorded if an annotator classified that account as
political. The same was done for hyperpartisan accounts in certain other categories, such as media
and journalists.

Classification Examples Political Affiliation

Elected official Mayors, governors, senators Recorded

Public service City offices, public departments

Media outlet News outlets, TV news channels If hyperpartisan

Journalist (hard news) Investigative journalists, public health
and economics reporters

If hyperpartisan

Journalist (soft news) Sports and entertainment reporters If hyperpartisan

Journalist (broadcast news) TV anchors, radio show hosts If hyperpartisan

Journalist (new media) Twitch streamers, podcast hosts If hyperpartisan

Media affiliated Editors, high-level employees, owners of
media outlets

If hyperpartisan

Public intellectual Academic researchers, mainstream
opinion columnists

Political Activists, campaign staffers, political
personalities, political pundits, anony-
mous hyperpartisan accounts

Recorded

Entertainer Musicians, comedians, social media
personalities

Sports related Baseball players, sports managers

Religious leader Priests, rabbis, churches

Organization Organizations not classified elsewhere

Other Accounts not classified elsewhere. Pri-
marily personal accounts of non-public
figures with moderate followings

Deactivated/suspended Accounts deactivated/suspended at the
time of annotation

untrustworthy tweet that garners a large number of retweets earns h = 1, regardless of the virality

of that individual tweet.

3.1.3 Accounting for future misinformation

This work seeks to predict which Twitter accounts will be superspreaders of untrustworthy content

in the future. To this end, I identify accounts in the observation period and then quantify how much

low-credibility content they spread during the evaluation period. I construct a retweet network with

the data from each period. The observation network (Jan–Feb 2020) and the evaluation network
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(Mar–Oct 2020) involve approximately 131 thousand and 394 thousand users, respectively. In each

network, nodes represent accounts and directed edges represent retweets pointing from the original

poster to the retweeter. Each edge (i → j) is weighted by the total number wij of times any of i’s

posts linking to low-credibility content are retweeted by j.

I create four separate rankings of the 47,012 users that created at least one post linking to

low-credibility content during the observation period based on each of the metrics defined above:

h-index, Popularity, Influence, and Bot Score.

For each ranking, I employ a network dismantling procedure [388, 389] wherein accounts are

removed one by one in order of ascending rank from the retweet network. As I remove account i

from the network, I also remove all retweets of posts linking to low-credibility content originated by

i, i.e., the outgoing edges from i. I can calculate the proportion of untrustworthy content removed

from the network with the removal of account i as

Mi =

∑
j wij∑
kj wkj

, (3.1)

where the denominator represents the sum of all edge weights prior to beginning the dismantling

process. This quantifies how much low-credibility content each user is responsible for during the

evaluation period.

Note that Twitter’s metadata links all retweets of a tweet to the original poster. Therefore, the

value Mi for each account i is the same across all ranking algorithms. The performance of a metric

depends only on the order in which the nodes are removed, determined by the metric-based ranking.

I compare how quickly the metrics remove low-credibility content from the network relative to one

another. Metrics that remove this content most quickly are considered the best ones for identifying

superspreaders. This is because they rank the accounts responsible for disseminating the largest

proportion of low-credibility content at the top.
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I also compare each ranking to the optimal ranking for the dismantling-based evaluation. This

optimal strategy is obtained by ranking candidate superspreaders according to descending values of

M , where M is calculated by using the evaluation period instead of the observation period. That is,

the account with the largest M value is removed first, followed by the one with the second largest

M , and so on, until all users have been removed. Note that this optimal ranking is only possible

using information from the future evaluation period as an oracle. It serves as an upper bound on

the performance that can be expected from any ranking metric.

3.1.4 Account classification and description

The top superspreader accounts according to the rankings described above are classified into one

of the 16 different categories detailed in Table 3.1. I adopted and slightly altered a classification

scheme from a previous study [153]. Specifically, health-related and COVID-19-specific categories,

i.e., “public health official,” “medical professional,” and “epidemiologist,” were removed. A “media

affiliated” category was added to capture accounts that might have some affiliation with low-

credibility sources, as seen in previous research [476]. This classification scheme takes into account

different types of journalists as well as other influential individuals and entities, such as politicians,

media outlets, religious leaders, and organizations. Additionally, accounts in certain categories

(“elected official” and “political”) are annotated with their political affiliation: “right” (conserva-

tive) or “left” (liberal). The same is done for hyperpartisan accounts in certain other categories,

such as media and journalists.

Two authors independently annotated each account. In cases of disagreement, two additional

authors followed the same process. The category and political affiliation of these accounts were

then derived from the majority classification (three of the four annotators). Accounts for which

the disagreement could not be resolved were excluded.
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3.1.5 Source-sharing behavior

I investigate the typical behavior of a top superspreader account with respect to sharing low-

credibility sources, relative to their general source-sharing behavior. Specifically, for a given ac-

count, I calculate the ratio rm = |Ti|
|Pi| , where |Ti| represents the total count of user i’s posts that

link to low-credibility sources and |Pi| is the count of all posts by user i that link to any source

during the observed period. This also allows us to better understand the proportion 1 − rm of

non-low-credibility sources that would be lost if the account were removed. This type of content

may originate from trusted sources and is assumed to be harmless. An ideal method would iden-

tify users that consistently share high-impact untrustworthy content and a minimal proportion of

harmless content.

To calculate rm, I first download all tweets sent by the identified superspreaders during a three-

month period (Jan 1, 2020–April 1, 2020). I was able to gather tweets from 123 superspreader

accounts that were still active. I then extract all links from the metadata of these tweets. I expand

links that are processed by a link-shortening service (e.g., bit.ly) prior to being posted on Twitter.

Sources are obtained by extracting the top-level domains from the links. Low-credibility sources are

identified by matching domains to the Iffy+ list described earlier. Finally, I calculate the proportion

rm for all superspreaders. The inability to calculate rm for inactive accounts might introduce bias

in this measurement.

3.1.6 Language toxicity

I wish to investigate the content of superspreader posts beyond source-sharing behaviors to under-

stand if they are taking part in respectful discourse or increasing the levels of abusive language in

public discussion. I utilize the Google Jigsaw Perspective API [205] to estimate the probability of

each tweet in the 10-month dataset being toxic. The API defines toxic language as rude, disrespect-

ful, or unreasonable comments that are likely to make users disengage from an online interaction. I
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then calculate the toxicity of an account by averaging the score across all of their original tweets. I

only consider English-language tweets; five superspreaders tweeting exclusively in other languages

are excluded.

While recognizing the model’s “black box” nature as a limitation, I still embrace its adoption,

aligning with prevailing practices in social media research. This approach ensures this work’s

comparability with other pertinent studies [290].

3.2 Results

3.2.1 Dismantling analysis

After ranking accounts in the observation period based on the investigated metrics (h-index, Pop-

ularity, Influence, and Bot Score), I conduct a dismantling analysis to understand the efficacy of

each one (see Methods for details). The results of this analysis are shown in Fig. 3.1 (top).

Bot Score performs the worst: even after more than 2,000 accounts are removed from the

network, most of the low-credibility content still remains in the network. This suggests that bots

infrequently originate this content on Twitter. Instead, as previous research suggests, bots may

increase views through retweets and expose accounts with many followers to low-credibility content,

in hopes of having them reshare it for greater impact [388].

I also observe in Fig. 3.1 (top) that while Popularity performs substantially better than Bot

Score, it fails to rank the most problematic spreaders at the top; upon removing the top 10 users,

almost no low-credibility content is removed from the network. In contrast, the h-index and In-

fluence metrics place superspreaders at the top of their rankings and the dismantling procedure

removes substantial amounts of low-credibility content from the network immediately.

The Popularity metric draws on the structure of the follower network and therefore contains

valuable information about how low-credibility content might spread. However, the follower network
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Figure 3.1: Top: The effect of removing accounts that created low-credibility posts during January
and February 2020 (observation period) on the proportion of untrustworthy content present during
the following eight months (evaluation period). Nodes (accounts) are removed one by one from
a retweet network in order of ascending rank, based on the metrics indicated in the legend. The
remaining proportion of retweets of low-credibility posts is plotted versus the number of nodes
removed. The lowest value for all curves is not zero, reflecting the fact that approximately 13%
of the low-credibility retweets in the evaluation network are by accounts who did not create low-
credibility posts during the observation period. Bottom: Likelihood that the difference between
the performance of h-index and Influence happened by random chance. The most prolific super-
spreaders according to these two metrics remove a similar amount of low-credibility content. To
compare them for any given number of removed accounts, I conduct Cramer von Mises two-sample
tests with increasingly larger samples and plot each test’s P -value on the y-axis. After removing
more than 50 accounts (gray area) the Influence metric performs significantly better (P < 0.05).
The difference is not significant if fewer accounts are removed.
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is not a perfect predictor of diffusion networks [327]. The retweet network used by the h-index and

Influence metrics provides a more direct prediction.

Cramer von Mises (CvM) two-sample comparisons show significant differences between the op-

timal curve and those for h-index (P < 0.001, d = 0.61, 95% CI: [0.02, 0.02]) and Influence metrics

(P < 0.001, d = 0.44, 95% CI: [0.01, 0.01]). All confidence intervals are calculated based on boot-

strapping (5,000 resamples). However, the amount of low-credibility content removed using either

metric is within 2% of the optimal, on average. In fact, removing the top 10 superspreaders elimi-

nates 34.6% and 34.3% of the low-credibility content based on h-index and Influence, respectively

(optimal: 38.1%). In other words, 0.003% of the accounts active during the evaluation period

posted low-credibility content that received over 34% of all retweets of this content over the eight

months following their identification. Removing the top 1,000 superspreaders (0.25% of the ac-

counts who posted during the evaluation period) eliminates 73–78% of the low-credibility content

(optimal: 81%). This represents a remarkable concentration of responsibility for the spread of

untrustworthy content.

Comparing the performance of h-index and Influence to one another across all ranked accounts

illustrates that ranking by the Influence metric removes significantly more low-credibility content

on average (CvM: P < 0.001, d = 0.22, 95% CI: [0.01, 0.01]). However, it is more useful to compare

the performance between these metrics with respect to the highest ranked accounts, since those

would be considered as potential superspreaders. Let us again utilize CvM tests to compare the

impact of removing samples of top superspreaders of increasing size, up to 1,000 accounts. I first

check if the amount of low-credibility content attributed to the top two ranked accounts according

to each metric is significantly different, then the top three, and so on, until I have considered the top

1,000 accounts in each group. As shown in Fig. 3.1 (bottom), rankings by h-index and Influence are

not significantly different when comparing the amount of low-credibility content attributed to the

top-ranked accounts. Only after removing accounts ranked 51st or below—who likely would not be
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categorized as superspreaders—does the performance of these metrics begin to differ significantly

(CvM: P = 0.048, d = 0.17, 95% CI: [−0.03, 0.07]).

Overall, these results suggest that, with respect to this sample, both h-index and Influence

metrics perform well at identifying superspreaders of low-credibility content. Since removing ac-

counts based on these two metrics yields similar reductions in untrustworthy content, I explore

other reasons to prefer one over the other in later sections.

3.2.2 Describing superspreaders

In this section I characterize superspreaders of low-credibility content in terms of their account

type, untrustworthy content sharing behavior, and use of toxic language. I also investigate the

relationship between an account’s follower count and its verified or suspended status. The top

1% of accounts with h-index above zero are selected as superspreaders, yielding 181 accounts, and

then an equal number of top-ranked accounts are taken for comparison, based on the Influence

metric. I note that other thresholds could be adopted to classify an account as a superspreader.

This approach allows us to focus on a large but manageable number of accounts that have large

influence within the low-credibility content ecosystem.

Account classification

The groups selected by the two metrics overlap, so there are a total of 250 unique accounts.

These were manually classified into different categories following the procedure detailed in Methods.

After the first round of classifications, two authors agreed on 211 accounts (84.4%, Krippendorf’s

α = 0.79). Of the remaining 39 accounts reviewed by two additional authors, 21 were classified by

a majority of annotators and the rest were excluded, yielding 232 classified accounts.

Fig. 3.2 reports the number of superspreader accounts in each category. Over half of the

accounts (55.1%) were no longer active at time of analysis. Of these 128 inactive accounts, 111

(86.7%) were reported by Twitter as suspended. The suspended accounts were evenly distributed
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Figure 3.2: Classification of superspreader accounts. A large portion (55.1%) of accounts are no
longer active. For each class annotated with political affiliations, colors indicate the ideological
split. The last group aggregates all accounts with political affiliations.

among the superspreaders identified by h-index (47.5%, 86 accounts) and Influence (42.5%, 78

accounts). The remaining 17 inactive accounts were deleted. The high number of suspensions

serves as further validation of these metrics: Twitter itself deemed many of the accounts I identified

as superspreaders to be problematic.

The accounts still active were classified according to the scheme in Table 1. 52% (54 accounts)

fall into the “political” group. These accounts represent users who are clearly political in nature,

discussing politics almost exclusively. They consist largely of anonymous hyperpartisan accounts

but also high-profile political pundits and strategists. Notably, this group includes the official

accounts of both the Democratic and Republican parties (@TheDemocrats and @GOP), as well as

@DonaldJTrumpJr, the account of the son and political advisor of then-President Donald Trump.

The next largest group is the “other” category, making up 14 active accounts (13.4%). This

group mostly consists of nano-influencers with a moderate following (median ≈ 14 thousand fol-

lowers) posting about various topics. A few accounts were classified in this group simply because

their tweets were in a different language.
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The “media outlet” and “media affiliated” classifications make up the next two largest groups,

consisting of 19 active accounts combined (18.3%). Most of the media outlets and media affiliated

accounts are associated with low-credibility sources. For example, Breaking911.com is a low-

credibility source and the @Breaking911 account was identified as a superspreader. Other accounts

indicate in their profile that they are editors or executives of low-credibility sources.

The remainder of the superspreaders consist of (in order of descending number of accounts) “or-

ganizations,” “intellectuals,” “new media,” “public service,” “broadcast news,” and “hard news”

accounts. Notable among these accounts are: the prominent anti-vaccination organization, Chil-

dren’s Health Defense, whose chairman, Robert F. Kennedy Jr., was named as one of the top

superspreaders of COVID-19 vaccine disinformation [73, 306, 338]; the self-described “climate sci-

ence contrarian” Steve Milloy, who was labeled a “pundit for hire” for the oil and tobacco indus-

tries [285]; and the popular political pundit, Sean Hannity, who was repeatedly accused of peddling

conspiracy theories and misinformation on his show [143, 272, 387].

Examining the political ideology of superspreaders, I find that 91% (49 of 54) of the “political”

accounts are conservative in nature. Extending this analysis to include other hyperpartisan accounts

(i.e., those classified as a different type but still posting hyperpartisan content), 91% of accounts

(63 of 69) are categorized as conservative.

Fig. 3.2 also reports political affiliations by superspreader account class. The conservative/liberal

imbalance is largely captured within the political accounts group. However, I also see that approx-

imately half of the “media outlet” and “media affiliated” superspreaders consist of hyperpartisan

conservative accounts. These results agree with literature that finds an asymmetric tendency for

conservative users to share misinformation online compared to liberal users [84, 112, 174, 305].
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Figure 3.3: Low-credibility content sharing behavior of superspreaders (points) as captured by the
boxplot distribution of the ratio rm. Users identified via the h-index share a significantly higher
ratio of untrustworthy sources than those identified with the Influence metric.

Low-credibility content sharing behavior

The previous dismantling analysis focuses on low-credibility content and does not capture the rest

of the content shared by an account. This distinction is important because moderation actions,

such as algorithmic demotion, suspension, and deplatforming, limit a user’s ability to share any

content. To better understand the full impact of removing superspreaders, I analyze the likelihood

that a superspreader shares a low credibility source. I estimate this likelihood using the proportion

rm defined in Methods.

Fig. 3.3 compares the distributions of proportions of low-credibility links shared by the super-

spreaders identified by the h-index and Influence metrics. I see that accounts identified via h-index

share relatively more low-credibility sources than those identified with the Influence metric; a two-

way Mann-Whitney U test confirms that this difference is significant (p < 0.01, d = 0.16, 95%

CI: [−0.04, 0.13]). Specifically, the median proportion of shared sources that are low-credibility

for accounts identified by the h-index (median = 0.07, mean = 0.22, n = 84) is approximately

two times larger than for those identified with the Influence metric (median = 0.03, mean = 0.17,

n = 91). In other words, while removing superspreader accounts based on the two metrics has a

similar effect on curbing untrustworthy content, using the h-index metric is preferable because it

removes less content that is not from low-credibility sources. This result makes sense in light of the

fact that the h-index prioritizes accounts who share low-credibility sources consistently.

50



0.0 0.2 0.4 0.6 0.8 1.0
Toxicity score

0

1

2

3

4

5

6

De
ns

ity

All users
Superspreaders

Figure 3.4: Distributions of language toxicity scores for superspreaders vs. all accounts in the
low-credibility content ecosystem.

Language toxicity

Let us now explore the language used by superspreaders. I first compare the distribution of mean

toxicity scores for accounts identified by the h-index and Influence metric. Toxicity scores are

estimated with the Perspective API [205] (see details in Methods).

I find that superspreaders identified by the h-index display similar average toxicity (median

= 0.18, mean = 0.20, n = 178) to those identified with the Influence metric (median = 0.18,

mean = 0.20, n = 179); a Mann-Whitney U two-way comparison indicates this difference is not

significant (P = 0.61, d = 0.01, 95% CI: [−0.02, 0.02], n = 245). Fig. 3.4 shows superspreaders

having significantly higher toxicity than all accounts within this dataset (P < 0.001, d = 0.12, 95%

CI: [0.01, 0.03], n = 149,481). However, at the individual level, I observe no significant correlation

between toxicity and h-index (Spearman r = 0.03, P = 0.67) or Influence (Spearman r = 0.08,

P = 0.26).
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Figure 3.5: Relationship between suspension, verified status, and popularity of top 250 super-
spreaders. Top: Percentage of suspended superspreader accounts that are verified. Bottom: Per-
centage of suspended superspreader accounts based on numbers of followers.

Account prominence

Approximately one in five of the superspreader accounts (48 out of 250) have been verified by Twit-

ter. Given such a large proportion of verified accounts, I investigate the relationship between the

prominence (verified status, followers, and retweets) and active/suspended status of these accounts.

Fig. 3.5 (top) shows that more prominent superspreaders are less likely to be suspended: only

3% of suspended accounts were verified. As shown in Fig. 3.5 (bottom), superspreaders with many

(more than 150 thousand) followers are also less likely to have been suspended. A similar pattern

is observed using different thresholds for the number of followers.

Additionally, I find a significant correlation between a superspreader’s number of followers and

the amount of low-credibility content they were responsible for (M) during the evaluation period

(Spearman r = 0.42, P < 0.001).

These findings suggest that more prominent accounts may have been treated more leniently.

However, since the analysis focuses on users involved in misinformation and those who were ulti-

mately suspended, I caution that these patterns may not fully capture broader suspension dynamics

across the platform.

3.3 Discussion

In this paper I address two questions at the core of the digital misinformation problem. Specifically,

I compare the efficacy of several metrics in identifying superspreaders of low-credibility content on
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Twitter. I then employ the best performing metrics to qualitatively describe these problematic

accounts.

The h-index and Influence metrics display similar (and near-optimal) performance in identifying

superspreaders. However, the accounts identified by Influence share a larger proportion of tweets

that do not link to low-credibility sources. This makes the h-index preferable as a tool to identify

superspreaders of low-credibility content because mitigation measures are likely to remove or restrict

the spread of all information shared by those accounts. On the other hand, some bad actors may

intentionally post harmless content to mask their deleterious behavior.

The dismantling analysis reveals a striking concentration of influence. It shows that just 10

superspreaders (0.003% of accounts) were responsible for originating over 34% of the low-credibility

content in the eight months following their identification. Furthermore, a mere 0.25% of accounts

(1,000 in total) accounted for more than 70% of such content. This highlights the significant role of

these superspreaders, further exacerbated by their use of more toxic language than that of average

content sharers. Although normative questions remain about whether the average toxicity level

displayed by superspreaders (≈ 0.2) is concerning, addressing them lies beyond the scope of this

study.

A manual classification of the active superspreaders I identify reveals that over half are heavily

involved in political conversation. Although the vast majority are conservative, they include the

official accounts of both the Democratic and Republican parties. Additionally, I find a substantial

portion of nano-influencer accounts, prominent broadcast television show hosts, contrarian scien-

tists, and anti-vaxxers. This diverse group of users illustrate various motivations for spreading

untrustworthy content: fame, money, and political power.

This analysis shows that removing superspreaders from the platform results in a large reduction

of unreliable information. However, the potential for suspensions to reduce harm may conflict with

freedom of speech values [224]. The effectiveness of other approaches to moderation should be
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evaluated by researchers and industry practitioners [27]. For instance, platforms could be redesigned

to incentivize the sharing of trustworthy content [42].

The current work is specifically focused on original posters of low-credibility content and their

disproportionate impact. However, it opens the door for future research to delve into the roles of

“amplifier” accounts that may reshare misinformation originally posted by others [217].

This study relies on data obtained prior to Twitter’s transformation into X. At that time,

Twitter was actively experimenting with ways to mitigate the spread of misinformation [91]. This

is starkly contrasted by X’s recent decisions to lay off much of their content moderation staff and

disband their election integrity team [92, 131]. Despite these changes, the key mechanism studied

here—a user’s ability to reshare content—remains a fundamental aspect of the platform.

Internal Facebook documents detailed a program that exempted high-profile users from some

or all of its rules [194]. Evidence presented in this paper suggests that Twitter may also have been

lenient with superspreaders who were verified or had large followings. Social media platforms may

be reluctant to suspend prominent superspreaders due to potential negative publicity and political

pressure. Paradoxically, the more prominent a superspreader is, the greater their negative impact,

and the more difficult they are to mitigate.

54



Chapter 4

Information diffusion assumptions can distort our understanding of social

network dynamics

Can we afford to be governed by a newsfeed that no one understands?

– Munger [295]

What happens after superspreaders share untrustworthy information online? How does that

information actually spread on platforms like Twitter?

A highly cited study by Vosoughi et al. (2018) found that “falsehood diffused significantly far-

ther, faster, deeper, and more broadly than the truth” on Twitter [449]. As discussed in Chapter 2,

however, studying the spread of information online presents substantial challenges.

A central difficulty lies in how platforms represent diffusion data. Social media metadata typi-

cally attribute all reshares of a post to its original author. For example, if Alice shares a post that

is retweeted by Bob, and Bob is then retweeted by Colleen (Alice → Bob → Colleen), the metadata

records Colleen’s retweet of Bob as coming directly from Alice. This simplification obscures the

true path of diffusion through the network, as shown in Fig. 4.2(b,c). This issue, which I refer to

as the cascade inference problem, is discussed in greater detail within Chapter 2.

While this limitation has long been recognized, its consequences are especially relevant in the

age of recommendation systems, which now define the default user experience on most major

social media platforms. Platforms like TikTok have seen meteoric growth by relying entirely on

algorithmic feeds, and Twitter (now X) similarly reports that roughly 50% of content in its “For

You” feed comes from accounts users do not follow.1 As a result, traditional follower-based models

1blog.x.com/engineering/en us/topics/open-source/2023/twitter-recommendation-algorithm
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of information diffusion—like those used in the influential study by Vosoughi et al. [449]—are

increasingly outdated.

This chapter asks: what happens when researchers continue to rely on platform metadata and

network assumptions that no longer reflect how content spreads?

I empirically assess the consequences of this shift by comparing naive diffusion patterns (as

recorded in platform metadata) with reconstructed patterns (inferred using various heuristics).

Specifically, I address the following questions:

1. To what extent do analyses based on naive data differ from reconstructed data?

2. To what extent does the structure of diffusion cascades differ when reconstructed using dif-

ferent methods?

These questions are critical to misinformation research. If our models of influence and spread

are based on flawed diffusion data, we may misidentify the users responsible for propagating false

information, underestimate the role of recommendation systems, or fail to capture how content

actually becomes viral. But the implications go beyond misinformation. These challenges affect

how researchers across disciplines interpret online behavior, understand collective dynamics, and

evaluate interventions.

To understand the broader scholarly landscape studying information diffusion, I conducted a

bibliographic analysis using OpenAlex [345]. This analysis reveals the substantial and growing

research interest in how information spreads online. Specifically, I queried the search-works

endpoint of the OpenAlex API2 using the following boolean search string:

(“information diffusion” OR “diffusion of information” OR “information spread” OR
“spread of information”) AND (“social media” OR “facebook” OR “twitter” OR “red-
dit”)

2https://docs.openalex.org/how-to-use-the-api/api-overview
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This query returned 19,294 results, which I filtered to include only peer-reviewed articles and

conference proceedings published from 2006 onward (the year Facebook opened to the public3),

resulting in a final sample of 12,571 works.
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Figure 4.1: Research on information diffusion and social media has grown rapidly since the early
2000s across various fields. The barplot in the top left panel displays the cumulative number of
peer-reviewed publications across various academic fields, from 2006 to 2023. The time series in
the bottom right panel breaks down publication trends annually over the same period.

Fig. 4.1 shows that during the most recent six years, more than a thousand articles have been

published per year related to this topic, spanning disciplines from Social Sciences and Physics to

Medicine and Engineering. The smallest ten contributing fields, grouped into “Other,” include:

“Neuroscience” (n = 33), “Earth and Planetary Sciences” (n = 16), “Immunology and Microbi-

ology” (n = 15), “Dentistry” (n = 14), “Pharmacology, Toxicology and Pharmaceutics” (n = 5),

“Energy” (n = 4), “Nursing” (n = 3), “Materials Science” (n = 1), “Chemistry” (n = 1), and

“Veterinary” (n = 1). Collectively, these account for just 0.74% of the corpus.

3https://www.facebook.com/notes/262051265158581/
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This growing body of work has shaped our understanding of public health [123, 212, 384, 434],

political communication [237, 336, 409, 435], disaster response [8, 196, 357], collective action [166,

385, 407], and attention dynamics [232, 258]. Yet despite this breadth, much of the literature still

rests on potentially problematic assumptions about information diffusion.

I demonstrate the consequences of these assumptions through two empirical analyses. First,

I show how omitting diffusion reconstruction distorts estimates of social influence, drawing on

case studies from Twitter and Bluesky. Second, using a dataset of over 100,000 Twitter news

cascades originally reconstructed by Vosoughi et al. [449]—and widely treated as ground-truth in

subsequent studies [126, 208, 299, 346, 347, 373]—I assess how different reconstruction methods

produce divergent cascade structures at both the micro and macro level. To conduct these analyses,

I propose and leverage a novel framework for reconstructing social media information diffusion

cascades which I refer to as Probabilistic Diffusion Inference (PDI). Instead of relying on follower-

based network information, PDI relies on assumed probability distributions to weigh the likelihood

of potential parents being the true parent within an information cascade (see Methods for details).

Together, these analyses reveal how fundamental methodological choices shape our understanding

of information diffusion in the digital age.

4.1 Methods

4.1.1 Data

The Twitter dataset leveraged in the social influence analysis consists of 10,000 English-language

retweet cascades sampled from the Indiana University 2022 U.S. Midterms Multi-Platform Social

Media Dataset. This dataset captures online conversations about the 2022 midterm elections. It

was gathered using a snowball sampling approach to collect keywords that were relevant to the 2022

U.S. Midterm elections. Please see the original publication for all details [5]. The cascades analyzed

in this study are a subset of the full corpus. I randomly selected cascades that originated between
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November 2, 2022, and November 8, 2022 (Election day), while including retweets up to November

15, 2022, to fully capture their diffusion [160]. The resulting dataset contains over 187,443 tweets

shared by 128,930 unique users.

Bluesky is a decentralized, Twitter-like micro-blogging platform designed to offer a federated

social experience [135, 351]. I collected all data from Bluesky between March 1, 2024, and March 14,

2024, using the public Firehose endpoint, which streams all posts shared on the platform [44]. I then

randomly sampled 5,000 repost cascades originating in the first seven days of this period, following

the platform’s public launch [379]. The same sampling procedure used for the U.S. Midterm dataset

was applied, capturing reposts up to one week later (March 21, 2024). I excluded 290 cascades from

this analysis: 271 due to missing metadata for at least one user’s follower count, and 19 because

of timestamp discrepancies caused by Bluesky’s distributed architecture [427]. This resulted in a

final dataset of 4,710 cascades consisting of 21,338 posts from 15,550 users.

I analyze topological network properties using a dataset of rumor cascades from Twitter [449],

provided by the authors in a pre-processed and anonymized format for replication purposes. The

original study gathered retweet cascades of both true and false content, verified by six indepen-

dent fact-checking organizations. Specifically, the authors collected all English-language replies to

tweets containing links to fact-checking articles. The initial dataset included approximately 126,000

English-language rumor cascades shared on Twitter by over 3 million users between 2006 and 2017.

I excluded 84,221 cascades without any retweets. Additionally, since the PDI method requires

follower counts, I also removed 1,242 cascades where this information was missing for at least one

user in the cascade. This resulted in a final dataset of 40,839 cascades for analysis.

4.1.2 Probabilistic Diffusion Inference

To understand how reconstructing information cascades impacts various analyses, I first introduce

a general, parametric method that infers information (or message) cascades on microblogging plat-
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Figure 4.2: Cascade reconstruction with Probabilistic Diffusion Inference. (a): Hypothetical em-
pirical data of a message cascade with an original post (blue cross) and a sequence of resharing
actions (red circles) over time. Each post is associated with a timestamp (represented by the time
sequence) and the number of followers of the resharing user (next to the user icon). (b): The naive
cascade constructed from platform-provided data, which assumes that every user directly reshared
the original post. (c): The true cascade, reflecting the actual parent-child relationships. Panels
(d, e, f) demonstrate different cascade reconstructions when applying various PDI assumptions.
The recency assumption (d) prioritizes users who reshared the content more recently, capturing
temporal dynamics. The followers assumption (e) gives higher resharing likelihood to users with
more followers, emphasizing popularity. Incorporating both assumptions (f) captures both tempo-
ral activity and popularity into the cascade reconstruction.
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forms by leveraging empirical data about resharing activities. A message cascade is a tree structure

where the root is the original poster of the message and a parent node’s children are the users who

reshared the message because they saw the parent’s post. For each node in the cascade, the method

infers the parent node, i.e., the prior node within the tree (user who previously posted or reposted

the same message) that led to the resharing action. Linking all the posters of a message through

these parent-child connections forms the message cascade.

The reconstruction method, called Probabilistic Diffusion Inference (PDI), relies on assumed

probability distributions to weigh the likelihood of potential parents being the true parent within

an information cascade. While this approach can flexibly incorporate any researcher-formulated

probability distribution to capture the latest knowledge or potential platform changes, I adopt two

assumptions based on previous work [449] about which users are more likely to be the parent of a

resharer: users with more followers (followers assumption) and users who are more recently active

in the cascade (recency assumption). These assumptions are visually represented in Figure 4.2 (d,

e, f).

To model these assumptions, I calculate two probabilities for each potential parent node: one

based on their number of followers and the other taking into account the recency of their activity.

A parameter α controls how much emphasis is placed on recency, with higher values giving more

importance to recent posts. The relative influence of these two factors is adjusted using a parameter

γ—higher values give more weight to follower counts, while lower values prioritize reshare recency.

Further details on PDI and these assumptions can be found in the 4.1 section.

A set of cascade trees reconstructed from the data with the PDI method can be combined

into a weighted resharing network. Nodes in this network represent users and edges capture the

flow of information. Specifically, a link (i → j, w) represents a directed edge from user i to user j,

weighted by w, the number of times user j reshared user i’s content. However, unlike reconstruction

methods that generate a single cascade in deterministic fashion [160, 449], PDI can stochastically
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generate many different realizations of each cascade. This allows us to construct many versions of

the weighted resharing network.

Here, I formalize the PDI method which estimates the likelihood that each user within a social

media cascade is the original source of content for subsequent resharers. Consider a cascade c

involving a sequence of Nc users, U
c = {uc0, uc1, . . . , ucNc

}, where uc0 is the originator of the content,

and each subsequent user uci represents the i-th person to reshare it. To determine the parent of uci

—the source of uci ’s reshare— PDI considers the subset of all prior users U c
i ⊂ U c = {ucj ∀j < i} as

potential parents, each with a probability pij of being selected as the parent of uci . For all resharing

users in the cascade, a potential parent is selected as the parent based on these probabilities.

PDI enables flexible computation of the probabilities pij using researcher-defined assumptions.

In this work, I adopt two common assumptions. First, users with more followers are more likely to

be the parents of a resharing user [297], which I refer to as the followers assumption. Second, users

who recently reshared the content are more likely to be the true parents of subsequent users [98,

308], referred to as the recency assumption.

The probability of a potential parent uj ∈ U c
i according to the followers assumption is given by:

pFij =
F (uj)∑

uk∈Uc
i
F (uk)

(4.1)

where F (u) represents the mean number of followers of user u during the observed period.

The recency assumption is modeled using a power-law distribution, which has been shown to

describe the timing of resharing behavior on social media platforms [98, 308]:

P (∆c
ij) =

α− 1

∆min

(
∆c

ij

∆min

)−α

, (4.2)

where ∆c
ij is the time (in seconds) between the post by potential parent ucj and the reshare by user

uci , ∆min is a minimum time delay (one second), and α is a parameter that expresses the tendency
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for reshares to be clustered in time. Then, the probability of potential parent uj according to the

recency assumption is calculated by:

pTij =
P (∆c

ij)∑
uk∈Uc

i
P (∆c

ik)
. (4.3)

I consider the followers and recency assumptions as independent factors and combine them

using a weighting parameter γ, yielding the overall probability that ucj is the true parent of uci :

pij = γpFij + (1− γ)pTij . (4.4)

4.2 Results

4.2.1 Social influence measurement

Pinpointing the most influential individuals within social networks is a critical and widely studied

challenge across fields ranging from epidemiology [22, 35] and public health [78] to political com-

munication [49, 405, 409] and marketing [28, 83, 216]. These key nodes can determine whether an

epidemic will spread or whether a messaging campaign will achieve its intended impact.

To understand the effect of reconstructing information cascades on social influence analyses, I

conduct case studies using data from two microblogging platforms: Twitter and Bluesky (see 4.1

for details). For each platform, I construct two types of resharing networks. The first, referred to as

a naive network, is constructed directly from API-provided platform data connecting all resharing

nodes to the original poster and disregarding any intermediate users in the cascade. The second,

referred to as a reconstructed network, is generated after applying the PDI method as described

above. Specifically, I generate 900 resharing networks—100 for each of the nine parameter settings

obtained by combining γ ∈ 0.25, 0.5, 0.75 and α ∈ 1.1, 2.0, 3.0. Note that the connection of the

first reshare node is deterministic, as there is only one possible parent (the root). Therefore, for
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cascades with only two nodes (the original post and one reshare), no inference is needed. These

cascades are included in all resharing networks.

Comparing the two networks lets us determine the effects of the reconstruction method on the

analyses of node influence—if the results are very similar, it would indicate that the reconstruction

process has minimal impact on these analyses. To measure node influence, I calculate node out-

strength, which I refer to as node strength for brevity. This is a widely recognized and intuitive

metric, defined as the total number of reshares a node accumulates [79, 201, 260]. As shown in

Figure 4.3, there are important differences in node influence before and after reconstruction. In

the naive resharing network, influence is concentrated among a few accounts that tend to reshare

infrequently. In the reconstructed network, on the other hand, influence is more broadly distributed

across many accounts, including amplifiers that tend to reshare content posted by others.

For a more quantitative analysis, the extensive set of reconstructed networks allows us to evalu-

ate both the average impact of the reconstruction process and the robustness of the findings across

different parameter settings. I begin by calculating Spearman’s rank correlation (ρ) between node

strength in the naive and reconstructed networks to quantify the changes in relative influence af-

ter reconstruction. Here, ρ = 1 signifies that the reconstruction process does not affect relative

influence, while lower ρ values indicate that node influence is affected.

Figure 4.4 presents the average correlation values for all tested parameter settings, revealing

notable changes in node influence due to the reconstruction process on both platforms. Full statis-

tics are presented in Table 4.1. In the Bluesky data, ρ values range from 0.45 to 0.61, indicating

a moderate shift in influence. On Twitter, the ρ values are even lower, between 0.19 and 0.33,

pointing to a significant reordering of node influence. These low correlations highlight the consid-

erable impact that cascade reconstruction has in altering the perceived influence of nodes on both

platforms.
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(a)

(b)

Figure 4.3: Effects of cascade reconstruction on a Twitter resharing network. (a) shows the naive
network, while (b) displays a version of the same network reconstructed using PDI parameters
γ = 0.5 and α = 2.0. For illustration purposes, only nodes from the two largest communities
are included. Node size reflects the number of retweets received by an account, with larger nodes
representing more influential accounts. Node color represents the number of retweets an account
has made, where red nodes indicate amplifiers that extensively retweet others’ content.
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Figure 4.4: Node influence is substantially affected by cascade reconstruction. Heat map cells
display the mean Spearman’s correlation ρ between node strength values in naive and PDI-
reconstructed networks, averaged over 100 versions of the reconstructed network at the specified
parameter settings. A ρ value of one means the reconstruction doesn’t alter node influence, while
values closer to zero suggest significant changes. The maximum standard deviation of correlation
values for any parameter setting is 0.001 for Twitter and 0.003 for Bluesky (see Table 4.1 for full
statistics).

Twitter Bluesky

γ α ρ̄ σ ρ̄ σ

0.25 1.1 0.2013 0.0009 0.4882 0.0033

0.25 2.0 0.1904 0.0011 0.4659 0.0032

0.25 3.0 0.1865 0.0011 0.4513 0.0034

0.5 1.1 0.2588 0.0007 0.5469 0.0029

0.5 2.0 0.2521 0.0008 0.5327 0.0030

0.5 3.0 0.2496 0.0006 0.5249 0.0031

0.75 1.1 0.3269 0.0007 0.6060 0.0031

0.75 2.0 0.3232 0.0007 0.5991 0.0029

0.75 3.0 0.3217 0.0008 0.5951 0.0029

Table 4.1: Mean and standard deviation of Spearman’s correlations between node strengths of
naive and reconstructed networks.
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To gain a deeper understanding of how the reconstruction process alters influence, I examine

network changes at a single parameter setting (γ = 0.25 and α = 3.0), with results presented

in Figure 4.5. I observe similar trends across all parameter settings. Panels a, d compare node

strength between a single PDI-reconstructed network and its corresponding naive network, revealing

how influence shifts within the network on both platforms. The inclusion of secondary nodes as

potential parents rewires network connections, causing some to gain influence while others lose it.

Which nodes gain influence through the reconstruction process, and which ones see it diminish?

Panels b, e show that, on both platforms, nodes with low strength in the naive network tend to

experience a modest increase in strength, while nodes with high initial strength undergo a significant

decrease. Specifically, 56% of Bluesky users and 91% of Twitter users exhibit a small average

increase in influence after reconstruction, as the influence of secondary users is no longer ignored.

Only nodes with an initial strength below two on Bluesky and three on Twitter display a median

increase in average influence. For most nodes with a higher initial strength, the reconstruction

process leads to a substantial decrease in average strength.

Finally, I examine the most influential nodes, defined by their total strength (number of re-

shares). For each of the 100 reconstructed networks, I compare the top 1%, 5%, and 10% of

influential nodes to those in the naive network. I measure their similarity using the Jaccard in-

dex, which calculates the ratio of the size of the intersection to the size of the union of the two

sets [199]. A Jaccard index of one indicates that the reconstruction process does not affect the

identification of the most influential nodes, while a value of zero indicates no overlap, signaling a

substantial influence shift due to the reconstruction process. This analysis reflects a substantial

restructuring of the network, leading to highly dissimilar sets of top influential nodes (panels c, f).

At most, I observe a mean Jaccard similarity of only about 33% between the two network types

on Bluesky (panel c; k=10%), while at the lowest, the overlap decreases to around 10% on Twitter
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Figure 4.5: Resharing networks reconstructed using the PDI method show substantial shifts in
node influence compared to those built from naive data, on both Bluesky and Twitter. Panels
(a, b, c) present results for Bluesky, while panels (d, e, f) show results for Twitter. All panels
reflect reconstructions using PDI parameters γ = 0.25 and α = 3.0. (a, d): Comparison of node
strength between a single version of the PDI-reconstructed network and the corresponding naive
network. (b, e): Average change in node strength relative to naive strength, across all 100 PDI
reconstructions. The red crosses show the median values. (c, f): Jaccard similarity between the top
k% of influential nodes identified based on node strength from reconstructed and naive networks.
Each point represents one of the 100 possible comparisons. Circle sizes in panels (a, b, d, e)
represent the number of nodes at each point. For visualization purposes, I use the same size for all
points with 500 or more nodes.
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(panel f ; k=5%). This result suggests that analyses of superspreaders of information based on

naive resharing networks might be misclassifying substantial portions of influential nodes.

4.2.2 Information cascade structure

Let us now analyze how decisions made during the reconstruction process affect individual infor-

mation cascades at the microscopic level. I posit that if distinct reconstruction methods generate

cascades with different structural properties, they will have a substantial impact on downstream

analyses. Given that no platform-provided data exists to validate any proposed method, such

a finding would raise concerns about the validity of social network studies that rely on network

structure.

Based on this premise, I compare the PDI method with an alternative reconstruction approach

employed in a prominent analysis of verified true and false rumor cascades on Twitter, spanning 2006

to 2017 [449]. The latter method, known as Time-Inferred Diffusion (TID), infers a single version

of each cascade using heuristics similar to PDI, relying on follower-network data and temporal

dynamics to guess the parent of each reshare [160]. A key assumption of TID is that the probability

of an account resharing a post from someone they don’t follow is zero. However, this assumption

is problematic in the era of recommendation algorithms, where, for example, half of the content

in a user’s “For you” feed on X comes from accounts they do not follow [437]. While Twitter did

not make their algorithmic feed default for all users until 2016, such an assumption also overlooks

exposure to content via organic search or off-network exposure. Here, I explore whether these

different reconstruction methods alter the resulting cascades.

This analysis reconstructs over 40,000 cascades from Vosoughi et al. (2018), originally generated

by the TID method, using the PDI approach with the same parameter settings from the earlier

analysis: γ ∈ {0.25, 0.5, 0.75} and α ∈ {1.1, 2.0, 3.0}. I focus on cascades with three or more nodes

(n = 28,062), as no inference is required for cascades of size two (where the single resharing user
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Figure 4.6: Cascades reconstructed in different ways are highly dissimilar, especially for larger
cascades. Each panel shows the mean cascade similarity as a function of cascade size, with similarity
measured using the Jaccard index. The panels correspond to different reconstruction parameter
settings. Fit lines are generated using locally weighted robust smoothing of the ∼28k mean values,
while points represent the means in 500 equally-sized x-axis bins. Error bars show 95% confidence
intervals calculated from 1,000 bootstraps.
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has only one potential parent). For each setting, I generate 100 versions of each cascade using

PDI and calculate the similarity between the different versions of the same cascade. I compare

the PDI versions of a single cascade against each other (
(
100
2

)
= 4,950 comparisons) as well as

against the TID version (100 comparisons). This allows us to study not only how the PDI and TID

reconstruction approaches differ from each other, but also the variety of cascades generated by a

specific reconstruction heuristic. I measure the similarity between two cascades using the Jaccard

index of their edge sets. A similarity of one indicates that the two cascades are identical, whereas

a similarity close to zero suggests significant differences.

Figure 4.6 shows that, on average, different reconstruction heuristics yield highly dissimilar

cascades, regardless of PDI parameter settings. This discrepancy is especially pronounced for

larger cascades (size ≳ 100), with similarity consistently below 0.2 and even dropping below 0.1

when γ = 0.25. A similar pattern emerges when comparing different PDI versions against each

other.

The above results suggest that reconstruction decisions have a substantial impact on the inferred

cascades. But how do these differences influence the overall topological structure? To address this

question, let us shift the analysis to the macroscopic level. Using all reconstructed cascades from the

same dataset, I compare the average distributions of several topological properties based on the 100

cascades produced using each of PDI setting as well as those generated with TID. I examine three

key cascade properties: depth, maximum breadth, and structural virality. Depth is defined as the

longest chain of unique reshares from the original post in the cascade, whereas maximum breadth

captures the largest number of users at any single depth in the cascade. Structural virality [160] is

defined as the average shortest-path length between all pairs of nodes in the cascade. It estimates

the extent to which content spreads through a single, large broadcast (low structural virality)

versus multiple levels, where each individual contributes only a small part to the overall spread

(high structural virality).
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Figure 4.7: The structural properties of cascades are significantly altered by different reconstruction
methods. Panels (a), (b), and (c) show the complementary cumulative distribution functions (CCDF) for
cascade depth, structural virality, and maximum breadth, respectively. Cascades are reconstructed with
the TID (purple) and PDI (other lines) methods. 100 versions of each PDI cascade are generated for each
parameter setting. Lines represent CCDFs based on the mean values across these versions.

Figure 4.7 presents the results of this analysis. For all metrics, I observe that different recon-

struction approaches lead to significantly different network distributions, as confirmed by Kolmogorov-

Smirnov two-sample tests. I have ten reconstruction heuristics—nine PDI settings plus TID—and

three metrics, leading to 3 ×
(
10
2

)
= 135 possible comparisons. 122 of these (90%) were found to

be significantly different after applying Bonferroni’s correction (P < 0.05). These changes follow

expected patterns. For instance, as γ decreases, giving more weight to the recency of a potential

parent’s post, both the depth and structural virality of cascades increase. Reducing γ also low-

ers the maximum breadth, as the influence of individual prominent accounts with many followers

diminishes, and longer chains within a cascade are drawn. These findings further emphasize how

sensitive the inferred network structure is to the specific reconstruction method used. Full statis-

tics for depth (Tables 4.2 and 4.3), maximum breadth (Tables 4.4 and 4.5), and structural virality

(Table 4.6) are presented below.
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Table 4.2: Kolmogorov-Smirnoff statistics for comparing depth distributions. Rows containing “TID”
represent comparisons to distributions based on the Time-Inferred Diffusion method. All values are rounded
to two decimal points.

# γ1 α1 γ2 α2 statistic P P adj.† Sig.

1 0.25 1.10 0.25 2.00 0.02 0.00 0.00 ***

2 0.25 1.10 0.25 3.00 0.04 0.00 0.00 ***

3 0.25 1.10 0.50 1.10 0.05 0.00 0.00 ***

4 0.25 1.10 0.50 2.00 0.04 0.00 0.00 ***

5 0.25 1.10 0.50 3.00 0.03 0.00 0.00 ***

6 0.25 1.10 0.75 1.10 0.12 0.00 0.00 ***

7 0.25 1.10 0.75 2.00 0.11 0.00 0.00 ***

8 0.25 1.10 0.75 3.00 0.10 0.00 0.00 ***

9 0.25 1.10 TID TID 0.35 0.00 0.00 ***

10 0.25 2.00 0.25 3.00 0.02 0.00 0.00 **

11 0.25 2.00 0.50 1.10 0.08 0.00 0.00 ***

12 0.25 2.00 0.50 2.00 0.06 0.00 0.00 ***

13 0.25 2.00 0.50 3.00 0.05 0.00 0.00 ***

14 0.25 2.00 0.75 1.10 0.14 0.00 0.00 ***

15 0.25 2.00 0.75 2.00 0.13 0.00 0.00 ***

16 0.25 2.00 0.75 3.00 0.12 0.00 0.00 ***

17 0.25 2.00 TID TID 0.36 0.00 0.00 ***

18 0.25 3.00 0.50 1.10 0.09 0.00 0.00 ***

19 0.25 3.00 0.50 2.00 0.07 0.00 0.00 ***

20 0.25 3.00 0.50 3.00 0.06 0.00 0.00 ***

21 0.25 3.00 0.75 1.10 0.15 0.00 0.00 ***

22 0.25 3.00 0.75 2.00 0.14 0.00 0.00 ***

23 0.25 3.00 0.75 3.00 0.14 0.00 0.00 ***

24 0.25 3.00 TID TID 0.37 0.00 0.00 ***

25 0.50 1.10 0.50 2.00 0.02 0.00 0.00 ***

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05

† Using Bonferroni’s method with 45 comparisons
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Table 4.3: Kolmogorov-Smirnoff statistics for comparing depth distributions (continued). Rows containing
“TID” represent comparisons to distributions based on the Time-Inferred Diffusion method. All values are
rounded to two decimal points.

# γ1 α1 γ2 α2 statistic P P adj.† Sig.

26 0.50 1.10 0.50 3.00 0.03 0.00 0.00 ***

27 0.50 1.10 0.75 1.10 0.07 0.00 0.00 ***

28 0.50 1.10 0.75 2.00 0.06 0.00 0.00 ***

29 0.50 1.10 0.75 3.00 0.05 0.00 0.00 ***

30 0.50 1.10 TID TID 0.31 0.00 0.00 ***

31 0.50 2.00 0.50 3.00 0.01 0.00 0.18

32 0.50 2.00 0.75 1.10 0.08 0.00 0.00 ***

33 0.50 2.00 0.75 2.00 0.07 0.00 0.00 ***

34 0.50 2.00 0.75 3.00 0.07 0.00 0.00 ***

35 0.50 2.00 TID TID 0.32 0.00 0.00 ***

36 0.50 3.00 0.75 1.10 0.09 0.00 0.00 ***

37 0.50 3.00 0.75 2.00 0.09 0.00 0.00 ***

38 0.50 3.00 0.75 3.00 0.08 0.00 0.00 ***

39 0.50 3.00 TID TID 0.33 0.00 0.00 ***

40 0.75 1.10 0.75 2.00 0.01 0.03 1.00

41 0.75 1.10 0.75 3.00 0.02 0.00 0.00 **

42 0.75 1.10 TID TID 0.31 0.00 0.00 ***

43 0.75 2.00 0.75 3.00 0.01 0.19 1.00

44 0.75 2.00 TID TID 0.31 0.00 0.00 ***

45 0.75 3.00 TID TID 0.31 0.00 0.00 ***

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05

† Using Bonferroni’s method with 45 comparisons
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Table 4.4: Kolmogorov-Smirnoff statistics for comparing maximum breadth distributions. Rows containing
“TID” represent comparisons to distributions based on the Time-Inferred Diffusion method. All values are
rounded to two decimal points.

# γ1 α1 γ2 α2 statistic P P adj.† Sig.

1 0.25 1.10 0.25 2.00 0.02 0.00 0.00 ***

2 0.25 1.10 0.25 3.00 0.04 0.00 0.00 ***

3 0.25 1.10 0.50 1.10 0.05 0.00 0.00 ***

4 0.25 1.10 0.50 2.00 0.04 0.00 0.00 ***

5 0.25 1.10 0.50 3.00 0.04 0.00 0.00 ***

6 0.25 1.10 0.75 1.10 0.10 0.00 0.00 ***

7 0.25 1.10 0.75 2.00 0.09 0.00 0.00 ***

8 0.25 1.10 0.75 3.00 0.09 0.00 0.00 ***

9 0.25 1.10 TID TID 0.20 0.00 0.00 ***

10 0.25 2.00 0.25 3.00 0.02 0.00 0.00 ***

11 0.25 2.00 0.50 1.10 0.07 0.00 0.00 ***

12 0.25 2.00 0.50 2.00 0.06 0.00 0.00 ***

13 0.25 2.00 0.50 3.00 0.06 0.00 0.00 ***

14 0.25 2.00 0.75 1.10 0.12 0.00 0.00 ***

15 0.25 2.00 0.75 2.00 0.12 0.00 0.00 ***

16 0.25 2.00 0.75 3.00 0.11 0.00 0.00 ***

17 0.25 2.00 TID TID 0.22 0.00 0.00 ***

18 0.25 3.00 0.50 1.10 0.09 0.00 0.00 ***

19 0.25 3.00 0.50 2.00 0.08 0.00 0.00 ***

20 0.25 3.00 0.50 3.00 0.07 0.00 0.00 ***

21 0.25 3.00 0.75 1.10 0.13 0.00 0.00 ***

22 0.25 3.00 0.75 2.00 0.13 0.00 0.00 ***

23 0.25 3.00 0.75 3.00 0.13 0.00 0.00 ***

24 0.25 3.00 TID TID 0.23 0.00 0.00 ***

25 0.50 1.10 0.50 2.00 0.01 0.00 0.02 *

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05

† Using Bonferroni’s method with 45 comparisons
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Table 4.5: Kolmogorov-Smirnoff statistics for comparing maximum breadth distributions. Rows containing
“TID” represent comparisons to distributions based on the Time-Inferred Diffusion method. All values are
rounded to two decimal points.

# γ1 α1 γ2 α2 statistic P P adj.† Sig.

26 0.50 1.10 0.50 3.00 0.02 0.00 0.00 ***

27 0.50 1.10 0.75 1.10 0.05 0.00 0.00 ***

28 0.50 1.10 0.75 2.00 0.05 0.00 0.00 ***

29 0.50 1.10 0.75 3.00 0.04 0.00 0.00 ***

30 0.50 1.10 TID TID 0.16 0.00 0.00 ***

31 0.50 2.00 0.50 3.00 0.01 0.03 1.00

32 0.50 2.00 0.75 1.10 0.06 0.00 0.00 ***

33 0.50 2.00 0.75 2.00 0.05 0.00 0.00 ***

34 0.50 2.00 0.75 3.00 0.05 0.00 0.00 ***

35 0.50 2.00 TID TID 0.17 0.00 0.00 ***

36 0.50 3.00 0.75 1.10 0.06 0.00 0.00 ***

37 0.50 3.00 0.75 2.00 0.06 0.00 0.00 ***

38 0.50 3.00 0.75 3.00 0.06 0.00 0.00 ***

39 0.50 3.00 TID TID 0.18 0.00 0.00 ***

40 0.75 1.10 0.75 2.00 0.01 0.14 1.00

41 0.75 1.10 0.75 3.00 0.01 0.00 0.08

42 0.75 1.10 TID TID 0.15 0.00 0.00 ***

43 0.75 2.00 0.75 3.00 0.01 0.47 1.00

44 0.75 2.00 TID TID 0.15 0.00 0.00 ***

45 0.75 3.00 TID TID 0.15 0.00 0.00 ***

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05

† Using Bonferroni’s method with 45 comparisons
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Table 4.6: Kolmogorov-Smirnoff statistics for comparing structural virality distributions. Rows containing
“TID” represent comparisons to distributions based on the Time-Inferred Diffusion method. All values are
rounded to two decimal points.

# γ1 α1 γ2 α2 statistic P P adj.† Sig.

1 0.25 1.10 0.25 2.00 0.01 0.00 0.01 *

2 0.25 1.10 0.25 3.00 0.02 0.00 0.00 ***

3 0.25 1.10 0.50 1.10 0.05 0.00 0.00 ***

4 0.25 1.10 0.50 2.00 0.04 0.00 0.00 ***

5 0.25 1.10 0.50 3.00 0.04 0.00 0.00 ***

6 0.25 1.10 0.75 1.10 0.09 0.00 0.00 ***

7 0.25 1.10 0.75 2.00 0.08 0.00 0.00 ***

8 0.25 1.10 0.75 3.00 0.08 0.00 0.00 ***

9 0.25 1.10 TID TID 0.18 0.00 0.00 ***

10 0.25 2.00 0.25 3.00 0.01 0.02 0.89

11 0.25 2.00 0.50 1.10 0.06 0.00 0.00 ***

12 0.25 2.00 0.50 2.00 0.05 0.00 0.00 ***

13 0.25 2.00 0.50 3.00 0.05 0.00 0.00 ***

14 0.25 2.00 0.75 1.10 0.10 0.00 0.00 ***

15 0.25 2.00 0.75 2.00 0.09 0.00 0.00 ***

16 0.25 2.00 0.75 3.00 0.09 0.00 0.00 ***

17 0.25 2.00 TID TID 0.19 0.00 0.00 ***

18 0.25 3.00 0.50 1.10 0.07 0.00 0.00 ***

19 0.25 3.00 0.50 2.00 0.06 0.00 0.00 ***

20 0.25 3.00 0.50 3.00 0.06 0.00 0.00 ***

21 0.25 3.00 0.75 1.10 0.10 0.00 0.00 ***

22 0.25 3.00 0.75 2.00 0.10 0.00 0.00 ***

23 0.25 3.00 0.75 3.00 0.10 0.00 0.00 ***

24 0.25 3.00 TID TID 0.20 0.00 0.00 ***

25 0.50 1.10 0.50 2.00 0.01 0.01 0.54

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05

† Using Bonferroni’s method with 45 comparisons
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Table 4.7: Kolmogorov-Smirnoff statistics for comparing structural virality distributions (continued). Rows
containing “TID” represent comparisons to distributions based on the Time-Inferred Diffusion method. All
values are rounded to two decimal points.

# γ1 α1 γ2 α2 statistic P P adj.† Sig.

26 0.50 1.10 0.50 3.00 0.02 0.00 0.00 ***

27 0.50 1.10 0.75 1.10 0.06 0.00 0.00 ***

28 0.50 1.10 0.75 2.00 0.05 0.00 0.00 ***

29 0.50 1.10 0.75 3.00 0.05 0.00 0.00 ***

30 0.50 1.10 TID TID 0.16 0.00 0.00 ***

31 0.50 2.00 0.50 3.00 0.01 0.19 1.00

32 0.50 2.00 0.75 1.10 0.06 0.00 0.00 ***

33 0.50 2.00 0.75 2.00 0.06 0.00 0.00 ***

34 0.50 2.00 0.75 3.00 0.06 0.00 0.00 ***

35 0.50 2.00 TID TID 0.17 0.00 0.00 ***

36 0.50 3.00 0.75 1.10 0.07 0.00 0.00 ***

37 0.50 3.00 0.75 2.00 0.07 0.00 0.00 ***

38 0.50 3.00 0.75 3.00 0.06 0.00 0.00 ***

39 0.50 3.00 TID TID 0.17 0.00 0.00 ***

40 0.75 1.10 0.75 2.00 0.01 0.64 1.00

41 0.75 1.10 0.75 3.00 0.01 0.16 1.00

42 0.75 1.10 TID TID 0.16 0.00 0.00 ***

43 0.75 2.00 0.75 3.00 0.00 0.95 1.00

44 0.75 2.00 TID TID 0.16 0.00 0.00 ***

45 0.75 3.00 TID TID 0.16 0.00 0.00 ***

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05

† Using Bonferroni’s method with 45 comparisons
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4.3 Discussion

This study demonstrates that the reconstruction of information cascades can fundamentally reshape

network structures, significantly altering which nodes are identified as influential. In particular,

naive network analyses that rely solely on platform-provided data can overestimate the influence

of original posters and underestimate the amplification role of intermediate resharers. Future work

might examine how other structural features of nodes in the resharing network, like eigenvector

and k-core centrality, are impacted by the reconstruction process. Furthermore, I observe that the

assumptions embedded within different reconstruction methods significantly affect how we interpret

the structure of individual cascades and collective resharing networks.

These findings were enabled by Probabilistic Diffusion Inference, a novel and flexible approach

for reconstructing information cascades. By combining stochastically generated realizations of each

cascade, I am able to construct many versions of weighted resharing (influence) networks. This

allows us to explore the variance in outcomes of interest. An extension that we have not explored

in this chapter is probabilistically reflecting the influence of multiple parents on a node within a

single cascade. By combining multiple reconstruction realizations, I can represent a cascade as a

probability-weighted acyclic graph rather than a simple tree. This would make it possible to causally

attribute a reshare action not only to one previous action, but to multiple prior exposures [122,

150].

The focus of PDI on the underlying assumptions also makes cascade reconstruction transparent.

This helps researchers fine-tune assumptions and assess their impact, enabling a deeper exploration

of the human and algorithmic factors driving information diffusion. For example, how might dif-

fusion dynamics shift if a platform, like X, actively promotes certain political actors, as some have

suggested [104, 296, 318]? How does this differ from Meta’s new microblogging platform, Threads,

which has indicated it will not insert unwanted political content into user feeds [142]? Researchers
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could incorporate node features, like political content, into the probability distributions to explore

these and other interesting research questions.

Despite these benefits, PDI should not be considered “more accurate” than other techniques,

such as Time-Inferred Diffusion [449], discussed in Chapter 2. The validation of inference methods

requires the availability of ground-truth information diffusion data [146, 340, 431]. If platforms were

to publicly share cascade data with researchers, the PDI framework could be leveraged to refine

assumptions and optimize parameter settings for more accurate modeling. However, I note that

even platforms have to make assumptions about parent attribution, as users may be exposed to a

piece of content in different ways prior to sharing, which are not revealed by their specific sharing

action. For a discussion of this issue in the context of a study conducted in a recent partnership with

Facebook—where the platform provided internal data representing its inferred diffusion paths—see

González-Bailón et al. [167], which highlights that ambiguity in parent attribution persists even

with privileged access to platform-level information.

The substantial divergence I have found between networks reconstructed with different methods

underscores the potential risks for researchers who study online phenomena. This is especially true

when relying on naive networks provided by platforms, which can introduce bias in analyses [168,

432, 456], even without these concerns. Given the widespread reliance on platform-provided data

and the lack of ground truth for diffusion cascades, researchers must approach these analyses with

caution. Such data is inherently complex and may be incomplete, exacerbating the challenge of

accurately capturing underlying dynamics. Therefore, it is essential to develop methods that can

effectively account for these limitations. These issues have far-reaching implications for fields that

analyze social media networks, such as conservation science [428], political communication [49, 405,

409], public health [78], and epidemiology [37, 402]. Future research should focus on identifying

which analyses are most sensitive to reconstruction methods and ensuring their robustness across

varying assumptions.
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Computational social science must continue to develop innovative analytical approaches that

make transparent assumptions and are robust to rigorous methodological scrutiny [66, 132, 377].

Such progress is crucial for deepening our understanding of complex digital ecosystems and the

social dynamics that unfold within them.
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Part II

Impact
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Chapter 5

Online misinformation is linked to early COVID-19 vaccination hesitancy and

refusal

The majority of men prefer delusion to truth. It soothes. It is easy to

grasp. Above all, it fits more snugly than the truth into a universe of false

appearances—of complex and irrational phenomena, defectively grasped.

– H. L. Mencken [304]

I now turn to the real-world consequences of misinformation in the domain of public health.

As of October 2021, the COVID-19 pandemic had claimed over 4.9 million lives and infected

241 million people worldwide [462]. Vaccination remains the cornerstone of the global strategy to

combat the SARS-CoV-2 coronavirus [220, 317]. Yet, surveys conducted in early 2021 revealed

alarmingly high levels of vaccine hesitancy, with approximately 40–47% of American adults ex-

pressing reluctance to receive the COVID-19 vaccine [151, 218]. Achieving herd immunity typically

requires that 60–70% of the population be vaccinated [4, 164, 259], but uneven vaccination rates

across regions threaten this goal [75]. Geographic clustering of unvaccinated individuals [380] can

amplify this risk, particularly in communities with limited vaccine uptake. By July 2021, several

U.S. states with lower vaccination coverage saw a surge in cases driven by the highly transmissible

Delta variant [75]. Such localized outbreaks not only complicate efforts to eradicate the virus but

also risk deepening existing racial, ethnic, and socioeconomic health disparities.

Vaccine hesitancy covers a spectrum of intentions, from delaying vaccination to outright refusal

to be vaccinated [263]. Some factors are linked to COVID-19 vaccine hesitancy, with rates in

the U.S. highest among three groups: African Americans, women, and conservatives [68]. Other

83



predictors, including education, employment, and income are also associated with hesitancy [219].

Targeted messaging can be used to build confidence and address complacency in target groups [263],

but these strategies are undermined by exposure to misinformation.

A number of studies discuss the spread of vaccine misinformation on social media [57] and

argue that such campaigns have driven negative opinions about vaccines and even contributed to the

resurgence of measles [64, 463]. In the COVID-19 pandemic scenario, widely shared misinformation

includes false claims that vaccines genetically manipulate the population or contain microchips

that interact with 5G networks [119, 195]. Exposure to online misinformation has been linked to

increased health risks [156] and vaccine hesitancy [257]. Gaps remain in our understanding of how

vaccine misinformation is linked to broad-scale patterns of COVID-19 vaccine uptake rates.

The Pfizer-BioNTec COVID-19 vaccine was the first to be given U.S. Food and Drug Adminis-

tration approval on December 10th 2020 [439]. Since then, two other vaccines have been approved

in the U.S. Initially, vaccines were selectively administered with nationwide priority being given

to more vulnerable cohorts such as elderly members of the population. As vaccines have become

available to the entire adult population more recently [99], adoption is driven by limits in demand

rather than in supply. It is therefore important to study the variability in uptake across U.S. states

and counties, as reflected in recent surveys [7, 136].

In this chapter, I present a study conducted with colleagues [339] that examines the relation-

ship between vaccine uptake, vaccine hesitancy, and online misinformation. We measure vaccine

uptake from the daily vaccination rates recorded by the Centers for Disease Control and Preven-

tion (CDC) [75] for each U.S. state averaged over the week of March 19 to 25, 2021, when vaccines

were first fully available to the population and variability across U.S. states became apparent [99].

Vaccine hesitancy is likely to affect uptake rates, so we specify a longer time window to measure

that variable, Jan 4th to March 25th, 2021, and likewise for online misinformation. We leverage

over 22 M individual responses to surveys administered on Facebook to assess vaccine hesitancy
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rates [136], and we identify online misinformation by focusing on low-credibility sources shared on

Twitter [49, 174, 237, 388] by over 1.67M users geolocated within U.S. regions (see Methods for

further details). For statistical analysis, we use multivariate regression models adjusting for socioe-

conomic, demographic and political confounding factors. Finally, to investigate whether there is

evidence for a directional effect from misinformation onto vaccine hesitancy, we perform a Granger

causality analysis.

5.1 Methods

5.1.1 Twitter data

This project leverages data from the CoVaxxy [116] project, which collected around 55 M English-

language posts about vaccines on Twitter by means of the Twitter POST statuses/filter v1.1 API,

in the period from January 4th, 2021 to March 25th, 2021. Data collection and analysis was done

using the Extreme Science and Engineering Discovery Environment (XSEDE) [408].

To define as complete a set as possible of English language keywords related to vaccines, we

employed a snowball sampling methodology in December 2020 [115] (see reference for full details

on the data collection pipeline). The final list contains almost 80 keywords, and it is accessible in

the online repository associated with the reference [115]. As a robustness test, we further perform

sensitivity analyses using a restricted set of keywords (“vaccine”, “vaccinate”, “vaccination”, “vax”)

which covers almost 95% of the total number of geolocated tweets. Results are equivalent to those

presented in the main text and are described in the section “Sensitivity Analyses.”

To match Twitter posts with US states and counties, we first identified a collection of Twitter

accounts that disclosed a location in their Twitter profile. We then employed the carmen Python

library [124] to match each location to US states and counties. We were able to match around 1.67

M users to 50 US states, and a subset of 1.15 M users to over 1,300 US counties; the larger set

accounts for a total number of almost 11 M shared tweets.

85



To analyze the spread of low-credibility information, we identified all URLs shared in Twitter

posts that originated from a list of low-credibility sources, following a large corpus of literature [49,

174, 237, 334, 388]. We employ the Iffy+ Misinfo/Disinfo list of low-credibility sources [198],

which is based on information provided by the Media Bias/Fact Check website (MBFC, https:

//mediabiasfactcheck.com), an independent organization that reviews and rates the reliability of

news sources. As defined in the related methodology, political leaning is not a factor for inclusion.

The list includes sites labeled by MBFC as having a “Very Low” or “Low” factual-reporting level

as well as those classified as “Questionable” or “Conspiracy-Pseudoscience.” The list also includes

fake-news websites flagged by BuzzFeed, FactCheck.org, PolitiFact, and Wikipedia, for a total

number of 674 low-credibility sources.

Based on this list, we measure the prevalence of low-credibility information about vaccines in

each region by (1) calculating the proportion of vaccine-related tweets containing URLs pointing

to a low-credibility news website, for each geo-located account; and (2) taking the average of this

proportion across all accounts within a specific region. We refer to this average as the state-wide

(county-wide) prevalence of misinformation.

At the county level, we omit observations without vaccine hesitancy data (see sections that

follow), and we used different thresholds for the minimum number of geolocated accounts, respec-

tively 10, 50, and 100. We present results when using 100 as a threshold. We provide sensitivity

analyses using versions including counties with at least 10 and 50 Twitter accounts (see “Sensitivity

Analyses” section). The larger threshold is likely to contain less error but also omits more counties.

5.1.2 Election data

We use data provided by the MIT Election Lab to extract state-level returns for the 2020 US

presidential election [105]. For counties, we use data provided by Fox News, Politico, and the New
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York Times. They are publicly available at https://github.com/tonmcg/US_County_Level_El

ection_Results_08-20.

5.1.3 Vaccine hesitancy data

To compute vaccine hesitancy rates in each state (county), we leverage daily COVID-19 Symptom

Surveys produced by the Delphi Group at Carnegie Mellon University [136]. These surveys are

voluntarily answered by a random sample of users on Facebook (total reported sample size N =

22, 128, 855). Within the Vaccination Indicators of the survey, we extract the estimated percentage

of respondents (for each state/county) “who either have already received a COVID vaccine or would

definitely or probably choose to get vaccinated, if a vaccine were offered to them today.” Results are

available daily, for all 50 US states and for 764 US counties. We compute state-wide (county-wide)

vaccine hesitancy rates by taking the proportion of negative responses in the period from January

4th to March 25th.

5.1.4 Vaccine uptake data

Vaccination uptake statistics are derived from the Centers for Disease Control and Prevention

(CDC) dataset (https://covid.cdc.gov/covid-data-tracker/#vaccinations). Doses moni-

tored for each state include those administered in jurisdictional partner clinics, retail pharmacies,

long-term care facilities, Federal Emergency Management Agency partner sites, Health Resources

and Services Administration partner sites, and federal facilities. The data have been compiled on

a daily basis by ourworldindata.org, and we have downloaded them for the period from January

12 to March 25, 2021. The data are available at https://github.com/owid/covid-19-data/tr

ee/master/public/data/vaccinations.
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5.1.5 COVID-19 data

We extracted the number of COVID-19 cases and fatalities at the state and county level based on

reports made by USAFacts (https://usafacts.org). In particular, we summed the number of

daily confirmed COVID-19 cases and fatalities, referring to these as “recent,” in the period from

January 4 to March 25, 2021. We then computed the cumulative number of cases and fatalities on

March 25th, referring to these as “total.”

5.1.6 Socioeconomic data

To include socioeconomic covariates in our regression model, we use data from the Atlas of Rural

and Small-Town America (available at https://www.ers.usda.gov/data-products/atlas-o

f-rural-and-small-town-america/), which includes data at the state and county level from

the American Community Survey (ACS), the Bureau of Labor Statistics, and other sources. We

employ data last updated on July 2, 2020, which include county population estimates and annual

unemployment/employment data for 2019. County-level measurements about religion are derived

from surveys by the Association of Religion Data Archives (accessible at https://www.thearda.

com/Archive/ChCounty.asp).

5.1.7 Analytical approach

Our key independent variable is the mean percentage of vaccine-related misinformation shared via

Twitter at the U.S. state or county level. We used 55 M tweets from the CoVaxxy dataset [119],

which were collected between Jan 4th and March 25th using the Twitter filtered stream API using

a comprehensive list of keywords related to vaccines. We leveraged the carmen library [124] to

geolocate almost 1.67 M users residing in 50 U.S. states, and a subset of approximately 1.15 M users

residing in over 1,300 counties. The larger set of users accounts for a total of 11 M shared tweets.

Following a consolidated approach in the literature [49, 174, 237, 388], we identified misinformation
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by considering tweets that contained links to news articles from a list of low-credibility websites

compiled by a politically neutral third-party. We measured the prevalence of misinformation about

vaccines in each region by (i) calculating the proportion of vaccine-related misinformation tweets

shared by each geo-located account; and (ii) taking the average of this proportion across accounts

within a specific region. The Twitter data collection was evaluated and deemed exempt from review

by the Indiana University IRB (protocol 1102004860).

Our dependent variables include vaccination uptake rates at the state level and vaccine hesitancy

at the state and county levels. Vaccination uptake is measured from the number of daily vaccinations

administered in each state during the week of 19-25 March 2021, and measurements are derived

from the CDC [75]. Vaccine hesitancy rates are based on Facebook Symptom Surveys provided

by the Delphi Group [136] at Carnegie Mellon University in the period Jan 4th-March 25th 2021.

We computed hesitancy by taking the complementary proportion of individuals “who either have

already received a COVID vaccine or would definitely or probably choose to get vaccinated, if a

vaccine were offered to them today.”

There are no missing vaccine-hesitancy survey data at the state level. Observations are missing

at the county level because Facebook survey data are available only when the number of respondents

is at least 100. We use the same threshold on the minimum number of Twitter accounts geolocated

in each county, resulting in a sample size of N = 548 counties.

Our multivariate regression models adjust for six potential confounding factors: percentage

of the population below the poverty line, percentage aged 65+, percentage of residents in each

racial and ethnic group (Asian, Black, Native American, and Hispanic; White non-Hispanic is

omitted), rural-urban continuum code (RUCC, county level only), number of COVID-19 deaths

per thousand, and percentage republican vote (in 10 percent units). Other covariates, including

religiosity, unemployment rate, and population density, were also considered (full list in Sensitivity

analyses).
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We also conduct a large number of sensitivity analyses, including different specifications of the

misinformation variable (with a restricted set of keywords and different thresholds for the inclusion

of Twitter accounts) as well as logged versions of misinformation (to correct positive skew). See

the “Sensitivity analyses” section for details.

We conduct multiple regression models predicting vaccination rate and vaccine hesitancy. Both

dependent variables are normally distributed, making weighted least squares regression the ap-

propriate model. Data are observed (aggregated) at the state or county level rather than at the

individual level. Analytic weights are applied to give more influence to observations calculated over

larger samples. The weights are inversely proportional to the variance of an observation such that

the variance of the j-th observation is assumed to be σ2

wj
where wj is the weight. The weights are

set equal to the size of the sample from which the average is calculated. We estimate weighted

regression with the aweights command in Stata 16. In addition, because counties are nested hier-

archically within states, we use cluster robust standard errors to correct for lack of independence

between county-level observations.

We investigate Granger causality between vaccine hesitancy and misinformation by compar-

ing two auto-regressive models. The first considers daily vaccine hesitancy rates x at time t in

geographical region r (state or county):

xt,r =
n∑
i

aixt−i,r + ϵt,r, (5.1)

where n is the length of the time window. The second model adds daily misinformation rates per

account as an exogenous variable y:

xt,r =
n∑
i

(aixt−i,r + biyt−i,r) + ϵ′t,r. (5.2)
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The variable y is said to be Granger causal [170, 180] on x if, in statistically significant terms, it

reduces the error term ϵ′t, i.e., if

Ea,b =
∑
t,r

ϵ2t,r −
∑
t,r

ϵ′2t,r > 0, (5.3)

meaning that misinformation rates y help forecast hesitancy rates x. We assume geographical

regions to have equivalence and independence in terms of the way misinformation influences vaccine

attitudes. Thus, we use the same parameters for ai and bi across all regions. We employ Ordinary

Least Squares (using the Python statsmodels package version 0.11.1) linear regression to fit a and

b, standardizing the two variables and removing trends in the time series of each region. We select

the value of the time window n which maximises Ea,b. For both counties and states, this was n = 6

days and we present results using this value. We also tested nearby values of n±2 to confirm these

gave similar results. We use data points with at least 1 tweet and at least 100 survey responses for

every day in the time window for the specified region.

The traditional statistic used to assess the significance of Granger Causality is the F -statistic [180].

However, in our case, there are several reasons why this is not appropriate. First, we have missing

time-windows in some of our regions. Second, our assumptions of equivalence and independence

for regions may not be accurate. For these reasons, we use a bootstrap method to estimate the

expected random distribution of Ea,b with the time signal removed. To this end, we generate trial

surrogates for y by randomly shuffling the data points. With each random reshuffled trial, we can

then use the same procedure to calculate the reduction in error, which we call E∗
a,b. The p-value

of our Granger Causality analysis is then given by the proportion of trials (N = 10, 000) for which

E∗
a,b > Ea,b. A potential issue with Granger Causality analysis is that it may detect an underly-

ing trend. We tested for this by linearly detrending both time series before running the Granger

analysis, finding similar results.
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5.2 Results

Looking across U.S. states, we observe a negative association between vaccination uptake rates

and online misinformation (Pearson R = −0.49, p < .001). Investigating covariates known to be

associated with vaccine uptake or hesitancy, we find that an increase in the mean amount of on-

line misinformation is significantly associated with a decrease in daily vaccination rates per million

(b = −3518.00, p = .009, Fig. 5.1A, and see Methods and Table 5.2.1). Political partisanship (a 10%

increase in GOP vote) is also strongly associated with vaccination rate (b = −640.32, p = .004).

These two factors alone explain nearly half the variation in state-level vaccination rates, and are

themselves moderately correlated (Fig. 5.3 and Table 5.2.1), consistent with prior research [305].

Remaining covariates are non-significant and/or collinear with other variables (i.e., have high vari-

ance inflation factors), and thus dropped for parsimony.

To investigate vaccine hesitancy, we leverage over 22 M individual responses to daily survey data

provided by Facebook [136] (see Methods). Reports of vaccine hesitancy are aggregated at the state

level (i.e., percent hesitant) and weighted by sample size. We find a strong negative correlation

between vaccine uptake and hesitancy across U.S. states (Pearson R = −0.71, p < .001, Fig. 5.3),

suggesting that daily vaccination rates largely reflect demand for vaccines rather than supply.

Taking into account the same set of potential confounding factors in a weighted regression model,

we find a significant positive association between misinformation and state-level vaccine hesitancy

(b = 6.88, p = .007), and between political partisanship and hesitancy (b = 2.96, p < .001; see

Fig. 5.1B and Fig. 5.3). Fig. 5.1C illustrates the state-level correlation between misinformation

and hesitancy. For example, the large size and yellow color of Wyoming indicate it is the state

with the highest level of misinformation and hesitancy. Among other variables, we find that the

percentage of Black residents is positively related to reports of hesitancy (b = 0.12, p = .001),

while the percentage of Hispanic or Latinx is negatively associated (b = −0.07, p = .021). The
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Figure 5.1: Online misinformation is associated with vaccination uptake and hesitancy at the
state level. (A) State-level mean daily vaccinations per million population during the period from
March 19 to 25, 2021, against the average proportion of vaccine misinformation tweets shared
by geolocated users on Twitter during the period from Jan 4 to March 25, 2021. (B) Levels of
state-wide vaccine hesitancy, computed as the fraction of individuals who would not get vaccinated
according to Facebook daily surveys administered in the period from January 4 to March 25, 2021,
and misinformation about vaccines shared on Twitter. Each dot represents a U.S. state and is
colored according to the share of Republican voters (battleground states have a share between 45%
and 55%) and sized according to population. Grey lines show the partial correlation between the
two variables after adjusting for socioeconomic, demographic, and political factors in a weighted
multiple linear regression model (shaded areas correspond to 95% C.I.). (C) Cartogram [158] of
the U.S. in which the area of each state is proportional to the average number of misinformation
links shared by geolocated users, and the color is mapped to the vaccine hesitancy rate, with lighter
colors corresponding to higher hesitancy.
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percentage of residents below the poverty line is also positively associated with vaccine hesitancy

(b = 0.53, p = .001).

To test the robustness of these results, we also consider a more granular level of information by

examining county data. Similar to previous analyses, we compute online misinformation shared by

almost 1.15 M Twitter users geolocated in over 1,300 U.S. counties. We measure vaccine hesitancy

rates by leveraging over 17 M daily responses to the Facebook survey for over 700 distinct counties.

The total number of observations (counties) for which we are able to measure both variables is

N = 548 (see Methods). Political partisanship and misinformation are both significantly correlated

with county-level vaccine hesitancy, net covariates (Table 5.2.1 and Fig. 5.4). Using a weighted

multiple linear regression model, we find a significant interaction between political partisanship

and misinformation. Specifically, as levels of misinformation increase, democratic and republican

counties converge to the same level of vaccine hesitancy (Fig. 5.2).

Our results so far demonstrate an association between online misinformation and vaccine hes-

itancy. We investigate evidence for directionality in this association by performing a Granger

Causality analysis [170, 180]. We find that misinformation helps forecast vaccine hesitancy, weakly

at state level (p = .0519) and strongly at county level (p < .001; see Methods and Tables 5.2.1

and 5.2.1). Analysis of the significant lagged coefficients (Table 5.2.1) indicates that there is a lag

of around 2-6 days from misinformation posted in a county to a corresponding increase in vaccine

hesitancy in the same county.

5.2.1 Additional correlational results

Figures 5.3 and 5.3 present additional results about correlations between vaccine demand, vaccine

hesitancy, political partisanship, and online misinformation at state and county levels.
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Figure 5.2: Associations of online misinformation and political partisanship with vaccination hes-
itancy at the U.S. county level. Each dot represents a U.S. county, with size and color indicating
population size and political majority, respectively. The average proportion of misinformation
shared on Twitter by geolocated users was fitted on a log scale due to non-normality (i.e., positive
skew) at the county level. The two lines show predicted values of vaccine hesitancy as a function of
misinformation for majority Democratic and Republican counties, adjusting for county-level con-
founding factors (see Methods). Shaded area corresponds to 95% C.I.
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Figure 5.3: Correlations between vaccine demand, vaccine hesitancy, political partisanship, and
online misinformation at the state level. Vaccine demand is computed as the mean number of daily
vaccinations per million population in the period 19-25 March 2021. Vaccine hesitancy corresponds
to the proportion of individuals who would not get vaccinated according to Facebook daily surveys
administered in the period from January 4th to March 25th, 2021. Partisanship is measured as
the percentage of Republican voters in the 2020 US Presidential elections. Online misinformation
about vaccines shared on Twitter is measured during the period from Jan 4th to March 25th, 2021.
Each dot represents a U.S. state, sized according to population and colored according to Republican
vote share (battleground states have a share between 45% and 55%).

Main findings from regression analysis

Table 5.2.1 presents results from the weighted (Models 1 and 2) and ordinary (Models 3 and 4) least-

squares regression of state-level vaccine hesitancy and vaccination rate, respectively, on covariates.

As shown in Model 1, the misinformation variable and the percent of GOP voters explain nearly

80% of the variation in vaccine hesitancy at the state level. These predictors remain significant

after the addition of multiple control variables (see Model 2). Misinformation and republican vote

percentage explain nearly half of the variation in vaccination rate (see Model 3), and are also

significantly associated with vaccination rate at the state level net of controls (see Model 4).
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Figure 5.4: Political partisanship is correlated with vaccine hesitancy at the U.S. county level.
Vaccine hesitancy corresponds to the proportion of individuals who would not get vaccinated ac-
cording to Facebook daily surveys administered in the period from January 4th to March 25th,
2021. Partisanship is measured as the percentage of Republican voters in the 2020 US Presidential
elections. Each dot represents a U.S. county, sized according to population and colored according
to Republican vote share.

97



Table 5.1: Weighted/ordinary least squares regression of state-level percent vaccine hesitancy and daily
vaccination rate per million on misinformation and covariates (N = 50 states). Vaccine hesitancy is based
on state-level means from Facebook survey data. The vaccination rate is vaccines administered per million
(CDC data). For models predicting vaccine hesitancy (i.e., state means), analytic weights based on sample
size are applied. Unstandardized betas and standard errors are provided. * p < 0.05, ** p < 0.01, ***
p < 0.001

Vaccine hesitancy Vaccination rate

(1) (2) (3) (4)

b (SE) b (SE) b (SE) b (SE)

Mean % low credibility tweets 8.093* 6.877** -3444.858** -3518.002**

(3.04) (2.43) (1240.20) (1277.08)

% GOP vote (10% change) 3.996*** 2.960*** -606.567*** -640.319**

(0.38) (0.42) (140.32) (208.11)

% below poverty line 0.530** 18.173

(0.15) (81.84)

% aged 65+ -0.197 171.533

(0.15) (100.14)

% Asian 0.011 13.213

(0.07) (27.74)

% Black 0.124** -40.491

(0.04) (22.54)

% Hispanic -0.066* 4.564

(0.03) (19.71)

% Indigenous -0.138 71.890

(0.12) (51.00)

COVID deaths/thousand -0.221 217.490

(0.42) (262.06)

Constant 1.858 3.024 11586.785*** 9126.137***

(1.65) (2.72) (708.20) (1537.38)

R2 0.797*** 0.937*** 0.457*** 0.641***

BIC 225.217 194.454 836.580 843.252

* p < 0.05, ** p < 0.01, *** p < 0.001
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Sensitivity analyses

We conduct a set of sensitivity analyses to ensure that our findings are robust to alternative

variable and model specifications. First, we run standard diagnostics for nonlinearity, skewness,

multicollinearity, and heteroskedasticity, correcting any problems we discover. Second, because the

misinformation measure at the state level is slightly positively skewed, we conduct a model using

a natural logarithmic transformation of mean percent misinformation. Results from these models

are consistent with the main findings (Table 5.2.1). The untransformed variable has a better model

fit (lower BIC). Third, because the effect of misinformation may depend on political partisanship,

we test for an interaction between misinformation and the percent of GOP voters. There is no

evidence of such interaction at the state level. Fourth, we rerun the above models using versions

of the mean percentage of vaccine-related misinformation shared by Twitter users by considering

a restricted set of keywords to gather tweets (see Methods). As shown in Table 5.2.1, findings are

consistent and robust to this alternate definition of misinformation sharing.

We also conduct a similar set of sensitivity analyses at the county level. First, we test multiple

versions of the misinformation variable, which is highly skewed and zero-inflated at the county level.

We use the log-transformed version for the main findings due to the best model fit, but obtain

significant results with the untransformed variable and very similar findings with a polynomial

model that also captures the nonlinear relationship between misinformation and vaccine hesitancy.

Second, we test for an interaction between misinformation and percent of GOP voters, finding

that being in a majority Republican versus Democratic state moderates the association between

misinformation and vaccine hesitancy (Table 5.2.1). A scatterplot of republican and democratic-

leaning counties confirms the moderation finding (Fig. 5.2). Third, we run models adding the

number of tweets per county as a control variable to address variation in the volume of Twitter

activity across counties. Adding this covariate did not affect results. Fourth, as at the state level,

we generate versions of the vaccine misinformation variable using a restricted set of keywords.
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Table 5.2: Weighted/ordinary least squares regression of state-level percent vaccine hesitancy and daily
vaccination rate per million on misinformation (logged) and covariates (N=50 states). Vaccine hesitancy is
based on state-level means from Facebook survey data. The vaccination rate is actual vaccines administered
per million (CDC data). For models predicting vaccine hesitancy (i.e., state means), analytic weights based
on sample size are applied. Unstandardized betas and standard errors are provided.

Vaccine hesitancy Vaccination rate

(1) (2) (3) (4)

b (SE) b (SE) b (SE) b (SE)

Logged mean % low cred tweets 4.136** 3.257** -1669.206* -1593.010*

(1.53) (1.19) (636.52) (660.59)

% GOP vote (10% change) 3.945*** 2.962*** -601.418*** -676.915**

(0.38) (0.42) (143.03) (210.70)

% below poverty line 0.515** 29.711

(0.15) (83.31)

% aged 65+ -0.158 158.518

(0.14) (101.53)

% Asian 0.009 8.878

(0.07) (28.09)

% Black 0.130** -42.750

(0.04) (22.90)

% Hispanic -0.062* 1.398

(0.03) (19.93)

% Indigenous -0.129 70.503

(0.12) (51.98)

COVID deaths/thousand -0.235 224.368

(0.42) (268.26)

Constant 8.318** 7.683 8981.085*** 6852.773**

(2.63) (3.90) (1015.40) (2048.22)

R2 0.798*** 0.936*** 0.448*** 0.627***

BIC 225.049 194.982 837.352 845.150

* p < 0.05, ** p < 0.01, *** p < 0.001

100



Table 5.3: Weighted/ordinary least squares regression of state-level percent vaccine hesitancy and daily
vaccination rate per million on misinformation (restricted key words) and covariates (N=50 states). Vaccine
hesitancy is based on state-level means from Facebook survey data. The vaccination rate is actual vaccines
administered per million (CDC data). For models predicting vaccine hesitancy (i.e., state means), analytic
weights based on sample size are applied. Unstandardized betas and standard errors are provided.

Vaccine hesitancy Vaccination rate

(1) (2) (3) (4)

b (SE) b (SE) b (SE) b (SE)

Mean % low credibility tweets 8.320** 7.108** -3342.575** -3517.510**

(2.97) (2.37) (1200.22) (1236.41)

% GOP vote (10% change) 3.982*** 2.944*** -611.854*** -648.565**

(0.37) (0.41) (139.58) (204.44)

% below poverty line 0.517** 27.129

(0.15) (81.32)

% aged 65+ -0.206 170.945

(0.15) (99.35)

% Asian 0.003 16.019

(0.07) (27.87)

% Black 0.125** -42.464

(0.04) (22.25)

% Hispanic -0.065* 2.774

(0.03) (19.42)

% Indigenous -0.132 68.678

(0.12) (50.75)

COVID deaths/thousand -0.216 225.119

(0.42) (259.70)

Constant 1.841 3.313 11575.126*** 9085.430***

(1.64) (2.71) (706.47) (1530.36)

R2 0.800*** 0.938*** 0.457*** 0.645***

BIC 224.530 193.465 836.543 842.724

* p < 0.05, ** p < 0.01, *** p < 0.001
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Again, these results are consistent with our main findings (Table 5.2.1). Fifth, we examine the

robustness of the threshold of 100 Twitter accounts per county for inclusion in the analysis, setting

thresholds of 50 and 10. These results are similar to the main findings (Tables 5.2.1 and 5.2.1),

demonstrating that results are robust to different variable specifications.

To confirm the relationship between misinformation and GOP vote share, we compute a negative

binomial regression model predicting mean percent information (untransformed) at the county

level using percent GOP vote and a set of control variables. This multivariate analysis confirms

the bivariate correlation, indicating a strong relationship between these factors net of potential

confounding variables (Table 5.2.1).

Table 5.2.1 describes all the covariates considered in the regression analyses. Table 5.2.1 and

5.2.1 provide results of the OLS regression for the Granger causality analysis respectively at county

and state level.
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Table 5.4: Weighted least squares regression of county-level percent vaccine hesitancy on misinformation
(logged) and covariates (N=548 counties, minimum 100 accounts/county). Vaccine hesitancy is based on
county-level means from Facebook survey data. Misinformation is measured using mean percent of low
credibility tweets for counties with at least 100 Twitter accounts. Analytic weights based on Facebook
survey sample size are applied, and models use cluster robust standard errors to account for counties being
nested in states. Unstandardized betas and standard errors are provided.

(1) (2) (3) (4)

b (SE) b (SE) b (SE) b (SE)

Logged mean % low credibility tweets 1.411** 4.304*** 1.018*** 4.278***

(0.47) (0.78) (0.28) (0.59)

% GOP vote (10% change) 2.926*** 3.663***

(0.29) (0.16)

Majority GOP state (1=GOP; 0=Dem) 3.892*** 3.340***

(1.02) (0.66)

GOP state * Logged low credibility -3.585*** -3.414***

(0.99) (0.76)

% below poverty line 0.376*** 0.398***

(0.07) (0.08)

% aged 65+ -0.056 -0.091

(0.05) (0.05)

% Asian 0.028 -0.173**

(0.03) (0.05)

% Black 0.202*** 0.090***

(0.02) (0.03)

% Hispanic 0.002 -0.030

(0.02) (0.02)

% Indigenous 0.033 -0.108

(0.19) (0.14)

Rural-urban continuum code 0.447 0.617

(0.26) (0.34)

COVID deaths/thousand 0.547* 0.925**

(0.27) (0.29)

Constant 10.227*** 23.668*** -1.535 17.834***

(1.63) (1.03) (1.12) (1.45)

R2 0.500*** 0.419*** 0.805*** 0.662***

BIC 3151.490 3240.010 2686.806 2993.820

* p < 0.05, ** p < 0.01, *** p < 0.001
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Table 5.5: Weighted least squares regression of county-level percent vaccine hesitancy on misinformation
(logged, restricted key words) and covariates (N=548 counties, minimum 100 accounts/county). Vaccine
hesitancy is based on county-level means from Facebook survey data. Misinformation is measured using
mean percent of low credibility tweets for counties with at least 100 Twitter accounts. Analytic weights
based on Facebook survey sample size are applied, and models use cluster robust standard errors to account
for counties being nested in states. Unstandardized betas and standard errors are provided.

(1) (2) (3) (4)

b (SE) b (SE) b (SE) b (SE)

Logged mean % low credibility tweets 1.510** 4.382*** 1.074*** 4.319***

(0.46) (0.73) (0.27) (0.53)

% GOP vote (10% change) 2.905*** 3.641***

(0.29) (0.15)

Majority GOP state (1=GOP; 0=Dem) 12.010*** 11.132***

(1.49) (1.16)

GOP state * Logged low credibility -3.530*** -3.392***

(0.94) (0.70)

% below poverty line 0.375*** 0.394***

(0.07) (0.08)

% aged 65+ -0.058 -0.095

(0.05) (0.05)

% Asian 0.028 -0.171**

(0.03) (0.05)

% Black 0.202*** 0.091***

(0.02) (0.03)

% Hispanic 0.002 -0.030

(0.02) (0.02)

% Indigenous 0.038 -0.101

(0.19) (0.13)

Rural-urban continuum code 0.451 0.648

(0.26) (0.33)

COVID deaths/thousand 0.546* 0.916**

(0.26) (0.28)

Constant 6.937*** 13.673*** -3.849*** 7.981***

(1.14) (0.95) (0.93) (1.29)

R2 0.501*** 0.423*** 0.805*** 0.665***

BIC 3136.899 3222.391 2673.021 2975.819

* p < 0.05, ** p < 0.01, *** p < 0.001
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Table 5.6: Weighted least squares regression of county-level percent vaccine hesitancy on misinformation
(logged) and covariates (N=658 counties, minimum 10 accounts/county). Vaccine hesitancy is based on
county-level means from Facebook survey data. Misinformation is measured using mean percent of low
credibility tweets for counties with at least 10 Twitter accounts. Analytic weights based on Facebook survey
sample size are applied, and models use cluster robust standard errors to account for counties being nested
in states. Unstandardized betas and standard errors are provided.

(1) (2) (3) (4)

b (SE) b (SE) b (SE) b (SE)

Logged mean % low credibility tweets 1.078* 3.252** 0.941*** 3.673***

(0.47) (1.11) (0.22) (0.75)

% GOP vote (10% change) 3.140*** 3.748***

(0.29) (0.15)

Majority GOP state (1=GOP; 0=Dem) 5.627*** 4.247***

(1.55) (0.85)

GOP state * Logged low credibility -2.467* -2.746**

(1.16) (0.84)

% below poverty line 0.369*** 0.378***

(0.07) (0.07)

% aged 65+ -0.059 -0.114*

(0.06) (0.05)

% Asian 0.023 -0.223***

(0.02) (0.05)

% Black 0.204*** 0.089***

(0.02) (0.02)

% Hispanic 0.002 -0.030

(0.02) (0.02)

% Indigenous -0.002 -0.065

(0.12) (0.11)

Rural-urban continuum code 0.600** 0.749**

(0.22) (0.32)

COVID deaths/thousand 0.549* 1.054***

(0.27) (0.29)

Constant 9.047*** 22.464*** -2.034 17.582***

(1.65) (1.58) (1.07) (1.56)

R2 0.534*** 0.421*** 0.812*** 0.664***

BIC 3796.413 3945.657 3251.830 3639.761

* p < 0.05, ** p < 0.01, *** p < 0.001

105



Table 5.7: Weighted least squares regression of county-level percent vaccine hesitancy on misinformation
(logged) and covariates (N=628 counties, minimum 50 accounts/county). Vaccine hesitancy is based on
county-level means from Facebook survey data. Misinformation is measured using mean percent of low
credibility tweets for counties with at least 50 Twitter accounts. Analytic weights based on Facebook survey
sample size are applied, and models use cluster robust standard errors to account for counties being nested
in states. Unstandardized betas and standard errors are provided.

(1) (2) (3) (4)

b (SE) b (SE) b (SE) b (SE)

Logged mean % low credibility tweets 1.347** 4.241*** 1.028*** 4.233***

(0.42) (0.78) (0.24) (0.59)

% GOP vote (10% change) 3.039*** 3.718***

(0.27) (0.15)

Majority GOP state (1=GOP; 0=Dem) 4.480*** 3.731***

(0.99) (0.65)

GOP state * Logged low credibility -3.350*** -3.236***

(0.90) (0.69)

% below poverty line 0.378*** 0.407***

(0.07) (0.08)

% aged 65+ -0.059 -0.102

(0.06) (0.05)

% Asian 0.030 -0.173**

(0.03) (0.05)

% Black 0.202*** 0.087***

(0.02) (0.02)

% Hispanic 0.001 -0.034

(0.02) (0.02)

% Indigenous -0.008 -0.083

(0.12) (0.10)

Rural-urban continuum code 0.559* 0.716*

(0.23) (0.31)

COVID deaths/thousand 0.538 0.972**

(0.27) (0.28)

Constant 9.757*** 23.600*** -1.842 17.708***

(1.48) (1.03) (1.09) (1.49)

R2 0.524*** 0.439*** 0.809*** 0.667***

BIC 3619.976 3729.469 3099.337 3453.070

* p < 0.05, ** p < 0.01, *** p < 0.001
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Table 5.8: Negative binomial regression of county-level misinformation on percent GOP vote and covariates
(N=548 counties). Misinformation is measured using mean percent of low credibility tweets for counties with
at least 100 Twitter accounts. Models use cluster robust standard errors to account for counties being nested
in states. Negative binomial regression is employed due to zero-inflated Poisson distribution. Unstandardized
betas and standard errors are provided.

b (SE)

% GOP vote (10% change) 0.263***

(0.04)

% below poverty line -0.019*

(0.01)

% aged 65+ 0.043***

(0.01)

% Asian 0.017

(0.01)

% Black 0.013***

(0.00)

% Hispanic 0.006*

(0.00)

% Indigenous 0.031*

(0.02)

Rural-urban continuum code -0.068

(0.04)

COVID deaths/thousand -0.098

(0.06)

Constant -2.647***

(0.23)

Wald chi-squared 232.330***

BIC 774.836

* p < 0.05, ** p < 0.01, *** p < 0.001
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Table 5.9: Description of covariates used during analyses.

Stata variable Description Year Source

vaccrate Daily number of people vacci-
nated per million

2021 Centers for Disease Con-
trol and Prevention

lowcred Mean percentage of low cred-
ibility shared

2021 Twitter API

loglowcred Natural logarithm of the
mean percentage of low cred-
ibility shared (per user)

2021 Twitter API

trumpvote Proportion of votes for Re-
publican candidate

2020 Fox News, Politico, New
York Times

coviddeaths Total COVID 19 deaths 2021 Centers for Disease Con-
trol and Prevention

population Census Population 2010 United States Census

income Median Household Income 2010 USDA (Atlas of Rural and
Small-Town America)

poverty Percentage of people of all
ages in poverty

2019 USDA (County-Level
Datasets)

bachelors Percent of adults with a bach-
elor’s degree or higher

2015–
2019

USDA (County-Level
Datasets)

vUnemployment rate 2019 Unemployment rate 2019 USDA (County-Level
Datasets)

religious Rates of religious adherence
per 1,000 population (200+
religions)

2010 Association of Religious
Data Archives

vUnder18Pct2010 Percentage of population age
18 years or younger

2010 USDA (Atlas of Rural and
Small-Town America)

vAged65AndOlderPct2010 Percentage of population age
65 years or older

2010 USDA (Atlas of Rural and
Small-Town America)

vAsianNonHispPct2010 Percentage of population
Asian

2010 USDA (Atlas of Rural and
Small-Town America)

vBlackNonHispPct2010 Percentage of population
Black (Non-Hispanic)

2010 USDA (Atlas of Rural and
Small-Town America)

vHispanicPct2010 Percentage of population His-
panic

2010 USDA (Atlas of Rural and
Small-Town America)

vNatAmNonHispPct2010 Percentage of population
Native American (Non-
Hispanic)

2010 USDA (Atlas of Rural and
Small-Town America)
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Table 5.10: Ordinary Least Squares regression of lagged variates for Granger Causality analysis. (N = 610
counties).

(1) (2) (3) (4) (5) (6)

coef std err t P> |t| [0.025 0.975]

hesitancy t-1 0.8852 0.005 174.943 0.000 0.875 0.895

hesitancy t-2 0.0039 0.007 0.571 0.568 -0.009 0.017

hesitancy t-3 -0.0044 0.007 -0.645 0.519 -0.018 0.009

hesitancy t-4 -0.0004 0.007 -0.061 0.951 -0.014 0.013

hesitancy t-5 0.0074 0.007 1.088 0.277 -0.006 0.021

hesitancy t-6 -0.124 0.005 -24.543 0.000 -0.134 -0.114

misinfo t-1 0.006 0.004 1.362 0.173 -0.003 0.015

misinfo t-2 0.0087 0.004 1.972 0.049 5.36e-05 0.017

misinfo t-3 0.0156 0.004 3.598 0.000 0.007 0.024

misinfo t-4 0.0027 0.004 0.625 0.532 -0.006 0.011

misinfo t-5 -0.0014 0.004 -0.337 0.736 -0.01 0.007

misinfo t-6 0.0179 0.004 4.396 0.000 0.01 0.026

AIC: 56910

R-squared (uncentered): 0.743

Null model

(1) (2) (3) (4) (5) (6)

coef std err t P> |t| [0.025 0.975]

hesitancy t-1 0.8854 0.005 174.954 0.000 0.875 0.895

hesitancy t-2 0.0037 0.007 0.549 0.583 -0.01 0.017

hesitancy t-3 -0.0041 0.007 -0.605 0.545 -0.017 0.009

hesitancy t-4 -0.0005 0.007 -0.079 0.937 -0.014 0.013

hesitancy t-5 0.0076 0.007 1.128 0.26 -0.006 0.021

hesitancy t-6 -0.1239 0.005 -24.526 0.000 -0.134 -0.114

R-squared (uncentered): 0.743

AIC: 56940
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Table 5.11: Ordinary Least Squares regression of lagged variates for Granger Causality analysis. (N = 50
states).

(1) (2) (3) (4) (5) (6)

coef std err t P> |t| [0.025 0.975]

hesitancy t-1 0.9599 0.016 58.889 0.000 0.928 0.992

hesitancy t-2 0.024 0.023 1.062 0.288 -0.020 0.068

hesitancy t-3 -0.0748 0.023 -3.325 0.001 -0.119 -0.031

hesitancy t-4 0.1014 0.023 4.501 0.000 0.057 0.146

hesitancy t-5 -0.0904 0.023 -3.988 0.000 -0.135 -0.046

hesitancy t-6 -0.0533 0.016 -3.268 0.001 -0.085 -0.021

misinfo t-1 0.0016 0.006 0.262 0.793 -0.011 0.014

misinfo t-2 0.021 0.006 3.351 0.001 0.009 0.033

misinfo t-3 0.0018 0.006 0.295 0.768 -0.010 0.014

misinfo t-4 -0.0161 0.006 -2.603 0.009 -0.028 -0.004

misinfo t-5 0.0133 0.006 2.153 0.031 0.001 0.025

misinfo t-6 0.0003 0.006 0.044 0.965 -0.012 0.012

R-squared (uncentered): 0.842

AIC: 3133

Null model

(1) (2) (3) (4) (5) (6)

coef std err t P> |t| [0.025 0.975]

hesitancy t-1 0.9593 0.016 58.935 0.000 0.927 0.991

hesitancy t-2 0.0254 0.023 1.127 0.260 -0.019 0.070

hesitancy t-3 -0.0725 0.023 -3.220 0.001 -0.117 -0.028

hesitancy t-4 0.0982 0.023 4.353 0.000 0.054 0.142

hesitancy t-5 -0.0879 0.023 -3.873 0.000 -0.132 -0.043

hesitancy t-6 -0.0548 0.016 -3.358 0.001 -0.087 -0.023

R-squared (uncentered): 0.841

AIC: 3143
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5.3 Discussion

Our results provide evidence for the problem of geographical regions with lower levels of COVID-

19 vaccine uptake, which may be driven by online misinformation. Considering variability across

regions with low and high levels of misinformation, the best estimates from our data predict an ap-

proximately 20% decrease in vaccine uptake between states, and about a 67% increase in hesitancy

rates across democratic counties, across the full range of misinformation prevalence. At these levels

of vaccine uptake, the data predict SARS-CoV-2 will remain endemic in many U.S. regions. This

suggests a need to counter misinformation, and the beliefs associated with it, to promote vaccine

uptake.

An important question is whether online misinformation drives vaccine hesitancy. Our analyses

alone do not demonstrate a causal relationship between misinformation and vaccine refusal. Our

work is at an ecological scale and vaccine-hesitant individuals are potentially more likely to post

vaccine misinformation. However, at the individual level, a recent study [257] found that exposure

to online misinformation can increase vaccine hesitancy. Our work serves to provide evidence that

those findings, which were obtained under controlled circumstances, scale to an ecological setting.

Due to the fact that vaccine hesitancy and misinformation are socially reinforced, both ecological

and individual relationships are important in demonstrating a causal link [256]. We build on this

work in the following chapter, modeling this relationship at scale to explore how misinformed

populations affect the spread of disease in the chapter that follows.

Public opinion is very sensitive to the information ecosystem and sensational posts tend to

spread widely and quickly [237]. Our results indicate that there is a geographical component to

this spread, with opinions on vaccines spreading at a local scale. While social media users are

not representative of the general public, existing evidence suggests that vaccine hesitancy flows

across social networks [59], providing a mechanism for the lateral spread of misinformation offline

among those connected directly or indirectly to misinformation spreading online. More broadly,

111



our results provide additional insight into the effects of information diffusion on human behavior

and the spread of infectious diseases [256].

A limitation of our findings is that we are not measuring the exposure, by geographical region,

to misinformation on Twitter but rather the sharing activity of a subset of users, and our source-

based approach to detect misinformation at scale might not capture the totality of misleading

and harmful content related to vaccines. Besides, our analyses are based on data averaged over

geographical regions. To account for group-level effects we present a number of sensitivity analyses,

and note that our findings are consistent over two geographical scales. Our results are also limited

to a small period of time. Vaccination hesitancy levels can change due to novel factors, including

changes in COVID-19 infection and death rates, as well as legitimate reports about vaccine safety,

among other factors [230].

Associations between online misinformation and detrimental offline effects, like the results pre-

sented here, call for better moderation of our information ecosystem. COVID-19 misinformation

is shared overtly by known entities on major social media platforms [476]. While people have a

constitutional right to free speech, it is important to maintain an environment where individuals

have access to good information that benefits public health.
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Chapter 6

Modeling the amplification of epidemic spread by individuals exposed to

misinformation on social media

What a man believes may be ascertained, not from his creed, but from the

assumptions on which he habitually acts.

– Shaw [390]

Social factors, such as information sharing, play a crucial role in shaping the dynamics and

epidemiology of infectious diseases [36, 61]. For instance, a population’s willingness to adopt

public health measures (or lack thereof) largely determines their successes or failures [35, 282]. A

population’s behavioral response to outbreaks can be influenced by mass media, as witnessed during

the 2009 H1N1 influenza pandemic [341], or by social media and the anti-vaccination movement [13,

54, 64, 156].

A great deal of work has explored how to model the influence of human behavior on the spread

of infectious diseases [152, 444]. In this Chapter, I focus on risky behaviors affecting disease

transmission that are associated with misinformed individuals. Misinformation spreading on social

networks has been linked to poor compliance with COVID-19 public health guidance [371]. Greater

exposure to unreliable news articles about COVID-19 vaccines has been linked to an increase in

vaccine hesitancy and a decrease in vaccination rates at both state and county levels in the United

States [339, 356]. Exposure to online misinformation has also been shown to increase vaccine

hesitancy in laboratory experiments [257]. This is particularly detrimental during vaccination

campaigns as clusters of individuals adopting anti-vaccination opinions can make it challenging
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for a population to reach herd immunity [80, 381]. Proper management of epidemic crises in the

modern age thus requires the understanding of the complex relationship between the spread of

(mis)information through online social networks and the spread of disease through physical contact

networks (Fig. 6.1).

Agent-based simulations have shown that misinformation may impede the suppression of epi-

demics in various ways [51, 294, 344, 401]. One model estimated that between March and November

2021, misinformation caused at least 198 thousand additional COVID-19 cases, 2,800 additional

deaths, and $299M in additional hospital costs in Canada [188]. However, there is a growing need

to strengthen the connections between simulation results and real-world outcomes by integrating

real-world data from social media [37, 402].

I address this challenge by proposing an epidemic model that incorporates both the distribu-

tion of misinformed individuals and a physical mobility network. Specifically, I extend the classic

Susceptible-Infected-Recovered (SIR) framework by introducing a subpopulation of misinformed

individuals, resulting in a new model I refer to as the Susceptible-Misinformed-Infected-Recovered

(SMIR) model. I first analyze the SMIR model using mean-field techniques, then scale up to

large-scale agent-based simulations informed by empirical data. In particular, I examine how the

misinformed subpopulation influences the broader population using a multi-level agent-based simu-

lation grounded in two large, data-informed networks: a social network through which misinforma-

tion spreads, and a contact network through which the disease propagates. The contact network,

consisting of approximately 20 million nodes, is constructed using large-scale Twitter data, county-

level voting records, and cell phone mobility data. To evaluate the potential impact of misinformed

individuals on disease spread, I simulate extreme values of the epidemic transmission parameter,

providing quantitative bounds on the best- and worst-case scenarios. This approach enables us

to move beyond simplified experimental settings and assess the real-world harms of misinforma-

tion [421].
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Figure 6.1: The spread of misinformation affects the transmission of disease. (A) Schematic illustration of
the misinformation and contact networks. Online social networks foster misinformation dissemination while
physical contact networks, such as those that connect co-workers in an office or pupils in a school, facilitate
disease transmission. Dotted links indicate that the same people participate in both networks, which have
different topologies; e.g., the information network tends to have stronger political homophily while the contact
network tends to have stronger geographic homophily. I focus on the impact of misinformation spread on
disease transmission (downward arrow), while the opposite effect (upward arrow, e.g., individuals ceasing
to share misinformation due to illness) falls outside the scope of this investigation. (B) A contact network
based on 0.01% county population samples. Nodes are sized based on degree (number of contacts). In a
scenario with limited spread of misinformation (black nodes in C), the simulations of disease spread leads
to a number of infected individuals (red nodes in D). In a scenario where the misinformation spreads more
widely (purple nodes in E), more individuals get infected (yellow nodes in F).
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6.1 Methods

Twitter and derived data. Twitter posts in the CoVaxxy dataset [116] were collected in real

time via the stream/filter endpoint of the Twitter Application Programming Interface (API). To

capture the online discourse surrounding COVID-19 vaccines in English, a comprehensive set of

English-language keywords was carefully curated. Beginning with the initial seeds of “covid” and

“vaccine,” a snowball sampling technique [120] was used to identify co-occurring relevant keywords

in December 2020 [116]. The resulting list contained almost 80 keywords, available online [115].

To confirm the relevance of the collected tweets to the topic of vaccines, I examined the coverage

obtained by incrementally adding keywords, starting with the most common ones. Over 90% of the

tweets in 2021 contained at least one of the three most common keywords: “vaccine,” “vaccination,”

or “vaccinate.” To infer the location of accounts, I used the Carmen Python library [124] that

leverages self-reported location metadata within user profiles (embedded in tweets). As an account’s

location may change over time (captured across multiple tweets), I utilize the most recent location.

I geolocate 2,047,800 users residing in all 50 U.S. states, who shared a total of 25,806,856 tweets

by mapping self-reported locations to U.S. counties. The information network is constructed from

accounts in 341 counties that contain more than 200 Twitter users each. Political alignment is

estimated using a third-party list of annotated news sources [360, 361]. It is averaged across all the

sources shared by each account. Nodes with an estimated alignment greater (smaller) than zero

are considered Republican (Democrat). I infer the political alignment of some additional accounts,

who did not share links to news sources, using a label-propagation algorithm [93] on the retweet

network. If all of a node’s neighbors have political alignment scores, its score is estimated using

the weighted average of its neighbors, with weights based on retweets. The process is iterated until

each node without a score has at least one neighbor without a score. Misinformation is defined at

the source level. Tweets containing links to articles from a list of low-credibility sources compiled
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by NewsGuard (score below 60) are labeled as spreading misinformation. This approach is common

practice and has been validated in the literature [49, 174, 237, 339, 388].

Contact network edges. To construct edges in the contact network, I utilize SafeGraph cell-

phone mobility data [483], which contains information on the number of people residing in over 200K

Census-Block-Groups (CBG) who visited 4.3M Points-of-Interest (POI) in the United States. This

data has been widely employed to study human mobility patterns during the COVID pandemic. I

used the average daily number of individuals moving during 2019, as a reference for business-as-

usual mobility, and aggregated all CBGs and POIs at the county level. This aggregation results

in a county-by-county matrix L, where each element Lxy represents the average daily number of

individuals in county x moving to county y or vice versa. I then normalized Lxy to obtain the

average probability of individuals in counties x and y coming into contact, and multiplied by the

total number of edges to obtain the expected number of connections between individuals in counties

x and y: Exy =
Lxy∑

x′,y′ Lx′y′
k̄N
2 where the sum is over all county pairs and k̄N

2 is the total number

of edges. Next, I create a physical contact network with N nodes by following a procedure akin

to a stochastic block model [211] used to generate networks with localized communities. For each

pair of distinct locations x and y, I draw Exy edges between random pairs of nodes in x and y.

Additionally, I draw Exx edges among random pairs of individuals within the same location x,

representing homogeneous mixing within each county. At the end of the process, the network has

the target average degree k̄. I use k̄ = 25 and show how this parameter affects the infections in the

Robustness analyses section.

Simulation details. Agent-based SMIR simulations are initiated by randomly selecting 100 mis-

informed nodes and designating them as infected. The disease spreading dynamics are then sim-

ulated for 100 steps, which correspond to days. To align with COVID-19 dynamics, I utilize the
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CDC’s recommended quarantine period of 5 days as the recovery period [76] (γ = 0.2). Each

simulation is repeated ten times, and the average outcome is reported.

6.2 Results

6.2.1 SMIR model

For both the ordinary and misinformed subpopulations, the Susceptible Misinformed Infected Re-

covered (SMIR) model replicates the standard SIR compartments, denoted as SO/IO/RO and

SM/IM/RM , respectively. SMIR adopts distinct transmission parameters for the misinformed

(βM ) and ordinary (βO) groups. (In the agent-based model, these are proportional to pM and pO,

respectively.) The mean-field approximation assumes that the population is well mixed, ignoring

the empirical network structure, and that infected individuals from either group (IO + IM ) can

potentially infect anyone in the susceptible populations. The mean-field model is governed by the

following system of equations:


dSO
dt = −βOSO(IO + IM ), dIO

dt = βOSO(IO + IM )− γIO,
dRO
dt = γIO

dSM
dt = −βMSM (IO + IM ), dIM

dt = βMSM (IO + IM )− γIM , dRM
dt = γIM .

(6.1)

To model homophily, I modify the term IO + IM in Eq. 6.1 to account for increased (decreased)

contacts within (across) groups, according to the parameter α ≥ 0.5. When homophily does not

play a role (α = 0.5), there is an equal probability of interacting with either subpopulation’s infected

group. I thus obtain:


dSO
dt = −2βOSO(IOα+ IM (1− α)), dIO

dt = 2βOSO(IOα+ IM (1− α))− γIO,
dRO
dt = γIO

dSM
dt = −2βMSM (IO(1− α) + IMα), dIM

dt = 2βMSM (IO(1− α) + IMα)− γIM , dRM
dt = γIM .

(6.2)
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Figure 6.2: Reducing the transmission parameter βO decreases the severity of the epidemic. I plot
(a) the proportion of the population infected each day, (b) R0 values for the ordinary population,
and (c) the total proportion of the population infected as βO varies. In (a), the curve for βO = 0.2
is difficult to see because the proportion of the population infected remains very low throughout
the simulation. Here I do not consider the role of misinformation or homophily.

Let us denote the proportions of misinformed and ordinary individuals as µ and 1 − µ, re-

spectively. A proportion ϵ = 0.001 of the population is initially infected, split evenly between the

ordinary and misinformed groups. Thus, during the initial state, I have initial values for each

compartment: RO = RM = 0, SO = µ− ϵ
2 , SM = 1− µ− ϵ

2 , IM = ϵ
2 , and IO = ϵ

2 .

6.2.2 Mean-field analyses

To identify a suitable base value for the transmission rate among ordinary susceptibles, I begin

by exploring the scenario with no misinformed individuals (µ = 1), setting γ = 0.2 and varying

the transmission parameter in the range 0.02 ≤ βO ≤ 1. As is typical of SIR dynamics, Fig. 6.2

shows that lower βO values delay and lower the infection peak — the so-called “flattening of the

curve.” Lower βO also decreases the total proportion of the population that becomes infected at

any point during the epidemic, while higher βO values increase this proportion. These dynamics

are tied to the basic reproduction number R0 = β/γ: the disease spreading dynamics only reach
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Figure 6.3: Effects of varying the recovery rate. I plot (a) the proportion of the population
infected each day, (b) R0 values for the ordinary population, and (c) the total proportion of the
population infected as a function of the number of days to recover, τ . Here I do not consider the
role of misinformation or homophily.

epidemic levels when R0 > 1, such that an infected individual infects more than one other person

on average. This happens when βO > 0.2. As R0 increases, the infection spreads more quickly, the

peak infection day occurs sooner, and the proportion of the population that is ultimately infected

increases.

I now explore the effect of the recovery rate, again in the scenario with no misinformation or

homophily, by setting βO = 0.3 and varying the recovery period τ = 1/γ between 1 and 20 days.

Fig. 6.3 shows that when τ < 4, R0 < 1 and the disease does not reach epidemic proportions. At

this level, the epidemic takes a long time to reach its peak (≈80 days). Increasing τ means that

individuals remain infected longer, so the population gets infected faster and the peak infection is

reached more rapidly.

In summary, the effects of varying the transmission and recovery parameters are predictable:

lower β and higher γ “flatten the curve” and reduce the negative outcomes of an infection. Based

on these explorations I set τ = 5 (γ = 0.2) to align with quarantine recommendations from the
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Figure 6.4: Increasing λ = βM/βO accelerates and amplifies the infection. I use γ = 0.2, and
µ = 0.5. (a) Overall proportion of the population infected as a function of λ, for different values of
βO. (b) Proportion of the population infected on each day, for different values of λ using βO = 0.3.
(c) Extra proportion of the total population that is infected as a function of λ (βO = 0.3).

CDC[76]. I further set βO = 0.3 such that the basic reproduction number is R0 ≥ βO/γ = 1.5 to

ensure epidemic spread within the ordinary population.

Effect of risky behaviors

To explore the effects of risky behaviors by misinformed individuals, let us assume two equally-sized

subpopulations (µ = 1/2) and introduce the scaling factor λ = βM/βO ≥ 1. Fig. 6.4(a) illustrates

the increasing negative impact of the misinformed subpopulation on the disease-spreading dynamics

as λ becomes larger. If the ordinary population has very low βO, λ has to be very high for the

misinformed population to have an effect. On the other hand, if βO is large enough, increasing λ

leads to a ceiling effect, as βM cannot exceed one. The social cost associated with the more risky
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Figure 6.5: Increasing the initial proportion µ of the population that is misinformed, as well as
βO, increases (a) the size of the network that becomes infected and (b) the average R0 across the
population. Here, I fix λ = 100 to match the ratio used in the main text.

behaviors by the misinformed group is passed on to the whole network. For example, when λ = 3.0,

peak infection for the entire population is reached 38 days earlier than in the λ = 1 case (day 22 vs.

60; Fig. 6.4(b)), leading to an additional 29.3% of the population becoming infected (Fig. 6.4(c)).

I further explore how the initial size µ of the misinformed population affects the total proportion

of the network that ultimately gets infected. I consider various values of βM and βO such as to

capture the same λ = βM/βO = pM/pO = 100 as in the main text. When µ and βO are both low,

the misinformed population has no impact on the infection (Fig. 6.5(a)), as R0 < 1 (Fig. 6.5(b)).

However, increasing either parameter crosses the epidemic threshold (R0 > 1) so that a significant

portion of the population gets infected.
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Figure 6.6: Homophily in the contact network worsens the infection among misinformed individ-
uals, especially for lower transmission rates. The combined effects of transmission and homophily
parameters, βO and α, are examined with the mean-field approximation when λ = 3, γ = 0.2,
and µ = 0.5. I plot the proportions of infected individuals in (a) the ordinary population, (b) the
misinformed population, and (c) the overall population. The maximum proportion of the over-
all population infected for each βO is marked with a black dot. When the transmission rate is
sufficiently high, homophily benefits the entire population but harms the misinformed group.

Effect of homophily

Let us explore the effect of homophily among the ordinary and misinformed subpopulation networks.

Homophily means that infected individuals are more likely to interact with (and infect) susceptibles

from the same subpopulation (ordinary or misinformed) than the other group. The degree of

homophily is modeled by a parameter α. When α = 0.5, individuals are equally likely to interact

within and across groups (no homophily), whereas α = 1 is the case when homophily is strongest

and the subpopulations do not interact with each other (see Methods for details).

Fig. 6.6 illustrates the effects of homophily (0.5 ≤ α ≤ 1) for different levels of ordinary trans-

mission (0.1 ≤ βO ≤ 0.4). For less infectious disease (low βO), increasing homophily significantly

harms the misinformed group (Fig. 6.6(b)): the infection remains confined within this group. There

is no discernible effect on the ordinary population as long as the two groups interact; when they

do not (α = 1), I observe a sharp reduction in infections (Fig. 6.6(a)). For 0.12 < βO < 0.16, peak

infection scenarios coincide with intermediate homophily levels, as indicated by the black dots in

Fig. 6.6(c) [301]. Under these conditions, while increased homophily decreases infections in the
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general populace, it significantly worsens outcomes for the misinformed group (compare Fig. 6.6B

and C). As βO increases further, while nearly the entire misinformed population becomes infected

regardless of α (Fig. 6.6(b)), high homophily shields the full population (Fig. 6.6(c)): ordinary in-

dividuals have a lower risk of becoming infected through interactions with misinformed individuals.

In summary, homophily offers greater protection to the ordinary group by isolating misinformed

communities, which suffer a greater disease burden, exacerbating health disparities [375, 397].

6.2.3 Agent-based analyses

I utilize a multi-level, agent-based model to examine the influence of misinformation on epidemic

spread. This approach combines an empirically derived information network with a contact net-

work calibrated with real-world data, as illustrated in Fig. 6.7. Information diffusion is modeled

by leveraging a large set of users of a popular social media platform. Epidemic simulations are

subsequently conducted on contact networks populated with misinformed individuals.

I start from a large collection of English-language discussions taking place on Twitter about

COVID-19 vaccines [116]. From approximately nine months of this data (Jan. 4–Sep. 30, 2021),

I geolocate over 2 million U.S. users who shared almost 26 million tweets and focus on accounts

in 341 U.S. counties containing more than 200 Twitter users each. I also infer an account’s polit-

ical alignment and whether they shared any likely misinformation (see Methods). Twitter is not

representative of the U.S. population, and people also access information in other ways, such as

traditional media and word of mouth. However, this social media platform serves as one large,

realistic network through which people share information about the disease.

With this data, I build a directed and weighted information diffusion network, in which an edge

(i → j, w) indicates that j retweeted i w times. There are various ways to model the infodemic [101].

I simulate the spread of misinformation on this network, as illustrated in Fig. 6.7A. Accounts that

share or reshare posts containing misinformation are considered misinformed. These accounts serve
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Figure 6.7: An idealized example of the multi-level modeling framework. (A) Spread of misinformation
through an information network (dashed lines). Colors represent ideological homophily. Nodes with bold
borders are misinformed about the epidemic. The misinformation spreads through a complex contagion
(linear threshold) model; two scenarios show that a lower threshold ϕ leads to more misinformed nodes.
(B) Construction of the contact network (solid lines) for counties with sufficient information diffusion data
(in black) to provide reasonable estimates about the fraction of misinformed individuals. Note that these
counties account for 63.52% of U.S. voters. Each location’s population size and ideological mix are based
on empirical data, and misinformed individuals are based on the information diffusion model. Links among
individuals within and between locations are based on empirical mobility data. (C) The infection spreads
through the contact network (black nodes), according to the SMIR model.

125



as the initial seeds from which misinformation proliferates, with exposure to this content likely

concentrated within the wider network [63]. Many users may not actively participate in content

sharing; for instance, only about half of U.S. Twitter users engage in sharing [314]. Even without

active sharing, exposure to misinformation or misleading content can still influence individual

behavior [13, 257].

To account for users who may be misinformed through exposure, I employ a single-step linear

threshold opinion-spreading process [171]. While many social influence models have been pro-

posed [72], this is a simple way to capture complex contagion, according to which individuals may

require multiple exposures to misinformation before they become misinformed themselves [77, 284,

460]. Let a linear threshold ϕ represent the minimum number of misinformed friends needed for an

ordinary node to become misinformed. If the total number of misinformed friends of i is greater

than or equal to ϕ, i is marked as misinformed (M). The remaining nodes are marked as ordi-

nary susceptibles (O). We can interpret ϕ as a measure of “resilience” to misinformation; as it

increases, individuals require more exposure to misinformation to be converted to the misinformed

group. Conversely, we can think of ϕ as inversely related to intent or motivation to engage with

low-credibility content [393]. Note that since we explore the full range of ϕ values, the following

results are unaffected whether the threshold is defined based on the number of users or the number

of retweets.

Fig. 6.8A shows how ϕ influences the number of misinformed individuals within the retweet

network. With strong resilience (ϕ > 10), exposure to misinformation does not have much effect

and few nodes are converted to the misinformed group. Conversely, when resilience to misinforma-

tion is very low (as in the simple contagion case ϕ = 1), all nodes exposed to a misinformation-

containing post are converted to the misinformed group. Through this process, empirically observed

misinformation-sharing behavior leads to information networks with misinformed subpopulations

of varying sizes based on different ϕ values.
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Figure 6.8: More misinformed individuals lead to a larger portion of the network becoming infected. De-
creasing the resilience ϕ (A) increases the size of the misinformed subpopulation, leading to (B) faster
infection spreading and (C) a greater cumulative number of infections. In panels (B, C), lines and corre-
sponding shaded regions represent the mean and standard deviation across simulations, respectively.

I generate contact networks for different thresholds (1 ≤ ϕ ≤ 20) to compare the impact of

misinformed subpopulations of different sizes. Given a threshold ϕ and the corresponding infor-

mation network, I aim to construct a physical contact network containing empirically calibrated

misinformed subpopulations (Fig. 6.7B). The process begins by selecting a sample of individuals

from each county within the information network. As party affiliation has been identified as a risk

factor associated with excess mortality during the COVID-19 pandemic [452], county samples are

constructed to match the percentage of Republicans and Democrats who voted in the 2020 U.S.

presidential election. For each county, I add the sampled nodes to the physical network marked

as misinformed (M) or ordinary susceptible (O), based on their label within the retweet network.

Sampling with replacement allows us to select individuals such that the overall proportions of Re-

publicans and Democrats match the voting records. A 10% sample leads to N ≈ 20 million nodes.

A network based on a much smaller sample is illustrated in Fig. 6.1B. This process captures em-

pirical measurements of the ideological split, relative population size, and quantity of misinformed

individuals in each county. It also allows us to account for the known link between the ideological

motivations of users and their exposure to misinformation [63, 339]. I add contact network edges by
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leveraging cell phone mobility data that provides the probability of an individual traveling within

and between counties. See Methods for details.

Disease-spreading dynamics on the contact network are simulated using the SMIR model (Fig. 6.7C).

As in the standard SIR [20], a parameter β describes the average number of infected individuals

generated by an infected individual in a time unit. I can express β = pk̄ in terms of two critical

parameters that affect the spreading dynamics: the density of the contact network, captured by its

average degree k̄, and the transmission probability p. Infected individuals recover with rate γ.

I extend this epidemic model to account for misinformed and ordinary subpopulations. Ordi-

nary individuals are considered to be well-informed about public health guidelines, such as social

distancing, mask-wearing, and vaccination. Mitigation measures such as social distancing decrease

k̄, while those such as masking and vaccination decrease p. Misinformed individuals, having been

exposed to untrustworthy information, are assumed to be less likely to follow these recommended

behaviors, thereby increasing the risk of infection for themselves and others [102]. A simple way

to model the combined effects of misinformation on these behaviors through a single parameter

is to set k̄ = 25, a high value corresponding to the average number of daily contacts prior to the

COVID-19 pandemic [254], and use extreme values of p to capture worst- and best-case scenarios.

An effective reduction of contacts, resulting for example from social distancing or lockdowns, can

be captured by decreasing the p parameter.

I therefore model the refusal of any mitigation measures by selecting the maximum value pM = 1

for misinformed individuals. In contrast, I model the adoption of several mitigation measures by

selecting an extremely small value pO = 0.01 for ordinary individuals. The former scenario portrays

a realistic number of interactions during non-pandemic times, accompanied by high transmission

rates due to the absence of preventive measures, such as social distancing, mask-wearing, or vac-

cinations. The latter demonstrates decreased daily interactions and reduced transmission rates

resulting from the implementation of these preventive measures. Using the empirically calibrated
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contact networks in conjunction with these extreme parameters, the simulation approach allows

us to bound the best- and worst-case scenarios in a data-informed manner (see Methods for more

information).

The effects of the misinformed subpopulation size on the daily incidence of infection (illustrated

in Fig. 6.1C-F on a small network) are quantified in Fig. 6.8B on a large network (10% sample).

The worst case capturing a heavily misinformed population (ϕ = 1) corresponds to an additional

9% of the population being infected at peak time (a six-fold increase) compared to a resilient

population following expert guidance in the best-case scenario (ϕ = 20). The peak also occurs

approximately two weeks earlier. The cumulative effect is also significant, with an additional 14%

of the population infected over the course of the epidemic compared to case with a more resilient

population — a 32% relative increase (Fig. 6.8C).

6.2.4 Robustness analyses

To test the robustness of the main results (Fig. 6.8C) with respect to the sample size used to

construct the contact network, all simulations were rerun after generating contact networks based

on the different sampling percentages between 0.01% and 10%. Fig. 6.9 shows the relative increase

in the percentage of the population that becomes infected as a function of the linear threshold

ϕ, using the best-case scenario in which the fewest nodes in the network are misinformed as the

baseline. I observe a substantial decrease in the effect of misinformation as the sampling size grows

to 1%. However, sample sizes above 1% return nearly identical results. I conclude that using a

sample size of 10% (as reported in the main text) is sufficient to rule out any size-induced bias.

Fig. 6.10 illustrates the impact of the contact network density (k̄) on infection dynamics, for

5 ≤ k̄ ≤ 25. I consider this range because k̄ = 25 represents pre-pandemic daily social contacts

while k̄ = 5 represents COVID-19 lockdown conditions[254]. As expected, Fig. 6.10(a) demon-

strates that higher k̄ leads to increased infections through the population, since the higher contact
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Figure 6.9: Relative increase in the mean total population infected as a function of the sampling
size utilized in the contact network creation process. The ϕ = 20 scenario, in which the fewest
nodes in the network are misinformed, is utilized as the baseline.

density provides more opportunities for transmission. But while a larger percentage of the overall

population is infected, the relative effect of misinformed individuals decreases. This is because,

at higher k̄ values, the infected population is already substantial even in the low-misinformation

(ϕ = 20) baseline. The combined effect of these two opposing trends, as shown in Fig. 6.10(b),

is that the additional percentage of infected individuals relative to the ϕ = 20 scenario reaches a

maximum for some intermediate k̄. Fig. 6.10(b) also shows that, consistent with the primary find-

ings, increasing ϕ (misinformed resilience) decreases the infected population. In the main analysis

I focus on k̄ = 25 and model an effective reduction of contacts by decreasing the p parameter.
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Figure 6.10: Effects of average contact network degree k̄ on infection dynamics. (a) Infected
individuals (ϕ = 1) as a percentage of the overall population and relative to the baseline condition
ϕ = 20, in which the fewest nodes in the network are misinformed. (b) Additional percentages of
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6.3 Discussion

Exposure to online health misinformation is associated with risky behaviors such as vaccine hesi-

tancy and refusal [339]. There is also experimental evidence suggesting a causal link [13, 257, 422].

While one study found no evidence that misinformation reduces intent to vaccinate, the authors

report that they did not have sufficient power to detect small effects [342]. Assuming an associ-

ation exists between exposure to health misinformation on one particular social media platform

and risky behaviors, this work uses large-scale epidemic simulations to further link the behaviors

of misinformed individuals to an accelerated spread of disease. The model I utilize for simulations

is anchored in empirical data [37, 402] to explore potential outcomes.

Agent-based simulations of the SMIR model let us study the epidemic on empirically calibrated

contact networks. By comparing a worst-case scenario, in which individuals become misinformed

after a single exposure to low-credibility content, to a best-case scenario where the population is

highly resilient to misinformation, the model estimates that the peak of the infection is amplified
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by a factor of six and accelerated by two weeks. This would result in an additional 14% of the pop-

ulation becoming infected — nearly 47 million Americans based on recent U.S. Census data [441].

The corresponding price tag of vaccine misinformation would be over $143B, using estimated health

care costs associated with COVID-19 in the U.S. [34].

While these figures are based on extreme scenarios, they represent an alarming bound on the

harm of exposure to online vaccine misinformation. They should provide public health authorities as

well as social media platforms with heightened motivation to curb vaccine misinformation, despite

the difficulties posed by social media design [56].

These results do not address the differential effects of the epidemic on the two populations of

ordinary and misinformed individuals. I carry out such an analysis using a mean-field approximation

of the model, which assumes all individuals have an equal chance of interacting. The mean-field

model demonstrates how the risky behaviors of misinformed individuals can adversely impact those

following public health guidelines, worsening outcomes for the entire population. Additionally, I

use the mean-field model to explore the role of homophily in the population, i.e., scenarios where

misinformed individuals are more likely to be connected to other misinformed individuals and

similarly for the ordinary population. I find that increasing homophily can benefit the overall

population by protecting ordinary citizens; however, it may also lead to higher infection rates

within the misinformed subpopulation.

I acknowledge several limitations in my approach. The model assumes the existence of a causal

link between exposure to online misinformation and the adoption of risky behaviors. There is a

need for models that can provide support for this assumption beyond existing lab experiments [13,

257].

Using empirical retweet data as a proxy for social connections may not capture potential passive

exposure to misinformation. While follower relationships could diminish this limitation, this choice

allows us to focus on users who are more likely to be impacted due to their active engagement.
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I model a single wave of infection with somewhat arbitrary extreme-case parameters (pO =

0.01, pM = 1). A broader range of values is explored in a mean-field scenario, along with the effect

of the size of the misinformed population. Of course, as pO → 0, only the misinformed population

can get infected in the model. However, since the mean-field scenario ignores the network structure,

its results cannot be directly compared to those of the agent-based model. COVID-19 saw multiple

waves of infection with different variants, varying reproduction numbers, levels of immunity, and so

on. Future work should attempt to quantify the potential effects of misinformation in more realistic

scenarios, where the key parameters pM and pO could be calibrated on empirical surveillance data

from particular regions and time periods.

I also assume uniform resilience to misinformation for all individuals during the information

diffusion process, although this attribute likely differs across individuals. Future directions could

involve more sophisticated models to account for these heterogeneities. For instance, cognitive

models of misinformation acceptance [47] could be incorporated into the simulation with misinfor-

mation exposure data collected from social media. Such integration would enable the transition

of individuals from ordinary to misinformed susceptible states throughout the simulation, allowing

for a simultaneous examination of opinion and disease dynamics. Some theoretical models have

already explored similar approaches and obtained results that align with these findings [294, 401].

Finally, although individual beliefs and behaviors may vary over time, the SMIR model simpli-

fies the scenario by dichotomizing individuals into misinformed and ordinary subpopulations and

assuming constant transmission rates. Future extensions of the model could account for a feed-

back loop whereby witnessing local infections could drive changes in behaviors equivalent to the

transition of individuals out of the misinformed population [485].
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Part III

Fact-checking with large language models
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Chapter 7

Fact-checking information generated by large language models can decrease

headline discernment

As in any fairytale, accepting magical assistance comes with risks.

– Underwood [440]

Digital misinformation has rapidly become a critical issue of modern society [237, 248]. Re-

cent work suggests that misinformation can erode support for climate change [43, 443], contribute

to vaccine hesitancy [257, 339, 356], exacerbate political polarization [435], and even undermine

democracy [442]. As a mitigation strategy, fact checking has proved effective at reducing people’s

belief in [52, 310, 453] and intention to share [479] misinformation in various cultural settings [343].

However, this approach is not scalable, greatly limiting its applications [333].

To tackle this challenge, researchers and social media platforms have been exploring automated

methods [239] to detect misinformation [392, 490] and fact-check claims [87, 172, 184, 239, 298, 474].

A robust fact-checking system must possess the ability to detect claims, retrieve relevant evidence,

assess the veracity of each claim, and yield justifications for the provided conclusions [179, 486].

Previous work attempting to meet these goals typically adopts cutting-edge artificial intelligence

(AI) methods, specifically natural language processing. Nevertheless, building a functional system

that can handle the vast volume of digital information on the internet, spanning various contexts

and languages, remains a daunting task.

Recent advances in large language models (LLMs) may appear to provide a feasible path for-

ward. Trained on massive datasets of text from the internet, including news articles, books, and
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websites [58], these models are knowledgeable about a wide range of topics and have shown im-

pressive performance on tasks such as text summarization and named entity recognition [349, 480].

Outside the laboratory, LLMs have demonstrated remarkable abilities, even passing challenging

exams designed for humans [213, 316].

Analyses of ChatGPT, a prominent LLM, suggest it can rate the credibility of news outlets [475]

and has great potential to fact-check claims [190, 227, 352], especially when augmented with addi-

tional data [489]. Messages provided by LLMs to correct social media misinformation can be better

than corrective messages generated by humans [186]. These models can generate convincing justi-

fications for the information they provide and even engage in conversations with users to provide

additional context and facilitate understanding in multiple languages. Such capabilities of LLMs,

coupled with open-sourcing efforts [95, 416], create a favorable environment for the development of

scalable and reliable AI systems that can verify substantially more claims on the internet than is

currently possible.

However, realizing this potential requires humans to integrate LLMs into the digital information

ecosystem effectively. Unfortunately, human-AI interaction is notoriously complex [182]. Prior work

has shown that AI is often seen as objective [109, 412–414], yet trust in AI depends on various

factors such as individual expectations [261, 279], system interactivity [391, 399], and whether the

AI provides information about its recommendations [32, 487].

In the present context, it remains unclear how humans would interact with fact-checking infor-

mation provided by state-of-the-art LLMs. Therefore, a thorough analysis of this misinformation

intervention is necessary before deploying models in the wild. To this end, we conduct a preregis-

tered [117], randomized controlled experiment to examine the causal effects of viewing fact-checking

information provided by ChatGPT 3.5 on individual beliefs in and intention to share political news

headlines. We selected ChatGPT for our study despite it not being specifically tailored for fact-

checking. This decision was driven by its widespread public availability and use as well as the
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promising results emerging from tests of its claim verification capabilities at the time [190, 227,

352].

7.1 Methods

7.1.1 Experimental design

We recruited a representative sample of N = 2,159 U.S. participants (see Participant sampling for

more information). All participants were presented with the same 40 real political news stories,

which included a headline, lede sentence (if present), and image. Half of these headlines were true

and the other half were false. Half were favorable to Democrats and the other half were favorable

to Republicans (see Methods for details).

Participants were separated into “belief” and “sharing” groups in which they were asked to

indicate, respectively, whether they believed headlines to be accurate or would be willing to share

them on social media. The response options for both questions were “Yes” or “No.” These questions

were asked separately as priming individuals to think about headline veracity can alter sharing

behavior [331, 333]. Each group included four conditions: a control group and three treatment

conditions. In the human fact check condition, participants were presented with traditional fact

checks generated by humans. The other two conditions emulated hypothetical scenarios for an

automated fact-checking system on a social media platform: treated subjects were either forced

to view fact-checking information provided by ChatGPT (LLM-forced) or given the option to

reveal that information by clicking a button (LLM-optional). ChatGPT fact-checking information

was identical for all treated subjects and presented directly below the corresponding headline.

Participants in the LLM treatment conditions were informed that the fact checks were generated

by ChatGPT, while those in the human fact checks condition were only informed that they would

receive fact-checking information. Subjects in the control condition were only shown headlines and
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asked the belief/sharing question without being exposed to any fact-checking information. The

experimental design is illustrated in Fig. 7.1a.

All participants began by completing a brief survey, followed by exposure to their respective

experimental conditions, followed by another brief survey and debriefing. Regardless of the con-

dition, all participants saw the same headlines in random order. These stimuli were presented

simultaneously with fact-checking information or questions about viewing fact checks (depending

on experimental condition) along with questions regarding individual belief and sharing intention.

Participants who failed an attention check were excluded from the study. Further details can be

found in the Attrition section.

Unless otherwise stated, all P values presented here are generated with two-tailed Mann-

Whitney U tests and adjusted with Bonferroni correction for multiple comparisons. In the Regres-

sion analyses section, we also report on linear regression for all results, employing robust standard

errors clustered on participant and headline.

7.1.2 Participant sampling

We utilized Qualtric’s quota-matching system to ensure that our sample matched the United States

population with respect to gender, age, race, education, and partisanship. We utilized 2020 U.S.

Census [438] and Pew Research [337] data as references for our quota criteria, which Qualtrics

guaranteed with a ±5% accuracy. We conducted χ2 tests to compare the distributions across the

above dimensions for each experimental condition (control vs. LLM-optional vs. LLM-forced vs.

human fact check), for both belief and sharing groups. We find one significant difference: in the

belief group only, participants in the human fact check condition were more educated (i.e., held

degrees) than those in the LLM-optional condition. Our analyses do not make comparisons between

these two groups and our main results are confirmed by regression analyses that account for this

and other factors. After sampling, data for 2,159 participants were collected. In the belief group,
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the control, LLM-optional, LLM-forced, and human fact check conditions had 241, 261, 247, and

300 participants, respectively. In the sharing group, the control, LLM-optional, LLM-forced, and

human fact check conditions had 267, 263, 269, and 311 participants, respectively. The drop-

out rate was low (between 1%–6%) across experimental conditions (see Attrition). All subjects

confirmed their consent to participate in this study, which was approved by Indiana University’s

IRB (protocol 1307012383).

The data for the control, LLM-optional, and LLM-forced conditions were collected in March

2023. At the request of reviewers, data for the human fact check conditions were gathered later,

from March to June 2024. All data were collected following the same protocols. Participants were

randomly assigned to one of the conditions at their respective times of collection.

In our final sample, females comprised 53.40% of the sample, males 46.46%, and other genders

0.14%. Age segments were 65+ (21.07%), 55-64 (16.91%), 45-54 (17.60%), 35-44 (17.09%), 25-

34 (17.88%), and 18-24 (9.45%). Race percentages were: White (60.17%), Hispanic or Latino/a

(17.46%), Black or African American (13.43%), Asian (5.51%), and Other (3.43%). Slightly more

than half of the sample (51.92%) had less than a college education, while 48.08% had a college

degree. With respect to party identification, 50.72% identified as Democrat or Democrat-leaning,

43.68% as Republican or Republican-leaning, and 5.60% as Independent.

The sampling plan for the control, LLM-optional, and LLM-forced conditions, for both the

belief and sharing groups, was preregistered[117] with the goal of obtaining .95 power to detect a

small effect size of .1 at the standard .05 error probability with two-by-three-level between-subject

manipulations ([Belief vs. Sharing groups] × [Control, LLM-forced, LLM-optional conditions]).

Power analysis by the G*Power[137] software suggested a minimum number of 44 subjects per

condition (N = 264), but we aimed for a larger target sample size ofN = 1,500 (250 participants per

condition) to increase the precision of our measurements. As noted in the Materials and Methods,

data for the human fact check conditions were gathered later at reviewers’ request. Gathering this
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data required larger sample sizes to meet the minimum spending threshold of our survey partner

(Qualtrics) for both the belief and sharing conditions (300 participants per condition).

7.1.3 News story stimuli

We utilize 40 real news headlines that are related to US politics, balanced in terms of partisan-

ship, believability, and the likelihood of being shared. These headlines were generated for another

study [138]. Half were true and half false. Each story included a headline, a lede sentence (if

present), and an image. All headline stimuli are included in our preregistration [117].

The news headlines used as stimuli were selected from a project aimed at comparing misin-

formation interventions[138]. Specifically, 40 headlines were selected from a set of 317 political

news stories using a pretest approach[329, 330, 332] to balance the selected headlines in terms of

partisanship, believability, and the likelihood of being shared.

The 20 false headlines were originally selected from a third-party fact-checking website (snopes.com),

ensuring their falsehood. The 20 true headlines were all accurate and selected from mainstream

news outlets (e.g., New York Times, Washington Post, Fox News, and Wall Street Journal) to be

roughly contemporary with the false news headlines.

The claims were presented in a digital format resembling popular social media platforms, com-

monly known as the “Facebook format”[331], which includes an image, the article headline, and a

lede sentence (if present). See the Headlines and fact checks section for all stimuli text.

7.1.4 LLM fact checks

Fact-checking information was generated by submitting to ChatGPT the prompt “I saw some-

thing today that claimed <HEADLINE TEXT>. Do you think that this is likely to be true?”

This prompt was designed to capture a realistic scenario in which someone uses an AI chatbot to

fact-check a headline to which they were exposed. All fact checks are included in our preregistra-

tion [117]. To quantify and account for ChatGPT’s fact-checking accuracy, the first three authors
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independently labeled the fact-checking information as either “True,” “Unsure,” or “False.” Final

annotations were based on the majority labels (Krippendorff’s α = 0.79).

A new ChatGPT session was created on the publicly available OpenAI website (chat.openai.com),

where the headline text was inserted into a prompt asking, “I saw something today that claimed

<HEADLINE TEXT>. Do you think that this is likely to be true?” The source of an article (e.g.,

“nytimes.com”) was excluded. If an article’s lede sentence was shown in the stimulus image, it was

also included in the prompt, separated by a colon. The prompt for each headline was provided

to ChatGPT only once, and the response was saved as a screenshot. All headlines were generated

on January 25, 2023, between 12:30–8:00pm Eastern Standard Time. According to the release

notes[315], the language model utilized by ChatGPT at that time was a version of GPT-3.5 that

has since been updated and is no longer available. See the Headlines and fact checks section for

the text of all fact checks as well as the Accuracy of different prompt methods section for further

analysis of model accuracy.

7.1.5 Human fact checks

Each human fact check begins with a clear statement about the truthfulness of the claim, such as

“The above claim is True” or “The above claim is False.” Following this, the fact check addresses

the publisher’s reputation: if the headline is true, it mentions that the publisher is trustworthy; if

false, it highlights the publisher’s unreliability. Brief supporting details are also provided to justify

these assessments.

Human fact checks were generated to create a uniform structure with clear judgments, as

outlined in the Materials and Methods. Fact checks for false headlines were selected from the same

misinformation intervention study[138] from which headline stimuli were selected. Since that study

did not create fact checks for true headlines, one of the authors manually created these by reading
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Condition Drop-out Attention-check failure

Belief control 1.46% 63.25%

Belief LLM-forced 3.98% 55.06%

Belief LLM-optional 5.27% 54.26%

Belief human fact check 3.33% 67.32%

Sharing control 1.80% 50.27%

Sharing LLM-forced 6.06% n/a

Sharing LLM-optional 3.62% 54.96%

Sharing human fact check 3.19% 60.05%

Table 7.1: Drop out and attention-check failure rates for each experimental condition.

each article to identify accurate and relevant information to support the veracity label. See the

Headlines and fact checks section for the text of all fact checks.

7.1.6 Preregistration

Our preregistration [117] included the analysis plan and predicted outcomes related to results

presented in the Ineffectiveness of LLM intervention section, excluding the human fact checks

condition. Data for this condition was collected later at the request of reviewers. The preregistration

also included various exploratory analyses without specific outcome predictions. For all details, we

refer the reader to the original preregistration document.

7.1.7 Attrition

Drop out rates varied between 1%–6% across experimental conditions, as reported in Table 7.1.

We incorporated an attention-check question that involved a headline created by the researchers

stating that the color of the sky is yellow. Prior to viewing any headlines, participants were informed

about this specific headline and instructed to later answer “Yes” when asked if they believed the

headline or were willing to share it, depending on their respective experimental conditions. To

minimize the distinction between the attention check and the regular experimental stimuli, this

question was formatted in the same manner as all other headlines. This attention check headline
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Screen-out type Num. of participants

Did not consent 551

Age (< 18 y/o) 58

Non-US resident 37

Would not agree to give their best answers 86

Table 7.2: Screen-out attrition. These participants were never assigned to an experimental group.

was then presented randomly within the 40 stimuli headlines. Participants who answered this

question incorrectly were not included in analyses. Table 7.1 reports on the attention-check failure

rates in the different groups. In one group this rate is not available due to a Qualtrics data collection

error.

Using χ2 tests, we compared the attrition rates between the control and experimental conditions

(LLM-forced, LLM-optional, human fact check). The LLM-forced condition within the sharing

group was excluded from this analysis due to the data collection issues mentioned above. This

analysis revealed significant differences in attrition between the control and human fact check

conditions in the sharing group (Bonferroni adjusted P < 0.001). Despite matching experimental

groups on key demographic characteristics and maintaining identical experimental protocols, these

attrition differences may have resulted from different participant recruitment procedures employed

by Qualtrics at different times. No other evidence of differential attrition was found.

Table 7.2 lists the number of participants who were screened out for other reasons prior to being

assigned to an experimental group.

7.1.8 Survey questions and participant flow

Here we include all survey questions in the order they are asked, as well as their associated response

options and additional information about participant flow.

Participants begin by reading a consent form and are then asked the following questions.
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Q1 Question: After reading the information sheet, do you agree to participate in this study?

Response Options: “Yes” OR “No”

Comments: Participants who answered “No” were screened out.

Q2 Question: We care about the quality of the data we collect. Do you commit to providing

your best and honest answers to every question in this survey?

Response Options: “I will provide my best answers” OR “I will not be able to provide my

best answers”

Comments: Participants who answered “I will not be able to provide my best answers” were

screened out.

Q3 Question: What is your year of birth?

Response Options: A box for entering numerical values was provided.

Comments: Participants who reported being younger than 18 years old were screened out.

Non-numerical values could not be entered.

Q4 Question: Do you currently live in the United States?

Response Options: “Yes” OR “No”

Comments: Participants who answered “No” were screened out.

Q5 Question: What is your gender?

Response Options: “Male” OR “Female” OR “Other” OR “Prefer not to answer”

Comments: Participants who selected “Other” were provided with a box to fill.

Q6 Question: What is your racial or ethnic background? (Check all that apply)

Response Options: “Black or African American,” “American Indian or Alaska Native,”

“Asian,” “Native Hawaiian or Pacific Islander,” “Hispanic or Latino/a,” “Other”

Comments: Participants who selected “Other” were provided with a box to fill.
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Q7 Question: Please indicate the answer that includes your annual household income.

Response Options: “Less than $10,000” OR “$10,000 to $14,999” OR “$15,000 to $24,999”

OR “$25,000 to $49,999” OR “$50,000 to $99,999” OR “$100,000 to $149,999” OR “$150,000

or more”

Comments:

Q8 Question: In which state do you currently reside?

Response Options: All 50 US states were provided as individual options, as well as “District

of Columbia,” “Puerto Rico,” and “I do not reside in the United States”

Comments: Participants who selected “I do not reside in the United States” were screened

out.

Q9 Question: What is the highest level of education you have completed?

Response Options: “Less than high school” OR “High school or equivalent (diploma or

GED)” OR “Some college but no degree” OR “Associate degree in college (2 years)” OR

“Bachelor degree in college (4 years)” OR “Master’s degree” OR “Doctoral degree” OR

“Professional degree (JD, MD)”

Comments:

Q10 Question: Please tell us if you use any of the following social media sites. (Check all that

apply).

Response Options: “Facebook,” “TikTok,” “WhatsApp,” “Twitter,” “Reddit,” “Tele-

gram,” “Instagram,” “4chan,” “Truth Social,” “Snapchat,” “Pinterest,” “Rumble,” “Tum-

blr,” “Twitch,” “Parler,” “YouTube,” “LinkedIn,” “Gab”

Comments:

Q11 Question: How frequently do you access the following sources to obtain news via the inter-

net?
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Sources: “Search engines (e.g. Google, Bing),” “Social media (e.g. Facebook, Twitter),”

“News Aggregator (e.g., Google News, Flipboard),” “News websites (e.g., nyt.com, vox.com)”

Response Options: Seven point Likert Scale. Options: “Never” (1), “About once every

few months” (2), “About once a month” (3), “About once a week” (4), “A few times a week”

(5), “About once a day” (6), “A few times a day” (7).

Comments:

Q12 Question: Generally speaking, do you usually think of yourself as a Republican, a Democrat,

an Independent, or what?

Response Options: “Republican,” “Democrat,” “Independent,” “Other,” “No preference,”

“Don’t know”

Comments: Participants who selected “Other” were provided with a box to fill. Participants

who answered “Republican” or “Democrat” were then asked question 13. Those who provided

other responses skipped Q13 and were directed to Q14.

Q13 Question: Would you call yourself a strong Republican (Democrat) or not a very strong

Republican (Democrat)?

Response Options: “Strong” OR “Somewhat strong”

Comments: The words “Republican” and “Democrat” were not shown together in the

question. Instead, one or the other was dynamically included to reflect the participant’s

response to Q12. Only asked if a participant answered “Republican” or “Democrat” for Q12.

Q14 Question: Do you think of yourself as closer to the Republican or Democratic Party?

Response Options: “Republican party” OR “Democratic party” OR “Neither” OR “Don’t

Know”

Comments: Only asked if a participant did not answer “Republican” or “Democrat” for

Q12.
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Q15 Question: To what extent do you agree with the following statements?

Statements: “I fear artificial intelligence,” “I trust artificial intelligence,” “Artificial intelli-

gence will destroy humankind,” “Artificial intelligence will benefit humankind”

Response Options: Seven point Likert Scale. Options: “Strongly disagree” (1), “dis-

agree” (2), “Somewhat disagree” (3), “Neither agree nor disagree” (4), “Somewhat agree”

(5), “Agree” (6), “Strongly agree” (7).

Comments:

Q16 Question: In the past month, how often did you reference fact-checking websites (e.g.,

snopes.com or politifact.org) to check whether a headline you read is true?

Response Options: “A few times a week” OR “About once a week” OR “A few times every

week” OR “At least once a day”

Comments:

ChatGPT Introduction: ChatGPT is an advanced language model developed by OpenAI. It is

designed to generate human-like responses to questions and can be used for various purposes,

including fact-checking. Simply ask ChatGPT a question, and it will provide you with an

answer based on the information it was trained on. However, it’s important to note that

ChatGPT is not perfect and may not always provide accurate information.

Comments:

Q17 Question: Have you used AI-powered tools such as ChatGPT before?

Response Options: “Yes” OR “No”

Comments: Participants who answered “Yes” were then asked questions Q18–Q21, other-

wise these questions were skipped.

Q18 Question: In the past 30 days, how often have you used AI-powered tools such as ChatGPT?

Response Options: “About once,” “A couple of times,” “Several times,” “A few times every
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week,” “At least once every day”

Comments: Only asked if “Yes” was the answer to Q17.

Q19 Question: Have you ever used AI-powered tools such as ChatGPT to fact-check news reports

before?

Response Options: “Yes” OR “No”

Comments: Only asked if “Yes” was the answer to question Q17.

Q20 Question: To what extent do you agree with the following statements?

Statements: “ChatGPT performs really well when fact-checking news reports,” “ChatGPT

outperforms existing fact-checking services,” “Fact-checking answers provided by ChatGPT

can change my mind,” “Fact-checking answers provided by ChatGPT are objective,” “Fact-

checking answers provided by ChatGPT are trustworthy,” “Fact-checking answers provided

by ChatGPT are informative.”

Response Options: Seven point Likert Scale. Options: “Strongly disagree” (1), “Dis-

agree” (2), “Somewhat disagree” (3), “Neither agree nor disagree” (4), “Somewhat agree”

(5), “Agree” (6), “Strongly agree” (7).

Comments: Only asked if “Yes” was the answer to question Q17.

Q21 Question: To what extent do you agree with the following statements?

Statements: “I would like to use ChatGPT to verify information in the future on a regular

basis,” “I hope social media (e.g., Facebook, Twitter) incorporate ChatGPT fact-checking in

their service,” “I hope search engines (e.g., Google, Bing) incorporate ChatGPT fact-checking

in their service,” “I hope news aggregation apps (e.g., Apple News, Flipboard) incorporate

ChatGPT fact-checking in their service,” “I will recommend ChatGPT fact-checking services

to other people.”

Response Options: Seven point Likert Scale. Options: “Strongly disagree” (1), “Dis-
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agree” (2), “Somewhat disagree” (3), “Neither agree nor disagree” (4), “Somewhat agree”

(5), “Agree” (6), “Strongly agree” (7).

Comments: Only asked if “Yes” was the answer to question Q17.

Experiment Instructions: Now we are going to show you approximately 40 news headlines that

have appeared recently on the Internet and in media.

Belief group only : Please let us know if you think they are true or false.

Sharing group only : Please let us know whether you would consider sharing it.

Comments: Participants in the fact-checking conditions were also provided with the follow-

ing instructions directly below the above.

LLM-forced : You will also be provided with ChatGPT-generated fact-checking information

for each headline.

LLM-optional : If you are unsure, you have the option to ask a ChatGPT fact-checker for

help.

Human fact check : You will also be provided with fact-checking information for each headline.

Q22-Q43 Question: 41 randomly ordered headline stimuli (including 1 attention check item).

Belief Question: “Do you believe the claim in the headline to be true?”

Sharing Question: “Would you consider sharing this story online (for example, through Face-

book or Twitter)?”

Response Options: “Yes” OR “No”

Comments: Depending on one’s experimental condition this question was accompanied by

either no fact checks, human-generated fact checks, AI-generated fact checks that participants

were forced to view, or the same AI-generated fact checks that participants were given the

option to view.

Question to view optional AI fact checks: “Would you like ChatGPT to help you verify the
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headline?”

Options: “Yes” OR “No”

Q44 Question: Did you search the internet for more information about the headlines you were

asked about?

Response Options: “Yes” OR “No”

Comments:

Q45 Question: To what extent do you still agree with the following statements?

Statements: “I fear artificial intelligence,” “I trust artificial intelligence,” “Artificial intelli-

gence will destroy humankind,” “Artificial intelligence will benefit humankind.”

Response Options: Seven point Likert Scale. Options: “Strongly disagree” (1), “Dis-

agree” (2), “Somewhat disagree” (3), “Neither agree nor disagree” (4), “Somewhat agree”

(5), “Agree” (6), “Strongly agree” (7).

Comments: Participants only saw this question in the LLM-optional and LLM-forced con-

ditions.

Q46 Question: Based on your experience with ChatGPT in this study, to what extent do you

agree with the following statements?

Statements: “ChatGPT performs really well when fact-checking news reports,” “ChatGPT

outperforms existing fact-checking services,” “Fact-checking answers provided by ChatGPT

have changed my mind,” “Fact-checking answers provided by ChatGPT are objective,” “Fact-

checking answers provided by ChatGPT are trustworthy,” “Fact-checking answers provided

by ChatGPT are informative.” Response Options: Seven point Likert Scale. Options:

“Strongly disagree” (1), “Disagree” (2), “Somewhat disagree” (3), “Neither agree nor dis-

agree” (4), “Somewhat agree” (5), “Agree” (6), “Strongly agree” (7).
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Comments: Participants only saw this question if in the LLM-optional and LLM-forced

conditions.

Q47 Question: Based on your experience with ChatGPT in this study, to what extent do you

agree with the following statements?

Statements: “I would like to use ChatGPT to verify information in the future on a regular

basis,” “I hope social media (e.g., Facebook, Twitter) incorporate ChatGPT fact-checking in

their service,” “I hope search engines (e.g., Google, Bing) incorporate ChatGPT fact-checking

in their service,” “I hope news aggregation apps (e.g., Apple News, Flipboard) incorporate

ChatGPT fact-checking in their service,” “I will recommend ChatGPT fact-checking services

to other people.”

Response Options: Seven point Likert Scale. Options: “Strongly disagree” (1), “Dis-

agree” (2), “Somewhat disagree” (3), “Neither agree nor disagree” (4), “Somewhat agree”

(5), “Agree” (6), “Strongly agree” (7).

Comments: Participants only saw this question if in the LLM-optional and LLM-forced

conditions.

Post-stimuli message: Now we have just a few more questions about you.

Comments:

Q48 Question: Did you vote in the 2020 Presidential election?

Response Options: “Yes” OR “No”

Comments: Participants who selected “Yes” were then asked Q49.

Q49 Question: Who did you vote for in the 2020 Presidential election?

Response Options: “Donald Trump/Mike Pence (Republican Party)” OR “Joe Biden/Kamala

Harris (Democratic Party)” OR “Some other candidate”

Comments: Only asked if the answer to Q48 was “Yes.”
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Q50 Question: Did you vote in the 2022 midterm election?

Response Options: “Yes” OR “No”

Comments:

Q51-Q52 Question: Affective polarization feelings thermometer (voters and party).

Response Options: Sliders allowed participants to select a value between 0–100 for four

different items: “Republican voters,” “Democrat voters,” “Republican party,” “Democrat

party.”

Comments: Please reference the Qualtrics survey file in our preregistration[117] for the

exact wording of this question.

Debriefing: All participants were informed about the study purpose in more detail, notified of

the experimental group they participated within, and were again provided with contact in-

formation for the authors, should they have futher questions.

Comments: Please reference the Qualtrics survey file in our preregistration[117] for the

exact wording in our debriefing.

7.1.9 Headlines and fact checks

Here we present the text of each headline, along with its ideological leanings, and both AI- and

human-generated fact-checking information. We also include the veracity of each headline and our

coders’ evaluations of the AI-generated fact checks, categorizing those judgments as true, false, or

unsure. AI judgments that are correct/incorrect are marked as ¥/q for convenience (all “Unsure”

responses are marked as incorrect). Headlines ending in an ellipses (“...”) are truncated within

the stimuli and the text presented here represents exactly the text that participants saw during

the experiment. Publication dates of stimuli articles were not provided by the developers of these

stimuli (see the News story stimuli section for more details). To gather them, we visit each article

at the time of writing and extract the date directly from the article itself. If the publication date
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was unavailable—due to inaccessible domains or articles, or because the date was not listed—we

sought this information from internet archive sites or the webpage’s metadata. In instances where

dates were obtained through these alternative means, we have marked them with an asterisk (*).

Headline 1: Blacks 4 Trump Group Caught Using Blackface To Pretend They Have Black Mem-

bers

Publication Date: October 14, 2020

Source: halfwaypost.com

Veracity: False

Leaning: Pro-Democrat

AI fact check: I am unable to verify the credibility of this claim as it depends on the source

of the information and the context surrounding it. However, it is important to note that

blackface is a form of racist behavior that has been used historically to mock and stereotype

black people, and it is generally considered unacceptable in modern society. If the claim is

true, it is likely that the group’s actions would be met with strong condemnation.

AI judgment label: Unsure q

Human fact check: The above claim is False. This claim came from the Halfway Post, a

website that publishes satire. This site states that it publishes “daily jokes and satirical hot

takes on the latest political events”. Therefore, this post was never intended to be interpreted

as fact.

Headline 2: Biden Buys Film Rights To New ‘MAD’ Movie Just To Piss Off Trump

Publication Date: N/A (domain unreachable)

Source: flake.news

Veracity: False

Leaning: Pro-Democrat

AI fact check: It is highly unlikely that this claim is true. As President of the United
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States, Joe Biden is a public figure, and any significant actions he takes, such as buying

film rights, would be widely reported by reputable news sources. Additionally, it would be

a highly unusual action for a President to take and would not align with the responsibilities

and duties of the position. It is more likely that this claim is false, or a fabrication and it

would be wise to verify the information from credible sources before sharing it.

AI judgment label: False ¥

Human fact check: The above claim is False. This claim came from Flake News, a site that

describes itself as a publisher of “political satire and humor from the most witty writers across

the United States.” As such, the stories posted on this site are satirical and not intended to

be interpreted as fact.

Headline 3: Staring At Hard Times, Tucker Carlson May Be Forced To Sell Bow Tie Collection

Publication Date: June 15, 2020

Source: dailykos.com

Veracity: False

Leaning: Pro-Democrat

AI fact check: It is unlikely that this claim is true. While I don’t have the specific informa-

tion about Tucker Carlson’s financial situation, it is unlikely that he would be forced to sell

his bow tie collection in order to make ends meet. The statement seems to be more of a joke

or sarcastic comment rather than a serious claim. Furthermore, I’m not aware of any credible

news sources that have reported on this topic. It would be wise to verify the information

from credible sources before sharing it.

AI judgment label: False ¥

Human fact check: The above claim is False. Tucker Carlson said that he had stopped

wearing bow ties 10 years ago due to abuse. In a 2017 interview with the Los Angeles Times,
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he reported thinking, “You know, this is pointlessly provocative...I’m happy to defend my

views but I don’t want to have to defend my neckwear every day.”

Headline 4: Steve Bannon Is Now Selling “Freedom Yogurt” Made Of White People’s Semen

Publication Date: October 9, 2021

Source: dailykos.com

Veracity: False

Leaning: Pro-Democrat

AI fact check: It is highly unlikely that this claim is true. Not only is the claim highly

offensive and disrespectful, it is also illegal to sell food products made from human semen.

Furthermore, this statement is not only highly offensive, but it is also illegal. This kind of

claim is likely to be false or a fabrication, and it would be wise to verify the information from

credible sources before sharing it. Additionally, spreading false or offensive information can

cause harm to individuals and communities.

AI judgment label: False ¥

Human fact check: The above claim is False This claim came from the Halfway Post, a

website that publishes satire. This site states that it publishes “daily jokes and satirical hot

takes on the latest political events.” Therefore, this post was never intended to be interpreted

as fact.

Headline 5: SUPREME COURTGRANTS BLACKMAN “40 ACRES OF LANDANDAMULE”

Publication Date: June 27, 2019*

Source: worldnewsdailyreport.com

Veracity: False

Leaning: Pro-Democrat

AI fact check: It is highly unlikely that this claim is true. The idea of granting “40 acres of

land and a mule” to black Americans as reparations for slavery was proposed during the Civil
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War but was never implemented. The Supreme Court does not have the authority to grant

land or property as it is not a legislative body, it is a judicial one, and its role is to interpret

the law, not create it. Additionally, this would be a highly unusual action for the Supreme

Court to take and would not align with the responsibilities and duties of the position. It

is more likely that this claim is false, or a fabrication and it would be wise to verify the

information from credible sources before sharing it.

AI judgment label: False ¥

Human fact check: The above claim is False. This claim is from the World News Daily Re-

port, a satirical website that publishes fictitious news for fun. This photograph depicts Ricky

Dale Wyatt, who was exonerated thanks to DNA evidence after being wrongly convicted. His

case had nothing to do with 40 acres of land.

Headline 6: Trump Is Suing His Grandchildren For Violating NDA’s He Made Them Sign As

Infants

Publication Date: May 5, 2021

Source: halfwaypost.com

Veracity: False

Leaning: Pro-Democrat

AI fact check: It is highly unlikely that this claim is true. First, it would be illegal to

make infants sign a legal contract, as they are not of legal age to do so. Additionally, even if

the grandchildren were of legal age, it would be highly unusual for a grandfather to sue his

own grandchildren, especially for something as trivial as violating a non-disclosure agreement.

Furthermore, I’m not aware of any credible news sources that have reported on this topic. It

would be wise to verify the information from credible sources before sharing it.

AI judgment label: False ¥

Human fact check: The above claim is False. This claim came from the Halfway Post, a
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website that publishes satire. This site states that it publishes “daily jokes and satirical hot

takes on the latest political events.” Therefore, this post was never intended to be interpreted

as fact.

Headline 7: Trump Orders Americans To Stop Eating Chinese Food

Publication Date: August 24, 2019

Source: dailykos.com

Veracity: False

Leaning: Pro-Democrat

AI fact check: It is unlikely that this claim is true. The President of the United States does

not have the authority to order citizens to stop eating a certain type of food. Additionally,

this would be a highly unusual action for the President to take and would not align with the

responsibilities and duties of the position. Furthermore, I’m not aware of any credible news

sources that have reported on this topic. It would be wise to verifv the information from

credible sources before sharing it.

AI judgment label: False ¥

Human fact check: The above claim is False. This claim originated from The Daily Noose

under their “satire” tab, and then reposted on the Daily Kos website. This claim was not

intended to be interpreted as fact. No other reputable news sources have reported Trump

ordering Americans to stop eating Chinese food.

Headline 8: Trump Routinely Forced Staffers To Shred And Eat White House Documents

Publication Date: February 6, 2022

Source: halfwaypost.com

Veracity: False

Leaning: Pro-Democrat

AI fact check: It is highly unlikely that this claim is true. It would be illegal to destroy
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government documents and it would be highly unprofessional and unethical to force staff

members to participate in such an act. Additionally, this would be a highly unusual action

for the President to take and would not align with the responsibilities and duties of the

position. Furthermore, I’m not aware of any credible news sources that have reported on this

topic. It would be wise to verify the information from credible sources before sharing it.

AI judgment label: False ¥

Human fact check: The above claim is False. This post came from the Halfway Post, a

website that publishes satire. The website’s home page states that the site is “A St. Louis

gazette of satirical, halfway real news.” As such, the content on the website not truthful and

not intended to be interpreted as such.

Headline 9: Trump Threatens To Sue Founding Fathers: Resorting to his most tried-and-true

tactic, Donald Trump has...

Publication Date: October 22, 2019

Source: dailykos.com

Veracity: False

Leaning: Pro-Democrat

AI fact check: It is highly unlikely that this claim is true. The founding fathers of the

United States are deceased, and it is not possible to sue them in a court of law. Additionally,

this would be a highly unusual action for the President to take and would not align with the

responsibilities and duties of the position. Furthermore, I’m not aware of any credible news

sources that have reported on this topic. It would be wise to verify the information from

credible sources before sharing it.

AI judgment label: False ¥

Human fact check: The above claim is False. Donald Trump has never threatened to sue

the founding fathers as it is not possible to sue individuals who have been dead for a long
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time. This article was originally posted by The Daily Nooze, a website that produces satirical

content that is not intended to be interpreted as fact.

Headline 10: Trump Voter Wants Taco Bell Shut Down For ’Being Too Mexican’

Publication Date: N/A (domain unreachable)

Source: alternativelyfacts.com

Veracity: False

Leaning: Pro-Democrat

AI fact check: It is possible that an individual with racist views may want to shut down a

business such as Taco Bell due to it being associated with Mexican culture, but it’s hard to

tell without more context and without knowing the source of the information. However, it is

important to note that such a sentiment is discriminatory, and it would be unacceptable for

a business to be shut down based on racist attitudes. Furthermore, it is worth noting that

the president of the United States does not have the authority to shut down businesses and

it would be a highly unusual action for an individual to take.It would be wise to verify the

information from credible sources before sharing it.

AI judgment label: Unsure q

Human fact check: The above claim is False. This post comes from Alternatively Facts,

a website that publishes satire. The website states that it is “satirical in scope and intent.

It provides fake news and social criticism in a satirical setting.” As such, this claim was not

intended to be interpreted as fact.

Headline 11: Biden Orders Arrest Of Black Leaders While His Elites Mock Appalachia Flood

Victims

Publication Date: N/A (domain unreachable)

Source: trusttheq.com

Veracity: False
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Leaning: Pro-Republican

AI fact check: It is highly unlikely that this claim is true. The President of the United States

does not have the power to arrest individuals, and it would be a highly unusual action for him

to take. Additionally, the President would not be able to order the arrest of specific individuals

based on their race or political beliefs as it would be unconstitutional and violative of the

civil rights. Furthermore, it is not credible that the president or his administration would

mock flood victims, as it would be highly disrespectful and unprofessional. Furthermore, I’m

not aware of any credible news sources that have reported on this topic. It would be wise to

verify the information from credible sources before sharing it.

AI judgment label: False ¥

Human fact check: The above claim is False. This post appeared on the website Trust The

Q which is associated with the QAnon conspiracy theory. The website reports that it was

created in 2018 “by URGAFIX (at my request, I’m a FAM, lol).” According to Fox News,

QAnon has been the source of frequent misinformation relating to politics.

Headline 12: BREAKING: Hillary Clinton Found Dead Under Suspicious Circumstances

Publication Date: February 13, 2022∗

Source: dunning-kruger-times.com

Veracity: False

Leaning: Pro-Republican

AI fact check: I have knowledge cut off at 2021, but as of that time, Hillary Clinton was alive

and well. Additionally, any significant event such as the death of a high-profile individual like

Hillary Clinton would be widely reported by reputable news sources and would be confirmed

by credible sources. Therefore, it is likely that this claim is false or a fabrication and it

would be wise to verify the information from credible sources before sharing it. Additionally,

spreading false information can cause harm to individuals and communities.
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AI judgment label: False ¥

Human fact check: The above claim is False. Hillary Clinton is not dead. This article

appeared on the Dunning Kruger Times, a website which states “Everything on this website

is fiction.” Furthermore, Hillary Clinton gave a public speech two days after this article was

posted.

Headline 13: Delta Force Arrests Chelsea Clinton: Thanks for your support. The content we do

is quite sensitive, s...

Publication Date: N/A (article taken down)

Source: restoredrepublic.co

Veracity: False

Leaning: Pro-Republican

AI fact check: It is highly unlikely that this claim is true. The Delta Force is a specialized

unit of the United States military that conducts sensitive operations and is not typically

involved in civilian arrests. Additionally, it would be highly unusual for the military to arrest

a civilian under such circumstances, and it would be a violation of the Posse Comitatus Act,

which prohibits the use of military personnel to enforce domestic laws. Furthermore, I’m not

aware of any credible news sources that have reported on this topic, and it would be wise to

verify the information from credible sources before sharing it.

AI judgment label: False ¥

Human fact check: The above claim is False. The claim that Chelsea Clinton was arrested

for child trafficking is originally from Real Raw News, a website that publishes satirical

content. Chelsea Clinton was tweeting the day after her supposed “arrest,” and no records

indicate that she was incarcerated.

Headline 14: Kamala: ’Our Military Are Soulless Cowards. Their Budget Must Be Cut.’

Publication Date: N/A (domain unreachable)
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Source: dailyworldupdate.us

Veracity: False

Leaning: Pro-Republican

AI fact check: It is highly unlikely that this claim is true. Kamala Harris, as the vice-

president of the United States, has a strong commitment to the country and the military.

She has shown her support for the men and women in the military and their families, and

it would be highly unprofessional and disrespectful for her to make a statement like this.

Additionally, this would be a highly unusual action for the vice-president to take and would

not align with the responsibilities and duties of the position. Furthermore, I’m not aware of

any credible news sources that have reported on this topic and it would be wise to verify the

information from credible sources before sharing it.

AI judgment label: False ¥

Human fact check: The above claim is False. This claim comes from the Daily World

Update, a website that no longer exists. When the website was active, it had a disclaimer

that it was intended to be satire and that “Everything on this website is fiction.” There is

no other record of Kamala Harris saying this.

Headline 15: Ilhan Omar Spits On The Tomb of the Unknown Soldier

Publication Date: September 19, 2019∗

Source: tatersgonnatate.com

Veracity: False

Leaning: Pro-Republican

AI fact check: It is highly unlikely that this claim is true. Ilhan Omar is a U.S Congress

woman, and asan elected official, she would have a strong commitment to her country and

its military. Additionally, spitting on the Tomb of the Unknown Soldier would be a highly

disrespectful and unprofessional act, and it would be unlikely for a member of Congress to do
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such a thing. Furthermore, I’m not aware of any credible news sources that have reported on

this topic and it would be wise to verify the information from credible sources before sharing

it. Additionally, spreading false information can cause harm to individuals and communities.

AI judgment label: False ¥

Human fact check: The above claim is False. This claim is from a website that no longer

exists, Taters Gonna Tate. When the site was active, it had a disclaimer that it published

satire: “Everything on this website is fiction”. This post was categorized in the “Conservative

Fan Fiction” category and therefore was not intended to be interpreted as fact.

Headline 16: Malia Obama Arrested Again, Complete Media Blackout: The truth is right in

front of you.

Publication Date: June 7, 2019∗

Source: dailyworldupdate.us

Veracity: False

Leaning: Pro-Republican

AI fact check: I have knowledge cut off at 2021, but as far as I know, there is no credible

information that Malia Obama has been arrested again and there is no evidence of a media

blackout. Furthermore, it would be highly unusual for a media blackout to occur insuch a

high-profile case, and it would be reported by reputable news sources. Additionally, spreading

false information can cause harm to individuals and communities. It would be wise to verify

the information from credible sources before sharing it.

AI judgment label: False ¥

Human fact check: The above claim is False. The claim that Malia Obama was arrested

comes from Daily World Update, a website that publishes satire. The disclaimer on this site

states “Everything on this website is fiction... If you believe that it is real, you should have

your head examined.”
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Headline 17: QAnon Wants You To Pee On Your Kids So Democrats Can’t Smell Their Youthful

Blood

Publication Date: February 1, 2021

Source: halfwaypost.com

Veracity: False

Leaning: Pro-Republican

AI fact check: This claim is not only highly offensive and disrespectful but also completely

unfounded and untrue. It is not associated with the QAnon movement, which is a far-right

conspiracy theory that has been associated with false and dangerous information. Addition-

ally, it is illegal and highly inappropriate to engage in such activities with children and would

be considered abuse. It is important to be critical of information from sources that are not

credible and to verify information from reputable sources before sharing it. This claim should

be disregarded as it is patently false and offensive.

AI judgment label: False ¥

Human fact check: The above claim is False. This claim came from the Halfway Post, a

website that publishes satire. This site states that it publishes “daily jokes and satirical hot

takes on the latest political events.” Therefore, this post was never intended to be interpreted

as fact.

Headline 18: Special Forces Arrest Deep State Dr. Anthony Fauci: US Special Forces on Saturday

scored a major victory in the war...

Publication Date: April 10, 2022

Source: realrawnews.com

Veracity: False

Leaning: Pro-Republican

AI fact check: It is highly unlikely that this claim is true. Dr. Anthony Fauci is a prominent
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public health official and the director of the National Institute of Allergy and Infectious

Diseases. He is a respected figure in the field of medicine and has been a key advisor to

multiple presidents on public health matters, especially during the COVID-19 pandemic.

The notion that special forces would arrest him, especially for something related to the “Deep

State” is baseless and not supported by any credible sources. Furthermore, I’m not aware of

any credible news sources that have reported on this topic. It would be wise to verify the

information from credible sources before sharing it.

AI judgment label: False ¥

Human fact check: The above claim is False. The director at the National Institutes of

Health confirmed that Fauci was not arrested. Indeed, he appeared live on ABC news the

day after the arrest supposedly occurred. The claim is from Real Raw News, a website that

publishes false content and has a disclaimer that it “contains humor, parody, and satire.”

Headline 19: WOW! Biden Caught Fake Driving - Someone Else Is Steering Vehicle - It Was All

a Stunt! - VIDEO and PICS

Publication Date: May 19, 2021

Source: thegatewaypundit.com

Veracity: False

Leaning: Pro-Republican

AI fact check: It is highly unlikely that this claim is true. The President of the United

States is a public figure and his movements are closely monitored by the Secret Service and

the press. It would be highly unusual for the President to participate in a staged event of this

nature and it would be reported by credible news sources. Additionally, the President of the

United States is not legally allowed to drive due to security reasons, and he is always driven

by Secret Service agents. Furthermore, I’m not aware of any credible news sources that have

reported on this topic. It would be wise to verify the information from credible sources before
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sharing it.

AI judgment label: False ¥

Human fact check: The above claim is False. A frame-by-frame analysis of this video shows

Biden’s passenger was not steering the truck, but adjusting a camera that was resting on the

dashboard. According to Melissa Miller, a spokesperson at Ford, the vehicle Biden drove had

only one steering wheel.

Headline 20: YOKO ONO: “I HAD AN AFFAIR WITH HILLARY CLINTON IN THE ’70S”

Publication Date: N/A (domain unreachable)

Source: worldnewsdailyreport.com

Veracity: False

Leaning: Pro-Republican

AI fact check: It is highly unlikely that this claim is true. Yoko Ono and Hillary Clinton were

both involved in different fields and it is unlikely that they would have had the opportunity

to meet, let alone have an affair in the 1970s. Furthermore, I’m not aware of any credible

news sources that have reported on this topic, and Yoko Ono has not made any statements

or claims of this nature. It would be wise to verify the information from credible sources

before sharing it. Additionally spreading false or offensive information can cause harm to

individuals and communities.

AI judgment label: False ¥

Human fact check: The above claim is False. This claims is from the World News Faily

Report, is a satirical website that publishes fictitious news for fun. The website itself has a

disclaimer that it “assumes all responsibility for the satirical nature of its articles and for the

fictional nature of their content.”

Headline 21: Biden administration cancels another $3.9 billion in student loan debt for former

for-profit college students
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Publication Date: August 16, 2022

Source: cnn.com

Veracity: True

Leaning: Pro-Democrat

AI fact check: As of my knowledge cut off, I am not aware of any recent announcements

from the Biden administration cancelling $3.9 billion in student loan debt for former for-

profit college students. However, it is important to note that the Biden administration has

made student loan forgiveness and cancelling a priority in their agenda, and they have taken

steps to cancel student loan debt for certain groups of borrowers such as those who attended

defrauded for-profit colleges. Additionally, there have been several proposed bills on student

loan forgiveness and cancelling that have been introduced in Congress, and it is possible that

some of these bills call for cancelling $3.9 billion in student loan debt for former for-profit

college students. However, it is important to verify the information from credible sources

before sharing it, and to understand that the process of cancelling student loan debt is a

complex one and it may take some time for the administration to implement their plans.

AI judgment label: Unsure q

Human fact check: The above claim is True. CNN is a reputable and trustworthy news

organization. Addressing disparities and financial challenges within the education system has

been a priority of the Biden administration.

Headline 22: Biden has tamped down talk of a primary challenge, for now

Publication Date: September 2, 2022

Source: washingtonpost.com

Veracity: True

Leaning: Pro-Democrat

AI fact check: As of my knowledge cut off, I am not aware of any recent announcements
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from the Biden administration regarding primary challenges, but it is important to note that

during a presidential term, there is always a possibility of a primary challenge, particularly

as the mid-term elections approach. However, the probability of a primary challenge is in-

fluenced by various factors such as the President’s approval rating, the state of the economy

and the political climate, and the support of the President within his party. Additionally, it

is important to note that the primary process is a democratic one, and the decision to run or

not to run is ultimately up to the individual. It would be wise to verify the information from

credible sources before sharing it, and to understand that the political landscape is constantly

changing and it’s hard to predict the future.

AI judgment label: Unsure q

Human fact check: The above claim is True. The Washington Post is a reputable and

trustworthy news organization. At the time of reporting, despite rumors of Democrats chal-

lenging President Joe Biden’s second presidential campaign circulating in private, it appeared

that these discussions had died down.

Headline 23: Biden Warns That American Values Are Under Assault by Trump-Led Extremism

Publication Date: Sept. 2, 2022

Source: nytimes.com

Veracity: True

Leaning: Pro-Democrat

AI fact check: It is possible that President Biden has made statements where he warns

that American values are under assault by extremism, particularly by groups and individuals

associated with former President Trump. As of my knowledge cut off, the President Biden

and other members of his administration, have spoken about the need to address the rise of

extremism and the threat it poses to American democracy, especially in the aftermath of the

attack on the US Capitol on January 6th, 2021. Additionally, it’s widely accepted that the
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former President Trump’s rhetoric and actions have been associated with the rise of certain

extremist groups, and some experts have argued that his presidency has contributed to a

decline in democratic norms and values. However, it would be wise to verify the information

from credible sources before sharing it. It’s important to note that extremism and the threat

it poses to American democracy is a complex issue, and it’s important to understand the

context and the underlying factors that are contributing to the rise of extremism.

AI judgment label: True ¥

Human fact check: The above claim is True. The New York Times is a reputable and

trustworthy news organization. During a speech in front of Independence Hall in Philadelphia,

on September 1st, 2022, President Biden cast the midterm elections as a choice between his

agenda and the extremism of “MAGA Republicans.”

Headline 24: Digital World Acquisition Corp urges shareholders to delay merger with Trump

Media

Publication Date: September 3, 2022

Source: cnbc.com

Veracity: True

Leaning: Pro-Democrat

AI fact check: I’m not aware of any recent announcements from Digital World Acquisition

Corp regarding a merger with Trump Media, nor of such a company existing. As of my

knowledge cut off, there are no credible news sources reporting on this matter. Furthermore,

it is highly unlikely that a publicly traded company would suggest that its shareholders delay

a merger with another company, especially one that is not related to the company’s business.

Furthermore, the former President Trump is not currently involved in any media company,

and it is unlikely that he would be involved in one. It would be wise to verify the information

from credible sources before sharing it, and to be cautious of misinformation or fabricated
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news.

AI judgment label: False q

Human fact check: The above claim is True. CNBC is a reputable and trustworthy

news organization. Digital World Acquisition Corp (DWAC), the special purpose acquisition

company planning to take former President Donald Trump’s media firm public, cited legal

probes and increasing scrutiny surrounding the merger, along with concerns about potential

negative impacts on the deal and shareholder value, as primary reasons for seeking to delay

the merger.

Headline 25: Ex-NYPD officer sentenced to record 10 years for Jan. 6 riot: WASHINGTON

(AP) - A retired New York Police Department officer was...

Publication Date: September 1, 2022

Source: apnews.com

Veracity: True

Leaning: Pro-Democrat

AI fact check: It is possible that an ex-NYPD officer was sentenced to a record 10 years for

participating in the Jan. 6 riot at the U.S. Capitol, but I don’t have information on whether

this has happened recently or not. Additionally, I’m not aware of any credible news sources

that have reported on this topic. Since the events of January 6, a number of people have

been arrested and charged with participating in the riot, and some have received significant

prison sentences. It would be wise to verify the information from credible sources before

sharing it. It is important to note that the events of January 6 were a significant attack on

American democracy and the rule of law, and it is crucial that those who broke the law are

held accountable for their actions.

AI judgment label: Unsure q

Human fact check: The above claim is True. AP News is a reputable and trustworthy news
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organization. Thomas Webster, a 20-year veteran of the NYPD, received a record-setting 10-

year prison sentence for his involvement in the January 6 riots at the U.S. Capitol. The

severity of the sentence was due to his use of a metal flagpole to assault a police officer.

Headline 26: Garland’s perilous path to prosecuting Trump: The attorney general has multiple

hurdles to overcome if he really wants to...

Publication Date: August 31, 2022

Source: politico.com

Veracity: True

Leaning: Pro-Democrat

AI fact check: As of my knowledge cut off, it is true that Attorney General Merrick Gar-

land has stated that his priority is to investigate and prosecute any individuals who were

involved in the attack on the U.S. Capitol on January 6, 2021. However, it is also important

to note that the process of investigating and prosecuting individuals, particularly a former

president, is a complex and difficult task that can involve multiple legal and political hurdles.

The attorney general would have to overcome several obstacles like the possibility of presi-

dential pardons, the constitutional issues that might arise, and the political considerations

that might be involved. Additionally, it is important to note that the process of investigating

and prosecuting individuals is a lengthy one and it can take some time before any charges

are brought forward. It would be wise to verify the information from credible sources before

sharing it and to be aware that investigation and prosecution process is a complex one and

it is difficult to predict the outcome.

AI judgment label: True ¥

Human fact check: The above claim is True. Politico is a reputable and trustworthy news

organization. Merrick Garland faces a challenging journey in prosecuting Trump, given the

potential political fallout and unprecedented nature of the case against the former president.
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Additionally, he must navigate the national security risks involved in disclosing sensitive

information during a trial.

Headline 27: Is there such thing as a Joe Biden superfan?: Yes. Well, sort of.

Publication Date: August 30, 2022

Source: washingtonpost.com

Veracity: True

Leaning: Pro-Democrat

AI fact check: It is true that there are people who are fans of President Biden, and his

supporters have been referred to as ‘Biden supporters’ or ‘Biden voters’. These individuals

may be enthusiastic about his policies, his leadership style, or his personality. However,

it is important to note that the term ’superfan’ is often used colloquially and it can have

different connotations for different people. Some people may use the term ’superfan’ to refer

to someone who is extremely enthusiastic and passionate about a particular person or thing,

but others might use it more casually or in a more tongue-in-cheek way. It is not a term that

is commonly used in political contexts.

AI judgment label: True ¥

Human fact check: The above claim is True. The Washington Post is a reputable and

trustworthy news organization. The article delves into the lives of several avid supporters,

or “superfans,” of President Joe Biden. These individuals — who cite Biden’s reliability and

association with Barack Obama as reasons for their admiration — collect memorabilia, name

pets after him, and write fan fiction about the president.

Headline 28: The Dangers of Trump-Prosecution Syndrome: The evidence that the former Pres-

ident mishandled classified documents is...

Publication Date: August 26, 2022

Source: newyorker.com
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Veracity: True

Leaning: Pro-Democrat

AI fact check: I couldn’t find any credible news source reporting about “Trump-Prosecution

Syndrome” as a term or phenomenon. Furthermore, it is not a term that is commonly used

in legal or political contexts. It is important to note that the investigation and prosecution

of any individual, particularly a former president, is a complex process that involves multiple

legal and political considerations. It is the role of the Department of Justice and the judicial

system to investigate any potential wrong doing and to bring charges if there is sufficient

evidence to do so. It is important to keep in mind that the investigation and prosecution

process should be based on facts and evidence, not on political considerations or personal

opinions. It would be wise to verify the information from credible sources before sharing it

and to be aware that investigation and prosecution process is a complex one and it is difficult

to predict the outcome.

AI judgment label: False q

Human fact check: The above claim is True. The New Yorker is a reputable and trustwor-

thy news organization. In this article, legal experts stress the necessity of proving harm from

Trump’s mishandling of classified information and highlight the dangers of hasty or politicized

actions that could further polarize and undermine trust in the United States justice system.

Headline 29: Trump ally Lindsey Graham must testify in Georgia grand jury investigation, fed-

eral judge rules

Publication Date: September 1, 2022

Source: usatoday.com

Veracity: True

Leaning: Pro-Democrat

AI fact check: I’m not aware of any recent federal judge ruling that Senator Lindsey Gra-
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ham must testify in a grand jury investigation in Georgia. It’s important to note that a grand

jury investigation is a legal process where a group of citizens hear evidence presented by a

prosecutor, and they decide whether or not to bring criminal charges. A federal judge does

have the authority to order a witness to testify in a grand jury investigation, but it’s impor-

tant to verify the information from credible sources before sharing it. It’s also important to

note that a grand jury investigation is usually done in secrecy, so it’s not always possible for

the public to know the details of the investigation or who is being called to testify. It would

be wise to consult credible news sources or official statements from the court to confirm the

veracity of this claim.

AI judgment label: Unsure q

Human fact check: The above claim is True. USA Today is a reputable and trustworthy

news organization. A federal judge refused to quash a grand jury subpoena for Sen. Lind-

sey Graham, allowing inquiries into his communications with Georgia election officials and

the Trump campaign regarding the 2020 election. Graham’s attempt to shield certain testi-

mony under legislative privilege was denied, signaling intensifying scrutiny of alleged election

interference in Georgia.

Headline 30: Trump’s Truth Social barred from Google Play store over content moderation con-

cerns

Publication Date: August 30, 2022

Source: cnbc.com

Veracity: True

Leaning: Pro-Democrat

AI fact check: It is possible that an app or website called “Trump’s Truth Social” has been

barred from the Google Play store over content moderation concerns. Google Play, as well

as other app stores, have terms of service and guidelines that developers must abide by, and
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violations of these guidelines can result in an app being removed from the store. Content

moderation concerns can include hate speech, misinformation, or incitement to violence. It

would be wise to verify the information from credible sources before sharing it, and to under-

stand that the process of moderating content on online platforms is a complex one and it can

take some time for the platform to take action against an app or website that violates their

guidelines.

AI judgment label: Unsure q

Human fact check: The above claim is True. CNBC is a reputable and trustworthy news

organization. In August of 2020, Google notified Truth Social that the app violated the Play

store’s standards for content moderation. As a result, Google removed Truth Social from the

Play store at that time.

Headline 31: Biden’s anti-MAGA speech was ’ridiculous’: Campaign PAC chair

Publication Date: September 03, 2022

Source: foxnews.com

Veracity: True

Leaning: Pro-Republican

AI fact check: It is possible that a campaign PAC chair or some other political figure said

that President Biden’s speech about the “MAGA” movement (Make America Great Again)

or about some other topic was “ridiculous,” but it’s important to verify the information from

credible sources before sharing it. As a language model, I have no knowledge of what speech

is referring to, but it is important to note that in politics, opinions and statements are diverse

and it’s common to have different perspectives on issues and speeches. It would be wise to

consult credible news sources or official statements to confirm the veracity of this claim. It

is important to remember that political opinions are diverse and it’s normal to have different

perspectives on political issues and speeches.
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AI judgment label: Unsure q

Human fact check: The above claim is True. FOX News is a reputable and trustworthy

news organization. In a segment on Fox News Live, Ted Harvey, chair of the “Committee to

Defeat the President,” shared his belief that statements made in a speech by President Biden

were “ridiculous.”

Headline 32: Bill Bennett on falling reading and math scores: ’Devastation is the right word’

Publication Date: September 01, 2022

Source: foxnews.com

Veracity: True

Leaning: Pro-Republican

AI fact check: It is possible that Bill Bennett, a former United States Secretary of Educa-

tion, said that the decline in reading and math scores is “devastation” but it is important to

verify the information from credible sources before sharing it. As of my knowledge cut off,

the data on reading and math scores vary from year to year and it’s influenced by various

factors such as the quality of education, funding for schools, and socio-economic status. It’s

important to note that the education system is complex and it is influenced by many factors,

and it’s difficult to generalize the situation with a single statement. It would be wise to

consult credible news sources or official statements to confirm the veracity of this claim and

to understand the underlying factors that are contributing to the decline in reading and math

scores.

AI judgment label: Unsure q

Human fact check: The above claim is True. FOX News is a reputable and trustworthy

news organization. During a segment on Fox News Live discussing the decline in math and

reading test scores in the US amid the COVID-19 pandemic, Former Secretary of Education

Bill Bennett asserted that “devastation is the right word.”
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Headline 33: Border Patrol agents arrest dozens of illegal immigrant criminals, gang members

Publication Date: September 3, 2022

Source: foxnews.com

Veracity: True

Leaning: Pro-Republican

AI fact check: It is possible that Border Patrol agents have recently arrested dozens of

illegal immigrants who have committed crimes or are suspected to be gang members, but it’s

important to verify the information from credible sources before sharing it. The U.S.Border

Patrol is responsible for enforcing immigration laws within the United States and they do

arrest individuals who are in the country illegally, including those who have committed crimes

or are suspected to be gang members. However, the number of arrests and the specific details

of those arrests can vary depending on the location, the time period, and the type of criminal

activity. It would be wise to consult credible news sources or official statements from U.S.

Customs and Border Protection (CBP), the agency which oversees the Border Patrol, to

confirm the veracity of this claim andto understand the context of the arrests.

AI judgment label: Unsure q

Human fact check: The above claim is True. FOX News is a reputable and trustworthy

news organization. In a September 2022 press release, US Customs and Border Protection

announced the apprehension of 21 gang members, two sex offenders, and three illegal aliens

with prior convictions including for robbery and battery.

Headline 34: Democratic Rep. Sean Patrick Maloney has history of employing convicts

Publication Date: September 3, 2022

Source: nypost.com

Veracity: True

Leaning: Pro-Republican
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AI fact check: It is possible that Representative Sean Patrick Maloney, a Democratic

member of the United States House of Representatives, has a history of employing convicts.

However, I do not have access to recent information about the claim and it’s important to

verify the information from credible sources before sharing it. There are a variety of reasons

why an employer might choose to hire individuals with criminal records, such as a desire to

give them a second chance or a belief that their skills and experience are valuable to the

organization. However, it is also important to note that the decision to hire someone with

a criminal record is a complex one that may be influenced by a variety of factors, including

the nature of the crime committed, the individual’s rehabilitation, and the requirements of

the job. It would be wise to consult credible news sources or official statements from the

representative office to confirm the veracity of this claim and to understand the context of

the hiring process.

AI judgment label: Unsure q

Human fact check: The above claim is True. NY Post is a reputable and trustworthy news

organization. The article highlights Rep. Sean Patrick Maloney’s employment of individuals

with criminal backgrounds, including Sean Doyle, who attacked his wife, and Jonathan Al-

varez, a manslaughter convict. While Maloney defended his hiring practices, citing the belief

in second chances and support for rehabilitation programs, these actions drew criticisms from

Maloney’s opponents.

Headline 35: Gig Workers Tire of Waiting for Action From Biden’s White House

Publication Date: September 2, 2022

Source: nytimes.com

Veracity: True

Leaning: Pro-Republican

AI fact check: It is possible that some gig workers are frustrated with the lack of action
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from the Biden Administration regarding their work status and benefits. The gig economy,

where people work independently and on short-term contracts instead of being employed

by a single company, has grown rapidly in recent years and gig workers are not covered by

traditional labor protections. The Biden Administration has been focused on a number of

pressing issues such as the pandemic, the economic recovery and social justice issues, and

the gig worker’s situation could be considered as one of them. However, it’s important to

note that the process of creating and implementing policies can take some time and it’s a

complex process. It would be wise to verify the information from credible sources such as

news outlets, labor unions and worker’s advocacy groups, and to understand the context of

the current situation and the administration’s priorities.

AI judgment label: Unsure q

Human fact check: The above claim is True. The New York Times is a reputable and

trustworthy news organization. This article delves into President Biden’s campaign promises

regarding gig workers and the subsequent lack of federal action, hindered by court rulings,

a lack of consensus among Democrats and labor groups, and challenges from gig companies

advocating for the independent contractor model.

Headline 36: Hunter Biden secured dinner for client at Chinese Embassy following luncheon

hosted by VP Biden, emails show

Publication Date: September 1, 2022

Source: foxnews.com

Veracity: True

Leaning: Pro-Republican

AI fact check: It is possible that emails exist that show Hunter Biden, son of President Joe

Biden, securing a dinner for a client at the Chinese Embassy following a luncheon hosted by

Vice President Joe Biden. However, it’s important to verify the information from credible
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sources before sharing it. It is important to note that the existence of emails doesn’t necessar-

ily mean that any wrongdoing has occurred and that it would be necessary to see the context

of the emails and the investigation of any potential conflicts of interest. Additionally, if this

claim is true, it would be important to understand the nature of Hunter Biden’s relationship

with the client and the Chinese government, as well as the role of Vice President Joe Biden in

relation to this event. It would be wise to consult credible news sources or official statements

and to wait for the outcome of any investigations before drawing any conclusions.

AI judgment label: Unsure q

Human fact check: The above claim is True. FOX News is a reputable and trustworthy

news organization. This article reveals emails indicating Hunter Biden’s pivotal role in help-

ing to secure an event at the Chinese Embassy in Washington, D.C., potentially leveraging

connections from a lunch hosted by then-Vice President Biden, raising many ethical questions.

Headline 37: McCarthy says ’democracy is on the ballot’ in midterms, blaming Dems for attack-

ing freedoms

Publication Date: September 1, 2022

Source: washingtontimes.com

Veracity: True

Leaning: Pro-Republican

AI fact check: It is possible that the Minority Leader of the United States House of Rep-

resentatives, Kevin McCarthy, stated that democracy is on the ballot in the midterms and

blaming Democrats for attacking freedoms, but it’s important to verify the information from

credible sources before sharing it. In politics, leaders and representatives often have different

perspectives and opinions on various issues, and it’s common for them to make statements

about the midterms and the importance of voting. However, it’s important to note that the

concept of democracy being on the ballot and the accusations of attacking freedoms are seri-
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ous matters, and it would be important to understand the context and the evidence behind

such claims. It would be wise to consult credible news sources or official statements from the

representative office to confirm the veracity of this claim and to understand the context of

the statement.

AI judgment label: Unsure q

Human fact check: The above claim is True. The Washington Times is a reputable and

trustworthy news organization. This article details House Minority Leader Kevin McCarthy’s

campaign-style speech, wherein he criticizes Democratic leadership for issues like rising crime

and high inflation, framing the upcoming midterm elections as crucial for preserving democ-

racy.

Headline 38: Melania Trump felt violated by FBI agents ’contaminating’ her bedroom during

Mar-a-Lago raid, report says

Publication Date: September 3, 2022

Source: businessinsider.com

Veracity: True

Leaning: Pro-Republican

AI fact check: It is possible that a report exists that claims that former First Lady Melania

Trump felt violated by FBI agents ’contaminating’ her bedroom during a raid at Mar-a-Lago,

her husband’s private club and residence in Florida. However, it is important to verify the

information from credible sources before sharing it. The FBI conducts raids as part of inves-

tigations, and it’s important to note that the agency follows specific protocols and procedures

when conducting these operations. It would be wise to consult credible news sources or of-

ficial statements from the FBI or the former First Lady’s office to confirm the veracity of

this claim, and to understand the context of the raid and the investigation that prompted

it. Additionally, it would be important to understand the nature of the “contamination” and
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any potential harm caused by the raid.

AI judgment label: Unsure q

Human fact check: The above claim is True. Business Insider is a reputable and trust-

worthy news organization. After an FBI raid of her home at Mar-a-Lago, Melania Trump

claimed the agents “contaminated” her home, leaving it a “mess.” The agents executed a

search warrant related to former president Trump in which 11 sets of classified documents

were found.

Headline 39: Trump pledges to pardon some Jan. 6 Capitol riot defendants

Publication Date: September 2, 2022

Source: washingtontimes.com

Veracity: True

Leaning: Pro-Republican

AI fact check: As of my knowledge cutoff in 2021, former President Trump has not publicly

made any recent statements regarding pardons for defendants involved in the January 6th

Capitol riots. It is important to verify information from credible sources before sharing it.

Pardons are a power granted to the President under the United States Constitution, and it is

within the President’s discretion to grant pardons for federal crimes. However, it is important

to note that the process of granting pardons is a complex one and it’s subject to various legal

procedures. It would be wise to consult credible news sources or official statements from the

former President or the White House to confirm the veracity of this claim and to understand

the context of the situation if it were to happen.

AI judgment label: False q

Human fact check: The above claim is True. The Washington Times is a reputable and

trustworthy news organization. During an interview with Wendy Bell, a conservative talk
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radio show host, former President Donald Trump said he would grant full pardons and an

apology from the government to rioters who stormed the U.S. Capitol on Jan. 6, 2021.

Headline 40: Trump revives claims Biden has dementia after anti-MAGA speech

Publication Date: September 2, 2022

Source: washingtontimes.com

Veracity: True

Leaning: Pro-Republican

AI fact check: As of my knowledge cutoff in 2021, former President Trump has not recently

made any public statements claiming that President Biden has dementia. It is important to

verify information from credible sources before sharing it. It is important to note that making

such a claim without any medical evidence or diagnosis is highly irresponsible and not based

on any credible evidence. It is not appropriate to make unfounded statements about the

cognitive health of any individual, including a President. It would be wise to consult credible

news sources or official statements from the former President or the White House to confirm

the veracity of this claim and to understand the context of the situation if it were to happen.

AI judgment label: False q

Human fact check: The above claim is True. The Washington Times is a reputable and

trustworthy news organization. After President Biden delivered an anti-MAGA speech in

Philadelphia, Mr. Trump took to Truth Social, a social platform he launched after being

banned from Twitter, commenting, “He must be insane, or suffering from late-stage demen-

tia!”

Headline 41 (Attention check): The Color of the Sky is Yellow

Publication Date:

Source: Attention.com

Veracity: N/A
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Leaning: N/A

AI fact check: I am unable to verify the credibility of the claim since it is not a part of

the task. Although the color of the sky is unlikely to be yellow, it is more important to pay

attention to and follow the instructions of the task.

AI judgment label: Unsure q

Human fact check: Although the color of the sky is unlikely to be yellow, it is more

important to pay attention to and follow the instructions of the task.

7.2 Central findings

7.2.1 Accuracy of LLM fact-checking information

To contextualize our results, we first illustrate in Fig. 7.1b the accuracy of ChatGPT’s fact-checking

information. True headlines were accurately fact-checked 15% of the time (3/20) whereas 20%

(4/20) were erroneously reported as “false.” For the remaining 65% of true headlines (13/20),

ChatGPT expressed some degree of uncertainty (labeled as “unsure”). These responses often

contained language such as “It is possible that ... but I don’t have any information on whether

this has happened or not.” For false headlines, ChatGPT was unsure in 10% (2/20) of cases; the

remaining 90% (18/20) were accurately judged as “false.”

Although limited in size, our set of headlines provides us with a balanced representation of

political biases and factual accuracy to evaluate the LLM. Overall, this analysis suggests that the

LLM is an accurate fact-checker for false content. For true headlines, it is less accurate but can

generally identify and explain when it cannot provide accurate fact-checking information. These

results align with earlier studies that delve into the accuracy of LLM fact-checking utilizing much

larger datasets [190, 227, 352].

An additional analysis of various prompt engineering methods and their performance, measured

using standard binary classification metrics, is available in the Accuracy of different prompt methods
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Belief
Group

"Would you like ChatGPT to help you
verify the headline?"

"Do you believe
the claim in the
headline to be

true?"

Control
(n = 241)

LLM optional
(n = 261)

LLM forced
(n = 247)

(a)

It is highly unlikely that this claim is true. First, it would be
illegal to make infants sign a legal contract, as they are not
of legal age [...] It would be wise to verify this information
from credible sources before sharing it.

ChatGPT fact check

"Would you
consider sharing
this story online

(for example,
through Facebook

or Twitter)?"

Sharing
Group

Control
(n = 267)

LLM optional
(n = 263)

LLM forced
(n = 269)

Yes
ChatGPT fact check

It is highly unlikely that this claim is true. The Delta Force is
a specialized unit of the United States military that [...] is not
typically involved in civilian arrests [...] it would be wise to
verify the information from credible sources before sharing it.

Stimuli

Stimuli

Human fact check
(n = 311)

Human fact check
(n = 300)

Yes

The above claim is False. This claim came from [...]
a website that publishes satire. [...] Therefore, this
post was never intended to be interpreted as fact.

No

The above claim is False. [...] Chelsea Clinton was
tweeting the day after her supposed "arrest," and no

records indicate that she was incarcerated..

Human fact check

"Would you like ChatGPT to help you
verify the headline?" No

Human fact check

Figure 7.1: Experimental design, accuracy, and main effects of the LLM fact-checking intervention.
(a) Graphical representation of the experimental design and participant flow. Although two different
false claims are shown as examples along with their respective ChatGPT fact-checking information,
both belief and sharing groups are exposed to the same set of stimuli and fact checks. (b) ChatGPT’s
judgment (shade) based on headline veracity. The bottom two panels show the proportion of
headlines that participants indicated they (c) believed or (d) were willing to share on social media.
The x-axes indicate the experimental conditions and the colors of the bars represent headline
veracity. Error bars represent 95% confidence intervals, calculated using a bootstrapping method
with 5,000 resamples. Mean group discernment (rounded to whole percentages) is annotated for
each condition, calculated as the mean difference between the proportion of true and false headlines
believed (or willing to be shared).
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section. Techniques that forced ChatGPT to produce only “true” or “false” judgments did not

enhance the model’s overall accuracy.

7.2.2 Ineffectiveness of LLM intervention

To evaluate the effectiveness of a misinformation intervention, it is crucial to measure its impact on

belief in and sharing of both true and false headlines [175, 331]. Although the veracity of headlines

may not always fit neatly into true and false categories, as in the case of rumors with unclear

veracity that are later clarified [112], this framework defines the desired outcome: an effective

misinformation intervention should enhance individuals’ ability to distinguish between true and

false headlines such that they believe/share more accurate news.

To capture the causal effects of LLM-generated fact-checking information, we compare the av-

erage discernment of participants in the treatment conditions (LLM-forced and LLM-optional) to

those in the control condition. Discernment is defined as the difference between the proportion of

true and false headlines that participants believe (or are willing to share), capturing the interven-

tion’s impact on both news categories. The inclusion of the human fact check condition allows us

to differentiate AI-related effects from those associated with traditional fact checking.

Figure 7.1 (panels c,d) illustrates the effects of fact checking on belief in and intent to share true

and false headlines under each condition, including the mean group discernment as an annotation.

In contrast with our preregistered expectations, discernment within both the belief and sharing

groups was unaffected by the LLM treatment, regardless of condition. In the belief group (Fig. 7.1c),

participants who were forced to view AI fact checks displayed a slight mean reduction (−4.50%)

in discernment when compared to the control group (U = 31,993, P = 0.61, d = −0.15, 95% CI:

[−10.04%, 0.90%]). The discernment of those given the option to view fact checks in this group was

virtually unaffected, decreasing on average by only −0.27% (U = 31,265, P = 1, d = −0.01, 95%

CI: [−5.52%, 5.03%]).
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We observe similar results regarding sharing behavior. Participants in the LLM-forced and

LLM-optional conditions of the sharing group displayed a mean reduction of −0.43% (U = 35,785,

P = 1, d = −0.02, 95% CI: [−3.93%, 3.05%]) and −0.67% (U = 34,860, P = 1, d = −0.03, 95% CI:

[−4.18%, 2.92%]), respectively, when compared with the control group.

In contrast to the above, we observe a significant increase in discernment for participants who

viewed human fact checks within both the belief and sharing groups. On average, belief discernment

increased by 18.06% (U = 25,210, P < 0.001, d = 0.50, 95% CI: [12.00%, 24.00%]), and sharing

discernment increased by 8.98% (U = 34,224, P = 0.001, d = 0.35, 95% CI: [4.89%, 13.33%]). These

effects are primarily due to an increased belief in and willingness to share true headlines—which

increased by 15.63% and 9.58%, respectively—while the impact on false headlines remained largely

unchanged.

In summary, these results indicate that human fact checks served as an effective misinformation

intervention, while those generated by the LLM did not. This is unexpected, considering that the

AI provides participants with useful information, particularly for false headlines. However, this

analysis does not account for the accuracy of the AI’s responses, nor does it examine how behaviors

vary when individuals choose to view or not view this information. To delve deeper into these

dynamics, we have supplemented our preregistered design with two additional exploratory analyses

in the sections that follow.

7.2.3 Accounting for LLM accuracy

Here, we explore the causal effects of viewing LLM fact-checking information when accounting for

model accuracy. The judgments made by ChatGPT for both true and false headlines fall into one

of three categories: correct, incorrect, or unsure. This results in six different scenarios (True/False

× Correct/Incorrect/Unsure) in which effects may be observed. However, our data contain no false
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headlines judged by ChatGPT to be true, resulting in five scenarios for each previously considered

comparison (Belief/Sharing × Control/LLM-optional/LLM-forced).

To evaluate the potential impact of LLM-generated fact checks, we compare the LLM-forced

and control conditions in these five scenarios, as illustrated in Fig. 7.2. Annotations indicate mean

group differences and highlight the significant effects identified through Bonferroni-adjusted Mann-

Whitney U tests.

In the belief group, we found significant undesirable effects showing that LLM fact checks

decreased participants’ discernment. Specifically, there was a 12.75% decrease in the belief of true

headlines incorrectly judged as false by ChatGPT (U = 35,937, P < 0.001, d = −0.38, 95% CI:

[−18.67%,−6.89%]) and a 9.12% increase in the belief of false headlines where the AI expressed

uncertainty (U = 25,931, P = 0.03, d = 0.22, 95% CI: [1.69%, 16.35%]). Both cases demonstrate a

behavioral change that is counter to the ideal outcomes of any misinformation intervention.

Regarding the sharing group, we observed mixed results. While there was an 11.09% increase

in participants’ intention to share true headlines correctly judged by ChatGPT (U = 30,897,

P = 0.02, d = 0.26, 95% CI: [4.02%, 18.06%]), there was also a 9.77% increase in the intention to

share false headlines where ChatGPT expressed uncertainty (U = 31,856, P = 0.05, d = 0.22, 95%

CI: [2.31%, 17.25%]). The former increases sharing discernment, while the latter reduces it by a

similar amount.

These results indicate that LLMs can affect belief in and intent to share both true and false

news, depending on how they judge a headline. While most effects are small, some reflect harmful

outcomes in the sense of reduced discernment.

7.2.4 Opt in versus opt out

We next analyze participants’ behavior in the LLM-optional conditions, comparing those who opt

in to see LLM fact-checking information versus those who opt out.
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Figure 7.2: Effects of LLM fact-checking information on headline belief and sharing intent, contin-
gent on headline veracity and fact check judgment. Each panel shows the proportion of participants
in the control (circles) and forced (triangles) conditions who (a) believed or (b) were willing to share
a specific group of headlines. Headlines are grouped by the combination of veracity and LLM judg-
ment, e.g., the top left panel indicates the proportion of participants who believed true headlines
that ChatGPT judged as false. As no false headlines were judged to be true by ChatGPT, this
panel is left empty. A visual guide on the left (dashed arrows) helps the reader understand the
desired directional effect of a misinformation intervention, given the veracity of a headline. Mean
group differences (rounded to whole percentages) are annotated for panels that illustrate effects dis-
cussed in the main text—positive (negative) annotations illustrate desirable (undesirable) changes.
Error bars represent 95% confidence intervals, calculated using a bootstrapping method with 5,000
resamples.

189



On average, participants chose to view fact checks for slightly more than half of the headlines.

The mean number of fact checks viewed for the belief and sharing groups was 21.6 (SD = 15.8) and

23.8 (SD = 15.7), respectively. However, the distribution was bimodal: about half the participants

viewed fact checks for most headlines, while the other half viewed them for only a handful. Par-

ticipants who viewed fact checks for more than half of the 40 headlines (52.1%) averaged viewing

36.7 (SD = 5.5). In contrast, those who viewed less than half averaged 7.5 views (SD = 6.4). A

Mann-Whitney U test revealed no significant difference in opt-in behavior between true and false

headlines (P = 0.1). See the Additional analyses section for more details.

Figure 7.3 illustrates the belief in and intention to share headlines for which subjects chose to

see versus not see LLM fact checks, for both true and false headlines. Each subject’s contribution

to the group mean values and confidence intervals are weighted by the number of times they chose

to see (or not see) each type of headline. Figure 7.3a shows that participants who chose to see LLM

fact checks were significantly more likely to believe false headlines accurately identified by the LLM,

with a 29.35% increase (U = 23,480, P = 0.005, d = 0.63, 95% CI: [20.81%, 37.93%]), as well as

those the model was unsure about, with a 28.12% increase (U = 14,260, P < 0.001, d = 0.64, 95%

CI: [18.43%, 38.12%]). There was no significant difference in belief for true headlines that the model

could not classify, with a 5.51% increase (U = 20,452, P = 1, d = 0.12, 95% CI: [−3.70%, 14.47%]),

and we only observe a 7.46% increase for accurately identified true headlines (U = 10,941, P = 0.04,

d = 0.18, 95% CI: [−1.50%, 16.35%]). However, a significant decrease for those misjudged as false

(16.59% decrease; U = 10,299, P < 0.001, d = −0.35, 95% CI: [−26.34%,−7.24%]) was found.

Figure 7.3b shows that participants who chose to see LLM fact checks were significantly more likely

to share headlines in all scenarios. These increases ranged from 29% for true headlines judged as

false to 39% for true headlines judged as true (see the Additional analyses section for statistics).

We note that this particular within-group analysis does not allow us to identify causal effects

because participants are not randomly assigned to the treatment (opt in) or comparison (opt
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out) group for each headline. Nonetheless, when participants viewed LLM-generated fact-checking

information, they were more likely to share both true and false news. Additionally, those who

viewed this information were less likely to believe true news misjudged as false and more likely to

believe false news, even when accurately identified as such by the model.

7.2.5 Attitudes toward AI and partisan congruence

Our preregistered analyses also examined the potential roles of individual attitudes toward AI

(ATAI) and the partisan congruence of headlines. While we find minimal evidence that these vari-

ables significantly impacted the results of our first two analyses, we observed specific relationships

when individuals had the option to view LLM fact-checking information.

In particular, we found clear evidence that participants with positive attitudes toward AI who

chose to view LLM-generated fact checks were significantly more likely to share those headlines

across all fact-checking scenarios. However, the relationship between ATAI and participant belief

was less clear. Nonetheless, the tendency for participants to share and believe true news that the

LLM was unsure about was more pronounced among those with positive attitudes towards AI when

viewing AI fact checks.

When participants encountered politically incongruent true headlines that the LLM was unsure

about, their likelihood of believing or sharing them diminished significantly. This relationship

persisted irrespective of whether participants opted to access the fact-checking information. We

observed a similar negative relationship in only one other scenario: for incongruent false headlines

when participants did not view LLM fact checks. More details on these analyses can be found in

the sections that follow.

7.3 Regression analyses

In this section, we aim to reproduce the results presented above via regression analysis.
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7.3.1 Covariates

Education

The participants’ level of education was assessed by asking the following question: “What is the

highest level of education you have completed?” The provided options, numbered by their corre-

sponding recoded values for our regression analyses (see Section Reproducing central findings for

details), are listed below:

1. Less than high school degree

2. High school graduate (high school diploma or equivalent including GED)

3. Some college but no degree

4. Associate degree in college (2-year)

5. Bachelor’s degree in college (4-year)

6. Master’s degree

7. Doctoral degree

8. Professional degree (JD, MD)

Attitude towards AI

Participants’ attitudes towards artificial intelligence (ATAI) were estimated with a four-item battery

that is a slightly altered version of one developed by Sindermann et al.[395]. Specifically, it included

the following four items:

1. I fear artificial intelligence

2. I trust artificial intelligence

3. Artificial intelligence will destroy humankind

4. Artificial intelligence will benefit humankind
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Questions were answered with a seven-point Likert scale ranging from “strongly disagree” to

“strongly agree.” Items 1 and 3 were reverse coded such that higher values on all items indicated

greater trust in artificial intelligence. For our regression analyses (see the Reproducing central find-

ings section for details), each participant’s ATAI is calculated as the mean value of their responses

to this battery.

Headline congruence

A headline is considered “congruent” with a participant’s partisan perspective if it is typically

considered to be favorable towards the political party that they are affiliated with. Headlines

are either pro-Democrat or pro-Republican, based on the pretest described in the main text.

Thus, a congruent headline for a Democrat (Republican) would be one that is pro-Democrat (pro-

Republican). Conversely, an incongruent headline for a Democrat (Republican) would be one that

is pro-Republican (pro-Democrat). In our regression analyses, we recode congruent headlines as 0

and incongruent headlines as 1.

We estimated partisanship by asking participants the following question: “Generally speaking

do you think of yourself as a Republican, a Democrat, an Independent, or what?” Possible answers

were “Democrat,” “Republican,” “Independent,” “No Preference,” “Don’t know,” and “Other”

(with a text box to fill if this option is selected). If “Democrat” or “Republican” was not selected

as their answer to this question they were then asked, “Do you think of yourself as closer to

the Republican or Democratic Party?” Possible answers were “Republican Party,” “Democratic

Party,” “Don’t know,” and “Neither.” We consider participants who answered “Democrat” for

the first question or “Democratic Party” for the second question as Democrats. We consider as

Republicans those who answered “Republican” for the first question or “Republican Party” for the

second question. In other words, those who lean towards Democrats (Republicans) were recoded

as Democrats (Republicans) in our analysis. All others are considered Independents.
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7.3.2 Reproducing central findings

Our preregistered research design proposed an exploratory analysis employing logistic cross-classified

multilevel modeling (MLM) to predict item-level response accuracy. This approach categorizes re-

sponses into two distinct groups: those considered desirable (i.e., believing or sharing true news,

and not believing or sharing false news) and those deemed undesirable (believing or sharing false

news, and not believing or sharing true news). However, we later noticed two problems with this

approach that drove us to pursue a different exploratory analysis. First, the MLM experienced

issues converging properly, raising doubts about its reliability. Second, we recognized that this

methodology does not allow us to separately analyze responses to true and false news, crucial to

assessing discernment. Consequently, to align with the analysis in the main text, we opted to em-

ploy linear regression with clustered standard errors, clustering by both participants and responses,

with participant responses as the dependent variable. This deviation from our preregistered ex-

ploratory design brings our methodology in line with precedents set in the literature[330, 331].

The dependent variable in all models is the participant’s response indicating belief or willingness

to share a specific headline, coded as 1 for “Yes” and 0 for “No.” Age and Education level (as

described in Education) are included as covariates in all analyses. Participants’ age is scaled by a

factor of 10 to facilitate the interpretation of the coefficients, allowing for a more straightforward

understanding of the effects associated with each decade of age rather than each individual year.

Finally, for the sake of brevity, we sometimes use “Optional” and “Forced” interchangeably with

“LLM-optional” and “LLM-forced” to describe these experimental conditions.

Ineffectiveness of LLM fact checks

To examine the robustness of our findings related to the effects of different treatments on partici-

pants’ average discernment, our model incorporates dummy variables for the experimental condi-

tions and headline veracity, as well as a term accounting for their interactions[175, 331].
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Table 7.3: Ineffectiveness of LLM Fact Checks Coefficients (Belief Group; F = 1454.23, R2 = 0.24,
P < 0.001)

Variable Estimate Std. Error t value P Sig.

(Intercept) 0.545 0.048 11.266 < 0.001 ***

Condition(Forced) 0.035 0.030 1.160 0.246

Condition(Optional) 0.005 0.030 0.183 0.855

Condition(HumanFC) -0.011 0.029 -0.379 0.705

Veracity(True) 0.393 0.027 14.776 < 0.001 ***

Age -0.006 0.001 -7.250 < 0.001 ***

Education 0.009 0.005 1.909 0.056 ·
Condition(Forced):Veracity(True) -0.045 0.036 -1.259 0.208

Condition(Optional):Veracity(True) -0.003 0.033 -0.083 0.934

Condition(HumanFC):Veracity(True) 0.181 0.032 5.696 < 0.001 ***

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

Tables 7.3 and 7.4 display the results obtained from fitting our data to this model for the belief

and share groups, respectively. Of particular relevance to our primary findings, the interaction terms

of interest, namely “Condition(Forced):Veracity(True)” and “Condition(Optional):Veracity(True),”

are not significant predictors in either model. On the other hand, the “Condition(HumanFC):

Veracity(True)” interaction term is significant in both models. As shown previously [175, 331], the

coefficients of such interaction terms directly quantify the average change in discernment driven

by each respective experimental treatment. Therefore, this analysis reinforces our finding that

exposure to LLM fact-checking information did not significantly affect average discernment, whereas

human fact checks led to an increase in average discernment.

Accounting for LLM accuracy

To incorporate the accuracy of the LLM fact checks, we include an interaction between experimen-

tal condition and fact-checking (FC) scenario (True/False × Correct/Incorrect/Unsure). These

variables capture the five scenarios found in our data. We remind the reader that no false headlines

were judged to be true in our data. To match the analysis from the main text and highlight the

potential effects of LLM fact-checking information, we focus on the forced and control conditions.
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Table 7.4: Ineffectiveness of LLM Fact Checks Coefficients (Share Group; F = 599.84, R2 = 0.11,
P < 0.001)

Variable Estimate Std. Error t value P Sig.

(Intercept) 0.826 0.041 20.392 < 0.001 ***

Condition(Forced) 0.049 0.029 1.698 0.090 ·
Condition(Optional) -0.008 0.031 -0.262 0.794

Condition(HumanFC) 0.020 0.029 0.682 0.495

Veracity(True) 0.085 0.018 4.710 < 0.001 ***

Age -0.008 0.001 -13.980 < 0.001 ***

Education -0.016 0.007 -2.389 0.017 *

Condition(Forced):Veracity(True) -0.004 0.017 -0.262 0.793

Condition(Optional):Veracity(True) -0.007 0.019 -0.351 0.725

Condition(HumanFC):Veracity(True) 0.090 0.021 4.357 < 0.001 ***

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

Tables 7.5 and 7.6 present the results of fitting our data to this model for the belief and share

groups, respectively.1 Some significant interaction terms are observed for specific FC scenarios. This

tells us that the Condition × FC Scenario relationship is significantly different in these scenarios

relative to the “reference group” FC Scenario (False × false)—not shown in the table. However, this

is not the appropriate reference group: we wish to specifically test the significance of this interaction

within each fact-checking scenario. To this end, we conduct post-hoc comparisons similar to those

presented within the main text for each group. Utilizing the fitted models, estimated marginal mean

values for the Control and Forced groups are calculated and compared in each headline scenario,

adjusting P values with Bonferroni’s method. The results of these post-hoc comparisons for the

belief and share groups are shown in Tables 7.7 and 7.8, respectively. We observe significant mean

differences for fact-checking scenarios in both groups that are consistent with those presented in

the main text. However, we also observe significant mean differences suggesting that the LLM

fact-checking information is harmful in additional fact checking scenarios within both the belief

(False × false) and sharing (False × false, False × unsure, and True × unsure) groups. To remain

1Note that a few standard errors cannot be computed leading to ‘NaN’ values. This occurs only for some terms
related to the “False × unsure” scenario, likely due to the low number of headlines (two) in that scenario.
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Table 7.5: Account for LLM Accuracy Coefficients (Belief Group; F = 428.65, R2 = 0.19, P <
0.001)

Variable Estimate Std. Error t value P Sig.

(Intercept) 0.556 0.055 10.079 < 0.001 ***

Cond.(Forced) 0.029 0.030 0.960 0.337

FC Scen.(False × unsure) 0.025 0.009 2.782 0.005 **

FC Scen.(True × false) 0.360 0.034 10.574 < 0.001 ***

FC Scen.(True × true) 0.448 0.026 17.161 < 0.001 ***

FC Scen.(True × unsure) 0.394 0.030 13.198 < 0.001 ***

Age -0.007 0.001 -7.334 < 0.001 ***

Education 0.017 0.008 2.269 0.023 *

Cond.(Forced):FC Scen.(False × unsure) 0.070 0.024 2.864 0.004 **

Cond.(Forced):FC Scen.(True × false) -0.149 0.040 -3.749 < 0.001 ***

Cond.(Forced):FC Scen.(True × true) 0.020 0.034 0.572 0.567

Cond.(Forced):FC Scen.(True × unsure) -0.017 0.040 -0.434 0.664

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

conservative in our analyses, we do not report these results in the main text as they are inconsistent

with the corresponding analysis based on mean differences calculated from the raw data.

Opt in versus opt out

To provide support for our analysis related to the LLM-optional condition, we now incorporate

an interaction between whether a participant in this condition chose to see LLM fact-checking

information (opt in) or not (opt out) and the fact checking scenario.

Tables 7.9 and 7.10 present the results of fitting our data for the belief and share groups,

respectively. To confirm the results presented in the main text, we utilize the models to perform

the same comparisons of estimated marginal means. These post-hoc comparisons further support

our findings, and are shown for the belief and share groups in Tables 7.11 and 7.12, respectively.

7.3.3 Interaction analyses

In this section, we explore the potential moderation effects of two factors on our main results:

attitude towards AI (ATAI) and headline congruence (see the Covariates section for details). We

employ linear regression with robust standard errors clustered on participant and headline for each
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Table 7.6: Account for LLM Accuracy Coefficients (Share Group; F = 259.48, R2 = 0.12, P <
0.001)

Variable Estimate Std. Error t value P Sig.

(Intercept) 0.858 0.050 17.262 < 0.001 ***

Cond.(Forced) 0.047 0.029 1.613 0.107

FC Scen.(False × unsure) -0.010 NaN

FC Scen.(True × false) 0.063 0.017 3.721 < 0.001 ***

FC Scen.(True × true) 0.049 0.033 1.486 0.137

FC Scen.(True × unsure) 0.098 0.020 4.904 < 0.001 ***

Age -0.008 0.001 -8.226 < 0.001 ***

Education -0.037 0.011 -3.481 < 0.001 ***

Cond.(Forced):FC Scen.(False × unsure) 0.031 NaN

Cond.(Forced):FC Scen.(True × false) -0.032 0.006 -5.068 < 0.001 ***

Cond.(Forced):FC Scen.(True × true) 0.044 0.016 2.717 0.007 **

Cond.(Forced):FC Scen.(True × unsure) -0.002 0.018 -0.133 0.894

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

Table 7.7: Post-hoc analysis of mean belief in headlines, accounting for LLM accuracy

Headline Scenario Forced − Control Std. Err. df t ratio Adj. P † Sig.

True × False -0.120 0.020 19508 -5.915 < 0.001 ***

True × Unsure 0.012 0.011 19508 1.021 1.000

True × True 0.048 0.023 19508 2.063 0.196

False × False 0.029 0.010 19508 2.995 0.014 *

False × Unsure 0.098 0.029 19508 3.427 0.003 **

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

† Bonferroni’s method comparing a family of 5 estimates

Table 7.8: Post-hoc analysis of mean intent to share headlines, accounting for LLM accuracy

Headline Scenario Forced − Control Std. Err. df t ratio Adj. P † Sig.

True × False 0.015 0.020 21428 0.756 1.000

True × Unsure 0.045 0.011 21428 3.992 < 0.001 ***

True × True 0.091 0.023 21428 3.922 < 0.001 ***

False × False 0.047 0.010 21428 4.943 < 0.001 ***

False × Unsure 0.078 0.028 21428 2.739 0.0310 *

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

† Bonferroni’s method comparing a family of 5 estimates
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Table 7.9: Opt In versus Opt Out Coefficients (Belief Group; F = 286.42, R2 = 0.23, P < 0.001)

Variable Estimate Std. Error t value P Sig.

(Intercept) 0.628 0.061 10.251 < 0.001 ***

Option(opt out) -0.243 0.039 -6.294 < 0.001 ***

FC Scen.(False × unsure) 0.082 0.069 1.196 0.232

FC Scen.(True × false) 0.052 0.019 2.704 0.007 **

FC Scen.(True × true) 0.409 0.031 13.082 < 0.001 ***

FC Scen.(True × unsure) 0.301 0.037 8.119 < 0.001 ***

Age -0.004 0.001 -3.825 < 0.001 ***

Education -0.008 0.009 -0.841 0.400

Option(opt out):FC Scen.(False × unsure) < 0.000 0.072 0.002 0.999

Option(opt out):FC Scen.(True × false) 0.442 0.043 10.380 < 0.001 ***

Option(opt out):FC Scen.(True × true) 0.216 0.046 4.673 < 0.001 ***

Option(opt out):FC Scen.(True × unsure) 0.223 0.053 4.212 < 0.001 ***

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

Table 7.10: Opt In versus Opt Out Coefficients (Share Group; F = 217.95, R2 = 0.19, P < 0.001)

Variable Estimate Std. Error t value P Sig.

(Intercept) 0.805 0.067 12.066 < 0.001 ***

Option(opt out) -0.305 0.039 -7.873 < 0.001 ***

FC Scen.(False × unsure) 0.017 NaN

FC Scen.(True × false) -0.016 0.005 -2.905 0.004 **

FC Scen.(True × true) 0.104 0.021 5.022 < 0.001 ***

FC Scen.(True × unsure) 0.072 0.018 4.128 < 0.001 ***

Age -0.007 0.001 -5.258 < 0.001 ***

Education 0.001 0.014 0.053 0.958

Option(opt out):FC Scen.(False × unsure) -0.007 0.013 -0.543 0.587

Option(opt out):FC Scen.(True × false) 0.065 0.021 3.104 0.002 **

Option(opt out):FC Scen.(True × true) -0.039 0.029 -1.348 0.178

Option(opt out):FC Scen.(True × unsure) 0.016 0.026 0.598 0.550

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1
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Table 7.11: Post-hoc analysis of mean belief in headlines in the Optional condition

Headline scenario Opt in − Opt out Std. Error df t ratio Adj. P † Sig.

True × False -0.200 0.027 10428 -7.288 < 0.001 ***

True × Unsure 0.020 0.015 10428 1.277 1.000

True × True 0.027 0.032 10428 0.837 1.000

False × False 0.243 0.013 10428 18.414 < 0.001 ***

False × Unsure 0.243 0.039 10428 6.226 < 0.001 ***

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

† Bonferroni’s method comparing a family of 5 estimates

Table 7.12: Post-hoc analysis of mean intent to share headlines in the Optional condition

Headline scenario Opt in − Opt out Std. Error df t ratio Adj. P † Sig.

True × False 0.239 0.028 10508 8.501 < 0.001 ***

True × Unsure 0.289 0.016 10508 18.347 < 0.001 ***

True × True 0.344 0.032 10508 10.630 < 0.001 ***

False × False 0.305 0.013 10508 22.876 < 0.001 ***

False × Unsure 0.312 0.039 10508 7.917 < 0.001 ***

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

† Bonferroni’s method comparing a family of 5 estimates

key finding discussed in the main text. Each analysis covered in the Reproducing central findings

section is revisited to incorporate these variables and create three-way interactions. Covariates that

were included in the earlier analyses (Age and Education level) are included again. The belief and

sharing group data are modeled separately.

Attitude towards AI

We begin by examining whether LLM fact-checking information remains ineffective amongst indi-

viduals with varying levels of ATAI. Therefore, we test the three-way interaction between Condition,

Veracity, and ATAI (Condition × Veracity × ATAI). The human fact checking group is excluded

from this analysis, as there is no reason to believe that participants’ interactions with human-

generated fact checks would vary based on their attitudes toward artificial intelligence. Figure 7.4

presents the relationship between participants’ ATAI and their belief in (panel a) and intent to
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Figure 7.4: Relationship between participants’ ATAI and their (a) belief in and (b) intent to share
headlines for all conditions. Responses are binned with a size of .5 and centers at [1, 1.5, 2, . . . , 7],
which does not affect the regression fit. Headline veracity is indicated by the color of the data.

share (panel b) true versus false headlines across all conditions. The results of our modeling anal-

ysis indicate that there is no significant three-way interaction between ATAI and either belief in

(Table 7.13) or intent to share (Table 7.14) headlines for all conditions.

Next, we examine whether the effects observed in each fact-checking scenario stay consistent

among people with different ATAI (the three-way interaction Condition × FC Scenario × ATAI).

Again, we focus on the forced and control conditions and exclude data for the optional participants

when fitting each model. Figure 7.5 illustrates the relationship between belief in headlines and

ATAI for the control and forced conditions in each fact-checking scenario. The same relationship

is presented with respect to sharing intent in Figure 7.6. The result of fitting the belief and share

group models are found in Tables 7.15 and 7.16, respectively. These models are then utilized for

post-hoc comparisons similar to those presented within the main text for each group. However, to

test for an ATAI interaction, this analysis compares the slopes of the Control and Forced groups
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Table 7.13: Ineffectiveness of LLM Fact Checks Coefficients (ATAI interaction; Belief Group; F =
526.74, R2 = 0.19, P < 0.001)

Variable Estimate Std. Error t value P Sig.

(Intercept) 0.559 0.082 6.793 < 0.001 ***

Condition(Forced) -0.012 0.090 -0.136 0.892

Condition(Optional) -0.052 0.087 -0.596 0.551

Veracity(True) 0.424 0.067 6.303 < 0.001 ***

ATAI 0.001 0.015 0.089 0.929

Age -0.006 0.001 -7.294 < 0.001 ***

Education 0.008 0.006 1.363 0.173

Condition(Forced):Veracity(True) 0.027 0.085 0.315 0.753

Condition(Optional):Veracity(True) 0.116 0.078 1.481 0.139

Condition(Forced):ATAI 0.011 0.022 0.516 0.606

Condition(Optional):ATAI 0.013 0.021 0.633 0.527

Veracity(True):ATAI -0.008 0.015 -0.499 0.618

Condition(Forced):Veracity(True):ATAI -0.017 0.020 -0.815 0.415

Condition(Optional):Veracity(True):ATAI -0.026 0.019 -1.408 0.159

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

Table 7.14: Ineffectiveness of LLM Fact Checks Coefficients (ATAI interaction; Share Group; F =
318.67, R2 = 0.11, P < 0.001)

Variable Estimate Std. Error t value P Sig.

(Intercept) 0.853 0.093 9.180 < 0.001 ***

Condition(Forced) 0.089 0.119 0.752 0.452

Condition(Optional) -0.268 0.118 -2.265 0.023 *

Veracity(True) 0.015 0.055 0.276 0.782

ATAI -0.005 0.018 -0.279 0.781

Age -0.008 0.001 -10.190 < 0.001 ***

Education -0.024 0.009 -2.712 0.007 **

Condition(Forced):Veracity(True) -0.017 0.066 -0.261 0.794

Condition(Optional):Veracity(True) 0.087 0.066 1.322 0.186

Condition(Forced):ATAI -0.009 0.026 -0.349 0.727

Condition(Optional):ATAI 0.059 0.026 2.243 0.025 *

Veracity(True):ATAI 0.016 0.012 1.330 0.183

Condition(Forced):Veracity(True):ATAI 0.003 0.016 0.211 0.833

Condition(Optional):Veracity(True):ATAI -0.021 0.014 -1.478 0.140

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1
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Table 7.15: Account for LLM Accuracy Coefficients (ATAI interaction, Belief Group; F = 225.85,
R2 = 0.20, P < 0.001)

Variable Estimate Std. Error t value P Sig.

(Intercept) 0.556 0.087 6.423 < 0.001 ***

Cond.(Forced) -0.012 0.091 -0.135 0.893

FC Scen.(False × unsure) 0.041 NaN

FC Scen.(True × false) 0.335 0.095 3.516 < 0.001 ***

FC Scen.(True × true) 0.436 0.102 4.298 < 0.001 ***

FC Scen.(True × unsure) 0.455 0.069 6.568 < 0.001 ***

ATAI < 0.001 0.015 0.013 0.990

Age -0.007 0.001 -7.277 < 0.001 ***

Education 0.017 0.008 2.278 0.023 *

Cond.(Forced):FC Scen.(False × unsure) 0.012 0.115 0.101 0.920

Cond.(Forced):FC Scen.(True × false) 0.054 0.102 0.535 0.593

Cond.(Forced):FC Scen.(True × true) 0.007 0.097 0.072 0.943

Cond.(Forced):FC Scen.(True × unsure) 0.024 0.091 0.268 0.788

Cond.(Forced):ATAI 0.010 0.022 0.443 0.658

FC Scen.(False × unsure):ATAI -0.004 NaN

FC Scen.(True × false):ATAI 0.006 0.018 0.345 0.730

FC Scen.(True × true):ATAI 0.003 0.023 0.119 0.905

FC Scen.(True × unsure):ATAI -0.015 0.016 -0.942 0.346

Cond.(Forced):FC Scen.(False × unsure):ATAI 0.014 0.033 0.418 0.676

Cond.(Forced):FC Scen.(True × false):ATAI -0.048 0.022 -2.210 0.027 *

Cond.(Forced):FC Scen.(True × true):ATAI 0.003 0.023 0.130 0.897

Cond.(Forced):FC Scen.(True × unsure):ATAI -0.009 0.022 -0.435 0.664

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

predicted response line, given different values of ATAI. These results, shown in Tables 7.17 and 7.18

for the belief and share groups, respectively, validate our results by illustrating that participants

did not respond differently depending on ATAI.

Next, we examine whether behavior in the optional condition depends on ATAI by introducing

a three-way interaction term involving whether a participant chose to view LLM fact checks (opt

in vs. opt out), fact checking scenario, and individual attitude towards AI (Opt-Condition × FC

Scenario × ATAI). The results of fitting these models for the belief and share groups are presented

in Tables 7.19 and 7.20, respectively. We conduct a post-hoc analysis that compares the slopes

of the opt-in and opt-out conditions across varying levels of ATAI for the belief (Table 7.21) and
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Figure 7.5: Relationship between belief in headlines and ATAI for the control and forced conditions.
Panels are representative of participants’ responses to different types of headlines. The top and
bottom panel rows represent true and false headlines, respectively. The left, center, and right panel
columns represent ChatGPT’s judgment of those headlines as false, unsure, and true, respectively.
The bottom right panel is excluded as this type of headline (false headlines judged by ChatGPT
to be true) does not exist in our data. Responses are binned with a size of .5 and centers at
[1, 1.5, 2, . . . , 7], which does not affect the regression fit.
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Figure 7.6: Relationship between headline sharing intent and ATAI for the control and forced
conditions. Panels are representative of participants’ responses to different types of headlines. The
top and bottom panel rows represent true and false headlines, respectively. The left, center, and
right panel columns represent ChatGPT’s judgment of those headlines as false, unsure, and true,
respectively. The bottom right panel is excluded as this type of headline (false headline judged by
ChatGPT to be true) does not exist in our data. Responses are binned with a size of .5 and centers
at [1, 1.5, 2, . . . , 7], which does not affect the regression fit.
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Table 7.16: Account for LLM Accuracy Coefficients (ATAI interaction, Share Group; F = 137.04,
R2 = 0.12, P < 0.001)

Variables Estimate Std. Error t value P Sig.

(Intercept) 0.862 0.096 8.998 < 0.001 ***

Cond.(Forced) 0.103 0.118 0.875 0.382

FC Scen.(False × unsure) 0.019 NaN

FC Scen.(True × false) 0.042 0.049 0.847 0.397

FC Scen.(True × true) -0.073 0.047 -1.558 0.119

FC Scen.(True × unsure) 0.030 0.053 0.567 0.571

ATAI -0.001 0.018 -0.047 0.962

Age -0.007 0.001 -8.023 < 0.001 ***

Education -0.037 0.011 -3.496 < 0.001 ***

Cond.(Forced):FC Scen.(False × unsure) -0.079 0.052 -1.526 0.127

Cond.(Forced):FC Scen.(True × false) -0.086 0.037 -2.316 0.021 *

Cond.(Forced):FC Scen.(True × true) -0.076 0.088 -0.865 0.387

Cond.(Forced):FC Scen.(True × unsure) 0.005 0.067 0.074 0.941

Cond.(Forced):ATAI -0.013 0.026 -0.496 0.620

FC Scen.(False × unsure):ATAI -0.007 NaN

FC Scen.(True × false):ATAI 0.005 0.008 0.576 0.565

FC Scen.(True × true):ATAI 0.028 0.013 2.069 0.039 *

FC Scen.(True × unsure):ATAI 0.015 0.012 1.331 0.183

Cond.(Forced):FC Scen.(False × unsure):ATAI 0.025 0.017 1.482 0.138

Cond.(Forced):FC Scen.(True × false):ATAI 0.013 0.006 2.007 0.045 *

Cond.(Forced):FC Scen.(True × true):ATAI 0.028 0.020 1.385 0.166

Cond.(Forced):FC Scen.(True × unsure):ATAI -0.001 0.016 -0.088 0.930

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

Table 7.17: Post-hoc comparison of belief slopes fit to different condition and ATAI values, ac-
counting for LLM accuracy

Headline Scenario Forced − Control Std. Err. df t ratio Adj. P † Sig.

False × false 0.010 0.008 19498 1.234 1.000

False × unsure 0.023 0.023 19498 1.000 1.000

True × false -0.038 0.016 19498 -2.313 0.104

True × unsure < 0.001 0.009 19498 0.013 1.000

True × true 0.013 0.019 19498 0.658 1.000

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

† Bonferroni’s method comparing a family of 5 estimates

207



Table 7.18: Post-hoc comparison of sharing intent slopes fit to different condition and ATAI values,
accounting for LLM accuracy

Headline Scenario Forced − Control Std. Err. df t ratio Adj. P † Sig.

False × false -0.013 0.008 21418 -1.537 0.622

False × unsure 0.012 0.025 21418 0.495 1.000

True × false < 0.001 0.018 21418 -0.017 1.000

True × unsure -0.014 0.010 21418 -1.449 0.736

True × true 0.015 0.021 21418 0.746 1.000

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

† Bonferroni’s method comparing a family of 5 estimates

sharing (Table 7.22) groups, respectively. Results of the post-hoc comparisons can be found in

Tables 7.23 and 7.24 for the belief and sharing groups, respectively.

We observe clear evidence suggesting that participants with more favorable ATAI are signifi-

cantly more inclined to share news headlines (Opt in mean b = 0.044; Table 7.22) when viewing

LLM fact-checking information, irrespective of the fact checking scenario. However, this relation-

ship does not extend to belief. Instead, we find that ATAI has a significant and negative influence

on belief in True headlines that are not identified as such for participants who opt out (True ×

false: b = −.040, P = .014; True × unsure: b = −.033, P < .001). In other words, when partici-

pants decide to not view LLM fact-checking information, they are less likely to believe incorrectly

labeled True headlines if their attitudes towards AI are more positive. It would be interesting for

future research to further explore the underlying psychological mechanisms that drive this complex

relationship between attitudes towards AI, belief in True headlines, and the decision to engage with

LLM fact-checking information.

Finally, we observe some evidence of a significant positive interaction between ATAI within the

True × unsure fact checking scenario in both the belief and sharing groups. Specifically, when

the LLM provided unsure fact-checking information about true headlines, participants with higher

levels of ATAI tended to believe and be willing to share those headlines more often (belief: b = .032,

sharing: b = .044).
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Table 7.19: Opt In versus Opt Out Coefficients (ATAI interaction, Belief Group; F = 151.22.53,
R2 = 0.23, P < 0.001)

Variables Estimate Std. Error t value P Sig.

(Intercept) 0.593 0.125 4.735 < 0.001 ***

Option(opt out) -0.190 0.123 -1.550 0.121

FC Scen.(False × unsure) 0.081 NaN

FC Scen.(True × false) 0.142 0.053 2.647 0.008 **

FC Scen.(True × true) 0.425 0.130 3.271 0.001 ***

FC Scen.(True × unsure) 0.345 0.084 4.126 < 0.001 ***

ATAI 0.008 0.023 0.347 0.729

Age -0.004 0.001 -3.907 < 0.001 ***

Education -0.007 0.009 -0.714 0.475

Option(opt out):FC Scen.(False × unsure) -0.060 0.021 -2.906 0.004 **

Option(opt out):FC Scen.(True × false) 0.508 0.101 5.046 < 0.001 ***

Option(opt out):FC Scen.(True × true) 0.182 0.221 0.822 0.411

Option(opt out):FC Scen.(True × unsure) 0.303 0.109 2.788 0.005 **

Option(opt out):ATAI -0.011 0.026 -0.424 0.671

FC Scen.(False × unsure):ATAI < 0.001 NaN

FC Scen.(True × false):ATAI -0.019 0.007 -2.712 0.007 **

FC Scen.(True × true):ATAI -0.003 0.027 -0.122 0.903

FC Scen.(True × unsure):ATAI -0.009 0.016 -0.593 0.553

Option(opt out):FC Scen.(False × unsure):ATAI 0.015 NaN

Option(opt out):FC Scen.(True × false):ATAI -0.018 0.021 -0.836 0.403

Option(opt out):FC Scen.(True × true):ATAI 0.008 0.044 0.173 0.863

Option(opt out):FC Scen.(True × unsure):ATAI -0.020 0.022 -0.932 0.351

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, ·P < 0.1
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Table 7.20: Opt In versus Opt Out Coefficients (ATAI interaction, Share Group; F = 273.28,
R2 = 0.19, P < 0.001)

Variables Estimate Std. Error t value P Sig.

(Intercept) 0.622 0.144 4.309 < 0.001 ***

Option(opt out) -0.165 0.143 -1.154 0.248

FC Scen.(False × unsure) -0.080 NaN

FC Scen.(True × false) -0.017 NaN

FC Scen.(True × true) 0.082 0.082 0.991 0.322

FC Scen.(True × unsure) 0.045 0.065 0.686 0.493

ATAI 0.038 0.027 1.418 0.156

Age -0.007 0.001 -5.057 < 0.001 ***

Education < 0.001 0.014 -0.021 0.983

Option(opt out):FC Scen.(False × unsure) 0.131 NaN

Option(opt out):FC Scen.(True × false) 0.067 0.047 1.436 0.151

Option(opt out):FC Scen.(True × true) 0.008 0.082 0.098 0.922

Option(opt out):FC Scen.(True × unsure) 0.080 0.093 0.859 0.391

Option(opt out):ATAI -0.029 0.030 -0.943 0.346

FC Scen.(False × unsure):ATAI 0.021 NaN

FC Scen.(True × false):ATAI < 0.001 NaN

FC Scen.(True × true):ATAI 0.005 0.017 0.321 0.748

FC Scen.(True × unsure):ATAI 0.006 0.014 0.464 0.642

Option(opt out):FC Scen.(False × unsure):ATAI -0.031 NaN

Option(opt out):FC Scen.(True × false):ATAI -0.001 0.013 -0.053 0.958

Option(opt out):FC Scen.(True × true):ATAI -0.012 0.019 -0.618 0.537

Option(opt out):FC Scen.(True × unsure):ATAI -0.015 0.020 -0.772 0.440

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, ·P < 0.1
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Table 7.21: Opt In versus Opt Out ATAI interaction slopes (Belief Group)

Option Headline Scenario b Std. Err. df t-ratio P Sig.

Opt in False × false 0.008 0.007 10418 1.200 0.230

Opt out False × false -0.003 0.007 10418 -0.437 0.662

Opt in False × unsure 0.008 0.019 10418 0.440 0.660

Opt out False × unsure 0.012 0.023 10418 0.512 0.609

Opt in True × false -0.011 0.013 10418 -0.817 0.414

Opt out True × false -0.040 0.016 10418 -2.464 0.014 **

Opt in True × true 0.005 0.016 10418 0.307 0.759

Opt out True × true 0.001 0.018 10418 0.068 0.946

Opt in True × unsure -0.001 0.007 10418 -0.166 0.868

Opt out True × unsure -0.033 0.009 10418 -3.552 < 0.001 ***

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, ·P < 0.1

Table 7.22: Opt In versus Opt Out ATAI interaction slopes (Share Group)

Option Headline Scenario b Std. Err. df t-ratio P Sig.

Opt in False × false 0.038 0.007 10498 5.269 < .001 ***

Opt out False × false 0.009 0.008 10498 1.183 0.237

Opt in False × unsure 0.059 0.021 10498 2.789 0.005 **

Opt out False × unsure -4.71× 10−5 0.026 10498 -0.002 0.999

Opt in True × false 0.038 0.015 10498 2.665 0.008 **

Opt out True × false 0.009 0.019 10498 0.508 0.612

Opt in True × true 0.043 0.017 10498 2.560 0.011 *

Opt out True × true 0.003 0.021 10498 0.181 0.856

Opt in True × unsure 0.044 0.008 10498 5.497 < .001 ***

Opt out True × unsure 0.001 0.010 10498 0.108 0.914

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, ·P < 0.1

Table 7.23: Post-hoc comparison of belief slopes fit to different ATAI values in the Optional con-
dition

Headline Scenario Opt in − Opt out Std. Err. df t ratio Adj. P † Sig.

False × false 0.011 0.010 10418 1.142 1.000

False × unsure -0.003 0.030 10418 -0.110 1.000

True × false 0.029 0.021 10418 1.369 0.8550

True × true 0.004 0.024 10418 0.147 1.000

True × unsure 0.032 0.012 10418 2.678 0.037 *

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, ·P < 0.1

† Bonferroni’s method comparing a family of 5 estimates
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Table 7.24: Post-hoc comparison of sharing intent slopes fit to different ATAI values in the Optional
condition

Headline Scenario Opt in − Opt out Std. Err. df t ratio Adj. P † Sig.

False × false 0.029 0.011 10498 2.571 0.051 ·
False × unsure 0.059 0.033 10498 1.766 0.387

True × false 0.029 0.024 10498 1.217 1.000

True × true 0.040 0.027 10498 1.481 0.693

True × unsure 0.044 0.013 10498 3.315 0.005 **

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, ·P < 0.1

† Bonferroni’s method comparing a family of 5 estimates

Headline congruence

We now examine the potential moderating effects of headline congruence on participants’ belief

in and intention to share them, shown in Figure 7.7. We model this relationship by including a

three-way interaction between Condition, Veracity, and headline Congruence (Condition × Veracity

× Congruence). The results related to belief and sharing intent can be found in Tables 7.25 and

7.26, respectively. We find no evidence of a significant three-way interaction between headline

congruence in either group, suggesting that average discernment is not altered by the effects of

headline congruence.

Figure 7.8 illustrates the relationship between belief in headlines and their congruency across

all fact-checking scenarios and experimental conditions. The same relationship is presented with

respect to sharing intent in Figure 7.9. We model this relationship using a three-way interaction

between condition, fact-checking scenario, and headline congruence (Condition × FC Scenario ×

Congruence). Again, we focus on the forced and control conditions and exclude data for the

optional participants when fitting each model. The results of fitting the belief and share group

models are found in Tables 7.27 and 7.28. However, we again must utilize these models for post-

hoc comparisons similar to those presented in the main text for each group. To do this, we compare

headline congruence fitted slopes between the Control and Forced groups. These results are shown

in Tables 7.29 and 7.30 for the belief and share group, respectively. We found no evidence of
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Table 7.25: Ineffectiveness of LLM Fact Checks Coefficients (Congruence interaction; Belief Group;
F = 762.09, R2 = 0.25, P < 0.001)

Variable Estimate Std. Error t value P Sig.

(Intercept) 0.582 0.049 11.857 < 0.001 ***

Cond.(Forced) 0.029 0.031 0.930 0.352

Cond.(Optional) -0.001 0.031 -0.029 0.977

Cond.(HumanFC) -0.030 0.030 -1.006 0.314

Veracity(True) 0.409 0.031 13.311 < 0.001 ***

Congr.(Inc.) -0.065 0.014 -4.646 < 0.001 ***

Age -0.006 0.001 -7.513 < 0.001 ***

Education 0.009 0.005 1.874 0.061 ·
Cond.(Forced):Veracity(True) -0.056 0.042 -1.341 0.180

Cond.(Optional):Veracity(True) -0.015 0.038 -0.389 0.697

Cond.(HumanFC):Veracity(True) 0.184 0.034 5.389 < 0.001 ***

Cond.(Forced):Congr.(Inc.) 0.017 0.011 1.560 0.119

Cond.(Optional):Congr.(Inc.) 0.026 0.006 4.058 < 0.001 ***

Cond.(HumanFC):Congr.(Inc.) 0.035 0.007 4.718 < 0.001 ***

Veracity(True):Congr.(Inc.) -0.014 0.024 -0.573 0.567

Cond.(Forced):Veracity(True):Congr.(Inc.) 0.018 0.023 0.759 0.448

Cond.(Optional):Veracity(True):Congr.(Inc.) 0.002 0.027 0.082 0.935

Cond.(HumanFC):Veracity(True):Congr.(Inc.) -0.010 0.017 -0.620 0.535

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, ·P < 0.1
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Table 7.26: Ineffectiveness of LLM Fact Checks Coefficients (Congruence interaction; Share Group;
F = 313.41, R2 = 0.11, P < 0.001)

Variable Estimate Std. Error t value P Sig.

(Intercept) 0.879 0.044 20.031 < 0.001 ***

Cond.(Forced) 0.023 0.032 0.722 0.470

Cond.(Optional) -0.041 0.034 -1.208 0.227

Cond.(HumanFC) -0.017 0.036 -0.460 0.646

Veracity(True) 0.102 0.026 3.913 < 0.001 ***

Congr.(Inc.) -0.059 0.013 -4.748 < 0.001 ***

Age -0.008 0.001 -13.845 < 0.001 ***

Education -0.018 0.007 -2.542 0.011 *

Cond.(Forced):Veracity(True) -0.022 0.024 -0.928 0.354

Cond.(Optional):Veracity(True) -0.008 0.024 -0.309 0.757

Cond.(HumanFC):Veracity(True) 0.121 0.034 3.554 < 0.001 ***

Cond.(Forced):Congr.(Inc.) 0.015 0.016 0.988 0.323

Cond.(Optional):Congr.(Inc.) 0.051 0.013 3.982 < 0.001 ***

Cond.(HumanFC):Congr.(Inc.) 0.056 0.028 1.970 0.049 *

Veracity(True):Congr.(Inc.) -0.027 0.023 -1.186 0.236

Cond.(Forced):Veracity(True):Congr.(Inc.) 0.031 0.022 1.368 0.171

Cond.(Optional):Veracity(True):Congr.(Inc.) -0.002 0.012 -0.186 0.852

Cond.(HumanFC):Veracity(True):Congr.(Inc.) -0.056 0.037 -1.504 0.133

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, ·P < 0.1
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Figure 7.7: Relationship between (a) belief in and (b) intent to share headlines and their congru-
ency across all conditions. Headline congruency is shown along the x-axis.

significant interactions within the belief group. However, in the sharing group, some significant

interactions were observed for a specific fact-checking scenario. Participants who were forced to

view unsure LLM fact checks about politically incongruent true headlines (True × unsure) were

more likely to report a willingness to share these headlines compared to participants in the control

group who viewed similar headlines. This was true despite the fact that, within each group, the

tendency was to report a willingness to share incongruent headlines less than congruent headlines

(Control: b = −0.10; LLM-forced: b = −0.03).

Next, we examine whether behaviors in the optional condition differ based on the congruence

of headlines by introducing a three-way interaction term involving whether a participant chose to

view LLM fact checks (opt in vs. opt out), fact-checking scenario, and headline congruence (Opt-

Condition × FC Scenario × Congruence). Tables 7.31 and 7.32 show the results of fitting these

models for the belief and intent to share groups, respectively. We perform a post-hoc comparison of
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Figure 7.8: Relationship between belief in headlines and their congruency across all fact-checking
scenarios. Experimental conditions are grouped along the x-axis based on headline congruency.
The top and bottom panel rows represent true and false headlines, respectively. The left, center,
and right panel columns represent ChatGPT’s judgment of those headlines as false, unsure, and
true, respectively. The bottom right panel is excluded as this type of headline (false headline judged
by ChatGPT to be true) does not exist in our data.
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Figure 7.9: Relationship between intent to share headlines and their congruency across all condi-
tions. Experimental conditions are grouped along the x-axis based on headline congruency. The
top and bottom panel rows represent true and false headlines, respectively. The left, center, and
right panel columns represent ChatGPT’s judgment of those headlines as false, unsure, and true,
respectively. The bottom right panel is excluded as this type of headline (false headline judged by
ChatGPT to be true) does not exist in our data.

217



Table 7.27: Account for LLM Accuracy Coefficients (Congruence interaction, Belief Group; F =
233.48, R2 = 0.21, P < 0.001)

Variable Estimate Std. Error t value P value Sig.

(Intercept) 0.589 0.057 10.377 < 0.001 ***

Cond.(Forced) 0.022 0.031 0.719 0.472

FC Scen.(False × unsure) 0.081 0.029 2.792 0.005 **

FC Scen.(True × false) 0.383 0.035 10.847 < 0.001 ***

FC Scen.(True × true) 0.484 0.037 13.030 < 0.001 ***

FC Scen.(True × unsure) 0.412 0.034 12.013 < 0.001 ***

Congr.(Inc.) -0.055 0.014 -3.945 < 0.001 ***

Age -0.007 0.001 -7.507 < 0.001 ***

Education 0.016 0.008 2.161 0.031 *

Cond.(Forced):FC Scen.(False × unsure) 0.061 0.035 1.739 0.082 ·
Cond.(Forced):FC Scen.(True × false) -0.190 0.051 -3.683 < 0.001 ***

Cond.(Forced):FC Scen.(True × true) -0.019 0.039 -0.487 0.626

Cond.(Forced):FC Scen.(True × unsure) -0.014 0.049 -0.294 0.769

Cond.(Forced):Congr.(Inc.) 0.017 0.013 1.302 0.193

FC Scen.(False × unsure):Congr.(Inc.) -0.102 0.040 -2.536 0.011 *

FC Scen.(True × false):Congr.(Inc.) -0.025 0.073 -0.340 0.734

FC Scen.(True × true):Congr.(Inc.) -0.045 0.034 -1.313 0.189

FC Scen.(True × unsure):Congr.(Inc.) -0.019 0.027 -0.724 0.469

Cond.(Forced):FC Scen.(False × unsure):Congr.(Inc.) 0.008 0.045 0.173 0.863

Cond.(Forced):FC Scen.(True × false):Congr.(Inc.) 0.061 0.054 1.126 0.260

Cond.(Forced):FC Scen.(True × true):Congr.(Inc.) 0.069 0.035 1.962 0.050 *

Cond.(Forced):FC Scen.(True × unsure):Congr.(Inc.) -0.005 0.031 -0.171 0.864

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, ·P < 0.1
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Table 7.28: Account for LLM Accuracy Coefficients (Congruence interaction, Share Group; F =
133.51, R2 = 0.12, P < 0.001)

Variable Estimate Std. Error t value P Sig.

(Intercept) 0.916 0.054 17.043 < 0.001 ***

Cond.(Forced) 0.015 0.032 0.477 0.633

FC Scen.(False × unsure) -0.036 0.021 -1.693 0.090 ·
FC Scen.(True × false) 0.062 0.040 1.530 0.126

FC Scen.(True × true) 0.051 0.055 0.919 0.358

FC Scen.(True × unsure) 0.122 0.027 4.468 < 0.001 ***

Congr.(Inc.) -0.063 0.015 -4.253 < 0.001 ***

Age -0.008 0.001 -7.974 < 0.001 ***

Education -0.041 0.011 -3.690 < 0.001 ***

Cond.(Forced):FC Scen.(False × unsure) 0.082 0.018 4.674 < 0.001 ***

Cond.(Forced):FC Scen.(True × false) -0.042 0.027 -1.565 0.118

Cond.(Forced):FC Scen.(True × true) 0.074 0.046 1.604 0.109

Cond.(Forced):FC Scen.(True × unsure) -0.027 0.023 -1.147 0.251

Cond.(Forced):Congr.(Inc.) 0.025 0.018 1.369 0.171

FC Scen.(False × unsure):Congr.(Inc.) 0.029 0.039 0.739 0.460

FC Scen.(True × false):Congr.(Inc.) 0.007 0.048 0.140 0.889

FC Scen.(True × true):Congr.(Inc.) -0.006 0.068 -0.093 0.926

FC Scen.(True × unsure):Congr.(Inc.) -0.041 0.027 -1.481 0.139

Cond.(Forced):FC Scen.(False × unsure):Congr.(Inc.) -0.088 0.056 -1.571 0.116

Cond.(Forced):FC Scen.(True × false):Congr.(Inc.) 0.013 0.038 0.351 0.726

Cond.(Forced):FC Scen.(True × true):Congr.(Inc.) -0.064 0.075 -0.855 0.393

Cond.(Forced):FC Scen.(True × unsure):Congr.(Inc.) 0.046 0.026 1.783 0.075 ·
Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, ·P < 0.1

Table 7.29: Post-hoc comparison of belief slopes fit different FC scenarios and headline congruence

Headline Scenario Forced − Control Std. Error df t ratio Adj. P † Sig.

False × false 0.017 0.019 18738 0.873 1.000

False × unsure 0.025 0.058 18738 0.425 1.000

True × false 0.078 0.041 18738 1.887 0.296

True × true 0.086 0.048 18738 1.804 0.356

True × unsure 0.012 0.023 18738 0.511 1.000

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

† Bonferroni’s method comparing a family of 5 estimates
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Table 7.30: Post-hoc comparison of sharing slopes fit to different FC scenarios and headline con-
gruence

Headline Scenario Forced − Control Std. Error df t ratio Adj. P † Sig.

False × false 0.025 0.020 19938 1.278 1.000

False × unsure -0.062 0.059 19938 -1.055 1.000

True × false 0.038 0.042 19938 0.919 1.000

True × true -0.039 0.048 19938 -0.815 1.000

True × unsure 0.071 0.023 19938 3.085 0.010 *

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

† Bonferroni’s method comparing a family of 5 estimates

the belief (Table 7.33) and sharing (Table 7.34) group slopes, fit to the opt-in and opt-out conditions

across different levels of congruence. The results of these post-hoc comparisons are shown in Tables

7.35 and 7.36, respectively.

We observe that partisan incongruency is significantly negatively related to participants’ belief

(Opt in b = −.086, P < .001; Opt out b = −.097, P < 0.001) and sharing intent (Opt in b = −.038,

P = .050; Opt out b = −.088, P < 0.001) with respect to True headlines that the model was

unsure about, regardless of whether participants chose to view the LLM fact-checking information.

Additionally, we find that participants who did not view the LLM fact-checking information for false

headlines were significantly less likely to believe incongruent headlines (False × false: b = −.057,

P = .002; False × unsure: b = −.195, P = .001). In other words, when participants encountered

politically incongruent true headlines that the LLM was unsure about, their likelihood of believing

or being willing to share them diminished significantly. This relationship persisted irrespective

of whether participants opted to access the fact-checking information. This relationship does not

hold for accurately identified True headlines in either the belief or sharing groups. However, we do

find evidence of a similar relationship for false headlines, but only when participants did not view

LLM-generated fact checks.
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Table 7.31: Opt In versus Opt Out Coefficients (Congruency interaction, Belief Group; F = 146.91,
R2 = 0.24, P < 0.001)

Variable Estimate Std. Error t value P Sig.

(Intercept) 0.637 0.063 10.175 < 0.001 ***

Option(opt out) -0.217 0.046 -4.765 < 0.001 ***

FC Scen.(False × unsure) 0.072 0.083 0.864 0.388

FC Scen.(True × false) 0.034 0.018 1.856 0.063 ·
FC Scen.(True × true) 0.379 0.034 11.154 < 0.001 ***

FC Scen.(True × unsure) 0.344 0.047 7.365 < 0.001 ***

Congr.(Inc.) -0.003 0.023 -0.108 0.914

Age -0.004 0.001 -3.926 < 0.001 ***

Education -0.009 0.009 -0.929 0.353

Option(opt out):FC Scen.(False × unsure) 0.068 0.096 0.710 0.478

Option(opt out):FC Scen.(True × false) 0.457 0.044 10.325 < 0.001 ***

Option(opt out):FC Scen.(True × true) 0.193 0.049 3.907 < 0.001 ***

Option(opt out):FC Scen.(True × unsure) 0.191 0.055 3.444 0.001 ***

Option(opt out):Congr.(Inc.) -0.054 0.043 -1.271 0.204

FC Scen.(False × unsure):Congr.(Inc.) 0.027 0.053 0.503 0.615

FC Scen.(True × false):Congr.(Inc.) 0.043 0.017 2.500 0.012 *

FC Scen.(True × true):Congr.(Inc.) 0.072 0.038 1.871 0.061 ·
FC Scen.(True × unsure):Congr.(Inc.) -0.083 0.039 -2.153 0.031 *

Option(opt out):FC Scen.(False × unsure):Congr.(Inc.) -0.165 0.073 -2.266 0.023 *

Option(opt out):FC Scen.(True × false):Congr.(Inc.) -0.032 0.052 -0.605 0.545

Option(opt out):FC Scen.(True × true):Congr.(Inc.) 0.024 0.064 0.382 0.703

Option(opt out):FC Scen.(True × unsure):Congr.(Inc.) 0.042 0.060 0.703 0.482

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, ·P < 0.1
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Table 7.32: Opt In versus Opt Out Coefficients (Congruency interaction, Share Group; F = 113.92,
R2 = 0.19, P < 0.001)

Variable Estimate Std. Error t value P Sig.

(Intercept) 0.798 0.068 11.778 < 0.001 ***

Option(opt out) -0.304 0.039 -7.822 < 0.001 ***

FC Scen.(False × unsure) 0.007 0.018 0.396 0.692

FC Scen.(True × false) -0.005 0.010 -0.462 0.644

FC Scen.(True × true) 0.084 0.039 2.179 0.029 *

FC Scen.(True × unsure) 0.098 0.023 4.253 < 0.001 ***

Congr.(Inc.) 0.013 0.010 1.256 0.209

Age -0.006 0.001 -5.026 < 0.001 ***

Education -0.001 0.014 -0.074 0.941

Option(opt out):FC Scen.(False × unsure) 0.043 0.029 1.472 0.141

Option(opt out):FC Scen.(True × false) 0.058 0.036 1.596 0.111

Option(opt out):FC Scen.(True × true) -0.008 0.068 -0.111 0.911

Option(opt out):FC Scen.(True × unsure) 0.030 0.034 0.897 0.370

Option(opt out):Congr.(Inc.) -0.022 0.014 -1.587 0.113

FC Scen.(False × unsure):Congr.(Inc.) 0.036 0.057 0.623 0.533

FC Scen.(True × false):Congr.(Inc.) -0.023 NaN

FC Scen.(True × true):Congr.(Inc.) 0.060 0.059 1.030 0.303

FC Scen.(True × unsure):Congr.(Inc.) -0.051 0.013 -3.937 < 0.001 ***

Option(opt out):FC Scen.(False × unsure):Congr.(Inc.) -0.105 0.070 -1.494 0.135

Option(opt out):FC Scen.(True × false):Congr.(Inc.) 0.021 0.039 0.553 0.580

Option(opt out):FC Scen.(True × true):Congr.(Inc.) -0.069 0.097 -0.713 0.476

Option(opt out):FC Scen.(True × unsure):Congr.(Inc.) -0.028 0.030 -0.941 0.347

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, ·P < 0.1

Table 7.33: Opt In versus Opt Out congruency interaction slopes (Belief Group)

Option Headline Scenario b Std. Err. df t-ratio P Sig.

Opt in False × false -0.003 0.019 9978 -0.136 0.891

Opt out False × false -0.057 0.018 9978 -3.077 0.002 **

Opt in False × unsure 0.024 0.052 9978 0.465 0.642

Opt out False × unsure -0.195 0.061 9978 -3.208 0.001 **

Opt in True × false 0.040 0.037 9978 1.081 0.280

Opt out True × false -0.046 0.042 9978 -1.098 0.272

Opt in True × true 0.069 0.043 9978 1.617 0.106

Opt out True × true 0.039 0.049 9978 0.813 0.416

Opt in True × unsure -0.086 0.020 9978 -4.257 < .001 ***

Opt out True × unsure -0.097 0.024 9978 -4.085 < .001 ***

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, ·P < 0.1
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Table 7.34: Opt In versus Opt Out congruency interaction slopes (Sharing Group)

Option Headline Scenario b Std. Err. df t-ratio P Sig.

Opt in False × false 0.013 0.017 10138 0.729 0.466

Opt out False × false -0.010 0.020 10138 -0.480 0.632

Opt in False × unsure 0.048 0.052 10138 0.933 0.351

Opt out False × unsure -0.079 0.063 10138 -1.258 0.209

Opt in True × false -0.010 0.035 10138 -0.300 0.765

Opt out True × false -0.011 0.045 10138 -0.251 0.802

Opt in True × true 0.073 0.042 10138 1.758 0.079

Opt out True × true -0.018 0.052 10138 -0.352 0.725

Opt in True × unsure -0.038 0.019 10138 -1.961 0.050 *

Opt out True × unsure -0.088 0.025 10138 -3.501 < 0.001 ***

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, ·P < 0.1

Table 7.35: Post-hoc comparison of belief slopes for different headline congruence in the Optional
condition

Headline scenario Opt in − Opt out Std. Error df t ratio Adj. P † Sig.

True × False 0.086 0.056 9978 1.540 0.619

True × Unsure 0.012 0.031 9978 0.371 1.000

True × True 0.030 0.065 9978 0.459 1.000

False × False 0.054 0.026 9978 2.071 0.192

False × Unsure 0.219 0.080 9978 2.745 0.030 *

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

† Bonferroni’s method comparing a family of 5 estimates

Table 7.36: Post-hoc comparison of sharing intent slopes for different headline congruence in the
Optional condition

Headline scenario Opt in − Opt out Std. Error df t ratio Adj. P † Sig.

False × False 0.022 0.026 10138 0.838 1.000

False × Unsure 0.127 0.081 10138 1.564 0.589

True × False 0.001 0.057 10138 0.015 1.000

True × True 0.091 0.066 10138 1.375 0.845

True × Unsure 0.050 0.032 10138 1.577 0.574

Significance codes: *** P < 0.001, ** P < 0.01, * P < 0.05, · P < 0.1

† Bonferroni’s method comparing a family of 5 estimates
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7.4 Additional analyses

7.4.1 Opt-in behavior

Figure 7.10 presents the distributions of headlines that participants chose to view when in the

LLM-optional condition. Figure 7.11 presents the same information by headline veracity for each

experimental group. Mann-Whitney U tests show that there is no significant difference in the

average number of headlines opted into by the belief and sharing groups (P = 0.10). Additionally,

we observe no significant difference in the average number of true versus false headlines chosen by

participants in either group (belief: P = 0.13; sharing: P = 0.55). Table 7.37 displays statistical

results for all opt in versus opt out comparisons discussed in the main text.

7.4.2 Accuracy of different prompt methods

To investigate the accuracy of different prompting methods, we conducted three additional experi-

ments in 2024 to test ChatGPT-3.5’s ability to correctly predict the veracity of our headline stimuli.

Below we briefly introduce their setups:

0. Original prompt via web in 2023: This is the original, manual approach utilized to

generate the fact-checking information used in our experiment, which we repeated.

1. Original prompt via API in 2024: We reproduced the original prompt with the OpenAI

application programming interface (API) available in 2024.

2. Forced binary via API in 2024: The model was forced to report a judgment of either

“True” or “False” and nothing else.

3. Forced binary + rationale via API in 2024: The model was forced to report a judgment

of either “True” or “False” as well as the rationale for its judgment.

Approach #0 explores the potential for performance changes due to the passage of time.

Approach #1 evaluates differences between using the general public-facing website and the pro-

grammable API options. When we performed the original experiment in 2023, ChatGPT was only
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Figure 7.10: Distribution of the proportion of headlines for which participants chose to view LLM-
generated fact checking information by experimental group.
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Figure 7.11: Distribution of the proportion of headlines for which participants chose to view
LLM-generated fact checking information by veracity for the Belief (a) and Share (b) experimental
groups.
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Group Veracity Judged Opt in − Opt out Adj. P † Cohen’s d 95% CI (%)

Belief True True 7.46% 0.0411 0.18 [-1.50%, 16.35%]

Belief True False -16.59% < 0.001 -0.35 [-26.34%, -7.24%]

Belief True Unsure 5.51% 1.0 0.12 [-3.70%, 14.47%]

Belief False False 29.35% 0.0049 0.63 [20.81%, 37.93%]

Belief False Unsure 28.12% < 0.001 0.64 [18.43%, 38.12%]

Share True True 39.46% < 0.001 0.85 [30.00%, 49.15%]

Share True False 29.39% < 0.001 0.62 [19.76%, 38.75%]

Share True Unsure 34.24% < 0.001 0.71 [25.18%, 43.17%]

Share False False 37.63% < 0.001 0.74 [28.30%, 46.83%]

Share False Unsure 37.39% < 0.001 0.81 [26.80%, 47.13%]

† Bonferroni’s method comparing a family of 10 estimates

Table 7.37: Comparisons of the weighted mean difference in the percentage of headlines believed or
willing to be shared when participants chose to view versus not view LLM fact-checking information,
split by group, headline veracity, and veracity judgment of the LLM.

available through the website. The web version of the model has a system prompt that defines

the chatbot’s default behavior. However, the system prompt is not publicly available. The API,

on the other hand, allows us to define the system prompt ourselves, giving us better control over

the experiment setup. Approach #2 attempts to capture a binary design that has been proposed

within the literature[190], while Approach #3 builds on Approach #2 by investigating whether ask-

ing the model to include a rationale for its judgments leads to clearer thinking and more accurate

responses.2

In Table 7.38, we report the accuracy and F1 scores of ChatGPT’s judgments across the four

prompt approaches in terms of identifying headlines. To calculate these metrics for Approaches #0

and #1, we ignore the “Unsure” responses, as this label does not conform to standard accuracy

measures. Accuracy is defined as the portion of correct judgments among all cases and reflects the

overall performance of ChatGPT in different setups. The F1 score is the harmonic mean of precision

2Per OpenAI’s official prompt engineering guide: https://platform.openai.com/docs/guides/prompt-enginee
ring.
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Table 7.38: Counts of ChatGPT’s judgments across different prompts. For each approach, from
left to right, we report the prompt style, interface, ground-truth veracity of the headlines, numbers
of “True,” “Unsure,” and “False” judgments, percentage of “Unsure” responses, and the accuracy
and F1 scores of ChatGPT (excluding “Unsure” responses).

Approach Prompt style Interface Veracity True Unsure False % Unsure Accuracy F1

#0 Original Web
True 3 13 4

37.5% 0.84 0.90
False 0 2 18

#1 Original API
True 1 19 0

77.5% 1.00 1.00
False 0 12 8

#2 Binary API
True 7 0 13

0% 0.63 0.71
False 2 0 18

#3 Binary + rationale API
True 8 0 12

0% 0.65 0.72
False 2 0 18

and recall and serves as another metric to quantify the performance of ChatGPT in identifying false

news headlines.

Excluding “Unsure” headline responses, we find that ChatGPT was more accurate with Ap-

proach #1 as compared to Approach #0. However, Approach #1 had a much higher number of

“Unsure” responses (77.5% of the headlines versus 37.5% for Approach #0). Approach #2 forced

ChatGPT to dichotomize the unsure cases, yielding lower accuracy. Asking ChatGPT to generate

rationale together with the judgment (Approach #3) improved the accuracy marginally.

Caution is necessary when generalizing these findings to AI-based fact-checking accuracy at

scale; a robust evaluation would require a much larger number of test cases[190, 352]. Recent

advancements employing retrieval-augmented generation approaches achieve better performance

across a broader range of claim topics and modalities[489]. While research to improve the accuracy

of these models continues rapidly, AI model accuracy will still be constrained when encountering

new information that was not included in training data. The main contribution of our study is not

to benchmark the model’s accuracy but to investigate how people interact with and respond to fact

checking information generated by these models.

With these caveats, our results suggest that forcing conventional fact-checking responses (by

reducing uncertainty) leads to more erroneous assessments. Therefore the potential risks of AI-
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based fact checks highlighted in our experiment may not be easily addressed by prompt engineering

efforts.

7.5 Discussion

While our experimental design allows us to assess the causal effects of LLM fact-checking infor-

mation on the discernment of true and false headlines, it is important to exercise caution when

generalizing these results to different contexts. First, we use a specific version of ChatGPT to gener-

ate fact-checking information with a single prompt; these results may not apply to other AI models

or prompting approaches. Although our prompt aimed to reflect naturalistic usage, its realism is

uncertain due to the lack of prior research on how people use LLMs for fact-checking in real-world

settings. Second, design choices intended to emulate a realistic social media environment—such as

including headline sources and lede text—may contribute to people’s assessments, although these

effects should be equal for all experimental conditions. Third, the survey setting of our experi-

ment may not fully capture the complexities of real-world information consumption and sharing

behaviors. However, previous research has shown a correlation between self-reported willingness to

share news in online surveys and actual sharing behavior on social media platforms [289]. Finally,

while our study presents real headlines that replicate a common social media design, the results

may not generalize beyond our relatively small selection of political news. Nevertheless, the pretest

conducted on these headlines ensured they are balanced with respect to dimensions known to be

important to believing and sharing news (see Methods).

Despite these limitations, our study provides valuable insights into the complex interplay be-

tween humans and AI in the context of automated fact checking. ChatGPT performs well at

identifying false headlines while it mostly reports being unsure about true headlines, consistent

with previous research [190, 227, 352]. Since we tested a limited number of headlines, it is difficult

to determine why the model judges false headlines more accurately. The model may be more likely
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to have seen false headline stimuli as their publication dates were less recent than those of true

headlines. This highlights a key limitation of large-scale automated fact-checking systems that we

refer to as the “breaking news problem”: developing news stories often discuss novel events the

model has never been exposed to, making it difficult for AI to assess them accurately. To this end,

a promising future research direction is to augment LLMs with trusted data—e.g., via real-time

search [489]—to improve their performance on new and evolving information [249].

While the average belief and sharing discernment of participants was positively affected by

viewing human fact checks, this was not the case for viewing LLM fact-checking information,

whether or not such information was optional. These results are surprising, considering previous

research suggests that LLMs can persuade humans on controversial topics [26]. However, we found

that AI-generated fact checks can affect belief in and intent to share news headlines, contingent

upon the accuracy of the AI’s responses relative to the veracity of the headlines. Consistent with

literature showing that AI may be perceived as objective [413, 414], participants tended to believe

true headlines less when the LLM incorrectly labeled them as false. Furthermore, participants

demonstrated an increased willingness to share true headlines that were correctly identified by the

LLM. The latter outcome is encouraging, as it supports efforts to enhance the acceptance of reliable

information [1]. Since trusted content is far more abundant than misinformation, future research

should investigate how the volume of different types of content interacts with model accuracy to

impact overall information quality.

When the LLM expressed uncertainty about the veracity of false headlines, participants were

more inclined to believe and share them. This contradicts research suggesting that uncertain

fact checks can be perceived as false [323], and that expressions of uncertainty from an LLM can

increase task accuracy [221]. While expressing uncertainty has been considered a desirable quality

in automated fact-checking systems [223], our results illustrate that unsure fact checks can lead to

adverse outcomes. Given the impact of the format of fact checks [45, 250], this conflicting evidence

229



highlights an important question for future research: which formats and styles of AI-generated fact

checks are most effective, and which prompting techniques can reliably create them?

The behavior of participants in the optional condition revealed a strong selection bias. When

participants were given the choice to view LLM fact-checking information, those who chose to do

so were significantly more likely to share both true and false news. Furthermore, those who viewed

this information were less likely to believe true news misjudged as false and more likely to believe

false news. These results suggest that individuals may have already formed their opinion about a

headline before accessing the fact-checking information. For example, they might wish to confirm

what they believe to be true or see if the AI is wrong. Of course, many factors may influence how

one seeks and processes fact-checking information, including how well-informed [251] and confident

they are [324]. Regardless, some participants subsequently disregard these fact checks. This pattern

is particularly evident with respect to false headlines, for which ChatGPT provides highly accurate

information. Despite being presented with helpful information indicating that these headlines were

false, participants were still much more likely to report believing or being willing to share that

content. Further interaction analyses suggest that individual attitudes towards AI, as well as

partisan congruence with headlines, are related to this behavior. Although our study design cannot

reveal the exact mechanism behind the outcomes of the optional condition, the findings suggest

that this misinformation intervention design is unlikely to be helpful.

Future work could explore the effect of telling people whether a fact check comes from a human

or AI. Similar questions have been investigated in the context of generic conversations [481], health

prevention [252], advertising [488], and written content [353]. In these scenarios, disclosing the

AI-generated source tends to lead to a negative perception of the content and a preference for

human-generated content. A dedicated investigation on the effect of fact-checking source disclosure

will be required.
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We present these results in the context of concerns raised by experts about the potential for

AI to contribute to the digital misinformation problem [53, 162, 277, 404]. These concerns are

well-founded; malicious AI-powered bots are virtually undetectable on social media [475] and even

the developers of ChatGPT report that their technology is likely to be weaponized by malicious

actors [162, 400]. To make matters worse, recent research indicates that state-of-the-art LLMs can

persuade individuals on polarized topics [26, 210] and create persuasive propaganda [161], providing

an incentive for their use in political information campaigns [162].

While the use of LLM-powered fact-checking to combat these concerns is enticing, our results

reveal that the dynamics of human-AI interaction make this application potentially harmful, despite

its accuracy. This should not discourage us from exploring the potential of this technology to help

us mitigate challenging problems. Instead, as artificial intelligence becomes more deeply integrated

into our information environment, it is crucial to fully understand both the risks and opportunities

it presents.
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Chapter 8

Conclusion

The internet is a tool. Social media is a tool. At the end of the day, tools

don’t control us. We control them. And we can remake them.

– Obama [312]

As society becomes increasingly entangled with digital platforms, the challenges posed by online

misinformation continue to grow in both complexity and consequence. This dissertation adopts a

computational social science approach to investigate misinformation across three interrelated do-

mains: the actors responsible for its spread, the mechanisms through which it diffuses, and the

emerging role of AI-based interventions. Drawing on a diverse set of methods, the work con-

tributes both substantive insights and methodological innovations that advance our understanding

of misinformation as a socio-technical phenomenon. Overall, these studies shed light on how mis-

information operates as a persistent social condition—one that requires continuous monitoring,

careful measurement, and responsible intervention.

8.1 Contributions

8.1.1 Spread

Chapter 3 addresses a foundational question in misinformation research: who drives the dispropor-

tionate spread of low-credibility content [111]? While prior work has speculated about the influence

of “superspreaders” [174, 217], targeted empirical analyses have remained limited. This chapter

systematically identifies these high-risk accounts and introduces simple, predictive metrics that can
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forecast future superspreaders months in advance. It also offers the first qualitative characterization

of these actors, revealing that they are often political in nature and include media outlets, affiliated

influencers, and prominent pundits. Their content is not only more voluminous but also more toxic

than that of ordinary misinformation sharers. The analysis also raises broader concerns about the

incentives—or lack thereof—for platforms to moderate influential superspreader accounts.

Chapter 4 investigates a critical methodological issue in misinformation research: the cascade

inference problem [114]. Social media platforms typically attribute all resharing behavior to the

original poster, obscuring the actual diffusion pathways. Although this simplification is widely

accepted due to data limitations, this chapter demonstrates that it can severely distort analyses

of influence and cascade structure. I introduce a novel cascade reconstruction method and apply

it to case studies on Twitter and Bluesky, revealing how different assumptions about information

flow produce vastly different network topologies and user influence metrics. Reanalyzing a land-

mark misinformation dataset, I show that even attempts to correct for these issues lead to divergent

outcomes in both microscopic similarity and macroscopic cascade properties. These findings under-

score the need for greater methodological transparency and rigor in the study of online information

diffusion, particularly when relying on platform-provided data that encode structural assumptions.

8.1.2 Impact

Chapter 5 investigates the real-world consequences of digital misinformation by linking social media

exposure to COVID-19 vaccination outcomes across the United States [339]. The study demon-

strates that counties with higher levels of online vaccine misinformation experienced lower vaccina-

tion uptake and higher levels of vaccine hesitancy, even after accounting for political, demographic,

and socioeconomic variables. While vaccine hesitancy is strongly correlated with Republican vote

share, the effect of misinformation is paradoxically strongest in Democratic-leaning counties—

suggesting that exposure to misinformation can erode trust even in populations not typically as-
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sociated with skepticism. Temporal analyses using Granger causality further suggest a directional

relationship, with online misinformation preceding increases in vaccine hesitancy. These findings

strengthen the case for targeted public health interventions that address misbeliefs and misinfor-

mation exposure as part of a comprehensive strategy for improving vaccination coverage.

Chapter 6 builds on this insight by modeling how misinformation can impact disease dynamics

at scale [113]. Using a massive, mobility-informed contact network and county-level estimates

of misinformation exposure from social media, this study simulates epidemic trajectories under

different behavioral susceptibility scenarios. It contrasts a worst-case scenario—where a single

exposure to misinformation can lead to behavioral change—with a best-case scenario in which

individuals are highly resistant to false information. The results show that misinformation-induced

vaccine avoidance could significantly increase the total number of infections during an epidemic,

illustrating how digital misinformation can materially degrade public health outcomes. This chapter

bridges the fields of epidemiology and computational social science, demonstrating the potential

for social media data to be incorporated into epidemic modeling and offering policymakers a new

framework to assess the broader consequences of online falsehoods.

8.1.3 Fact-checking with large language models

Chapter 7 explores how people interact with fact checking information generated by a prominent

large language model [118]. Through a preregistered experiment, it evaluates how users respond

to fact checks generated by an LLM when evaluating political news headlines. While the model

accurately identifies most false headlines, it does not significantly improve participants’ ability to

discern accuracy or share reliable information, on average. More concerning, the AI fact-checker

sometimes produces unintended harm: reducing belief in true headlines when misclassified and

increasing belief in false headlines when the model expresses uncertainty. Human-generated fact-

checks, by contrast, lead to significantly better discernment. These results highlight a key risk of

234



automated interventions: technical accuracy may not guarantee beneficial downstream effects. This

chapter contributes to the growing literature on human-AI interaction, offering cautionary insights

for the deployment of LLMs in accuracy-critical contexts and emphasizing the need for rigorous

human-centered evaluations.

Together, these five studies advance our understanding of the socio-technical dynamics that

shape misinformation exposure, amplification, and real-world impact. They offer novel empirical

insights, develop new methodological tools, and raise critical questions about the design and gover-

nance of digital platforms and interventions. By situating misinformation as both a technical and

human phenomenon, this dissertation provides a foundation for future research and action across

disciplines concerned with information integrity.

8.2 Future research directions

Looking ahead, the landscape of misinformation research is poised to shift dramatically with the

continued advancement and integration of generative AI technologies. Rather than existing as a

discrete layer within traditional platforms, AI is increasingly becoming embedded into the infras-

tructure of digital communication—powering interventions, generating content, and shaping how

users interact with information. This evolution demands a reorientation in research focus: from

studying misinformation in static, human-only systems to understanding its dynamics in hybrid

human-AI environments.

As AI becomes more deeply woven into the fabric of digital platforms, future research must

grapple with two emerging areas of critical importance. First, how can AI be leveraged to power

effective, trustworthy interventions against misinformation? Second, what new challenges arise

when platforms themselves are built around or infused with generative AI capabilities? The sections

that follow outline promising directions for addressing these questions and highlight the urgent need

for interdisciplinary approaches that center on both technical feasibility and societal impact.
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8.2.1 AI-powered interventions

Large language models offer a new frontier for misinformation interventions—not only as stan-

dalone fact-checkers but also as flexible, generative tools that can enhance and extend existing

strategies [82]. Two important limitations of the work presented in Chapter 7 are (i) the highly con-

trolled nature of the experiment and (ii) the use of a general-purpose model that was not optimized

for fact-checking. While these choices aligned with the study’s specific aims, future work should

investigate how users interact with LLM-based fact-checking tools in real-world, task-specialized

systems.

Beyond direct fact-checking, LLMs appear particularly well-suited to augment other forms of

misinformation interventions. For instance, they can strengthen crowd-based approaches. Recent

studies have shown that LLMs can rewrite existing X Community Notes—referred to as “super

notes” that users often prefer over the original notes written by humans [107]. These systems can

be integrated into the existing system to help people improve notes as they add them.

Going a step further, LLM agents imbued with diverse political personas could be used to sim-

ulate such systems, enabling automated generation of balanced annotations or helping researchers

test new designs before deployment. This could help address one of the major limitations of crowd-

based systems discussed in Chapter 2: their difficulty in handling divisive content where consensus

is elusive [74, 464]. Integrating LLMs into agent-based simulations promises to be a highly active

area of work, despite some doubts about the benefits they may add.

LLMs may also be deployed in media literacy initiatives. Recent research suggests that LLM-

generated messages can outperform government-crafted communications, such as CDC messaging

about HPV vaccine hesitancy [472]. This opens the door to adaptive, tailored interventions target-

ing specific misbeliefs, emotional tones, or demographic groups—potentially enhancing the reach

and impact of digital literacy campaigns.
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Entirely novel formats are also worth exploring. Features like X’s Grok [471], which allows

users to retrieve contextual information about posts, remain largely unevaluated by independent

researchers. Browser extensions powered by LLMs could also provide real-time “information alerts”

for breaking news, helping users interpret fast-evolving events. These examples highlight the vast,

still largely untapped potential of AI-powered tools to strengthen information ecosystems.

8.2.2 AI-integrated platforms

The rise of generative AI platforms marks a profound shift in how users search for information,

engage with content, and interact with digital systems. AI is no longer just embedded within exist-

ing products—it now serves as the foundation for entirely new ecosystems that mediate knowledge,

creativity, and even human connection.

One of the most consequential developments in the information ecosystem is the rise of AI-

augmented search [426]. Search platforms like Perplexity and newer iterations of Google Search

now provide synthesized, conversational responses instead of returning a list of links. These sys-

tems are transforming how billions of people access and interpret information—shifting the user

experience from exploration to direct answer retrieval [255]. This raises critical questions about

trust, perceived credibility, and the subtle merging of accurate facts with speculative or incom-

plete content. Despite their growing influence, these tools remain underexamined by independent

researchers. For example, Aslett et al. [24] show how those who search online—using “traditional”

platforms without AI integration—to evaluate misinformation are at risk of falling into data voids,

informational spaces dominated by corroborating evidence from low-quality sources. Do AI-driven

systems exacerbate this problem by surfacing similarly low-credibility content, or could they help

users navigate away from such traps? Answering this question is essential for understanding the

broader role of AI in shaping information-seeking behavior.
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Another class of emerging platforms centers on emotionally immersive AI interactions [81]. Plat-

forms like Character.ai1 and Replika2 allow users to create and engage with custom AI agents—

ranging from fictional characters to therapeutic companions and romantic partners. These systems

are designed to simulate emotionally resonant conversations and can foster deep, long-term attach-

ments. While they offer novel forms of connection, they also introduce serious psychological and

ethical concerns. In one widely reported case, a young boy allegedly took his own life after being

encouraged by his Character.ai chatbot [38]. Other users have reported experiences of sexual ha-

rassment by their Replika agents [90]. At the same time, these technologies may also hold promise

for addressing rising rates of loneliness and social isolation in the U.S. [110, 203]. As AI-mediated

relationships become more common, future research must critically examine how these systems in-

fluence trust, belief formation, and user well-being—particularly among vulnerable or marginalized

populations.

Generative image platforms represent yet another frontier [457]. Sites like Civitai, PixAI, and

Tensor.art3 have built thriving communities around the creation and exchange of AI-generated im-

ages, often powered by open-source models like Stable Diffusion [365]. These platforms encourage

artistic expression and technical experimentation, but they also enable the training and distribu-

tion of new generative models with minimal oversight. Investigations have revealed their role in

facilitating copyright infringement [133, 424, 425] and, in some cases, the generation of content

resembling child sexual abuse material [264, 473]. Their ease of access and content-sharing infras-

tructure also make them potential breeding grounds for the generation and circulation of visually

misleading or manipulative content. The rapid growth of these ecosystems—paired with their per-

missive governance structures—raises urgent concerns about safety, accountability, and platform

responsibility.

1character.ai
2replika.com
3See civitai.com, pixai.art, and tensor.art.
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As AI-integrated platforms continue to expand in scale and scope, they will reshape the social

and informational environments in which misinformation spreads. Research must keep pace with

this transformation by developing new methods, frameworks, and ethical standards for studying

how these systems operate, influence users, and interact with existing media and institutional

ecosystems.
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[284] Bjarke Mønsted, Piotr Sapieżyński, Emilio Ferrara, and Sune Lehmann. “Evidence of com-

plex contagion of information in social media: An experiment using Twitter bots”. In: PLoS

ONE 12.9 (2017), e0184148.

[285] Chris Mooney. “Some Like It Hot”. In:Mother Jones (2022). url: https://www.motherjones.

com/environment/2005/05/some-it-hot/.

[286] R.C. Moore, R. Dahlke, and J.T. Hancock. “Exposure to untrustworthy websites in the 2020

US election”. In: Nature Human Behaviour 7 (2023), pp. 1096–1105. doi: 10.1038/s41562-

023-01564-2. url: https://doi.org/10.1038/s41562-023-01564-2.

[287] Ryan C. Moore and Jeffrey Hancock. Extending Truth-Default Theory to Misinformation:

Lessons for Misinformation Scholarship from Deception Research. Feb. 2025. url: https:

//doi.org/10.31234/osf.io/q3zna_v1.

[288] Flaviano Morone and Hernán A. Makse. “Influence maximization in complex networks

through optimal percolation”. In: Nature 524 (Aug. 2015), pp. 65–68. doi: 10 . 1038 /

nature14604. url: https://doi.org/10.1038/nature14604.

[289] Mohsen Mosleh, Gordon Pennycook, and David G. Rand. “Self-reported willingness to share

political news articles in online surveys correlates with actual sharing on Twitter”. In: PLoS

One 15.2 (Feb. 2020), e0228882. url: https://doi.org/10.1371/journal.pone.0228882.

[290] Mohsen Mosleh and David G. Rand. “Measuring exposure to misinformation from political

elites on Twitter”. In: Nat Commun 13.7144 (Nov. 2022), pp. 1–9. url: https://doi.org/

10.1038/s41467-022-34769-6.

279

https://doi.org/10.1177/0002764219878224
https://www.motherjones.com/environment/2005/05/some-it-hot/
https://www.motherjones.com/environment/2005/05/some-it-hot/
https://doi.org/10.1038/s41562-023-01564-2
https://doi.org/10.1038/s41562-023-01564-2
https://doi.org/10.1038/s41562-023-01564-2
https://doi.org/10.31234/osf.io/q3zna_v1
https://doi.org/10.31234/osf.io/q3zna_v1
https://doi.org/10.1038/nature14604
https://doi.org/10.1038/nature14604
https://doi.org/10.1038/nature14604
https://doi.org/10.1371/journal.pone.0228882
https://doi.org/10.1038/s41467-022-34769-6
https://doi.org/10.1038/s41467-022-34769-6


[291] Matthew Motta and Dominik Stecula. “Quantifying the effect of Wakefield et al. (1998) on

skepticism about MMR vaccine safety in the U.S.” In: PLOS ONE 16.8 (2021), e0256395.

url: https://doi.org/10.1371/journal.pone.0256395.

[292] Sendhil Mullainathan and Richard H. Thaler. Behavioral Economics. Working Paper 7948.

National Bureau of Economic Research, Oct. 2000. url: http://www.nber.org/papers/

w7948.

[293] Karsten Müller and Carlo Schwarz. “Fanning the Flames of Hate: Social Media and Hate

Crime”. In: Journal of the European Economic Association 19.4 (Aug. 2021), pp. 2131–2167.

url: https://doi.org/10.1093/jeea/jvaa045.

[294] Nabeela Mumtaz, Caroline Green, and Jim Duggan. “Exploring the Effect of Misinformation

on Infectious Disease Transmission”. In: Systems 10.2 (Apr. 2022), p. 50. url: https:

/doi.org/10.3390/systems10020050.

[295] Kevin Munger. “What Did We Learn About Political Communication from the Meta2020

Partnership?” In: Political Communication (Jan. 2025). url: https://doi.org/10.1080/

10584609.2024.2446351.

[296] Tim Murphy. I read everything Elon Musk posted for a week. Send help. Accessed: 2024-

08-21. May 2024. url: https://www.motherjones.com/politics/2024/05/i-read-

everything-elon-musk-posted-for-a-week-send-help.

[297] Seth A. Myers and Jure Leskovec. “The bursty dynamics of the Twitter information net-

work”. In: WWW ’14: Proceedings of the 23rd International Conference on World Wide

Web. Association for Computing Machinery, Apr. 2014, pp. 913–924. url: https://doi.

org/10.1145/2566486.2568043.

[298] Preslav Nakov, David Corney, Maram Hasanain, Firoj Alam, Tamer Elsayed, Alberto Barrón-

Cedeño, Paolo Papotti, Shaden Shaar, and Giovanni Da San Martino. “Automated Fact-

280

https://doi.org/10.1371/journal.pone.0256395
http://www.nber.org/papers/w7948
http://www.nber.org/papers/w7948
https://doi.org/10.1093/jeea/jvaa045
https:/doi.org/10.3390/systems10020050
https:/doi.org/10.3390/systems10020050
https://doi.org/10.1080/10584609.2024.2446351
https://doi.org/10.1080/10584609.2024.2446351
https://www.motherjones.com/politics/2024/05/i-read-everything-elon-musk-posted-for-a-week-send-help
https://www.motherjones.com/politics/2024/05/i-read-everything-elon-musk-posted-for-a-week-send-help
https://doi.org/10.1145/2566486.2568043
https://doi.org/10.1145/2566486.2568043


Checking for Assisting Human Fact-Checkers”. In: Proc. 30th Intl. Joint Conf. on Artificial

Intelligence. Aug. 2021, pp. 4551–4558. url: https://doi.org/10.24963/ijcai.2021/

619.

[299] Christof Naumzik and Stefan Feuerriegel. “Detecting False Rumors from Retweet Dynamics

on Social Media”. In: ACM Conferences. Association for Computing Machinery, Apr. 2022,

pp. 2798–2809. url: https://doi.org/10.1145/3485447.3512000.

[300] Roberto Navigli, Simone Conia, and Björn Ross. “Biases in Large Language Models: Origins,

Inventory, and Discussion”. In: J. Data and Information Quality 15.2 (June 2023), 10:1–

10:21. url: https://dl.acm.org/doi/10.1145/3597307.

[301] Azadeh Nematzadeh, Emilio Ferrara, Alessandro Flammini, and Yong-Yeol Ahn. “Optimal

Network Modularity for Information Diffusion”. In: Phys. Rev. Lett. 113 (8 2014), p. 088701.

doi: 10.1103/PhysRevLett.113.088701. url: https://doi.org/10.1103/PhysRevLett.

113.088701.

[302] Nic Newman, Richard Fletcher, Craig T. Robertson, Amy Ross Arguedas, and Rasmus Kleis

Nielsen. Reuters Institute digital news report 2024. Tech. rep. Reuters Institute for the Study

of Journalism, 2024. doi: 10.60625/RISJ-VY6N-4V57. url: https://doi.org/10.60625/

RISJ-VY6N-4V57 (visited on 01/02/2025).

[303] News Platform Fact Sheet. [Online; accessed 2. Jan. 2025]. Oct. 2024. url: https://www.

pewresearch.org/journalism/fact-sheet/news-platform-fact-sheet/?tabItem=

4ef8dece-845a-4b25-8637-ceb3114503c5.

[304] Friedrich Nietzsche. The Antichrist. Ed. by H. L. Mencken. Quote taken from the in-

troduction. New York: Alfred A. Knopf, 1918. url: https://archive.org/details/

antichrist02niet.

281

https://doi.org/10.24963/ijcai.2021/619
https://doi.org/10.24963/ijcai.2021/619
https://doi.org/10.1145/3485447.3512000
https://dl.acm.org/doi/10.1145/3597307
https://doi.org/10.1103/PhysRevLett.113.088701
https://doi.org/10.1103/PhysRevLett.113.088701
https://doi.org/10.1103/PhysRevLett.113.088701
https://doi.org/10.60625/RISJ-VY6N-4V57
https://doi.org/10.60625/RISJ-VY6N-4V57
https://doi.org/10.60625/RISJ-VY6N-4V57
https://www.pewresearch.org/journalism/fact-sheet/news-platform-fact-sheet/?tabItem=4ef8dece-845a-4b25-8637-ceb3114503c5
https://www.pewresearch.org/journalism/fact-sheet/news-platform-fact-sheet/?tabItem=4ef8dece-845a-4b25-8637-ceb3114503c5
https://www.pewresearch.org/journalism/fact-sheet/news-platform-fact-sheet/?tabItem=4ef8dece-845a-4b25-8637-ceb3114503c5
https://archive.org/details/antichrist02niet
https://archive.org/details/antichrist02niet


[305] Dimitar Nikolov, Alessandro Flammini, and Filippo Menczer. “Right and left, partisanship

predicts (asymmetric) vulnerability to misinformation”. In: Harvard Kennedy School Mis-

information Review (2021). url: https://doi.org/10.37016/mr-2020-55.

[306] Gianluca Nogara, Padinjaredath Suresh Vishnuprasad, Felipe Cardoso, Omran Ayoub, Silvia

Giordano, and Luca Luceri. “The Disinformation Dozen: An Exploratory Analysis of Covid-

19 Disinformation Proliferation on Twitter”. In: 14th ACM Web Science Conference 2022.

2022, pp. 348–358. url: https://doi.org/10.1145/3501247.3531573.

[307] Ov Cristian Norocel and Dirk Lewandowski. “Google, data voids, and the dynamics of

the politics of exclusion”. In: Big Data & Society 10.1 (2023), p. 20539517221149099. url:

https://doi.org/10.1177/20539517221149099.

[308] Daniele Notarmuzi, Claudio Castellano, Alessandro Flammini, Dario Mazzilli, and Filippo

Radicchi. “Universality, criticality and complexity of information propagation in social me-

dia”. In: Nature Communications 13.1308 (2022), pp. 1–8. url: https://doi.org/10.

1038/s41467-022-28964-8.

[309] Brendan Nyhan. “Facts and Myths about Misperceptions”. In: Journal of Economic Per-

spectives 34.3 (2020), pp. 220–236. url: https://doi.org/10.1257/jep.34.3.220.

[310] Brendan Nyhan, Ethan Porter, Jason Reifler, and Thomas J Wood. “Taking fact-checks

literally but not seriously? The effects of journalistic fact-checking on factual beliefs and

candidate favorability”. In: Political Behavior 42 (2020), pp. 939–960. url: https://doi.

org/10.1007/s11109-019-09528-x.

[311] Brendan Nyhan and Jason Reifler. Misinformation and Fact-Checking: Research Findings

from Social Science. Media Policy Initiative Research Paper, New America Foundation.

Retrieved April 17, 2025. Feb. 2012. url: https://search.issuelab.org/resource/

282

https://doi.org/10.37016/mr-2020-55
https://doi.org/10.1145/3501247.3531573
https://doi.org/10.1177/20539517221149099
https://doi.org/10.1038/s41467-022-28964-8
https://doi.org/10.1038/s41467-022-28964-8
https://doi.org/10.1257/jep.34.3.220
https://doi.org/10.1007/s11109-019-09528-x
https://doi.org/10.1007/s11109-019-09528-x
https://search.issuelab.org/resource/misinformation-and-fact-checking-research-findings-from-social-science.html
https://search.issuelab.org/resource/misinformation-and-fact-checking-research-findings-from-social-science.html
https://search.issuelab.org/resource/misinformation-and-fact-checking-research-findings-from-social-science.html


misinformation- and- fact- checking- research- findings- from- social- science.

html.

[312] Barack Obama. Disinformation Is a Threat to Our Democracy. Speech delivered at Stan-

ford University, published on Medium. Retrieved April 17, 2025. Apr. 2022. url: https:

//medium.com/@BarackObama/disinformation- is- a- threat- to- our- democracy-

69fb5e7f89f7.

[313] Observatory on Social Media. BotometerLite. [Online; accessed 31. Oct. 2023]. Oct. 2023.

url: https://botometer.osome.iu.edu/botometerlite.
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early 2000s across various fields. The barplot in the top left panel displays the cu-
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2006 to 2023. The time series in the bottom right panel breaks down publication
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4.2 Cascade reconstruction with Probabilistic Diffusion Inference. (a): Hypothetical

empirical data of a message cascade with an original post (blue cross) and a se-

quence of resharing actions (red circles) over time. Each post is associated with a

timestamp (represented by the time sequence) and the number of followers of the

resharing user (next to the user icon). (b): The naive cascade constructed from

platform-provided data, which assumes that every user directly reshared the orig-

inal post. (c): The true cascade, reflecting the actual parent-child relationships.

Panels (d, e, f) demonstrate different cascade reconstructions when applying var-

ious PDI assumptions. The recency assumption (d) prioritizes users who reshared

the content more recently, capturing temporal dynamics. The followers assump-

tion (e) gives higher resharing likelihood to users with more followers, emphasizing

popularity. Incorporating both assumptions (f) captures both temporal activity
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4.3 Effects of cascade reconstruction on a Twitter resharing network. (a) shows the

naive network, while (b) displays a version of the same network reconstructed

using PDI parameters γ = 0.5 and α = 2.0. For illustration purposes, only nodes

from the two largest communities are included. Node size reflects the number of

retweets received by an account, with larger nodes representing more influential

accounts. Node color represents the number of retweets an account has made,

where red nodes indicate amplifiers that extensively retweet others’ content. . 65

4.4 Node influence is substantially affected by cascade reconstruction. Heat map cells

display the mean Spearman’s correlation ρ between node strength values in naive

and PDI-reconstructed networks, averaged over 100 versions of the reconstructed

network at the specified parameter settings. A ρ value of one means the recon-

struction doesn’t alter node influence, while values closer to zero suggest significant

changes. The maximum standard deviation of correlation values for any parameter

setting is 0.001 for Twitter and 0.003 for Bluesky (see Table 4.1 for full statistics).
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4.5 Resharing networks reconstructed using the PDI method show substantial shifts

in node influence compared to those built from naive data, on both Bluesky and

Twitter. Panels (a, b, c) present results for Bluesky, while panels (d, e, f)

show results for Twitter. All panels reflect reconstructions using PDI parameters

γ = 0.25 and α = 3.0. (a, d): Comparison of node strength between a single

version of the PDI-reconstructed network and the corresponding naive network.

(b, e): Average change in node strength relative to naive strength, across all 100

PDI reconstructions. The red crosses show the median values. (c, f): Jaccard

similarity between the top k% of influential nodes identified based on node strength

from reconstructed and naive networks. Each point represents one of the 100

possible comparisons. Circle sizes in panels (a, b, d, e) represent the number of

nodes at each point. For visualization purposes, I use the same size for all points

with 500 or more nodes. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

4.6 Cascades reconstructed in different ways are highly dissimilar, especially for larger

cascades. Each panel shows the mean cascade similarity as a function of cascade

size, with similarity measured using the Jaccard index. The panels correspond to

different reconstruction parameter settings. Fit lines are generated using locally

weighted robust smoothing of the ∼28k mean values, while points represent the

means in 500 equally-sized x-axis bins. Error bars show 95% confidence intervals

calculated from 1,000 bootstraps. . . . . . . . . . . . . . . . . . . . . . . . . . 70
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4.7 The structural properties of cascades are significantly altered by different reconstruction

methods. Panels (a), (b), and (c) show the complementary cumulative distribution func-

tions (CCDF) for cascade depth, structural virality, and maximum breadth, respectively.

Cascades are reconstructed with the TID (purple) and PDI (other lines) methods. 100

versions of each PDI cascade are generated for each parameter setting. Lines represent

CCDFs based on the mean values across these versions. . . . . . . . . . . . . . . . 72

5.1 Online misinformation is associated with vaccination uptake and hesitancy at the

state level. (A) State-level mean daily vaccinations per million population during

the period from March 19 to 25, 2021, against the average proportion of vaccine

misinformation tweets shared by geolocated users on Twitter during the period

from Jan 4 to March 25, 2021. (B) Levels of state-wide vaccine hesitancy, com-

puted as the fraction of individuals who would not get vaccinated according to

Facebook daily surveys administered in the period from January 4 to March 25,

2021, and misinformation about vaccines shared on Twitter. Each dot represents a

U.S. state and is colored according to the share of Republican voters (battleground

states have a share between 45% and 55%) and sized according to population.

Grey lines show the partial correlation between the two variables after adjusting

for socioeconomic, demographic, and political factors in a weighted multiple linear

regression model (shaded areas correspond to 95% C.I.). (C) Cartogram [158] of

the U.S. in which the area of each state is proportional to the average number of

misinformation links shared by geolocated users, and the color is mapped to the

vaccine hesitancy rate, with lighter colors corresponding to higher hesitancy. . . 93
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5.2 Associations of online misinformation and political partisanship with vaccination

hesitancy at the U.S. county level. Each dot represents a U.S. county, with size

and color indicating population size and political majority, respectively. The aver-

age proportion of misinformation shared on Twitter by geolocated users was fitted

on a log scale due to non-normality (i.e., positive skew) at the county level. The

two lines show predicted values of vaccine hesitancy as a function of misinforma-

tion for majority Democratic and Republican counties, adjusting for county-level

confounding factors (see Methods). Shaded area corresponds to 95% C.I. . . . 95

5.3 Correlations between vaccine demand, vaccine hesitancy, political partisanship,

and online misinformation at the state level. Vaccine demand is computed as

the mean number of daily vaccinations per million population in the period 19-25

March 2021. Vaccine hesitancy corresponds to the proportion of individuals who

would not get vaccinated according to Facebook daily surveys administered in the

period from January 4th to March 25th, 2021. Partisanship is measured as the

percentage of Republican voters in the 2020 US Presidential elections. Online mis-

information about vaccines shared on Twitter is measured during the period from

Jan 4th to March 25th, 2021. Each dot represents a U.S. state, sized according to

population and colored according to Republican vote share (battleground states

have a share between 45% and 55%). . . . . . . . . . . . . . . . . . . . . . . . . 96
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5.4 Political partisanship is correlated with vaccine hesitancy at the U.S. county level.

Vaccine hesitancy corresponds to the proportion of individuals who would not get

vaccinated according to Facebook daily surveys administered in the period from

January 4th to March 25th, 2021. Partisanship is measured as the percentage of

Republican voters in the 2020 US Presidential elections. Each dot represents a

U.S. county, sized according to population and colored according to Republican

vote share. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

6.1 The spread of misinformation affects the transmission of disease. (A) Schematic illus-

tration of the misinformation and contact networks. Online social networks foster mis-

information dissemination while physical contact networks, such as those that connect

co-workers in an office or pupils in a school, facilitate disease transmission. Dotted links

indicate that the same people participate in both networks, which have different topolo-

gies; e.g., the information network tends to have stronger political homophily while the

contact network tends to have stronger geographic homophily. I focus on the impact of

misinformation spread on disease transmission (downward arrow), while the opposite ef-

fect (upward arrow, e.g., individuals ceasing to share misinformation due to illness) falls

outside the scope of this investigation. (B) A contact network based on 0.01% county

population samples. Nodes are sized based on degree (number of contacts). In a sce-

nario with limited spread of misinformation (black nodes in C), the simulations of disease

spread leads to a number of infected individuals (red nodes in D). In a scenario where the

misinformation spreads more widely (purple nodes in E), more individuals get infected

(yellow nodes in F). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115
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6.2 Reducing the transmission parameter βO decreases the severity of the epidemic. I

plot (a) the proportion of the population infected each day, (b) R0 values for the

ordinary population, and (c) the total proportion of the population infected as βO

varies. In (a), the curve for βO = 0.2 is difficult to see because the proportion of

the population infected remains very low throughout the simulation. Here I do

not consider the role of misinformation or homophily. . . . . . . . . . . . . . . . 119

6.3 Effects of varying the recovery rate. I plot (a) the proportion of the population

infected each day, (b) R0 values for the ordinary population, and (c) the total

proportion of the population infected as a function of the number of days to

recover, τ . Here I do not consider the role of misinformation or homophily. . . 120

6.4 Increasing λ = βM/βO accelerates and amplifies the infection. I use γ = 0.2, and

µ = 0.5. (a) Overall proportion of the population infected as a function of λ, for

different values of βO. (b) Proportion of the population infected on each day, for

different values of λ using βO = 0.3. (c) Extra proportion of the total population

that is infected as a function of λ (βO = 0.3). . . . . . . . . . . . . . . . . . . . 121

6.5 Increasing the initial proportion µ of the population that is misinformed, as well

as βO, increases (a) the size of the network that becomes infected and (b) the

average R0 across the population. Here, I fix λ = 100 to match the ratio used in

the main text. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 122
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6.6 Homophily in the contact network worsens the infection among misinformed in-

dividuals, especially for lower transmission rates. The combined effects of trans-

mission and homophily parameters, βO and α, are examined with the mean-field

approximation when λ = 3, γ = 0.2, and µ = 0.5. I plot the proportions of in-

fected individuals in (a) the ordinary population, (b) the misinformed population,

and (c) the overall population. The maximum proportion of the overall popu-

lation infected for each βO is marked with a black dot. When the transmission

rate is sufficiently high, homophily benefits the entire population but harms the

misinformed group. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 123

6.7 An idealized example of the multi-level modeling framework. (A) Spread of misinfor-

mation through an information network (dashed lines). Colors represent ideological ho-

mophily. Nodes with bold borders are misinformed about the epidemic. The misinforma-

tion spreads through a complex contagion (linear threshold) model; two scenarios show

that a lower threshold ϕ leads to more misinformed nodes. (B) Construction of the con-

tact network (solid lines) for counties with sufficient information diffusion data (in black)

to provide reasonable estimates about the fraction of misinformed individuals. Note that

these counties account for 63.52% of U.S. voters. Each location’s population size and

ideological mix are based on empirical data, and misinformed individuals are based on the

information diffusion model. Links among individuals within and between locations are

based on empirical mobility data. (C) The infection spreads through the contact network

(black nodes), according to the SMIR model. . . . . . . . . . . . . . . . . . . . . . 125

324



6.8 More misinformed individuals lead to a larger portion of the network becoming infected.

Decreasing the resilience ϕ (A) increases the size of the misinformed subpopulation, lead-

ing to (B) faster infection spreading and (C) a greater cumulative number of infections.

In panels (B, C), lines and corresponding shaded regions represent the mean and standard

deviation across simulations, respectively. . . . . . . . . . . . . . . . . . . . . . . . 127

6.9 Relative increase in the mean total population infected as a function of the sam-

pling size utilized in the contact network creation process. The ϕ = 20 scenario, in

which the fewest nodes in the network are misinformed, is utilized as the baseline. 130

6.10 Effects of average contact network degree k̄ on infection dynamics. (a) Infected

individuals (ϕ = 1) as a percentage of the overall population and relative to

the baseline condition ϕ = 20, in which the fewest nodes in the network are

misinformed. (b) Additional percentages of infected population relative to the

baseline condition ϕ = 20. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131
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7.1 Experimental design, accuracy, and main effects of the LLM fact-checking inter-

vention. (a) Graphical representation of the experimental design and participant

flow. Although two different false claims are shown as examples along with their

respective ChatGPT fact-checking information, both belief and sharing groups

are exposed to the same set of stimuli and fact checks. (b) ChatGPT’s judgment

(shade) based on headline veracity. The bottom two panels show the proportion

of headlines that participants indicated they (c) believed or (d) were willing to

share on social media. The x-axes indicate the experimental conditions and the

colors of the bars represent headline veracity. Error bars represent 95% confidence

intervals, calculated using a bootstrapping method with 5,000 resamples. Mean

group discernment (rounded to whole percentages) is annotated for each condi-

tion, calculated as the mean difference between the proportion of true and false

headlines believed (or willing to be shared). . . . . . . . . . . . . . . . . . . . 185
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7.2 Effects of LLM fact-checking information on headline belief and sharing intent,

contingent on headline veracity and fact check judgment. Each panel shows the

proportion of participants in the control (circles) and forced (triangles) conditions

who (a) believed or (b) were willing to share a specific group of headlines. Head-

lines are grouped by the combination of veracity and LLM judgment, e.g., the top

left panel indicates the proportion of participants who believed true headlines that

ChatGPT judged as false. As no false headlines were judged to be true by Chat-

GPT, this panel is left empty. A visual guide on the left (dashed arrows) helps

the reader understand the desired directional effect of a misinformation interven-

tion, given the veracity of a headline. Mean group differences (rounded to whole

percentages) are annotated for panels that illustrate effects discussed in the main

text—positive (negative) annotations illustrate desirable (undesirable) changes.

Error bars represent 95% confidence intervals, calculated using a bootstrapping

method with 5,000 resamples. . . . . . . . . . . . . . . . . . . . . . . . . . . . 189

7.3 Proportions of headlines that participants in the optional condition indicated they

(a) believed or (b) were willing to share on social media. These proportions are

based on the headline’s veracity, whether participants chose to see LLM fact-

checking information (opt in) or not (opt out), and how the LLM judged the

headlines (True, Unsure, False). No false headlines were judged as true. Error

bars represent 95% confidence intervals, calculated using a weighted bootstrapping

method with 5,000 resamples. The mean difference between opt-in and opt-out

groups (rounded to whole percentage) is annotated for each condition. . . . . 191
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7.4 Relationship between participants’ ATAI and their (a) belief in and (b) intent to

share headlines for all conditions. Responses are binned with a size of .5 and centers

at [1, 1.5, 2, . . . , 7], which does not affect the regression fit. Headline veracity is

indicated by the color of the data. . . . . . . . . . . . . . . . . . . . . . . . . . 202

7.5 Relationship between belief in headlines and ATAI for the control and forced con-

ditions. Panels are representative of participants’ responses to different types of

headlines. The top and bottom panel rows represent true and false headlines,

respectively. The left, center, and right panel columns represent ChatGPT’s judg-

ment of those headlines as false, unsure, and true, respectively. The bottom right

panel is excluded as this type of headline (false headlines judged by ChatGPT to

be true) does not exist in our data. Responses are binned with a size of .5 and

centers at [1, 1.5, 2, . . . , 7], which does not affect the regression fit. . . . . . . . 205

7.6 Relationship between headline sharing intent and ATAI for the control and forced

conditions. Panels are representative of participants’ responses to different types

of headlines. The top and bottom panel rows represent true and false headlines,

respectively. The left, center, and right panel columns represent ChatGPT’s judg-

ment of those headlines as false, unsure, and true, respectively. The bottom right

panel is excluded as this type of headline (false headline judged by ChatGPT to

be true) does not exist in our data. Responses are binned with a size of .5 and

centers at [1, 1.5, 2, . . . , 7], which does not affect the regression fit. . . . . . . . 206

7.7 Relationship between (a) belief in and (b) intent to share headlines and their

congruency across all conditions. Headline congruency is shown along the x-axis. 215
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7.8 Relationship between belief in headlines and their congruency across all fact-

checking scenarios. Experimental conditions are grouped along the x-axis based

on headline congruency. The top and bottom panel rows represent true and false

headlines, respectively. The left, center, and right panel columns represent Chat-

GPT’s judgment of those headlines as false, unsure, and true, respectively. The

bottom right panel is excluded as this type of headline (false headline judged by

ChatGPT to be true) does not exist in our data. . . . . . . . . . . . . . . . . . 216

7.9 Relationship between intent to share headlines and their congruency across all con-

ditions. Experimental conditions are grouped along the x-axis based on headline

congruency. The top and bottom panel rows represent true and false headlines,

respectively. The left, center, and right panel columns represent ChatGPT’s judg-

ment of those headlines as false, unsure, and true, respectively. The bottom right
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2023 Institute for Humane Studies Fellowship ($5,000)
2023 Civic Health Project: LLM Applications for Civic Health ($5,000; Role: Co-PI)
2023 Cognizant Trust and Safety Scholarship ($10,000)
2023 Informatics Luddy Outstanding Service Award ($500)
2023 Cited in the 2023 Economic Report of the President [J5]
2022 MISDOOM: Best Student Extended Abstract [J2]
2022 Aspen Institute Information Disorder Competition: Semi-finalist ($5,000)



2022 Twitter Student Ambassador (pre-Musk)
2020 Invited Contestant, Annual Threesis Academic Challenge, New York University

Publications
Google Scholar
† → Equal contribution

Journal Articles

J1. DeVerna, Matthew R., Pierri, F., Ahn, Y.-Y., Fortunato, S., Flammini, A. & Menczer,
F. Modeling the amplification of epidemic spread by misinformed populations. npj Com-
plexity 2, 1–8. https://doi.org/10.1038/s44260-025-00038-y (2025).

J2. DeVerna, Matthew R., Aiyappa, R., Pacheco, D., Bryden, J. & Menczer, F. Identify-
ing and characterizing superspreaders of low-credibility content on Twitter. PLOS ONE.
https://doi.org/10.1371/journal.pone.0302201 (2024).

J3. DeVerna, Matthew R., Yan, H. Y., Yang, K.-C. & Menczer, F. Fact-checking informa-
tion from large language models can decrease headline discernment. Proceedings of the Na-
tional Academy of Sciences 121. https://www.pnas.org/doi/abs/10.1073/pnas.
2322823121 (2024).

J4. Pierri, F., DeVerna, Matthew R., Yang, K.-C., Axelrod, D., Bryden, J. & Menczer, F.
One Year of COVID-19 Vaccine Misinformation on Twitter: Longitudinal Study. J Med
Internet Res 25. https://doi.org/10.2196/42227 (2023).

J5. Pierri, F., Perry, B. L., DeVerna, Matthew R., Yang, K.-C., Flammini, A., Menczer, F.
& Bryden, J. Online misinformation is linked to early COVID-19 vaccination hesitancy and
refusal. Scientific Reports 12. https://doi.org/10.1038/s41598-022-10070-w (2022).
– Included in Scientific Reports Top 100 downloaded papers (2022)
– Cited in the Economic Report of the President (2023).

J6. DeVerna, Matthew R., Guess, A. M., Berinsky, A. J., Tucker, J. A. & Jost, J. T. Ru-
mors in Retweet: Ideological asymmetry in the failure to correct misinformation. Person-
ality and Social Psychology Bulletin. https://doi.org/10.1177/01461672221114222
(2021).

Peer-reviewed Conference Proceedings

C1. Greene, K., DeVerna, Matthew R., Tucker, J. A. & Buntain, C. Hot Tweets and Cold
Posts: Variation in US Congresspeople’s Ideological Presentation on Twitter and Facebook
Over Time. in Proceedings of the International Conference on Web and Social Media (In
Press) (2025).

C2. Samieyan Sahneh, E., Nogara, G., DeVerna, Matthew R., Liu, N., Luceri, L., Menczer,
F., Pierri, F. & Giordano, S. The Dawn of Decentralized Social Media: An Exploration
of Bluesky’s Public Opening in Social Networks Analysis and Mining (eds Aiello, L. M.,
Chakraborty, T. & Gaito, S.) (2024), 422–437. https://doi.org/10.1007/978-3-031-
78541-2_26.



C3. Aiyappa†, R., DeVerna†, Matthew R., Pote†, M., Truong†, B. T., Zhao†, W., Axel-
rod, D., Pessianzadeh, A., Kachwala, Z., Kim, M., Seckin, O. C., Kim, M., Gandhi, S.,
Manikonda, A., Pierri, F., Menczer, F. & Yang, K.-C. A Multi-Platform Collection of So-
cial Media Posts about the 2022 U.S. Midterm Elections in Proceedings of the International
Conference on Web and Social Media (2023). https://ojs.aaai.org/index.php/ICWSM/
article/view/22205.

C4. DeVerna, Matthew R., Pierri, F., Truong, B. T., Bollenbacher, J., Axelrod, D., Loynes,
N., Torres-Lugo, C., Yang, K.-C., Menczer, F. & Bryden, J. CoVaxxy: A Collection of English-
Language Twitter Posts About COVID-19 Vaccines in Proceedings of the International
Conference on Web and Social Media 15 (2021), 1–10. https://doi.org/10.1609/
icwsm.v15i1.18122.

Manuscripts in preparation

W1. DeVerna, Matthew R., Ghosh, S. & Menczer, F. Exploring how CivitAI’s community
wields the power of artificial intelligence.

W2. DeVerna, Matthew R., Pierri, F., Aiyappa, R., Pachecho, D., Bryden, J. & Menczer,
F. Cascade reconstruction assumptions can distort our understanding of social network dy-
namics. https://doi.org/10.48550/arXiv.2410.21554.

W3. DeVerna, Matthew R., Yang, K.-C., Yan, H. Y. & Menczer, F. Assessing the accuracy
and bias of political fact-checking by large language models augmented with reliable infor-
mation.

Tools & Software
� mr-devs

Observatory on Social Media (OSoMe)

Facebook News Bridge: AI browser extension utilizing a retrieval-augmented large language
model (LLM) to identify low-credibility posts on Facebook and generate thoughtful responses
aimed at bridging political divides.

Top FIBers: Tracked and reported on the top superspreaders of low-credibility information
on Twitter and Facebook each month.

Midterm 2022 dashboard: Dashboard for exploring US 2022 midterm election discussions on
multiple platforms.

osometweet: Python package to work with Twitter’s V2 API (PyPi | GitHub). Presented
on Twitter’s Twitch channel on September 3rd, 2021 (pre-Musk | demo).

CoVaxxy: dashboard for visualizing the relationship between COVID-19 vaccine adoption
and online (mis)information.



Other

Deadline Hub: Website that tracks various academic deadlines.

Fact-checking Widget: Streamlit app that allows users to explore how different OpenAI
models fact check news articles. Illustrates the prompt used in [J3].

Pseudo-profound Bullshit Generator: Streamlit App for generating psuedo-profound bullshit
with the help of GPT-3.5.

AI Persuasion Companion for CMV: Streamlit App for retrieving and responding to posts
from Reddit’s r/changemyview subreddit with GPT-4.

py_misinfo_exposure: Calculate a user’s misinformation-exposure score on Twitter (PyPi |
GitHub). Based on Mosleh & Rand. Nature Communications (2022).

Clean Academic CV Template: An Overleaf/LaTeX CV template I designed for ease of cus-
tomization and maintenance.

Presentations

Invited Talks

I1. DeVerna, Matthew R., Yang, K.-C., Yan, H. Y. & Menczer, F. Fact-checking informa-
tion generated by a large language model can decrease headline discernment. 3rd Misinfor-
mation and Belief Science Preconference @ the Society for Personality and Social Psychology
(Denver, CO, USA). Feb. 2025.

I2. DeVerna, Matthew R., Aiyappa, R., Pacheco, D., Bryden, J. & Menczer, F. Identifying
and characterizing superspreaders of low-credibility content on Twitter. Security, Trust, and
Safety (SETS) Seminar @ Cornell Tech (New York City, NY, USA). Sept. 2024.

I3. DeVerna, Matthew R., Yan, H. Y., Yang, K.-C. & Menczer, F. Fact-checking informa-
tion generated by a large language model can decrease headline discernment. Future Leaders
Summit @ the University of Michigan (Ann Arbor, MI, USA). Apr. 2024.

I4. DeVerna, Matthew R., Yang, K.-C., Yan, H. Y. & Menczer, F. Fact-checking informa-
tion generated by a large language model can decrease headline discernment. Rising Stars
Event @ the University of Iowa’s Computer Science Department (Iowa City, IA, USA). Dec.
2024.

I5. DeVerna, Matthew R., Yang, K.-C., Yan, H. Y. & Menczer, F. Fact-checking informa-
tion generated by a large language model can decrease headline discernment. Social Action
Lab @ the University of Pennsylvania (Virtual). Oct. 2024.

I6. DeVerna, Matthew R. CoVaxxy: Linking COVID-19 vaccine adoption and online (mis)
information. Vaccine Misinformation CoVAC Initiative @ American College Health Associ-
ation (Virtual). June 2021.



Talks

T1. DeVerna, Matthew R., Pierri, F., Aiyappa, R., Pachecho, D., Bryden, J. & Menczer,
F. Cascade reconstruction assumptions can distort our understanding of social networks.
CS2Italy (Trento, Italy; presented by Francesco Pierri). Jan. 2025.

T2. DeVerna, Matthew R., Pierri, F., Ahn, Y.-Y., Fortunato, S., Flammini, A. & Menczer,
F. Modeling the amplification of epidemic spread by misinformed populations. International
Conference on Computational Social Science (Philadelphia, PA, USA). July 2024.

T3. DeVerna, Matthew R., Pierri, F., Aiyappa, R., Pachecho, D., Bryden, J. & Menczer, F.
Cascade reconstruction assumptions can distort our understanding of social networks. Ital-
ian Conference on Big Data and Data Science (Pisa, Italy; presented by Francesco Pierri).
Sept. 2024.

T4. DeVerna, Matthew R., Yan, H. Y., Yang, K.-C. & Menczer, F. Fact-checking informa-
tion generated by a large language model can decrease headline discernment. Trust & Safety
Research Conference (Stanford, CA, USA). Sept. 2024.

T5. DeVerna, Matthew R., Pierri, F., Ahn, Y.-Y., Fortunato, S., Flammini, A. & Menczer,
F. Modeling the amplification of epidemic spread by misinformed populations. EDMO Sci-
entific Conference on Disinformation (Amsterdam, Netherlands; Presented by Francesco
Pierri). Nov. 2023.

T6. DeVerna, Matthew R., Pierri, F., Aiyappa, R., Pachecho, D., Bryden, J. & Menczer, F.
Social media cascade reconstruction to find misinformation amplifiers. NetSci Conference
(Vienna, Austria). July 2023.

T7. DeVerna, Matthew R., Yan, H. Y., Yang, K.-C. & Menczer, F. Fact-checking informa-
tion generated by a large language model can decrease headline discernment. Politics and
Computational Social Science Conference (Los Angeles, CA, USA; Presented by Kaicheng
Yang). Aug. 2023.

T8. DeVerna, Matthew R., Aiyappa, R., Pacheco, D., Bryden, J. & Menczer, F. Identifying
and characterizing superspreaders of low-credibility content on Twitter. Truth and Trust
Online Conference (Virtual). Oct. 2022.

T9. DeVerna, Matthew R., Aiyappa, R., Pacheco, D., Bryden, J. & Menczer, F. Identifying
and characterizing superspreaders of low-credibility content on Twitter. Multidisciplinary
International Symposium on Disinformation in Open Online Media (Virtual). Oct. 2022.
– Best Student Extended Abstract.

T10. DeVerna, Matthew R., Aiyappa, R., Pacheco, D., Bryden, J. & Menczer, F. Identifying
and characterizing superspreaders of low-credibility content on Twitter. Networks: Joint
Sunbelt and NetSci Conference (Virtual). Oct. 2022.

Posters

P1. Ghosh, S., DeVerna, Matthew R. & Menczer, F. Civitai “Bounties:” A Generative-AI
Marketplace for Wholesome Art or Adult Content? International Conference on Computa-
tional Social Science (Norrköping, Sweden). July 2025.



P2. DeVerna, Matthew R., Pierri, F., Aiyappa, R., Pachecho, D., Bryden, J. & Menczer, F.
Cascade reconstruction assumptions can distort our understanding of social networks. In-
ternational Conference on Computational Social Science (Philadelphia, PA, USA). July
2024.

P3. DeVerna, Matthew R., Yan, H. Y., Yang, K.-C. & Menczer, F. Fact-checking informa-
tion generated by a large language model can decrease headline discernment. International
Conference on Computational Social Science (Philadelphia, PA, USA). July 2024.

P4. DeVerna, Matthew R., Pierri, F., Aiyappa, R., Pachecho, D., Bryden, J. & Menczer, F.
Social media cascade reconstruction to find misinformation amplifiers. International Con-
ference on Computational Social Science (Copenhagen, Denmark). July 2023.

P5. DeVerna, Matthew R., Yan, H. Y., Yang, K.-C. & Menczer, F. Fact-checking informa-
tion generated by a large language model can decrease headline discernment. Conference on
Digital Experimentation @ MIT (Boston, MA, USA). Apr. 2023.

Demonstrations & Tutorials

D1. DeVerna, Matthew R. CoVaxxy: Linking COVID-19 vaccine adoption and online (mis)
information. Invited to the Learning Informatics Lab, University of Minnesota (Virtual).
Mar. 2022.

D2. DeVerna, Matthew R. MisAmplifier: Uncovering Hidden Amplifiers of Misinformation.
Former President of the Dominican Republic, Leonel Fernández, visited the Observatory
on Social Media (Bloomington, IN, USA). Apr. 2022.

D3. DeVerna, Matthew R. osometweet: A Python package for working with Twitter’s V2
API. Twitter’s Official Twitch Channel (Virtual). Nov. 2022.

D4. DeVerna, Matthew R. CoVaxxy: Linking COVID-19 vaccine adoption and online (mis)
information. Knight Research Network Tool Demonstration (Virtual). Oct. 2021.

D5. DeVerna, Matthew R. CoVaxxy: Linking COVID-19 vaccine adoption and online (mis)
information. International Conference on Web and Social Media (Virtual). July 2021.

D6. DeVerna, Matthew R. MisAmplifier: Uncovering Hidden Amplifiers of Misinformation.
Networks: Joint Sunbelt and Netsci Conference (Virtual). June 2021.

Selected Media Coverage

2025 Indiana Public Media, Are You Immune to AI in Your News Feed? [J3]
2024 CNN (Brasil), IA pode aumentar a crença em fake news? Estudo responde (Can

AI increase belief in fake news? Study answers) [J3]
2024 ABC (Australian Broadcast Corporation), Misinformation posted to Twitter comes

from ‘superspreader’ accounts, say researchers, amid warnings for future of content
moderation on X. [J2]

2024 IFL Science, Just 10 “Superspreaders” Are Responsible For Over A Third Of Mis-
information On Twitter. [J2]



2024 Just Security, How to Combat Emerging Global Social Media Manipulation in
2024. (Top FIBers dashboard) [J2]

2023 AP News, RFK Jr. spent years stoking fear and mistrust of vaccines. These people
were hurt by his work. [J4]

2023 Indiana Newsdesk TV Segment. [J4]
2023 il Post, La disinformazione è un problema diverso da come lo immaginiamo. (Dis-

information is a different problem than we imagine.) [J5]
2023 IMAGINE IU Magazine, Finding Fibbers. (Top FIBers dashboard) [J2]
2022 New York Times Magazine, The Anti-Vaccine Movement’s New Frontier. (CoV-

axxy) [C4]
2022 Slate, Elon Musk Says He Wants Free Speech on Twitter. But for Whom? [J5]
2022 Time, Routine Childhood Vaccination Rates Fell as Misinformation About the

COVID-19 Shot Rose. [J5]
2022 Tech Policy Press, Researchers See Clear Link Between Twitter Misinformation

and COVID-19 Vaccine Hesitancy and Refusal. [J5]
2021 Axios, Misinformation is just one part of a vaccine trust problem. (CoVaxxy) [C4]
2021 AP News, How a Kennedy built an anti-vaccine juggernaut amid COVID-19. (Co-

Vaxxy) [C4]

Teaching

Indiana University Bloomington

2024 Assistant Instructor, Network Science, Graduate (PhD)
2024 Guest Lecturer, Social Media Theory and Practice, Undergraduate
2022 Guest Lecturer, Social Media Manipulation 101, Undergraduate
2022 Guest Lecturer, Computer and Information Ethics, Graduate (PhD)

Academic Advising

2025 Shalmoli Ghosh, Indiana University Bloomington
2023 Ashley Ziegler, Indiana University Bloomington, Undergraduate Research Oppor-

tunity in Computing Program

Academic Service

Guest Editor

2023 EPJ Data Science: Special Issue on Computational Approaches for Cyber Social
Threats



Speaker Series Organizer

2024–25 OSoMe Awesome Speakers: Deen Freelon, Jeremy Blackburn, Josephine Lukito,
Amy Zhang. (public recordings)

2023–24 OSoMe Awesome Speakers: Joshua Tucker, Gianluca Stringhini, Luca Luceri,
Franziska Roesner, Brendan Nyhan, Ceren Budak, Renée DiResta, David Lazer,
David Brontiatowski, David Rand, Sandra Gonzáles-Bailón, Andrew Guess, Kate
Starbird, Sinan Aral. (public recordings)

Workshop Organizer

2025 Sixth International Workshop on Cyber Social Threats (CySoc) @ the Interna-
tional AAAI Conference on Web and Social Media

2024 Fifth International Workshop on Cyber Social Threats (CySoc) @ the International
AAAI Conference on Web and Social Media

2023 Fourth International Workshop on Cyber Social Threats (CySoc) @ the ACM Web
Conference

2022 Third International Workshop on Cyber Social Threats (CySoc) @ the Interna-
tional AAAI Conference on Web and Social Media

Journal Reviewer

2025 Nature Computational Science
2025 EPJ Data Science
2025 Scientific Reports
2024 PLOS One
2024 EPJ Data Science
2023 Human Communications Research
2023 PLOS One
2023 Journal of Medical and Internet Research
2022 Journal of Medical and Internet Research: Formative Research
2022 Media and Communication
2022 Online Social Networks and Media
2021 Journal of Medical and Internet Research: Infodemiology

Conference Reviewer

2025 International Conference on Computational Social Science
2025 International AAAI Conference on Web and Social Media
2025 The ACM Web Conference
2024 International Conference on Computational Social Science
2024 The ACM Web Conference
2024 International AAAI Conference on Web and Social Media
2023 International AAAI Conference on Web and Social Media
2022 International AAAI Conference on Web and Social Media
2021 International AAAI Conference on Web and Social Media



Invited Speaker

2024 “Data is everything” panelist, Luddy Precollege Summer STEM Program, Indiana
University Bloomington

2022 Misinformation in Science and Society (MISS), YouTube channel
2022 Superheroes of Science, Podcast

Academic Governance

2020 Graduate (PhD) Student Representative, Informatics Department, Indiana Univer-
sity Bloomington

Professional Memberships

2025– Association for the Advancement of Artificial Intelligence
2024– Coalition for Independent Technology Research
2024– Prosocial Design Network

Other Experience

2018 Managing Media Strategist, Wavemaker, New York City, New York (Altice, North
America)

2013–15 Senior Media Planner and Managing Media Strategist, MEC Global, New York
City, New York (Chevron, Global)

2012–13 Associate Media Planner and Senior Media Planner, MEC Global, New York City,
New York (Citibank, Global)

Last updated: June 11, 2025


	Dedication
	Acknowledgments
	Abstract
	 Introduction
	 Literature Review
	Is misinformation a problem?
	Reach: Is exposure to misinformation low?
	Impact: Does misinformation have no impact?

	A measured perspective
	Superspreaders of misinformation
	Vital nodes identification

	Information diffusion
	Problems with follower-graph reconstruction methods

	Misinformation and vaccine behaviors
	Misinformation interventions
	Fact-checking
	LLM fact-checking
	Human-AI interaction
	LLM persuasion


	I Spread
	 Identifying and characterizing superspreaders of low-credibility content on Twitter
	Methods
	Low-credibility content diffusion
	Metrics
	Accounting for future misinformation
	Account classification and description
	Source-sharing behavior
	Language toxicity

	Results
	Dismantling analysis
	Describing superspreaders

	Discussion

	 Information diffusion assumptions can distort our understanding of social network dynamics
	Methods
	Data
	Probabilistic Diffusion Inference

	Results
	Social influence measurement
	Information cascade structure

	Discussion


	II Impact
	 Online misinformation is linked to early COVID-19 vaccination hesitancy and refusal
	Methods
	Twitter data
	Election data
	Vaccine hesitancy data
	Vaccine uptake data
	COVID-19 data
	Socioeconomic data
	Analytical approach

	Results
	Additional correlational results

	Discussion

	 Modeling the amplification of epidemic spread by individuals exposed to misinformation on social media
	Methods
	Results
	SMIR model
	Mean-field analyses
	Agent-based analyses
	Robustness analyses

	Discussion


	III Fact-checking with large language models
	 Fact-checking information generated by large language models can decrease headline discernment
	Methods
	Experimental design
	Participant sampling
	News story stimuli
	LLM fact checks
	Human fact checks
	Preregistration
	Attrition
	Survey questions and participant flow
	Headlines and fact checks

	Central findings
	Accuracy of LLM fact-checking information
	Ineffectiveness of LLM intervention
	Accounting for LLM accuracy
	Opt in versus opt out
	Attitudes toward AI and partisan congruence

	Regression analyses
	Covariates
	Reproducing central findings
	Interaction analyses

	Additional analyses
	Opt-in behavior
	Accuracy of different prompt methods

	Discussion

	 Conclusion
	Contributions
	Spread
	Impact
	Fact-checking with large language models

	Future research directions
	AI-powered interventions
	AI-integrated platforms


	Bibliography
	List of Tables
	List of Figures
	Curriculum Vitae


