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ABSTRACT

Data visualizations are a powerful medium for communicating complex information.

Although previously mostly used in professional settings or broadcasted by the govern-

ment or mainstream media, visualizations now play an increasingly prominent role in

public discourse. Visualizations are central to online community building and sensemak-

ing during developing events, such as a global pandemic. Yet when shared outside expert

contexts—especially on social media—visualizations are frequently misinterpreted or even

used to support harmful misleading claims. This dissertation investigates how lay audi-

ences interpret, repurpose, and critique argumentative visualizations in online settings.

Through a series of empirical studies, this dissertation explores the dynamics of data

discourse on social media, analyzing both how misleading visualizations are originally

presented and how communities respond to them and attempt to correct them. Drawing

from the results of the analysis, I design and evaluate a set of interventions aimed at

making visualizations more resilient to misinterpretation. This dissertation provides new

insights into the life cycle of visualizations in public spaces and offers practical guidance

for designing visualizations that anticipate and account for audience reasoning.
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CHAPTER 1

INTRODUCTION

Data visualizations have become a popular way to share and interpret information.

Charts, tables, and maps are no longer just tools for experts; they belong to the masses.

Data are widely circulated in the media and play a central role in how people engage with

important issues. Many of today's most debated topics—climate change, disease spread,

economic policy, housing supply, social inequality—are deeply tied to numbers, and those

numbers come to life through visual representations.

Social media, in particular, further encourages the sharing of visualizations. With virtu-

ally every platform either being predominantly visual or allowing users to attach a highly

prominent image to a post, data visualizations are not just easy to share—they often form

the main idea of a post or provide support for its accompanying text. Although platform

feed-ranking algorithms are proprietary, there is evidence that visual content garners more

attention [1], and it is likely that posts with visual content are prioritized over, for instance,

external links that lead users off the platform. Consequently, data visualizations have

become an important part of online collective sensemaking and community building.

Given their growing in�uence, it is important to recognize that data visualizations

can also lead to harm or misinterpretation. When visualizations are widely shared and

interpreted outside of expert contexts, as our examples below will show, they can shape

public understanding in misleading or oversimpli�ed ways. This makes it crucial to study

how visualizations are interpreted, what kinds of misunderstandings they invite, and how

we may adjust how we design visualizations, not just for clarity or accuracy, but with

greater attention to how they will be read, shared, and used in real-world settings.

1.1 A Walk Through Data Discourse

One reason for the rich discourse around data visualizations online is simple: they are

fun. Part of what makes visualizations so prominent in public discussion is that they are
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enjoyable to create and to look at. Well-designed charts are eye-catching and can even

become works of graphic art. For some, making visualizations is also a form of creative

expression and many online communities are centered on sharing and discussing original

infographics. There is even a competitive side: Tableau Community's annual IronViz

competition challenges participants to build a dashboard in under 20 minutes, with entries

judged by a panel of experts.

Not only experts judge charts—chart critique is another exciting topic that garners a

lot of engagement online. Chart critique may range from suggesting minor chart construc-

tion improvements to simply �nding and laughing at bad charts. Online communities

on Reddit such as r/dataisugly offer a space speci�cally for critiquing poorly designed

visuals. But even on r/dataisbeautiful, a subreddit primarily intended to celebrate well-

crafted charts, discussions often turn into primarily critiques of design choices rather than

insights. Many charts go viral with their engagement driven exclusively by the discussion

around their bad design ( % ). Numerous mainstream media articles and blog posts are

written about design choices. All in all, people seem to love critiquing charts and �nding

examples of bad design.

But aesthetics and critique aside, people also do pay attention to what the data actually

show. Visualizations help us make sense of the world by making the otherwise invisible

things seen. Things like climate change may be (so far) imperceptible, yet deviations in

temperature plotted on a chart may clearly show the trend. Similarly, during the COVID-

19 pandemic and the associated lockdowns, data visualizations offered us a window

into the invisible risks we were facing by aggregating cases worldwide, tracking hospital

capacity, and conducting wastewater surveillance—things unnoticeable to the naked eye.

In these examples, the data analysis and presentation are most commonly done by

professionals and government agencies, and the charts are primarily used as a narrative

and to spread awareness. But the public conducts their original analyses, too. With

democratized access to downloadable data and interactive data exploration platforms,

online users now have tools to uncover and share evidence of phenomena and develop-

ing situations themselves. Data visualizations play an important role in revealing new

insights, be it uncovering hidden trends, exposing wrongdoing, or making complex issues

more understandable. Although previously data analysis for popular consumption has
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primarily been the realm of data journalism, social media has enabled the public not only

to wrangle data independently but also to share it with others in the manner of bona �de

data journalists. As with much of the information online, these insights may be inaccurate,

overlook the depth of analysis needed to support complex claims, or ignore crucial domain

knowledge, sometimes even contributing to misinformation. However, they can also raise

awareness of important issues.

In one example in 2023, ultrarunner Joasia Zakrzewski �nished third at a 50-mile

ultramarathon between Manchester and London. Shortly after the �nish, however, online

users turned to the runner's GPS data that she had automatically posted on Strava, a sports

social media app (% ). The runner's data logs revealed surprising things: she seemed to

have completed miles 38 and 39 of the race at a pace of 2 minutes per mile each, which is

faster than the world record pace for a mile. This revelation prompted an investigation,

and the runner �nally confessed to having taken a ride in a car from a friend for that

portion of the race, explaining the 30 miles per hour pace. Ms. Zakrzewski was then

stripped of her medal [2].

Amateur data sleuthing does not always have a straightforward resolution yet is often

central to a community's sensemaking of a developing event. In another example that

rocked the chess world in 2022, world champion Magnus Carlsen surprisingly lost to a

much less experienced opponent, Hans Niemann. Following the loss, Carlsen publicly

accused Niemann of cheating and demanded an investigation. While the of�cial investiga-

tion by FIDE—the main chess governing body—took time and was conducted in private,

social media users could not and did not wait. For a while, the r/chess subreddit became

chock full of charts and statistical analyses estimating the probability of cheating. Users

compared the moves in Niemann's and Carlsen's games to the chess engine predictions

to �nd evidence of high correlation ( % , % ,% ). Other users analyzed Niemann's past

games to come up with alternative calculations for his rating to reevaluate whether his win

was surprising ( % ), with the rest of the community auditing and re-analyzing each other

(% ). Eventually, the lawsuits about the cheating allegations and defamation were settled

without conclusive evidence shared with the public. In this example, community data

discussions did not conclusively prove wrongdoing but fueled rumors and engagement

for months.
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Beyond rumors and amiguity, misguided data analysis in the public can also be mis-

leading and outright harmful. One of the most notable examples of data misinformation

originated well before social media: the false connection between the MMR vaccine and

autism by all accounts emerged from a published scienti�c study in 1998 and gained

extremely wide public attention [3]. The study likely did not fabricate the data, but the

analysis was based on correlations on a small sample, did not include a control group,

and made unsubstantiated claims in its summary and conclusion. The research world

has a way to deal with such data fraud: the study was retracted, and the principal

investigator lost his medical license. However, this misinformation not only persists but

is supercharged by social media spread and continues to fuel vaccine hesitancy today.

Online posts in support of vaccine skepticism use spurious data, such as the correlation

between autism rates and the use of a certain chemical (% ), or link unrelated studies on

vaccine effectiveness in rats (% ). This example highlights a key problem: data can be

misused to support falsehoods, even when the underlying data are real. The data may be

not fabricated yet still manipulated in ways that make them misleading or harmful.

1.2 Why Do We Need Resilient Visualizations?

The examples above show the spectrum of outcomes that can result from discussions

around data. Data often yield undeniably useful insights and can serve as a focal point

for online community-building; however, they are also not infallible. Even using factual

and rigorously collected data is not enough as they can also lead to harmful conclusions.

Although falsi�cation does occur—academic studies have been retracted for relying on

fabricated data, and researchers are developing better tools to detect it [4]—many cases

of misinterpretation revolve around factual data and instead stem from spurious pat-

terns and statistical fallacies. Conducting rigorous data analysis is dif�cult, and well-

intentioned individuals may lack the expertise to recognize errors, amplifying non-causal

correlations, or misapplying statistical methods. Human biases also play a role, as even

trained analysts can overlook key caveats or fall prey to cognitive biases. Of course,

misinterpretation can also be intentional. One of the important pillars of propaganda and

misinformation campaigns is maintaining a connection to reality; thus, in the context of

data-driven information, they often still rely on factual data.
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Misinformation is not unique to visualizations or the internet era; throughout history,

people have been exposed to harmful rumors and propaganda. However, rumors based

on data more broadly and data visualizations speci�cally present unique challenges. Data

visualization is the predominant medium by which the public consumes data. In a

world where data and data-driven decisions are often perceived as objective and factual,

distinguishing between rumors and scienti�c facts becomes more dif�cult. Additionally,

data-supported misinformation is typically not completely false; as in all of the examples

above, people typically base their insight on real data and thus any misinformation is still

presented as a half-truth. This connection to reality helps misleading visualizations be not

only more persuasive but also more resistant to common fact-checking efforts and thus

harder to refute. Information operation campaigns commonly rely on unwitting agents

to produce the initial misleading arguments and eventually spread the misinformation

themselves [5]. As discussed above, data visualizations are central to many online com-

munities, and collective data sleuthing produces lots of often spurious insights. Taken

together, controlling and amplifying online data narratives is a potentially powerful tool

for shaping public perception.

Consequently, visualization research should pay special attention to the way visual-

izations are shared and interpreted in public spaces such as social media. In research

environments, visualizations are typically designed to help professionals and academic

collaborators work with complex datasets in good faith. However, the life cycle of data

visualizations and the conversations around them differ signi�cantly between professional

and public settings. When shared in the public sphere, visualizations take on a second life,

they are being reused and reinterpreted. The general public is often less familiar with the

speci�cs of data collection and processing, which is understandable, as most viewers did

not collect the data or create the visualization they are sharing. Moreover, even when data

collection and transformation procedures are thoroughly documented, this information

may be not readily accessible to the general audience, or seem trustworthy enough to

believe that the data has been interpreted in their best interest. More importantly, narra-

tives around data and visualization in the public domain are in�uenced by factors such as

political partisanship, social dynamics, and the limited time or capacity audiences have to

engage with complex analyses. Ultimately, while visualizations are often created by and
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for experts, it is now undeniable that they are consumed by broader audiences in a much

more complex ecosystem where their meaning can shift signi�cantly.

1.3 Dissertation Overview

This dissertation aims to deepen our understanding of how laypeople create, share,

and consume visualizations that support arguments—whether misleading or not—and

the resulting implications for visualization design. We examine visualizations shared on

social media to investigate how they circulate and are interpreted once they move beyond

professional and scienti�c contexts and into the public sphere. Throughout the chapters,

we aim to tackle the fundamental challenges: How do people interpret data visualizations,

and how do others react to it? What kinds of logical errors and corrections emerge in public

discussions of data, and how persuasive are they? More importantly, is there potential to

help crowds distinguish between sound data analysis and misleading claims? And can we

learn general lessons about how to present data to encourage accurate interpretation while

discouraging misuse?

To address these questions, we �rst seek to better understand the data discourse, and

then use our �ndings to inform and test interventions aimed at making visualizations

resilient to misinterpretation. Chapter 3—corresponding to a paper published in CHI

2023 [6]—examines the types of charts and logical arguments that circulated on social

media during the COVID-19 pandemic. Our �ndings show that the majority of COVID-

skeptic charts were not only well-constructed, but also reused from government reports

or popular data explorer websites. Charts intentionally constructed to be misleading are

a minority, and instead misinformation actors misuse existing visualizations to spread

misinformation, using tactics like cherry-picking data and adding misleading annotations

to reputable charts.

Next, Chapter 4—corresponding to a paper published at CHI 2024 [7]—analyzes how

audiences engaged with these visualizations. We examine how visualizations spread, how

audiences react to them, and what patterns emerge in the ways they were interpreted and

debated. We �nd that COVID-skeptic visualizations attracted signi�cantly larger discus-

sions, in which the audience attempted to make sense of or debunk the premise of the

original post. We describe the common types of responses—such as sharing counter-data
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or drawing on relevant anecdotal experience—and �nd that, ultimately, data-driven mis-

information is dif�cult to fully debunk but it successfully attracts increased engagement

and discussions.

Building on these insights, the following chapters explore two strategies for making

static and interactive data visualizations more resilient to misinterpretation.

We designed our interventions to reduce misinterpretations primarily when charts

are shared on social media. To account for the possibility that charts may be shared as

screenshots, we focused on visual and textual static augmentations that would remain

intact even when the chart is viewed out of context.

First, Chapter 5—corresponding to a paper published at CHI 2025 [8]—focuses on us-

ing visualization design to safeguard data exploration platforms, such as OurWorldInData.

We introduce a design space for guardrails, or visual interventions against cherry-picking,

one of the common reasoning errors identi�ed in Chapter 3. We then evaluate their

effectiveness in countering both the creation of and the reaction to cherry-picked data. We

�nd that guardrails successfully encourage skepticism, although they need to be simple

and close to the original visual encoding to be noticed and understood.

Continuing our intervention work, in Chapter 6 we examine a different approach to

safeguarding charts. To tackle the misinterpretation of static charts, we develop textual

fact-checking labels and evaluate their impact on misinterpretations. Ultimately, we �nd

that labels alerting viewers of possible misinterpretations are ineffective at preventing

them. Our qualitative analysis reveals the reasons for this ineffectiveness, including the

perceived neutrality and accuracy of data compared to the perceived biasedness of text.

Lastly, we present a discussion of our �ndings in Chapter 7, before offering a conclusion

in Chapter 8.



CHAPTER 2

BACKGROUND AND RELATED WORK

In this chapter, we provide the background to online misinformation research in gen-

eral as well as the previous work in data visualization that is related to misinterpretations,

biases, and discussions. Throughout this chapter, we outline the gap in research on

data-driven misinformation and discussion thereof, thus motivating the work presented

in this dissertation.

2.1 The Landscape of Online Misinformation

Social media platforms enable rapid communication to broad audiences, allowing

important information to spread almost instantly. However, this speed also creates op-

portunities (whether intentional or not) for the dissemination of inaccurate, misleading, or

even harmful content. Conventional wisdom suggests that with enough users, the wisdom

of crowds [9] would prevail, correcting misinformation as it spreads. This idea had

originally been backed up by early research, with studies showing that online communities

do identify and challenge rumors and false claims [10], [11]. Yet, more recent work begins

to highlight the limitations of self-correction in online spaces, revealing how bad actors

can exploit these weaknesses to spread misinformation [5], [12].

Although misinformation can gain traction through strategic information operations,

its initial narratives often emerge organically as people attempt to make sense of unfolding

events [5]. This collective sense-making is particularly common in situations characterized

by high uncertainty and limited reliable information, such as man-made crises [10], [13],

[14], natural disasters [15]–[17], and public health emergencies [18], [19].

In public health crises, such as viral disease outbreaks, people frequently turn to

social media to discuss potential health risks [18]. Collective sense-making online became

especially pronounced during the COVID-19 pandemic. Research by Pine et al. shows that

individuals struggled to independently assess risks due to inconsistencies, gaps, and the
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overwhelming scale of available data [19]. As a result, many relied on anecdotal evidence,

which is often shaped by personal biases. This dissertation builds on these �ndings by

examining how people engage with COVID-19 data on social media and identifying the

ways in which data inconsistencies, cognitive biases, and other factors contribute to the

spread of misinformation.

2.2 Challenges in Misinformation
Intervention Design

Given the role of data inconsistencies and personal biases in the spread of misinforma-

tion, addressing misleading content requires carefully designed interventions. Researchers

and social media platforms have explored a range of strategies to curb misinformation at

scale, each with varying degrees of effectiveness. Aghajari et al.[20] categorize existing

interventions into four broad types: content-, source-, user-, and community-oriented

approaches. Among these, content-based interventions—those focused on evaluating

the veracity or credibility of a post—have been the most widely implemented. Social

media platforms such as Facebook and Twitter have adopted content-based strategies

that involve removing, deprioritizing, or labeling content based on assessments by expert

fact-checkers or algorithms[20]. Because this dissertation focuses on the content of social

media posts, we primarily examine misinformation interventions through the lens of

content-based approaches.

Fact-checking labels, one of the most common content-based interventions, have be-

come a key tool in combating misinformation [21]. Both expert- and crowd-sourced

fact checks reports have shown promise, effectively shifting beliefs [22], reducing the

sharing of false information [23], and even lowering the willingness to pay for unproven

treatments [24].

Despite these successes, research on the ef�cacy of fact-checking presents mixed �nd-

ings [25]. The effectiveness of these interventions varies based on content, domain, and

audience. Although corrections often succeed in changing beliefs, fact-checking can

sometimes have unintended effects, such as reinforcing false beliefs (back�re effect) [26]

or increasing hostility in discussions [27]. The implied truth effect further complicates

matters, as it can lead users to assume that content lacking a fact-check label is inherently
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accurate [28]. The source of the label also plays a crucial role: research suggests that people

are more likely to trust fact-checks from a friend [29] or a familiar news outlet [30].

Political af�liation further in�uences the impact of fact-checking interventions. Studies

have found that fact-checking labels are less effective for Republican voters [31], poten-

tially due to the boomerang effect, where corrections reinforce pre-existing beliefs [32], or

perceptions of bias in the labeling process [33]. These challenges are particularly relevant

to crowdsourced fact-checking, which, while promising for scalability [34], faces obstacles

such as users being less likely to fact-check those with aligned political views [35].

A key reason for these varied outcomes is the diversity of misinformation itself—

misleading statements take many forms, and researchers are still working to classify and

understand them [36]. The format of misinformation also in�uences the effectiveness of

fact-checking labels. Research suggests that labels are less effective when misinformation

is presented as a meme [37], and audiences often fail to recognize misleading native

advertising even when explicitly labeled [38]. This suggests that fact-checking labels may

be less effective for content that is not perceived as a straightforward statement or news

story.

Even within news and statements, certain types of misinformation are more resistant to

fact-checking. Walter and Salovich [36] �nd that audiences struggle to distinguish between

factual reporting and opinion pieces, affecting the impact of fact-checking interventions.

Other work highlights the dif�culty of assessing content that falls into a “gray area”

of misleading but factually accurate statements—such as opinions, misinterpretations of

data, or satire [39], [40].

As this dissertation explores in greater detail, data-driven misinformation often falls

into this gray area. Because it is based on real data but framed with potentially mis-

leading interpretations, it requires distinct intervention strategies. Understanding how

audiences engage with factual but misleading content presents an opportunity to re�ne

misinformation interventions. Throughout this dissertation, we argue that data-driven

misinformation is a distinct category that demands special consideration in intervention

design.
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2.3 Misleading Visualizations

We begin our exploration of data-driven misinformation by �rst discussing misleading

visualizations more broadly. Early in�uential works on deceptive charts, such as Darrell

Huff's How to Lie with Statistics[41] and Edward Tufte's The Visual Display of Quantitative

Information [42], have shaped research and public discourse on misleading visualizations

for decades [43]–[48]. Tufte [42] introduced the concepts of graphical integrity and the

lie factor, emphasizing that the visual encoding of data should accurately re�ect the

magnitude of underlying values. Subsequent studies have demonstrated that common

distortions—such as truncated, inverted, or rescaled axes—can in�uence perception [47].

However, more recent work suggests that the magnitude of these effects is limited and

varies depending on context and the viewer's data literacy [49].

The visual distortions described by the lie factor have long been the dominant way both

researchers and the general public conceptualize misleading visualizations. The annual

“VisLies” ( www.vislies.org ) event at the IEEE VIS conference, for instance, formed a

space for the community to gather, share, and discuss visual distortions, data errors, and

other egregious plotting mistakes. The broader public perception's aligns with this view as

well—Lo et al. [50] analyzed 1,143 charts labeled as misleading on social media and search

engines, �nding that the overwhelming majority exhibited visual errors, inappropriate

encodings, or outright distortions. Only 7% of the collected charts were “faithfully plotted”

but misleading due to suggestive framing, such as implying causation or omitting key

context.

Yet, misleading visualizations are not always the result of intentional distortion. Charts

can also mislead by playing into viewers' cognitive biases. Several frameworks have been

proposed to examine how biases in�uence the interpretation of visualizations [51], [52],

though research in this area remains limited. A large-scale literature review by Dimara

et al. [51] found that most existing work focuses on biases affecting numerical estimation

rather than higher-level cognitive processes. Recent discussions in the visualization com-

munity advocate for shifting beyond mere perceptual accuracy to broader considerations

of how visualizations shape reasoning and decision-making [53]–[55]. However, key

visualization tasks prone to bias—such as hypothesis assessment, causal attribution, and

opinion formation—have yet to be systematically studied [51].
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2.4 Data Visualizations as Vehicles
for Misinformation

While misleading visualizations often result from poor design choices or misinter-

pretation, data visualizations have also been deliberately used to introduce or reinforce

misinformation. Beyond merely distorting data representation, visualizations can serve as

persuasive tools in misinformation campaigns, lending an air of credibility to misleading

arguments.

Lee et al. [56] analyze COVID-skeptic visualizations shared on social media and �nd

that many of these charts are well-designed, suggesting that misinformation is often driven

by epistemological divides rather than a lack of visual literacy. Notably, both pro-mask

and anti-mask communities used the same visualizations to support opposing claims,

demonstrating that misleadingness is not always an inherent property of a visualization

but can instead be shaped by viewer interpretation. These �ndings represent an important

shift in research and highlight a previous blind spot in research on ways visualizations can

mislead.

Although this is a novel way of looking at the problem of misleading visualizations, in

retrospect, it does make sense in the context of many of the prior �ndings on the way

people read charts. For instance, we know that several factors contribute to people's

divergent readings: including the social context in which a viewer encounters a chart [57],

biased framing and titles [58], individual cognitive differences [59], personal biases [60],

and the curse of knowledge—the mistaken assumption that others interpret a visualization

the same way as the creator or other viewers do [61].

Despite the growing body of work on misleading visualizations, research on mis-

information supported through data visualization remains limited compared to textual

misinformation. Recently, however, misinformation scholars outside of the visualization

community have also begun to examine how visualizations contribute to misinformation

ecosystems and how they �t into broader concerns about online information integrity.

Weikmann and Lecheler [62] argue that visual disinformation constitutes a distinct cat-

egory of falsehood, differing from textual misinformation in its greater modal richness

and manipulative sophistication, making it particularly persuasive. Similarly, Matthew

Hannah [63] presents a case study of QAnon conspiracy theories, contending that the
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movement's success relies on its ability to leverage information visualizations and pattern-

seeking as persuasive tools. He describes this as symptomatic of the broader challenge of

combating misinformation that mimics the language and methods of data analysis.

2.5 Interventions for Visualizations

Similar to the broader research on conceptualizing visualization misinformation, re-

search on visualization interventions for misinformation is particularly sparse. However,

numerous related studies have explored techniques for more broadly mitigating biases in

visual analytics and data interpretation. Much of this work has focused on professional

and scienti�c settings, addressing challenges such as the forking paths problem [64], mul-

tiple comparisons [65], inaccurate model speci�cations [66], and imbalances in how vari-

ables are represented [67]. Many proposed technical solutions aim to encourage good-faith

analysis, such as scoring the biasedness of exploratory decisions [67], detecting cherry-

picking in large datasets [68]–[70], or visualizing an analyst's process [71]. Although these

approaches are relevant, in the context of online misinformation, interventions cannot rely

on analysts' self-regulation; instead, they must address how visualizations are perceived

and used by broader audiences.

Beyond professional analytics, visualization interventions targeting audience-level bi-

ases and misinterpretations have been receiving increasing attention. Researchers have

explored textual warnings against causal assumptions [72], multiple coordinated views to

counteract misleading patterns [73], interactive linking between text and data [74], and

design alternatives to highlight truncated vertical axes [75]. Although these interventions

aim to address speci�c pitfalls, they do not fully account for the broader challenge of rea-

soning errors—how viewers integrate and interpret visual information. Zhang et al. [76]

document concerns among COVID-19 dashboard designers about how their visualizations

could be misinterpreted or misused, underscoring the dif�culty of ensuring that data is

read as intended.

One response to this challenge is to incorporate additional textual guidance into visual-

izations. Burns et al. [77] found that adding descriptive metadata improved perceptions of

thoroughness, though it did not necessarily enhance interpretation accuracy. Similarly, tex-

tual prompts designed to encourage critical thinking have been studied in other domains,
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such as AI-generated content [78], offering insight into how supplementary information

might help viewers approach visualizations more thoughtfully. However, directly steering

viewers toward a “correct” interpretation remains a complex task. Ge et al. [79] argue

that addressing reasoning errors requires �rst clearly de�ning a visualization's primary

intent. Yet, as discussed previously, even with a well-articulated goal, viewers' takeaways

are shaped by framing [58], prior knowledge [61], storytelling techniques [80], individual

cognitive differences [81], and personal biases [82]. The inherent variability in audience

interpretation suggests that while designers can in�uence perception, they may not be

able to fully dictate how a visualization will be understood post-hoc.

An alternative to navigating these challenges would be to design visualizations with

misinterpretations in mind. An ante-hoc approach would depend on accurately anticipat-

ing what can go wrong and using narrative visualization techniques [83]. to design the

chart accordingly. Adar and Lee-Robbins [84] propose an approach that explicitly de�nes

learning objectives in visualization design. By clarifying what authors want audiences to

take away from a visualization—and, crucially, identifying anti-objectives(interpretations

to be avoided)—designers can better anticipate potential misreadings. This perspective

is particularly relevant in the context of misinformation, where preemptively countering

likely misinterpretations can help mitigate misuse. However, it may still often be im-

possible to foresee every potential misreading, making post-hoc interventions that clarify

authorial intent remain an important area of study. The latter half of this dissertation builds

on this idea, examining strategies for designing and implementing such interventions.



CHAPTER 3

MISLEADING BEYOND VISUAL TRICKS:

HOW PEOPLE ACTUALLY LIE WITH CHARTS

Data visualizations can empower an audience to make informed decisions. At the

same time, deceptive representations of data can lead to inaccurate interpretations while

still providing an illusion of data-driven insights. Existing research on misleading visu-

alizations primarily focuses on examples of charts and techniques previously reported

to be deceptive. These approaches do not necessarily describe how charts mislead the

general population in practice. We instead present an analysis of data visualizations found

in a real-world discourse of a signi�cant global event—Twitter posts with visualizations

related to the COVID-19 pandemic. Our work shows that, contrary to conventional

wisdom, violations of visualization design guidelines are not the dominant way people

mislead with charts. Speci�cally, they do not disproportionately lead to reasoning errors

in posters' arguments. Through a series of examples, we present common reasoning

errors and discuss how even faithfully plotted data visualizations can be used to support

misinformation.

This content of this chapter is drawn directly from M. Lisnic, C. Polychronis, A.

Lex, and M. Kogan, “Misleading beyond visual tricks: How people actually lie with

charts,” in Proc. CHI Conf. Hum. Factors Comput. Syst., Apr. 2023, pp. 1–21. doi:

10.1145/3544548.3580910 [6]. It is included in the dissertation with the permission of my

coauthors, Cole Polychronis, Alexander Lex, and Marina Kogan.

3.1 Introduction

Data visualizations created for the general public can help explain and summarize

complex phenomena and otherwise incomprehensible amounts of data. On social media

sites, users actively share and comment on data visualization posts as a form of collective

sense-making. The insights gained from these visualizations, however, can mislead people
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by perpetuating misconceptions and misinformation.

The visualization community has been primarily de�ning misleading visualizationsas

charts that interfere with the viewer's ability to accurately read off and compare values.

The terms “deceptive”, “misleading”, “lying” are typically used to describe visualizations

with visual tricks, such as truncated or inverted axes, or the violation of visualization

guidelines and best practices, such as the use of unjusti�ed 3D or problematic color

maps [47], [48], [85]. This type of visual deception is rooted in the gap between the true

value of data points used as input for the chart and the different values perceived by the

viewer. This discrepancy has been called the “Lie Factor” [42].

The visualization community has studied these deceptive design techniques in de-

tail [50], and “VisLies” ( www.vislies.org ), a long-running satellite event of the IEEE VIS,

showcases some of the worst examples. Consequently, conventional wisdom may suggest

that visualizations that are used to spread misinformation online would predominantly be

ones that employ such visual tricks, and may imply that the solution may lie in promoting

visual literacy, so that the general public can spot these deceptive techniques. More recent

research, however, demonstrates that, in many cases, people who mistrust the scienti�c

establishment propose data-driven arguments in support of their ideas and use what Lee

et al. describe ascounter-visualizations: visualizations using orthodox methods to make

unorthodox arguments [56].

The question of what makes a visualization misleading or deceptive and how this

can be �xed, however, remains. In an attempt to provide an answer, we collected,

categorized, and analyzed 9,958 posts shared on Twitter that contain data visualizations

related to the COVID-19 pandemic. This chapter shows that common design violations in

visualizations on social media are rare and occur at about the same rate in conspiracy- and

misinformation-supporting posts as in neutral posts. We �nd that instead of using visu-

alization design violations, actors who want to misinform draw attention to unexplained

salient features of well-designed charts and assign meaning to them. We introduce the

notion of vulnerable visualizations: visualizations created from accurate data with no clear

intention to misinform but susceptible to supporting misinformation by not visualizing

important context or not anticipating a biased reading. Through biased framing and

annotations, vulnerable visualizations designed by authoritative sources can be misused
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to create a type of counter-visualizations described by Lee et al. [56].

This chapter makes several contributions. Firstly, we analyze the prevalence of visual-

ization misinformation techniques in a large-scale real-world data set. To our knowledge,

this is the �rst work to describe misleading visualizations among a sample of charts on a

given topic that a general audience may see online, as opposed to a sample of examples

previously identi�ed as deceptive. Secondly, we introduce a typology of attributes of

visual misinformation on social media. We illustrate the typology by presenting examples

of speci�c instances of visualization-supported misinformation. Thirdly, we provide a

theoretical framework for understanding how data visualizations can be used to reinforce

misinformation arguments through the lens of inductive reasoning. Lastly, based on

our �ndings, we propose design recommendations to safeguard charts and prevent their

misinterpretation.

3.2 Methods

In order to explore the ways in which individuals might deceive others using visual-

izations, we collected and processed social media posts related to the COVID-19 pandemic

from Twitter, as illustrated in Figure 3.1 and described in the sections below.

We consider this data set to be important and appropriate for our analysis for several

reasons. Firstly, it is a large-scale data set of social media posts that is collected in an

unbiased way with respect to the deceptiveness of visualizations and re�ects the online vi-

sualization discourse as is. Secondly, the topic of the posts is an important prolonged crisis

that has drawn visualizations from novices and experts alike: the COVID-19 pandemic.

3.2.1 Data Collection

We collected data generated during the pandemic on Twitter using the of�cial Twitter

COVID-19 streaming endpoint. This endpoint provides the full collection of tweets con-

taining at least one of the 585 hashtags and keywords1 that Twitter internally identi�ed

as being relevant to conversations on their platform related to the pandemic. We started

streaming data from this endpoint on May 15, 2020 and stopped streaming on September

6, 2021. In that time, we collected 2.2 billion tweets related to the pandemic, totaling

1Full list of �lter terms available on the API documentation.
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22 terabytes of data (see Figure 3.1a). We then �ltered this full stream down to only

English language tweets that contained images (although not explicitly visualizations) and

removed any retweets or replies. From this set of tweets that potentially contain visualiza-

tions and meet the rest of our collection and scoping criteria, we extracted two data sets.

First, we extracted the full �rst week of data May 15–22, 2020 (19,214 tweets), which we call

our train-test data set. This data set was used to train machine learning models to be used

for data processing (described in the following subsection). The �rst two authors manually

labeled whether or not tweets in the train-test data set contained visualizations, resulting

in a data set that had 8,170 positive examples (tweets that did share visualizations) and

11,044 negative examples (tweets that did not share visualizations). Second, we randomly

sampled from the remaining data to create a data set of 162.8 million tweets (Figure 3.1b).

It is this data set that we applied our data processing models to in order to arrive at our

�nal data set, used to answer our research questions.

3.2.2 Data Processing

Retrieving the full set of over 162 million images from Twitter's photo storage system

Blobstore [86] would take weeks of clock time. In order to scalably detect visualizations

from our random sample of the data (Figure 3.1b), we applied two machine learning

models, described in greater detail in Sections 3.2.2.1 and 3.2.2.2. First, we predicted if

a tweet is likely to contain a visualization based on the content of its message. If this

model predicted that the tweet has likely shared a visualization, we then retrieved that

image from the Blobstore and applied a visualization detection model.

3.2.2.1 Predicting the Presence of a Visualization

In order to predict whether a tweet is likely to share a visualization, we trained a Multi-

nomial Naive-Bayes classi�er (scikit-learn v0.24.1) on the train-test data set. Speci�cally,

we embedded the text of tweets using a bag-of-words approach and supplemented it

with metadata features: the number of hashtags, emojis, user mentions, and capitalized

words. This model had an accuracy of 0.75 on the train-test data (precision = 0.70, recall

= 0.71). To better understand this accuracy, we also labeled all of the visualizations in our

train-test data set to explore whether this model was more likely to miss certain kinds of

visualizations. We found that common visualization types (point and bar charts, tables,
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maps, etc.) are missed about 4.29% of the time. Rarer visualization types, such as isotype

charts or network diagrams, are missed about 14.30% of the time. This suggests that

our model performs better at detecting simple and more common charts, but this bias

is negligible given our large sample size.

Applying this model as a �ltering step reduced the number of tweets for which we had

to retrieve images by about 80%, producing the data set shown in Figure 3.1c. We retrieved

the image �les between September 6, 2021 and September 8, 2021. Consequently, although

some tweets may have since been removed or their authors may have been suspended,

all posts in our analysis were public as of September 2021 and spent suf�cient time on the

platform to potentially be widely circulated.

3.2.2.2 Classifying Images as Visualizations

In order to determine whether or not images were visualizations, we used the Inception

V3 Model, developed at Google [87] and pre-trained on ImageNet [88]. We used a transfer

learning approach and �ne-tuned this model with our train-test data set, resulting in an

accuracy of 0.73 (precision = 0.71, recall = 0.65). Applying this model to the data set shown

in Figure 3.1c and �ltering any tweets that were not identi�ed as sharing a visualization

left us with a data set of 80,400 tweets that shared some kind of visualization (Figure 3.1d).

We then qualitatively coded a subset of these as described in the section below.

3.2.3 Qualitative Coding

To arrive at our �nal corpus of tweets with visualizations, we �rst took a random

sample (33,808 tweets) to reduce the amount of data to be manually coded, and then

conducted multiple stages of qualitative coding. In the �rst stage, we manually examined

the outputs of automated data processing to eliminate any irrelevant posts for future anno-

tation. Two of the authors, with the help of a (paid) undergraduate student, reviewed the

tweets to remove (1) posts that were incorrectly labeled as visualizations, which primarily

consisted of images of text and diagrams, and (2) posts that contained visualizations that

do not pertain to the COVID-19 pandemic, for instance charts showing stock performance

without mentioning the pandemic. We held multiple discussions during this process to

decide how to deal with any edge cases. This process yielded 9,958 posts that contained

relevant visualizations for the next stage.
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In the second stage, we developed a codebook and used it to annotate the 9,958 posts,

as well as created a closely related typology derived from the codebook. First, the �rst

author coded a sample of 400 visualization tweets through an open-coding process [89],

and developed the initial set of codes. The codebook includes the following categories

of codes: (a) source information, or whether the visualization was a screenshot of a chart

from the government or a media outlet or an interactive dashboard, or was created by an

unknown author, (b) the presence and opinion polarity of the tweet text, the chart title,

native annotations (annotations added to chart by the visualization creator), and added

annotations (annotations added to a screenshot of a chart by a third party), (c) any existing

violations of common visualization guidelines, as well as whether the choice of visual

encoding is appropriate for a given type of data, and whether it is generally possible

to understand the chart given the available information, and (d) commonly occurring

types of reasoning errors. In order to re�ne the codes, particularly those pertaining to

the reasoning error category, two authors applied the codebook to a sample of 200 posts

independently and held iterative discussions. At the end of this process, we achieved

thematic saturation and no additional issues were identi�ed. The �nalized codebook,

shown in Figure 3.2, was used by the �rst author to annotate the entire sample of visu-

alizations. Then, we grouped related codes based on the common features to create a

typology of visualization post attributes. We include the results of the annotation stage in

the supplemental materials. In accordance with Twitter API Terms of Service 2, we provide

tweet IDs that can be rehydrated to retrieve the contents of the post, as long as the post is

still publicly accessible on Twitter.

3.2.4 Identifying Misleading Visualizations

In an attempt to present an unbiased analysis rather than one that re�ects the authors'

personal opinions about the deceptiveness of speci�c charts, we used the tweet text to

identify deceptive charts by applying the following de�nition of misleading visualizations:

visualizations that the public uses as the basis of opinionated conclusions that are entirely

incorrect or contain signi�cant reasoning errors. There are several reasons to this de�ni-

tion. Firstly, operationalizing deceptiveness in this way allows to provide actionable steps

2https://developer.twitter.com/en/developer-terms/more-on-restricted-use-cases
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to combat deceptiveness by identifying speci�c reasoning errors. Secondly, we found that

the decision of whether a certain visualization is misleading or not is highly personal, as it

represents a judgement of whether a chart could theoretically deceive someone.

To test this hypothesis empirically, four annotators—two authors and two students

af�liated with our academic institution—independently coded a sample of 400 posts, la-

beling them on a 5-point Likert scale [90] ranging from “not at all deceptive” to “extremely

deceptive”. To evaluate the inter-rater reliability, we calculated Krippendorff's a score [91]

which had a value of 0.243. Converting our 5-point Likert scale results to a binary value

of “not at all deceptive” and “deceptive” yielded an a of 0.351. Krippendorff recommends

discarding results with a < 0.667 [91], which indicates that our results had a very low de-

gree of agreement. We held follow-up discussions and reviewed examples of disagreement

and found that different annotators focus on different features of the chart, are biased by

personal beliefs surrounding the pandemic, and have disagreements about the signi�cance

of common visualization design guidelines. The results of our experiment show that it is

dif�cult to predict whether a visualization can mislead its audience. Instead, we used

social media traces—such as tweet text—as evidence that a chart has been misinterpreted

by the viewer.

Speci�cally, by applying the text polaritycodes (shown in Figure 3.2), we can distinguish

between COVID-19 data visualization posts on Twitter that are neutral—such as status

updates and factual observations—and posts in which the author uses the visualization as

the primary basis of support for a certain argument. For the purposes of this chapter, we

refer to the latter group as opinion tweets. Opinion tweets often offer biased and incomplete

interpretations of attached data visualizations. Therefore, we consider opinion tweets that

contain reasoning issues in the way the author interprets the visualization (identi�ed using

the reasoning errorcodes shown in Figure 3.2) to bemisleading tweets.

Although this approach allows us to identify visualizations that either mislead the

tweet author or were used by the author in an attempt to mislead others, we cannot

state that rest of the visualizations in our data set are unambiguously and universally not

misleading. In particular, many visualizations that violate design guidelines still have

the potential to deceive their viewers, as shown by prior research [47], even if we do not

observe tweet text that misinterprets it. Figure 3.3 illustrates several examples of tweets
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that share potentially misleading visualizations.

3.2.5 Ethical Considerations in Social Media Research

It is important to acknowledge the ethical implications of collecting, analyzing, and

sharing social media posts in our work. Tweet authors—even those with public accounts—

may not be aware of their data being collected and highlighted for research purposes.

At the same time, we want to offer the reader transparency into our research methods

by showing compelling examples of types of visualization posts and by providing the

opportunity to further explore the discussion around them. As a solution, we present

anonymized examples of posts appearing throughout the chapter but also offer the ability

to follow the link and explore the tweet as it appears on the platform in its original context.

We consider it valuable also to include tweets that have since been deleted in our

analysis. Many such tweets had been circulating on the platform for months before being

removed, highlighting the importance of studying potential platform interventions and

visualization design considerations to prevent the spread of misinformation. In an attempt

to preserve the authors' right to remove their content, however, we only offer tweet IDs in

our supplemental materials instead of the complete tweet data. Therefore, tweets deleted

by the time of publication or removed later will not be available for future data collection.

3.3 Findings

Our annotated data enables us to offer descriptive statistics of the data set as well as a

typology of attributes of tweets with misleading visualizations. In this section, we present

our �ndings that are derived from analyzing the statistics, patterns, and speci�c examples

of tweets after applying the codebook shown in Figure 3.2. An interactive browser of

our data set and descriptive statistics is also available at https://hashtag-misleading.

netlify.app/ .

3.3.1 Quantitative Overview

In this section we present a quantitative overview of the data set in general and

misleading tweets in particular, based on our qualitative coding. Figure 3.2 presents a

breakdown of all codes in the data set.
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3.3.1.1 Source of Visualization

Data visualizations in tweets come from a variety of sources, with the majority (55.3%)

being screenshots of existing charts from media outlets, government websites and presen-

tations, and data exploration websites. Data exploration websites—such as OurWorldIn-

Data [92] and Worldometer—and interactive dashboards that accompany COVID-related

search results on Google offer interactive visualization dashboards that allow users to

selectively plot variables and data points. The remaining 45% of tweets include data

visualizations for which we were unable to unambiguously identify sources.

3.3.1.2 Text Polarity

In terms of the polarity of observations, 62% of all opinion tweets oppose conventional

measures such as masks, lockdowns, and vaccination, or deny the existence or severity

of the crisis. 34% of opinion tweets support measures and government intervention. The

remaining 4% may not actively oppose measures but instead support alternative measures

and medications, primarily hydroxychloroquine and ivermectin.

3.3.1.3 Visualization Design Violations

In our annotated data, we �nd that only 12% of all posts contain data visualizations

that violate common visualization design guidelines. The prevalence of such posts across

tweets that contain reasoning errors and those that do not is similar with 11% and 13%,

respectively. Overall, the most common design guidelines violations among tweets with

reasoning errors include the use of dual axes (5.4% of all posts), encoding of quantities

as area or 3D shapes (5.0%), truncated axes (1.2%), inverted axes (0.6%), with other

miscellaneous violations covering another 0.5% of posts.

These results can be contrasted with Lo et al.'s survey of charts tagged as “misleading”,

found through search engines and social media platforms [50]. Based on the authors' sup-

plemental materials, 57% of charts have “visualisation design” or “perception” issues that

roughly translate to our de�nition of visualization design violations. Among those, 18%

of charts have a truncated axis or otherwise inappropriate axis range, 12% use area or 3D

encoding, 7% have dual axes, and 2% have inverted axes. Not surprisingly, we see, overall,

proportionally fewer visualization design violations, since we sampled visualizations from

an online discourse not limited to misleading charts. As seen in Figure 3.4, however, the
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prevalence of visualization design violations does not vary based on whether the post is

neutral or opinionated, whether there are any reasoning errors in the interpretation, and

what side of the argument the post supports. Using a Pearson's chi-squared test, we also

�nd no statistically signi�cant relationship between tweet polarity and presence of design

violations ( c2(3) = 3.2046, p = 0.3611), or between presence of reasoning errors and

presence of design violations (c2(1) = 1.5722,p = 0.4494). Moreover, using a McNemar's

chi-squared test we �nd no statistically signi�cant difference in the marginal frequencies

of design violations and reasoning errors across all tweets (c2(1) = 1.514, p = 0.2185).

This �nding suggests that—relative to the prevalence of their use in support of biased and

misinformation conclusions—the issue of design violations is overrepresented in research

and in discussions of deceptive visualizations.

3.3.2 Typology of Misleading Visualization Attributes

In this section, we describe the tweets we can identify as misleading by offering a

typology of visualization post features. The typology is derived by grouping related codes.

We described each post in terms of two types of attributes: attributes of its argument's

reasoning—such as cherry-picking or improper causal inferences—and attributes of the

post's construction—like the use of annotations on the chart. The attributes are not

mutually exclusive and each post can contain none, one, or many attributes. In fact, as

discussed in more detail below, certain combinations of attributes can potentially interact

with one another. Figure 3.5 provides a summary of the prevalence of individual attributes

by polarity, and Figure 3.6 illustrates frequencies and common combinations of attributes

in an UpSet plot [93]. As we introduce the various attributes of the typology throughout

this section, we return to the �gures to discuss relevant observations.

3.3.2.1 Reasoning Errors

Reasoning errors (RE) contain commonly occurring logical attributes that can form the

basis of a misleading argument.

RE 1: Cherry-picking. Visualization posts are characterized by cherry-picking when

the main conclusion is consistent with the incomplete evidence presented but likely would

not be generalizable with more representative evidence.

We can distinguish between two types of cherry-picking: cherry-picking of the data
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points and of the time frame. Figure 3.7a shows an example of data point cherry-picking, in

which the author argues against the implementation of COVID-19 measures by providing

a single data point as evidence. Sweden—a country that did not enforce strict lockdowns

and reported fewer deaths and cases than some countries that did—is very commonly

used as cherry-picked evidence in COVID-skeptic posts.

The post in Figure 3.7b is an example of time frame cherry picking. The post compares

the case curves in the US in the Summers of 2020 and 2021, before and after vaccine

availability. The limited time frame allows the author to omit the sharp fall in cases during

the initial vaccine distribution in the �rst half of 2021.

Presenting one data point in support of an argument is not universally misleading.

There is a balance between cherry-picking evidence for an argument and providing

an illustrative example that condenses large-scale data into a zoomed-in and easy-to-

understand chart. However, although an illustrative example is useful to explaina phe-

nomenon, the post should offer a way to get additional evidence to prove its validity.

RE 2: Setting an Arbitrary Threshold. A common attribute of misleading tweets in our

data set is the author setting an arbitrary threshold against which a certain phenomenon

is judged. The threshold can be stated explicitly as a number, or be visual as an annotation

in a chart.

In the context of public health crises, such as disease outbreaks like the COVID-19

pandemic, the lack of an of�cial threshold provides opportunities for people to de�ne

their own. According to A Dictionary of Epidemiology[94], a pandemic is “an epidemic

occurring worldwide, or over a very wide area, crossing international boundaries and

usually affecting a large number of people”, whereas an epidemic is “an illness... ...clearly

in excess of normal expectancy.” The terms “large number” and “excess of normal”

in these de�nitions imply that the level of seriousness of a disease outbreak is to be

determined holistically and leaves room for disagreement.

As seen in Figure 3.5, this type of reasoning error is especially common in COVID-

skeptic posts, as they attempt to rede�ne the threshold of seriousness of the pandemic. For

instance, the post in Figure 3.8a implies that COVID-19 is not a serious concern because

“only” 1 in 23 deaths were caused by it. This post also shows data for a single day, in an

example of time frame cherry-picking. The tweet from Figure 3.8b is part of a conversation
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discussing that the ongoing pandemic does not warrant measures because the mortality

rate in 2020 is “only” 15% higher than the previous �ve years and comparable to 2003.

In both examples, the author takes advantage of the fact that in the context of personal

health, people's level of risk aversion and cost-bene�t calculations are highly personal.

Additionally, the attached data visualizations are used to visually exaggerate the effect.

One of the pie chart's largest sections is “All other causes”, which makes the COVID-19

deaths appear relatively small. The bar chart includes data as far back as 1999, when the

all-cause mortality was higher than in 2020.

RE 3: Causal Inference. Tweet authors often assign cause-and-effect relationships

in an attempt to explain certain salient features of a chart and evaluate them. Causal

relationships are typically evaluated either by themselves against an author-de�ned satis-

factory threshold as discussed previously, or against another inferred causal relationship.

Causality inferred from a visualization can be especially misleading in cases when the

data are cherry-picked. This approach is used frequently: as seen from Figure 3.6, causal

inference and cherry-picking are among the most commonly co-occurring attributes of a

post.

The author of Figure 3.9a evaluates the effectiveness of vaccines by highlighting that

the vaccination start date in Uruguay preceded a large spike in cases, implying a causal

relationship. Although causal inference is common in posts with all types of arguments,

Figure 3.5 shows that this reasoning error is especially common in tweets that promote

alternative measures and attempt to prove their effectiveness. For instance, the author of

Figure 3.9b provides two examples of cause-and-effect relationships: one of vaccines in

Israel and one of ivermectin in Zimbabwe. Since the Zimbabwe case curve is lower, the

author argues that ivermectin is more effective.

RE 4: Issues with Data Validity. During a fast-developing and novel crisis, issues

may arise with the quality and consistency of data. In a developing situation, the lack

of uncertainty communication may result in widespread confusion about what data can

be used for inductive reasoning and how. If important caveats about data accuracy and

data interpretation are not explicitly provided on charts [95], the viewer is left to trust the

data to the level that supports their prior beliefs. The omission of such caveats results in

two opposing strategies of using visualizations and data validity issues as basis of one's
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argument: appealing to data issues when they are not present, and ignoring them when

they are.

The �rst strategy, illustrated in Figure 3.10a, consists of the poster pointing out a salient

feature of a chart, suggesting that it is caused by a data validity issue, and providing

an explanation that supports a conspiracy. The author suggests that in�uenza being

mistaken for COVID-19 is the primary reason for the small number of �u cases in 2020,

the implication being that the pandemic is exaggerated.

On the other hand, one may reject veri�able data concerns if they provide support for

their argument. In Figure 3.10b, the note on the chart explains that “[...] limited testing [...]

means that the number of con�rmed deaths may not be an accurate count.” Nonetheless,

the author points out that highly vaccinated Iceland has 119 times more cases than a low-

vaccinated Nigeria and makes the argument that vaccination is not useful or potentially

harmful. In this case, the data caveat likely has a large impact on the case chart. According

to OurWorldInData [92], the source of the case chart, on the date highlighted by the author

(August 11, 2021) Iceland performed over 200 times as many tests per capita as Nigeria

did (8.93 versus 0.04 per 1,000 people).

As a result, data collection anomalies can be misused as evidence in support of mis-

information, whereas explainable phenomena may be abused to sow potentially unwar-

ranted distrust in data quality and reject an argument.

RE 5: Failure to Account for Statistical Nuance. Besides ignoring data issues, users

often do not account for important statistical nuance in visualizations if doing so helps

support their argument.

For instance, consider an experiment in which a given effect is evaluated by measuring

outcomes for treatment and control groups. One common issue observed in our data set is

users providing data showing the outcome of a single group in an experiment and judging

the ef�cacy of the treatment against an arbitrary level of “goodness” rather than against the

other group. In Figure 3.11a, the author argues that vaccines work by showing that among

a population of 102,000 vaccinated, only one death has been reported. However, without

knowing the death rate of the general population or of the nonvaccinated population, it is

not possible to make conclusions about the ef�cacy of the treatment.

Another related issue is the base rate fallacy: charts providing outcome counts for both
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treatment and control groups without information about their relative sizes or about the

general population. For instance, the attachment from Figure 3.11b is a chart that often has

accompanied COVID-skeptic arguments. The chart comes from a report published by the

CDC [96]. The chart shows that the majority of COVID-19 cases in the surveyed population

were among previously vaccinated people. The report generally argues for increased

COVID prevention measures and highlights the idea that the then newly emerged Delta

variant is highly transmissible. When taken out of context, however, this chart can be

used to support the idea that people are more likely to get and spread the disease if

vaccinated. The report lists multiple limitations to the study in the discussion section,

including a note that “..., data from this report are insuf�cient to draw conclusions about

the effectiveness of COVID-19 vaccines against SARS-CoV-2, including the Delta variant,

during this outbreak. As population-level vaccination coverage increases, vaccinated

persons are likely to represent a larger proportion of COVID-19 cases.” This caveat is

not communicated on the chart itself, which quickly became a shareable artifact on social

media and was interpreted outside of this context.

RE 6: Misrepresentation of Scienti�c Studies. Promoting scienti�c literacy has long

been discussed as a way to inoculate the general public against misinformation [97]. In an

increasingly complex world, it is not feasible for everyone to develop scienti�c expertise

in relevant domains, and therefore one of the main goals of increasing scienti�c literacy

is to encourage the population to cautiously trust science. Science educators describe an

ideal of scienti�c literacy among lay audiences as the right balance between the extremes

of believing any form of scienti�c authority and believing nothing at all [98], [99].

Many misleading tweets in our data set lie close to one of the two extremes. Most

of the reasoning attributes described above are characteristic of the users's tendency to

believe nothing but their personal experiences and observations, but we also identify

a type of reasoning in which users accept any scienti�c �ndings that align with their

prior beliefs at face value and exaggerate their interpretation. For instance, users share

�gures from studies on the ef�cacy of certain types of medication that have not yet been

peer-reviewed, reproduced, or otherwise scrutinized, e.g., by approval for use in most

countries. Figure 3.12 illustrates examples of such tweets.

In this form of reasoning, instead of rejecting scienti�c authority in favor of pseudo-
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science, users selectively exaggerate the importance of singular scienti�c results that con-

�rm their beliefs.

RE 7: Incorrect Reading of Chart. In rare cases, visual distortions on the chart directly

cause the viewers to arrive at inconsistent conclusions. Figure 3.13a illustrates an example

that seems to show many fewer cases in Canada compared to the US, whereas the visual

differences in the map are mostly caused by the inconsistent granularity of data between

countries (province level for Canada and county level for the US). The author interprets

the differences to be caused by COVID-19 restrictions.

In another example in Figure 3.13b, the author attaches a dual axis line chart of COVID-

19 cases in counties with and without mask mandates. Whereas the case numbers are

actually higher in mask mandate counties than in counties without a mandate, the unequal

relative scales of the axes make the line appear lower, which was misinterpreted by the

user.

Previous research on misleading visualizations has been primarily focused on this

type of error [47]. However, we �nd incorrect reading of charts to be the least common

reasoning error in our analysis, as seen in Figure 3.5.

3.3.2.2 Construction Attributes

Construction attributes (CA) are graphical and textual methods that communicate

or emphasize the message of the post. In misleading visualization tweets, construction

attributes describe channels used to introduce or exaggerate reasoning errors described

previously.

CA 1: Use of Post Text. Prior research by Kong et al. shows that the framing of a

visualization greatly in�uences the viewers' interpretations [58]. In another study, the

authors �nd that the information from the title is more readily recalled by the viewers than

the information from the chart itself [100]. This phenomenon provides an opportunity to

deceive and mislead users by providing biased interpretations attached to the chart.

In the context of social media as a platform for sharing visualizations, including an

interpretation via the post text is an intrinsic feature. In every tweet, authors add text to

either provide their own interpretations of the chart or additional context that is important

for their argument. In many examples, tweet text is used to frame a visualization in a way
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that makes it deceptive.

CA 2: Use of Annotations on Chart. Another channel for providing interpretations

and context for a visualization is the use of annotations directly on the chart. Among

opinion tweets, 21% of visualizations include textual or graphical annotations. Lin et

al. [95] introduce the concept of data hunchesand describe a design space for adding

important context about the data representativeness to the data visualization itself. For

instance, annotations added to Figure 3.9a provide additional information about the start

of the vaccination campaign, whereas annotations on Figure 3.10a highlight the lack of �u

cases—an important salient feature of the chart.

Although annotations on a chart can be essential to its understanding and stem from

expert knowledge, they can also be deceptive and suggest relationships and caveats that

do not exist. In their paper, Lin et al. warn about the potential for harm and argue for

the use of annotations only within “groups of experts that are supported by networks of

trust” [95]. In the context of charts shared for general audiences online, our research shows

that annotations are likely to be misused and mislead the audience.

CA 3: Reframing Screenshots of Existing Charts. We �nd that the majority of

visualizations in opinion tweets (58%) are screenshots of existing charts from reputable

sources. One the one hand, this points to the ubiquity and ease of availability of COVID-19

visualizations and data. As an attribute of a misinformation tweet, however, reframing

a reputable chart could provide an illusion of impartiality and trust on the part of the

author of the tweet, as well as plausible deniability in case their argument is proven false.

Aside from static charts from reputable sources, users often repost charts from interactive

dashboards. Such dashboards let the user individually select regions to be plotted on

the same chart and compared against each other. Although this approach allows one to

freely explore the data, such tools could encourage cherry-picking of data points and faulty

comparisons between them. From Figure 3.6, we can see that the combination of the use

of interactive dashboards, cherry-picking, and causal inference is the most common set of

attributes among posts with any reasoning errors.

Researchers have expressed concern that with the increasing prevalence and com-

plexity of interactive visualizations, nonexpert viewers are more likely to misinterpret

visualizations created by experts and identify spurious correlations [101]. Recent work
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also con�rms that public health visualization dashboard designers should consider the

possibility that their work can be used to mislead people [76]. The authors underscore the

importance of expert knowledge in correct understanding of pandemic visualizations and

seek ways to communicate important context.

CA 4: Violations of Common Visualization Design Guidelines. As seen from Fig-

ure 3.5, charts that violate common visualization design guidelines—for instance, those

that use truncated axes or 3D �gures—are not disproportionately used to support opin-

ionated arguments. Moreover, results in Figure 3.5 show that explicit incorrect readings

of charts caused by design violations are rare compared to other errors in visualization

interpretation. Nonetheless, research shows that these techniques have the potential to

affect the accuracy of viewers' perception of the chart [47].

Our �ndings suggest that even though design violations are not central to

visualization-supported misinformation, they may help exaggerate the intended message.

For instance, Figure 3.14a shows a post that attributes the drop in COVID-19 cases in the

UK to the vaccination campaign. We would expect the perceived effect to be potentially

stronger than the actual effect because the �gure has a truncated axis [47]: upon �rst

glance, a viewer might incorrectly infer that cases in the UK have almost completely

disappeared. In another example, the post in Figure 3.14b assigns a cause-and-effect

relationship to the rise of COVID-19 cases in India and increasing vaccinations. A dual

axis chart is a common way to highlight a spurious correlation [102] that can make the

association appear stronger and may even suggest a one-to-one relationship between cases

and vaccines administered.

3.4 Discussion

In this section, we consider the implications of the results of our analysis on the study of

deceptive visualizations. We provide recommendations for general-audience visualization

design as well as for the direction of future research.

3.4.1 Visual Misinformation Beyond Design Violations

We were surprised to discover that widely studied common visual deception tech-

niques are not the main driver of visualization-supported misinformation online. The vast
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majority of both all charts in our data set in general (88%) and all charts with COVID-

skeptic interpretations in particular (87%) do not have any features that violate common

visualization design guidelines. The remaining 12% of visualizations violate visualization

design guidelines by, for example, using truncated or inverted axes. However, these

features are not typically used to support misinformation arguments and seem to occur

at similar rates in opinion and neutral posts.

In posts that comment on the severity of the ongoing crisis, visualization design

violations can be helpful to exaggerate the effect and help argue that, for instance, the

impacts of the crisis are not suf�ciently severe. However, the general argument of the post

would still hold even if such techniques were not present, like in examples in Figure 3.14.

Previous research suggests that design violations may exaggerate or diminish a message

to a certain extent [47], but our analysis shows that they do not form the basis of visual

misinformation and they are not disproportionately misinterpreted by tweet authors. In

contrast, many data visualizations that fully conform to design guidelines can be used to

support effective misinformation arguments.

Design violations are not more prevalent in online misinformation for several reasons.

Firstly, whereas people may misinterpret the chart after a quick glance, engaging with

it for a longer period of time required to attach it to a post and write text to go with

it allows them to read the chart more carefully. Secondly, except for outright fabricated

data, the information required to interpret the chart correctly is still present even in badly

designed charts. We speculate that the possibility to read values accurately—albeit with

dif�culty—makes it easier for the audience to point out the mistake and to debunk the

chart by leveraging their “collective intelligence” [14]. Consequently, it might be more

dif�cult to make a deceptive argument with a mis-designed chart than a well-designed

chart that contains more subtle reasoning �aws.

Most visualizations attached to our tweets of interest do not just conform to design

guidelines but are also screenshots of charts from reputable sources, such as government

and media outlets. Such visualizations are not intentionally created to be deceptive

but rather are presented in a way that supports a common misinformation argument or

conspiracy surrounding the crisis. This fact suggests that, depending on framing, conver-

sation context, and anticipated audience, even some faithfully plotted visualizations are
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vulnerableto misinterpretation.

3.4.2 Visual Misinformation as Weak Inductive Reasoning

One helpful way to think about how framing can make a visualization deceptive is to

consider how most, if not all, arguments with reasoning errors are constructed. Typically,

users posit an idea supported by a chart and context. The salient features of the visual-

ization and user's context form premises that weakly support an inductive argument—in

other words, factual observations are used to derive a more general principle. Figure 3.15

illustrates the structure of an inductive argument schematically.

Misinformation arguments of this form generally do not contain formal logical fallacies,

as the conclusion always logically follows from the presented premises. Deductive argu-

ments can be either true or not true, whereas inductive arguments are de�ned to either be

“cogent” or “not cogent”—in other words, plausible and not plausible [103]. The strength

of an inductive argument, or the measure of how plausible the conclusion is, depends

on the completeness and strength of the premises. Most empirical knowledge is also

derived through inductive reasoning and is almost never de�nitive, which philosopher

David Hume identi�ed as a problem many centuries ago [104]. As a solution, in order

to distinguish between scienti�c and pseudo-scienti�c theories, Karl Popper introduced

the standard of falsi�ability : a determination of whether a theory can be logically con-

tradicted [105]. Popper describes pseudo-science as a “con�rmation bias machine” that

provides theories that are very good at offering explanations for all phenomena but do not

present conditions under which the theory could be refuted [106].

Modern misinformation largely resembles pseudo-scienti�c theories of the past and is

not always amenable to fact-checking because the premises are typically based on true

data. Cook et al. [107] present an analysis of climate change misinformation arguments

through the lens of logic and reasoning and discuss that many climate denialist claims

are plausible inductive arguments that are presented de�nitively. The authors discuss

potential ways to invalidate such arguments through falsi�ability, such as identifying

hidden premises or implicit conditions necessary for the conclusion to hold. If shown

to be not true or not plausible, the conclusion becomes not consistent or less plausible.
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3.4.3 Hidden Premises Make Visualizations Vulnerable

In the context of visualization, we can consider potential hidden premises in posts in

our analysis. As we have seen in examples throughout the chapter, a typical visualization-

based weak inductive argument often hinges on various implicit assumptions: posts omit

a larger sample size in favor of cherry-picked data points, omit notes about impactful

events that are expected to have an effect on the data, and also omit important caveats

about data quality and uncertainty. Existing charts often do not communicate any of

such data uncertainties as salient features and present data with an illusion of precision

or certainty [108]. This false sense of accuracy and certainty likely empowers users to

make de�nitive deceptive claims using visualizations as “scienti�c evidence.”

In many cases, support for a misinformation conclusion may be minimized by explic-

itly visualizing the conditions or caveats the author wrongly assumes to corroborate their

reasoning. For instance, in the case of the chart from the CDC report in Figure 3.11b,

showing the population-level vaccination coverage would indicate to the audience that

infection is not more prevalent in the vaccinated population; in the case of the chart that

compares Iceland and Nigeria in Figure 3.10b, introducing the uncertainty of death counts

due to limited testing as a graphical property of the chart may warn users against making

comparisons. Therefore, although most visualizations in our analysis are not themselves

deceptive, they are vulnerable to deception: they do not visualize important context and do

not anticipate a biased reading and thus have no defenses against misinterpretations and

supporting existing common misconceptions.

Weak inductive reasoning is not unique to misinformation arguments, or in our case

speci�cally COVID-skeptic arguments. 25% of tweets with reasoning errors in our data

consist of posts that support commonly accepted methods of COVID-19 prevention and

treatment and follow similar reasoning, as for instance the post in Figure 3.11a that

attempts to prove the ef�cacy of vaccines. In this example, however, the conclusion is

corroborated by multiple scienti�c studies about vaccine ef�cacy [109]–[112]. The omission

of the control group outcomes on the chart in this case is not central to the argument. In

fact, this omission has the opposite effect and makes the argument less convincing, which

implies that understanding the problem of visual misinformation not only helps prevent

misinformation but also improves the effectiveness of of�cial crisis communication. By
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visualizing a more complete set of premises for the anticipated conclusion, a chart can

provide stronger support to the take-away and leave fewer avenues for vaccine-skeptic

attacks.

The author or the audience of a visualization post may not consider these important

caveats to their interpretations that are not explicitly shown in a vulnerable visualiza-

tion for several reasons. One reason is con�rmation bias, or the tendency to interpret

information in a way that reinforces prior beliefs [113]. If the conclusion matches existing

beliefs, there is little to no incentive for the viewer to challenge their conclusion. Another

reason is the process of social in�uence, or conformity to the demands of one's social

environment [114]. This process is especially relevant in the context of our analysis—social

media—where due to �lter bubbles and personalized suggestions, users often end up

seeing posts from, and interacting with, only one side of the discussion [115]. In such a

setting, challenging assumptions of a post's reasoning can be perceived as antagonistic or

may fail to get a stranger's attention [116].

3.4.4 The Role of Data Exploration Websites

Screenshots of charts from data exploration tools—such as the OurWorldInData

COVID explorer [92] and Worldometer—are common in our data set and in the examples

throughout this chapter. On the one hand, their design provides easy access to COVID-19

data and allows even nonexpert users to freely explore and share their �ndings. At the

same time, this freedom of exploration can lead to many of the reasoning errors we have

discussed, such as cherry-picking, causal inference, and failure to account for data validity

issues.

With their design centered on comparing COVID-19 data from different regions, data

exploration tools encourage many types of inferences that are prone to misinterpretation.

This type of visualization is useful to contextualize data and answer personally meaningful

questions: for instance, it helps infer health risks in a travel destination by comparing

it to a familiar local baseline. However, plotting any subset of data on one chart also

encourages potentially inaccurate inferences related to evaluating the effects of restrictions

and interventions. Such inferences can be both unintentional, as an attempt to make sense

of salient differences in the chart, or an intentional way of spreading disinformation by
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cherry-picking data.

Our results in Figure 3.5 show that more than 40% of all COVID-skeptic charts in the

COVID-19 discourse on Twitter are screenshots of data exploration dashboards. This high

prevalence may be explained by their popularity and ease of use. In the absence of explicit

data caveats, the space of interactions offered in the dashboard is likely interpreted as the

space of data representations that are valid for inference. As a result, users choose any

subset of data that supports their existing beliefs or reinforces their (maybe not sincerely)

held position.

In the case of OurWorldInData [92], data exploration tools are a relatively recent

development: usually, the website provided in-depth data stories supported by interactive

graphics, such as on the environmental impacts of food 3 or an analysis of the impact

of vaccinations on COVID death rates4. We suspect that information presented in this

way—as a guided narrative—is less susceptible to accidental misinterpretation. We high-

light, however, the tension that platforms that support citizen science face. On the one

hand, they inspire creativity, freedom of exploration, and democratize data. At the same

time, such freedom can lead to a proliferation of conclusions based on weak premises and

misinformation.

3.4.5 Design Recommendations

In this section, we summarize ways in which visualization designers can safeguard

their charts or interactive dashboards and prevent them from being vulnerable to misin-

terpretations. Our design recommendations are practical methods for introducing hidden

premises of potential interpretations of a visualization.

As we have brie�y discussed before, in many cases it would be possible to add a very

salient feature to the chart that would render the misinformation argument not logical .

For example, the addition of population-level vaccination information to the CDC chart

in Figure 3.11b would make it visually apparent that the proportion of COVID-19 patients

who were vaccinated does not drastically exceed the proportion of the general population

that is vaccinated. Even though the authors did consider the potential misinterpretation

3https://ourworldindata.org/environmental-impacts-of-food

4https://ourworldindata.org/covid-deaths-by-vaccination
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of their report and added a text note in an attempt to prevent it, including it directly in

the chart as a visual feature would help make the important context more portable and

resilient to viral spread.

Charts should make information about data caveats and accuracy more salient and

dynamic . For instance, many charts from data exploration websites in our analysis include

a note in small font explaining that actual case numbers are likely much higher than

reported, due to limited testing in some regions. However, this note is not a prominent

feature of the chart and is not re�ected in the visual design of the case curve. Additionally,

the note is typically a generic statement that appears on all charts in the same form. The

note could be more effective if the information about the testing limitations in a given

region was chart-dependent and changed dynamically as viewers switch between regions.

Similarly, charts could communicate the uncertainty of data estimates to prevent

viewers from assigning misleading meaning to data anomalies. Work by Hullman [108]

discusses why visualization designers typically do not include uncertainty in their work

products, including concerns that uncertainty can confuse the viewers, obfuscate the mes-

sage of the plot, or undermine the designer's credibility. As our �ndings show, however, it

is potentially bene�cial to spread awareness about data imprecision to limit its support of

pseudo-scienti�c arguments. Lin et al. [95] argue that “data hunches” should be explicitly

yet distinctly communicated as part of the chart and should be considered in decision-

making. Data exploration tools should prevent visualization of multiple items at the same

time in cases when it is known that the items have a vastly different representativeness of

the underlying phenomenon, as is, for example, the case when countries vary signi�cantly

in their testing strategies or data collection methodologies (Figures 3.9b and 3.10b).

In summary, we urge visualization designers to take into account potential misinterpre-

tations of their charts and address them directly in the visual array. Our work shows that

if important notes about data collection and use are not communicated as salient visual

features in the chart, they are likely to be ignored by the general audience. Designers

should consider what information is not shown in the chart and could be �lled in by the

viewers's beliefs and biases. Misinformation typically converges from many individual

ideas to fewer, more common narratives [117], [118]. Therefore, visualization creators

should be able to review common existing misconceptions on the topic and consider
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whether the visualization could be used to support them.

3.5 Limitations and Future Work

Our research is subject to several important limitations. Firstly, our work is based only

on data pertaining to the COVID-19 pandemic discourse on Twitter in English. However,

we expect our �ndings to be generalizable to crisis and noncrisis situations where human

behavior and data-driven policy choices have a signi�cant effect on the economic and

public health outcomes. Secondly, the speci�c affordances of a given social media platform

may have an effect on the type of content that is shared and widely spread on it. In the

case of Twitter, the strict character limit in tweet text may encourage users to post data

visualizations, particularly ones with many annotations. The absence of replies in the

feed view makes potentially important context added in the discussion not immediately

available to the viewer. The fact that tweets are broadcasted in a general feed rather than

common information spaces [119], make Twitter optimal for sharing information to reach

a more diverse audience compared to, for instance, Facebook [120]. At the same time, lack

of such common information spaces can also strip visualizations of their context, making

them potentially more misleading. Thirdly, we are able to identify only explicit instances

of chart misinterpretation as evidenced by social media trace data. Although the author

of the tweet may not have explicitly misrepresent the chart, some of their audience might

make inaccurate conclusions that were not shared, which could be valuable to explore in

future research. Nonetheless, we believe studying misleading tweets that state their ideas

explicitly is important, as this contributes to perpetuation of misinformation arguments.

We hope our contributions help direct future research in the spaces of deceptive visual-

ization and online misinformation by offering a novel way of thinking about the notion of

“lying with charts.” Future work should formally analyze the replies to misleading social

media posts, as well as explore the best ways to represent hidden premises into charts and

evaluate the effectiveness of adding safeguards to vulnerable visualizations.

3.6 Conclusion

We collected, categorized, and organized thousands of data visualization posts from

Twitter related to the COVID-19 pandemic to describe how people mislead with visualiza-
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tions in practice. The results of our work show that visualization manipulation and the lie

factor are not the main drivers of visual misinformation online. About 12% of charts we

analyzed violate common visualization design guidelines, however, they are not typically

used to support misinformation. Most COVID-skeptic data visualization posts on Twitter

use faithfully plotted charts, accurate data, and make logically consistent arguments.

Instead, tweet authors use salient features of visualizations as the premise for plausible

inductive arguments that promote misinformation. In order to prevent a visualization

from being vulnerable to such attacks, visualization designers should include safeguards

in the form of important contextual information and uncertainty. Aside from optimizing

the visualization design for its intended purpose, the designer should also anticipate how

a biased viewer may use and misuse the chart.
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Figure 3.1: Illustration of the data collection and processing pipeline. (a) Initial set of
all tweets related to COVID-19 collected between May 15, 2020 and September 6, 2021.
(b) Random sample of original English language tweets that contained images. Original
tweets indicate posts that are not retweets of other tweets of replies to existing tweets.
(c) Tweets identi�ed to contain visualizations based on analyzing tweet text using a
Multinomial Naive Bayes classi�er trained on tweet text. (d) Tweets further identi�ed to
contain visualizations based on a �ne-tuned image recognition model. (e) Random sample
taken from model outputs to reduce the size for manual qualitative coding. (f) Tweets
identi�ed to contain relevant data visualizations after removing images misclassi�ed as
visualizations and visualizations not pertaining to the COVID-19 pandemic through man-
ual inspection. This set is used for qualitative coding and analysis.
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Figure 3.2: The codebook used to manually annotate the 9,958 relevant visualization
tweets and the frequencies of codes. The codebook includes information about the (a)
source of the visualization, (b) presence and polarity of textual components of the post
and the chart, (c) presence of any visualization design violations, as well as (d) commonly
occurring reasoning errors. Each post is described by one code from (a), and any number
of codes from (b), (c), and (d).
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(a) Tweet 1313069181873528834 (b) Tweet 1264592009219715072

Figure 3.3: Post with visualizations containing violations of common visualization design
guidelines that are not identi�ed as misleading. Importantly, we cannot state that they are
unambiguously not misleading, as previous research has shown the deceptive potential of
design violations [47]. (a) A chart with a truncated axis that a viewer could misinterpret
to show an almost 0% case fatality rate in India but accurately described by the author. (b)
A chart with a dual axis that a viewer could misinterpret to show that daily deaths are on
the order of hundreds but accurately interpreted by the author.



43

Figure 3.4: A �ow diagram showing the relationship between tweet text polarity, presence
of visualization design violations, and presence of reasoning errors. We observe similar
proportions of tweets with and without design violations across text polarities. We also
observe similar marginal frequencies of design violations and reasoning errors. The
reasoning error column is shown twice, indicated by the asterisk.
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Figure 3.5: The results of qualitative coding by polarity of the tweets. Neutral tweets are
posts that do not offer explicit or implicit interpretations of data, and therefore reasoning
error codes do not apply. Percent columns do not sum up to 100 as a tweet can have none,
one, or multiple attributes. The prevalence of design violations is consistent across opinion
tweets and neutral tweets. Moreover, potentially misleading design violations in opinion
tweets are much less common than reasoning errors.



45

Figure 3.6: The prevalence and overlap of visualization tweet attributes among tweets
with reasoning errors shown as an UpSet plot [93]. The horizontal bars show the total
prevalence of a given attribute. The vertical bars re�ect the number of tweets that have the
exact combination of attributes highlighted by black dots directly below. We show the 25
most common overlapping attribute sets that describe 84% of the data. The remaining 16%
are described by combinations that are more rare. For instance, reasoning errors such as
Misrepresentation of Scienti�c Studies and Incorrect Reading of Chart are not part of the
25 most common attribute sets and are omitted.
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(a) Tweet 1289587370082234370 [removed] (b) Tweet 1427307226264489991

Figure 3.7: Examples of posts that employ cherry-picking. (a) An author shares a screen-
shot from the BBC showing a COVID-19 death curve from one country that had fewer
government-mandated restrictions relative to their neighbors (Sweden) approaching zero
and arguing that COVID-19 restrictions are unnecessary altogether. In this post, the
argument is more effective because of the omission of comparable neighbor countries
that experienced fewer COVID-19 deaths, or other countries with limited restrictions that
experienced more deaths. (b) A user shares COVID case curves for the United States for
the periods of early July through mid August for the years 2020 (before the vaccination
campaign) and 2021 (during the vaccination campaign). Because the number of cases in
August 2021 is higher than in August 2020, the user suggests that the vaccination campaign
failed. This example carefully selects the time frame that most effectively supports the
argument, omitting a large drop in cases in Spring 2021.
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(a) Tweet 1313881187191054338 (b) Tweet 1375113309922291712

Figure 3.8: Examples of posts in which the user's argument hedges on the introduction
of an arbitrary threshold. (a) A user shares data on causes of UK deaths and argues that
since “only” 1 in 23 deaths was caused by COVID-19, it is not a signi�cant problem. (b)
An author shares a chart of annual mortality rate in the US and argues that an increase in
deaths of “only” 15% is not signi�cant enough.
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(a) Tweet 1382439566058065927 [removed] (b) Tweet 1375342512576077825 [removed]

Figure 3.9: Examples of posts implying causal relationshipsfrom limited and anecdotal data.
(a) A tweet author suggests that the increase in COVID-19 cases in Uruguay—a prominent
feature of the chart—was caused by the vaccination campaign. The user adds annotations
to a COVID-19 dashboard screenshot to explain their reasoning. (b) An author shares a
screenshot of a COVID-19 dashboard that shows that Israel is experiencing more COVID-
19 deaths than Zimbabwe. The author states that the discrepancy is due to ivermectin
being more effective than vaccinations.
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