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Abstract. The proliferation of untrustworthy information, particularly 
during election periods, poses a significant challenge to democratic pro-
cesses worldwide. Combining a two-wave panel studywithweb-browsing 
behavior (N = 21M) of 1,194 American adults around the 2020 US presi-
dential election, we examine associations between visits to untrustworthy 
websites at the domain level and subsequent election beliefs. We find 
that those exposed to untrustworthy websites are 17.3% more likely to 
believe that the election was not won by the certified winner in a post-
election survey. However, one challenge in assessing the relationship 
between untrustworthy website exposure and beliefs is disentangling the 
behavior of individuals selectively exposing themselves to information 
congenial to an existing belief versus prior partisanship heterogeneously 
relating to differing changes in beliefs. To address this challenge, we 
apply a machine learning method that controls for the propensity to be 
exposed to untrustworthy websites. Using this method, we find that 
exposure to untrustworthy websites is associated with the likelihood of 
believing that the certified election winner did not win by 4.2%. This asso-
ciation, however, is asymmetric: For conservatives, whose candidate lost 
the election, the association is 12.6%, while for liberals, the association 
is negligible at -0.2%. Further, we identify a dosage relationship—each 
additional exposure to untrustworthy websites increases the association 
between untrustworthy website exposure and election outcome beliefs 
among conservatives by .035% but only .010% for liberals. Through 
a series of stringent robustness checks, we find that these directional 
associations are unlikely to be “explained away” by potential unobserved 
variables, adding credibility to the estimates. Our results underscore the 
importance of addressing untrustworthy information not as a uniform 
influence but as a factor whose relationship with beliefs is contingent 
upon environmental context, individual predispositions, and exposure 
volume. 
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1 Introduction 

Among global leaders, misinformation (information that is false, misleading, or unsub-
stantiated (Nyhan and Reifler 2010)) was recently listed as society’s biggest problem 
(World Economic Forum 2024). Academic research provides a more nuanced under-
standing of this issue (Freelon and Wells 2020; Weeks and Gil de Zúñiga 2021), finding 
that exposure is generally “Less Than You Think” (Guess, Nagler, and Tucker 2019), 
constitutes a relatively small portion of people’s information diets (Allcott and Gentzkow 
2017; Allen et al. 2020; Altay, Nielsen, and Fletcher 2022), and is declining over time 
(Moore, Dahlke, and Hancock 2023). Nonetheless, tens of millions of American adults are 
exposed to such websites (Guess, Nyhan, and Reifler 2020; Moore, Dahlke, and Hancock 
2023; Zhou, Yang, and González-Bailón 2025). Exposure is also highly concentrated, 
with a small number of people accounting for the majority of exposures or clicks (Grinberg 
et al. 2019; Guess, Nagler, and Tucker 2019; Nelson and Taneja 2018), suggesting that 
although exposure to such information may not be as widespread as public discourse 
implies, it may still play a role in democratic processes for at least some subset of the 
population (Robertson 2022; Ecker et al. 2024). 

While these descriptive findings are important to understanding the reach and distri-
bution of untrustworthy information, they typically do not shed light on the real-world 
relationship between exposure to such information and beliefs. That is, what are the 
societal consequences of exposure to untrustworthy websites? Answering this question 
is crucial, as many contemporary fears about democratic health are rooted in an assump-
tion that this exposure has a powerful, direct effect on its audience (Budak et al. 2024; 
Altay, Hoes, and Wojcieszak 2025). 

To address this concern, we combine a two-wave panel study with web-browsing 
behavior data (N = 21M observations) from 1,194 American adults around the 2020 US 
presidential election. We apply a nonparametric double machine learning method that 
explicitly models and controls for selective exposure—the tendency for individuals to seek 
information congruent with existing beliefs—while estimating the association between 
visits to untrustworthy websites at the domain level and subsequent election beliefs. 
This approach allows us to disentangle the propensity to be exposed to untrustworthy 
websites from the relationship between exposure and belief formation, and enables 
examination of heterogeneous associations across partisan groups. We measure election 
beliefs through a direct question about who participants believe won the 2020 election, 
asked approximately one month after the election during a critical period of emerging 
fraud narratives (Dahlke and Pan 2024; Starbird, DiResta, and DeButts 2023). 

Our findings reveal three key results. First, after controlling for selective exposure, 
those exposed to untrustworthy websites are 4.2% more likely to believe that the 
certified election winner did not actually win—a substantial reduction from the 17.3% 
raw difference, indicating that selective exposure accounts for approximately 75% of the 
observed correlation. Second, this association is markedly asymmetric (i.e., moderated 
by participant ideology): Conservatives show a 12.6% association while liberals show 
essentially no association (-0.2%), suggesting that information effects are contingent 
upon the alignment between content and recipient predispositions rather than operating 
uniformly. Third, we identify a dosage relationship where each additional exposure to 
untrustworthy websites increases the association by 0.034% overall, with this effect 
again showing asymmetry (conservatives: 0.035%; liberals: 0.01%). These results show 
that the relationship between untrustworthy information exposure and democratic beliefs 
is not a simple “hypodermic needle” effect (Bineham 1988; Bello-Pardo 2022), but rather 
depends critically on individual characteristics and environmental context. 
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2 Literature Review 

2.1 Experimental Evidence on Information Exposure 

Experimental research in the political domain shows that untrustworthy information 
can meaningfully alter beliefs and preferences, though the strength and scope of these 
effects vary across contexts. Individuals have been shown to form false memories 
about political events when exposed to fabricated news stories (Murphy et al. 2019) 
or doctored images (Frenda et al. 2013). Exposure to false information about election 
fraud can increase support for postponing elections (Craig and Gainous 2024), and even 
a single exposure to false political information may boost voting intention, though such 
exposures show limited associations with other political beliefs and behaviors (Guess, 
Nyhan, and Reifler 2020). Related work in other domains has tended to find more modest 
effects: Exposure to vaccine misinformation shows small associations with intentions 
and behaviors (Allen, Watts, and Rand 2024; Featherstone and Zhang 2020; Greene 
et al. 2022; Saint Laurent et al. 2022), and exposure to climate change skepticism has 
shown limited impact on attitudes (Drummond, Siegrist, and Árvai 2020; Zhou and Shen 
2022). 

A growing body of field experiments manipulating social media users’ informational 
environments provides robust evidence for the limited impact of platform-level changes 
on political beliefs. Studies altering content availability—by removing political ads or 
all reshared content, or by reducing content from like-minded sources—find that while 
exposure patterns change, core political attitudes and beliefs remain stable (Allcott et 
al. 2025; Guess et al. 2023b; Nyhan et al. 2023). Even more fundamental changes to the 
information architecture, such as switching from an algorithmic to a chronological feed, 
limiting access to multimedia content in social media, or deactivating social media access 
entirely, similarly fail to produce significant shifts in political knowledge, polarization, or 
belief in misinformation (Allcott et al. 2024; Arceneaux, Zengin, and Ladd, n.d.; Guess 
et al. 2023a; Ventura et al. 2023). Likewise, interventions designed to contextualize 
information, such as adding credibility labels or incentivizing exposure to partisan news, 
also show minimal effects on political opinions or affect, though they can produce 
secondary effects like reduced trust in mainstream media (Aslett et al. 2022; Guess 
et al. 2021). 

Taken together, this diverse set of environmental manipulations highlights the resilience 
of political beliefs against top-down changes in the information ecosystem, though 
some scholars argue that the limited effects observed in individual-level experiments 
may reflect methodological constraints rather than the absence of meaningful platform 
influence on complex social phenomena (Bak-Coleman et al. 2025). This resilience, 
however, does not imply that the content within these environments is without conse-
quence. Indeed, the composition of the information users see can produce important, 
if subtle, effects. For instance, consuming high-quality news can enhance knowledge 
and improve truth discernment, while exposure to higher proportions of false news can 
erode media trust and inflate overconfidence in one’s discernment abilities, even while 
leaving core attitudes unchanged (Altay, Hoes, and Wojcieszak 2025; Altay, Lyons, and 
Modirrousta-Galian 2024). This suggests that while broad architectural interventions 
may be blunt instruments, the specific nature of information exposure remains a critical 
factor in shaping more nuanced civic outcomes. 

2.2 Observational Evidence and Methodological Challenges 

Observational studies find significant, albeit limited, correlations between untrustworthy 
information exposure and the outcome of interest. For example, past work has found a 
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positive correlation between exposure to misinformation websites and false beliefs, but 
not intentions to participate in politics (Guess, Nyhan, and Reifler 2020). There is also a 
correlation between engaging with election-related misinformation on Twitter and voter 
turnout (Green et al. 2022). Those who shared misinformation on Twitter promoting 
election fraud misinformation were less likely to vote. However, other work has not found 
a strong relationship between visiting untrustworthy websites and belief in political 
misperceptions (Weeks and Gil de Zúñiga 2021). These documented correlations, while 
informative, raise concerns about issues like reverse causality (Adams et al. 2023; Guess 
and Lyons 2020; Petersen 2023). 

2.3 Theoretical Frameworks: Selective Exposure and Asymmetry 

Conceptually, simple correlations between exposure and outcome conflate selective 
exposure (Sears and Freedman 1967; Stroud 2008, 2010; Zillmann and Bryant 2013) 
and asymmetric differences in antecedents to exposure. Selective exposure refers to a 
tendency for people who already hold certain beliefs to seek out consistent information 
(Sears and Freedman 1967; Zillmann and Bryant 2013). For example, conservative 
individuals are more likely to expose themselves to conservative-leaning untrustworthy 
websites and liberal individuals to liberal-leaning untrustworthy websites (Guess, Nyhan, 
and Reifler 2020; Moore, Dahlke, and Hancock 2023). One possible explanation for 
asymmetric partisan differences is motivated reasoning, which refers to how people 
are motivated to arrive at or justify specific conclusions to new information based on 
desired beliefs (Epley and Gilovich 2016; Kunda 1990), ultimately accepting information 
consistent with desired beliefs and rejecting contradictory information (Druckman and 
McGrath 2019). Alternative explanations for these asymmetric effects exist. For instance, 
work on ideological differences (Jost et al. 2018) suggests fundamental psychological 
differences between conservatives and liberals in information processing and belief 
formation. While most observational data cannot definitively distinguish between these 
mechanisms, both theoretical frameworks predict asymmetric effects. 

The distinction between selective exposure and post-exposure effects allows us to 
sharpen this theoretical question. By controlling for the first stage (selective exposure), 
we can test competing hypotheses about the second. One hypothesis, echoing “hypo-
dermic needle” theories, is that the effect of exposure is symmetrical. This account 
predicts uniformity across partisan groups once they receive the information. An al-
ternative hypothesis, grounded in the theories of motivated reasoning and ideological 
differences mentioned above, is that the effect is asymmetrical. This would mean that 
even after accounting for selection, the effect of the information remains conditional on 
partisanship, primarily influencing the group for whom the message is psychologically 
congenial. Our study is designed to adjudicate between these two possibilities. 

Taken together, the existing literature presents a mixed picture. While experiments 
demonstrate that exposure to untrustworthy information can influence beliefs under 
controlled conditions, observational studies reveal the complexities of real-world expo-
sure patterns and raise persistent challenges for causal inference. Traditional regression 
approaches, commonly used in these observational studies, struggle to account for the 
fact that both information exposure and its effects on beliefs are likely to be heteroge-
neous and shaped by prior attitudes (Slater 2007; Stroud 2010). Theoretical frameworks 
like selective exposure and motivated reasoning predict asymmetric responses to in-
formation, yet rigorously testing these asymmetries remains difficult without flexible 
methods that can model complex selection processes and interactions. 
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2.4 Present Study 

This study aims to bridge these gaps by leveraging large-scale web-browsing data 
combined with panel surveys. We employ double machine learning (DML) to explicitly 
model and control for selective exposure to untrustworthy website domains, thereby 
allowing for a clearer estimation of the association between visits to untrustworthy 
websites and election-related beliefs. This approach also enables us to examine 
heterogeneity in effects across partisan groups, bringing methodological tools into 
better alignment with the theoretical expectations that guide contemporary research on 
misinformation. 

To address these challenges, this study leverages large-scale web-browsing data com-
bined with panel surveys and applies a nonparametric double machine learning approach. 
This design enables more rigorous estimation of the association between visits to un-
trustworthy websites and election-related beliefs, while directly testing for theoretically 
predicted heterogeneity in effects across partisan groups. Double machine learning is 
particularly well-suited for this task, as it addresses key theoretical and methodological 
concerns in three ways. First, its nonparametric modeling of exposure propensity cap-
tures the complex, nonlinear interactions among individual characteristics that shape 
selective exposure (Bennett and Iyengar 2008). Second, its flexible estimation of treat-
ment heterogeneity reflects theoretical expectations that information effects vary across 
subpopulations based on factors such as prior beliefs and identity-protective cognition 
(Kahan 2017). Third, by discovering rather than prespecifying interaction patterns, DML 
allows the data to reveal how belief-updating processes may differ across individuals, 
rather than imposing rigid assumptions in advance. 

Our measurement strategy prioritized capturing time-sensitive beliefs about election 
legitimacy during a crucial period of democratic discourse. To measure beliefs about 
the election outcome, about a month after the 2020 US presidential election, we asked 
participants who they believe won the election. The survey was conducted in December 
2020—a unique window between Election Day in November and the January 6 events— 
capturing beliefs during the emergence of election fraud narratives, before they became 
entrenched in broader political discourse. Our straightforward question directly assesses 
the core belief at issue, and its timing provides unique insight into the early formation of 
these beliefs. The measure’s simplicity and strategic timing enabled us to document this 
rapidly evolving phenomenon during a pivotal moment in its development. 

In this study, we investigate three key questions about the relationship between un-
trustworthy website exposure and election beliefs: (1) What is the overall association 
between exposure to untrustworthy websites and beliefs about the 2020 US presidential 
election outcome after controlling for selective exposure? (2) Does this association differ 
between supporters of the winning versus losing candidate? (3) Is there a dosage effect 
where additional exposures strengthen this relationship? Our findings reveal that expo-
sure to untrustworthy websites is associated with a 4.2% greater likelihood of believing 
the certified winner did not win, with substantial asymmetry between conservatives 
(12.6%) and liberals (-0.2%), and a cumulative dosage effect that varies by political 
predisposition. These results suggest that the relationship between untrustworthy infor-
mation and beliefs is contingent upon both individual characteristics and environmental 
context. 
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Figure 1: Timeline of data collection. The first wave of web-browsing data was collected 
from August 24, 2020, to September 18, 2020. We administered a survey on September 
18, 2020, to collect demographic information and political support. The second wave of 
web-browsing data was collected from September 19, 2020, to December 7, 2020. Then, 
we conducted a second survey on December 7, 2020, and asked participants about their 
beliefs on whether the election was not won by the certified winner. 

3 Untrustworthy Website Exposure and False Belief 
Measurement 

We collected data from 1,194 participants recruited by the survey firm YouGov. These 
participants completed Survey 1 on September 18, 2020, seven weeks before the 
US presidential election, and Survey 2 on December 7, 2020, four weeks after the 
presidential election. We also gathered two waves of web-browsing data from the 
participants using YouGov’s Pulse web-tracking software. The first wave of browsing 
data was collected from August 24, 2020, to September 18, 2020, and the second wave 
of web-browsing data was collected from September 19, 2020, to December 7, 2020. 
Figure 1 summarizes the data collection process. 

All participants consented to the surveys and installed the web-tracking software, and 
YouGov compensated them for their participation. YouGov provided survey weights 
to match the sample to a nationally representative population, which we apply in 
our regression analyses to enhance generalizability (see Appendix A). The data and 
code supporting this study’s findings are available in OSF with the identifier https: 
//osf.io/egnwd/ (Dahlke and Hancock 2022). We complied with all relevant ethical 
regulations. Stanford University’s Institutional Review Board (IRB) approved the study 
protocol. 

To measure our main dependent variable, we asked participants, “In your view, who 
won the presidential election held in November?” on December 7, 2020, in Survey 2. 
Notably, December 7, 2020, was a month after the election and one month before 
the January 6 events, making this one of the first academic studies to measure this 
belief. In our survey, 19.7% (95% CI [17.4, 22.0]) of participants said they believed 
Donald Trump was the rightful winner, including 47.0% (95% CI [42.3, 51.8]) of Trump 
supporters. Importantly, other research has found that this belief is genuinely held and is 
not “expressive responding” to demonstrate partisan membership (Fahey 2023; Graham 
and Yair 2023). 

The main independent variables of interest are untrustworthy website exposure and 
the number of untrustworthy website exposures in Wave 2 of the web-browsing data, 
both of which operate at the domain level. To identify participant visits to untrustworthy 
websites, we followed the procedure used in recent studies (Moore, Dahlke, and Hancock 
2023; W. Ahmad et al. 2024) by creating a comprehensive list of 1,796 domains for the 
2020 US election context. This procedure involves combining two main sources: the list 
of untrustworthy websites from Guess, Nyhan, and Reifler (2020) and an expanded list of 

https://osf.io/egnwd/
https://osf.io/egnwd/
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domains from NewsGuard.1 The base list from Guess, Nyhan, and Reifler (2020) covers 
the 2016 election and is a combination of 490 domains from Grinberg et al. (2019) and 
66 from Allcott and Gentzkow (2017). To this, we added 1,240 domains that NewsGuard, 
an organization of journalists who rate news sources, classified as “repeatedly publishing 
false content” during the 2020 study period. Our primary independent variable, binary 
untrustworthy website exposure, was coded “1” if a participant visited at least one 
unique domain from this list during the Wave 2 observation period (September 19, 2020, 
to December 7, 2020), and “0” otherwise. Any recorded page view to a URL within a 
listed domain constituted a visit. Our secondary independent variable, exposure dosage, 
was operationalized as the total count of page views across all listed domains during 
Wave 2 for each participant. We use a variety of variables as the observable control 
variables in our analyses, including partisanship (Trump supporter), education level, 
gender, race, political knowledge, political interest, and age. We also control for digital 
behaviors of exposure to untrustworthy websites in Wave 1 and the total number of 
websites visited. 

4 Untrustworthy Website Exposure and Belief Relationship 
Estimation Method 

We used a nonparametric double machine learning method developed by Wager and 
Athey (2018) to estimate the average association between untrustworthy website 
exposure and belief in the certified loser winning the election. This method flexibly 
adjusts for observed differences to estimate the average difference between people 
exposed to untrustworthy websites and those who were not. It is preferable to a 
simple OLS regression because it nonparametrically considers the propensity to be 
exposed based on the known variables of each individual, and these propensities are 
then incorporated when calculating the average relationship. Additionally, the method 
facilitates examination of heterogeneity in the results. For comparable results under a 
parametric regression framework, see Appendix A. 

Like other double machine learning methods, the specific method we used (Wager 
and Athey 2018) is comprised of two main steps to estimate associations under a 
predicted outcomes framework. In the first machine learning step, we train a machine 
learning model to predict whether individual 𝑖 is exposed to untrustworthy websites. For 
binary exposure, the methodology uses observed variables 𝑋 for each individual and 𝑊, 
indicating whether that individual was exposed, to estimate the propensity of exposure, 

1. https://www.newsguardtech.com/. 

https://www.newsguardtech.com/
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̂ 𝑊. In our case 

𝑋𝑖 = 

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢ 

⎣

Partisanship𝑖 
PoliticalKnowledge𝑖 
PoliticalInterest𝑖 

Female𝑖 
EduHSorLess𝑖 

EduSomeCollege𝑖 
EduCollegeGrad𝑖 
EduPostGrad𝑖 
RaceBlack𝑖 

RaceHispanic𝑖 
RaceWhite𝑖 
RaceOther𝑖 
AgeUnder30𝑖 
Age30to44𝑖 
Age45to65𝑖 
Age65plus𝑖 

ExposedUntrustworthyWave1𝑖 
WebVisitsWave1𝑖 

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥ 

⎦ 

and 𝑊𝑖 = ExposedUntrustworthyWave2𝑖, with 𝑊𝑖 being “0” if not exposed to at least one 
untrustworthy website and “1” if exposed. This first machine learning step is flexible 
regarding the method used to estimate ̂ 𝑊. For example, one could use a simple logistic 
regression or a more complex neural network to predict exposure. In this manuscript, 
we follow Wager & Athey’s (2018) methodology and use random forests with 2,000 
trees and a target minimum node size of 5, and we use 50% of the data used to build 
each tree and “honest” fitting (see Wager and Athey (2018) for more details on these 
parameters). 

In the second machine learning step, the observed variables 𝑋 are considered along with 
̂ 𝑊. Our estimation strategy targets the overlap population—the subset of individuals 

for whom there is strong common support in the data (i.e., similar propensity scores 
for exposure regardless of actual exposure status)—to prioritize the internal validity 
of the estimate. The specific method we use, suggested by Li, Morgan, and Zaslavsky 
(2018), achieves this goal by focusing on observations where the estimated propensity 
of exposure is not close to 0 or 1, a practice that improves the credibility of the estimate 
by ensuring treatment and control units are comparable. Consistent with this focus on 
internal validity, we do not use the survey weights when estimating the causal forest, 
as the goal of the propensity model is to achieve balance within the sample, not to 
make generalizable inferences about the population (Zanutto 2006; DuGoff, Schuler, 
and Stuart 2014). The resulting association, 𝜏(𝑥), represents the average association for 
individuals with “moderate” propensity scores for exposure (i.e., those who have neither 
very high nor very low predicted probabilities of visiting untrustworthy websites). This 
focus on the overlap population enhances internal validity but means our estimates may 
not generalize to individuals with extreme exposure propensities. More formally, this all 
comes together as 

𝜏(𝑥) = 
𝐸[𝑒(𝑋)(1 − 𝑒(𝑋))(𝑌 (1) − 𝑌 (0))] 

𝐸[𝑒(𝑋)(1 − 𝑒(𝑋))] 
, (1) 
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where 
𝑒(𝑥) = 𝑃(𝑊𝑖 = 1 ∣ 𝑋 𝑖 = 𝑥). (2) 

Said in plain words, under the predicted outcomes framework we use the trained machine 
learning model to predict the outcome of interest (i.e., belief about who won the election) 
for each individual under two scenarios: a scenario in which the individual was exposed 
to untrustworthy websites in the second wave (𝑌 (1)) and a scenario in which they were not 
exposed (𝑌 (0)). The individual association is the difference between these two predictions. 
We then use each individual’s likelihood to be exposed to untrustworthy websites (i.e., 
their propensity to selectively expose themselves to such websites, ̂ 𝑊) as a weight to 
calculate the average association. To calculate the dosage relationship, we repeat this 
process but with 𝑊 being the number of exposures to untrustworthy websites (i.e., not a 
binary variable). 

5 Untrustworthy Website Exposure and Belief Relationship 
Estimation Results 

While our main estimate of interest is the relationship between untrustworthy website 
exposure and beliefs about the results of the 2020 US presidential election, we describe 
the results of both steps of the machine learning pipeline. First, we examine Wave 2 
untrustworthy website exposure. In our data, 39.6% (95% CI [36.8, 42.4]) of our 
participants were exposed to at least one untrustworthy website in Wave 2. While 
past studies have examined the predictors of exposure—for example, finding that older 
adults and conservatives are more likely to be exposed to untrustworthy information 
(Guess, Nyhan, and Reifler 2020; Moore, Dahlke, and Hancock 2023)—we approach this 
step as a prediction problem. The random forests used to predict exposure are well 
calibrated in a heteroskedasticity-consistent calibration test (𝑝 < .001; AUC = 0.754, see 
Appendix B), showing that the model accurately predicts Wave 2 exposure on held-out 
data. In examining variable importance (see Appendix C), Wave 1 exposure is the most 
“important” variable in predicting Wave 2 exposure. The next most important variables 
are political knowledge, partisanship, and political interest. This predicted propensity to 
be exposed to untrustworthy websites in Wave 2 is then considered as a weight, shown 
formally in Equation 1 and Equation 2 and visually in Appendix C. Conceptually, we argue 
that the incorporation of this first machine learning model into the second allows us to 
control for selective exposure (i.e., the predisposition to expose oneself to untrustworthy 
websites). 

Next, we turn to the second machine learning model and use the resulting predictions 
with the predicted outcomes framework to examine the relationship between exposure 
and beliefs. After controlling for selective exposure, exposure to untrustworthy websites 
is associated with a 4.2% (95% CI [0.3, 8.0]) greater likelihood of believing the certified 
election winner did not win. Consistent with both motivated reasoning and ideological 
asymmetry accounts, we find a conditional average association of 12.6% (95% CI [1.7, 
23.5]) for conservatives and -0.2% (95% CI [-1.9, 1.6]) for liberals (see Figure 2; for 
individual associations see Appendix D). 

Finally, examining the relationship between exposure frequency and beliefs, we find an av-
erage estimated dosage association of 0.034% (95% CI [0.018, 0.049]), suggesting that 
each additional exposure to an untrustworthy website is associated with a 0.03% greater 
likelihood of believing the certified winner did not win. This relationship also shows asym-
metry: The dosage association for conservatives was 0.035% (95% CI [0.017, 0.054]) 
and for liberals, 0.010% (95% CI [-0.020, 0.041]). These key findings—the positive 
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Untrustworthy Website Exposure and False Election Belief 

Figure 2: Plot of the average association and conditional average association and 95% 
confidence interval of untrustworthy website exposure on the belief that the losing 
candidate actually won. The x-axis represents different groups of people: all participants 
in our sample, conservatives, and liberals. The y-axis represents the average association 
of misinformation exposure on the belief that the certified election winner did not win 
for the given group. 

overall association, the dosage effect, and the pronounced partisan asymmetry—are 
robust to alternative estimation strategies, including other double machine learning 
methods (Chernozhukov et al. 2018) and propensity score matching (see Appendix B for 
details). 

6 Discussion 

We examine the relationship between exposure to untrustworthy websites and beliefs 
about who won the 2020 US presidential election. After controlling for selective exposure 
via double machine learning, we find a significant association between exposure to 
untrustworthy websites and these beliefs. The 17.3% topline difference between 
those exposed to untrustworthy websites and those not decreases to a 4.2% difference 
when controlling for selective exposure. This result suggests that 75.7% of this topline 
difference can be explained by selective exposure, leaving 24.3% as the remaining 
difference. 

Our findings adjudicate between the competing symmetrical and asymmetrical hypothe-
ses. A symmetrical effect would have appeared as a positive association for both con-
servatives and liberals. Instead, we find a starkly asymmetrical effect: a large, positive 
association for conservatives (12.6%) and a null effect for liberals (-0.2%). This occurs 
even though liberals in our sample were exposed to these same domains, providing a 
real-world and continued refutation of “hypodermic needle” models of uniform media 
effects. 
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These associations align with prior work suggesting that exposure to untrustworthy 
information relates to various beliefs. The heterogeneity we find, that the losing party’s 
supporters show stronger associations with believing the certified winner did not win, is 
consistent with both motivated reasoning research that finds partisans respond more 
positively to congenial information (Bello-Pardo 2022; Ditto, Liu, et al. 2019; Ditto, 
Clark, et al. 2019; Douglas et al. 2019; Kunda 1990; Nyhan 2020; Peterson and Iyengar 
2021; Taber and Lodge 2006) and work suggesting differences in how partisans process 
information (Baron and Jost 2019; Federico, Deason, and Fisher 2012; Garrett and 
Bond 2021; Graham, Haidt, and Nosek 2009; Jost et al. 2018; Pennycook and Rand 
2019; Van Bavel and Pereira 2018). This evidence contrasts concerns that untrustworthy 
information is a hypodermic needle that automatically changes beliefs upon exposure 
(A. K. Ahmad et al. 2022). Instead, we find that the differences in misinformation 
exposure associations are context-dependent. Instead, the associations we observe are 
likely felt in very specific contexts by only a select number of individuals about salient 
and congenial topics. For example, these findings align with work done on the 2016 
and 2024 elections, which also document the development of conspiracy theories and 
conspiratorial beliefs around the validity of the elections (Center for an Informed Public, 
n.d.; Justwan, Baumgaertner, and Curtright 2024). 

This heterogeneity is particularly important in the context of the dosage effect. Past 
work on misinformation effects has drawn on literature on the illusory truth effect 
(Pennycook, Cannon, and Rand 2018; Newman et al. 2020; Jalbert, Newman, and 
Schwarz 2020; Udry and Barber 2024; Vellani et al. 2023). This theory states that 
repeated exposure to information is more likely to cause a change than a single exposure 
(Ernst, Kühne, and Wirth 2017; Fazio et al. 2015; Hassan and Barber 2021). Indeed, 
the dosage is a key component in the story of misinformation effects. While some 
research suggests the illusory truth effect operates consistently across certain individual 
differences (Calvillo and Smelter 2020), other work documents meaningful individual 
variation in susceptibility to this effect, with some individuals even showing negative 
truth effects (Nadarevic and Erdfelder 2014). Additionally, contextual factors such as 
expectations about encountering falsehoods can moderate the effect (Jalbert, Newman, 
and Schwarz 2020). Our results contribute to this literature by demonstrating substantial 
heterogeneity in how repeated exposure to untrustworthy websites relates to belief 
formation, particularly when considering ideological congruence between the content 
and the recipient’s predispositions. The heterogeneity in dosage effects we observe 
suggests that the mechanisms underlying repeated exposure effects may be more 
context-dependent and individual-specific than previously understood, operating most 
strongly when information aligns with motivated reasoning processes. 

6.1 Limitations 

Due to the observational nature of our data, the reported relationships should be 
interpreted as associations; inferring direct causality is subject to the limitations inherent 
in non-experimental research, particularly the untestable assumption of no unobserved 
confounding. There are a number of other limitations and assumptions that our results 
should be interpreted in light of. First, our measure of election beliefs uses a single item 
that asks who won the election. While this direct question captures the core belief of 
interest during a crucial historical moment, future work should employ validated multi-
item scales that have since been developed. Second, because our outcome variable 
was measured only once post-election, we could not leverage panel data models like 
two-way fixed effects; future research that captures such beliefs at multiple time points 
could do so to further account for unobserved confounding. Third, our web-browsing 
data captures only one channel of exposure to untrustworthy information. People may 
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encounter similar content through social media, messaging apps, or traditional media— 
channels we cannot measure in this study. Further, like other web-browsing studies, 
we analyze website visits at the domain level. This domain-level analysis means that 
not every URL from an untrustworthy website necessarily contains false or misleading 
information. From a theoretical standpoint, any visit to a flagged domain immerses 
users in a broader information ecosystem, exposing them to sidebars, recommendation 
widgets, and comment threads where election-fraud narratives may circulate (Anderson 
et al. 2014; Asker and Dinas 2017; Toepfl and Piwoni 2015). The entire domain, therefore, 
functions as a point of exposure to this ecosystem. Future work could build on our findings 
by employing more fine-grained, URL-level coding to distinguish exposure to verifiably 
false articles from other content. While there are difficulties in post hoc scraping of 
untrustworthy and hard news websites to capture the original content that users actually 
were exposed to (Dahlke et al. 2023), this direction represents a significant and emerging 
research frontier focused on understanding differential exposure to specific narratives 
(e.g., Goel et al. (2025) and Lavigne et al. (n.d.)). In addition, we examine whether the 
association between untrustworthy website exposure and election beliefs varies by the 
ideological slant of the domains themselves. Building on domain ratings from Robertson 
et al. (2018), we classify untrustworthy websites as either liberal or conservative and 
re-estimate our double machine learning models for these subsets (see Appendix E). The 
results indicate that the observed association is stronger for exposures to conservative-
leaning untrustworthy websites, particularly among individuals whose predispositions 
align with the content. By contrast, liberal-leaning untrustworthy domains generally 
show either a smaller or a negative association. These heterogeneous patterns further 
underscore the ideological asymmetry found in our results. 

Furthermore, the data for this study were collected in 2020. This timing provides a unique 
snapshot of belief formation during a critical period. The 2020 US presidential election 
and the “Stop the Steal” movement were foundational events that have had a lasting 
impact on the political landscape and the discourse around election integrity (Chen, 
Lukito, and Koo 2023; Starbird, DiResta, and DeButts 2023; Prochaska et al. 2023). 
Understanding the dynamics at play during this period is crucial for contextualizing the 
persistent narratives of election denialism that continue to shape politics. At the same 
time, we acknowledge the study’s limited temporal validity (Munger 2023), given that 
this study examines a unique outcome from a single election that occurred multiple 
electoral cycles ago and is limited to the United States (Lukito 2024). Said another way, 
the mechanisms of selective exposure and motivated reasoning we identify are possibly 
stable, but the specific content and platforms may change. Therefore, while our study 
offers insights into a critical event, we caution against direct extrapolation of the effect 
sizes to subsequent elections without further research. 

Our data are limited in their representativeness. The data were collected from people 
in the United States who installed the YouGov Pulse plugin. This self-selection can 
impact the generalizability of the results (Gil-López et al. 2023; Hopkins and Gorton 
2024). The YouGov Pulse panel, although high quality, is known to underrepresent 
individuals without a high school diploma and overrepresent Democrats (Guess, Nyhan, 
and Reifler 2020). However, the panel closely resembles the American adult population 
along many other dimensions (Guess, Nyhan, and Reifler 2020). There may also be 
concerns that participants modified their browsing behavior because they knew they 
were being observed (i.e., a Hawthorne effect (Saha et al. 2024)). However, recent 
research on this issue in the context of social media data donation finds that while some 
behavioral changes occur (e.g., a reduction in self-focused content) immediately after 
initial participation, these effects often diminish over time as participants habituate 
to being observed (Saha et al. 2024). Given that our data collection occurred over 
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an extended period, and that YouGov Pulse participants are standing members of the 
panel, it is plausible that any initial observer effects would have attenuated. In addition, 
the prevalence of visits to sensitive websites in our data suggests that significant self-
censorship was unlikely to have occurred. While we use survey weights provided by 
YouGov to improve representativeness when appropriate in the regression analyses, we 
acknowledge that the core relationships we identify are based on a sample that is not 
a true probability sample of the US population. We also only examine web-browsing 
data and not other spaces where untrustworthy content may be consumed, such as in 
personal messaging applications (Dahlke and Hancock 2025). 

Finally, as an observational study employing double machine learning (Wager and Athey 
2018), our estimation relies on the assumption of conditional ignorability: that no un-
observed factors simultaneously confound both exposure and belief formation after 
conditioning on our extensive set of covariates. Although our methodology relaxes some 
parametric assumptions, this core requirement remains. Recognizing that this core 
assumption is untestable and the potential for omitted variable bias, we conducted 
rigorous sensitivity analyses to assess the robustness of our findings (see Appendix F). 
First, we calculate the Robustness Value (RV), representing the minimum percentage of 
residual variance in both exposure and belief that an unobserved confounder would need 
to nullify the association (Cinelli and Hazlett 2020). For the overall sample, this threshold 
is 6% (RV = 0.06, Table 5), while for the Trump supporter subgroup, the threshold is 
substantially higher at 11% (RV = 0.11, Table 5). Benchmarking these thresholds against 
the individual confounding potential of our observed covariates (Table 6) illustrates their 
stringency; for an unmeasured variable to explain away even the overall association, it 
would need to possess a stronger joint association with both exposure and belief than key 
predictors like prior untrustworthy website exposure or political knowledge demonstrate 
individually. Moreover, the higher RV for the theoretically predicted subgroup (Trump 
supporters) provides additional evidence for the robustness of the observed heterogene-
ity. As complementary checks, we performed the Oster test (Oster 2019) and placebo 
tests against other political behaviors. The Oster test (Table 7), which relies on linear 
assumptions and is known for its conservatism (failing in nearly half of studies in top 
economics journals (Oster 2019)), shows our association remains directionally positive 
even after its stringent adjustment; the small magnitude of the adjusted coefficient is 
characteristic of this demanding test and should be interpreted in light of the directional 
stability. Crucially, we also tested for associations between untrustworthy website expo-
sure and a range of other related political activities (e.g., donating, volunteering, rally 
attendance; see Table 8). If our primary finding were merely an artifact of a general latent 
characteristic driving both exposure and political activism, such a confounder would likely 
induce spurious correlations with these other behaviors as well. The consistent lack of 
significant associations across these related outcomes challenges explanations relying 
on pervasive unobserved factors. Collectively, this multipronged sensitivity analysis— 
emphasizing the demanding R-value thresholds relative to observed benchmarks, the 
directional stability under the conservative Oster test, and the null results from placebo 
tests—provides evidence that the observed association, particularly its heterogeneity, is 
unlikely to be solely an artifact of plausible unobserved confounding. 
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Appendices 

Appendix A: Regression Analyses and Gelbach Decompositions 

To provide a parametric comparison to our main results, we present a series of weighted 
OLS regression models. To enhance the generalizability of these descriptive estimates, 
all models are weighted using the survey weights provided by YouGov, which adjust 
the sample to more closely match key demographic and political benchmarks of the 
US adult population. We present the results as a Gelbach Decomposition (Gelbach 
2016) in Table 1. Descriptively, we find that people exposed to untrustworthy websites 
were more likely to believe that the 2020 US presidential election was won by the 
candidate who was not the certified winner than those who were not. Those exposed 
were 17.3% (95% CI = [12.7, 21.9]) more likely to believe the election was not won by the 
certified winner. We decompose the 17.3% difference using a Gelbach Decomposition 
into two components: the part of the difference that can be explained by observed 
individual characteristics, such as demographics and presidential candidate support, and 
the unexplained portion, which may represent the ideological asymmetric differences 
of exposure on election beliefs. The results of the Gelbach Decomposition (Table 1) 
reveal that 65.7% of this difference between those exposed and not exposed to false 
election beliefs can be explained by observed characteristics, such as demographics 
and political support. Therefore, 34.2% of the difference remains unexplained and may, 
in part, represent the effect of untrustworthy website exposure on false election beliefs. 
Another way to interpret these results is that model (1) represents a regression with no 
control variables and model (10) is a regression with the full control variables. Thus, the 
untrustworthy website exposure coefficient is akin to the results one could report in a 
simple regression-based analysis. 

Table 1: OLS regression of the relationship of untrustworthy website exposure with the 
false belief, consecutively adding more covariates 

Belief that Trump won the 2020 US Presidential Election 

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Untrustworthy Website Exposures 0.173*** 0.077*** 0.079*** 0.083*** 0.083*** 0.085*** 0.093*** 0.089*** 0.082*** 0.059** 
(0.023) (0.020) (0.021) (0.021) (0.021) (0.021) (0.021) (0.021) (0.021) (0.023) 

Constant 0.135*** -0.014 -0.013 -0.019 0.006 0.006 0.061 -0.094* -0.022 -0.020 

(0.014) (0.013) (0.014) (0.020) (0.022) (0.025) (0.034) (0.042) (0.047) (0.047) 

Conservative No Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Total Web Visits Wave 1 No No Yes Yes Yes Yes Yes Yes Yes Yes 

Education No No No Yes Yes Yes Yes Yes Yes Yes 

Gender No No No No Yes Yes Yes Yes Yes Yes 

Race No No No No No Yes Yes Yes Yes Yes 

Political Knowledge No No No No No No Yes Yes Yes Yes 

Political Interest No No No No No No No Yes Yes Yes 

Age No No No No No No No No Yes Yes 

Untrustworthy Website Exposure Wave 1 No No No No No No No No No Yes 

Observations 1,194 1,194 1,194 1,194 1,194 1,194 1,194 1,194 1,194 1,194 

𝑅2 0.044 0.336 0.337 0.340 0.343 0.346 0.349 0.368 0.378 0.382 

Adjusted 𝑅2 0.043 0.335 0.335 0.337 0.340 0.343 0.343 0.361 0.370 0.374 

Residual Std. Error 0.393 0.327 0.327 0.327 0.326 0.326 0.325 0.321 0.318 0.318 

F Statistic 54.485*** 302.005*** 201.214*** 101.992*** 88.627*** 62.551*** 57.656*** 57.235*** 47.808*** 45.492*** 

Note: Gelbach Decomposition of the difference of untrustworthy website exposure on the belief that Donald 

Trump won the 2020 US presidential election. Independent variables are sequentially added to the baseline 

model up to the final model. This decomposition reveals that about 70% of the difference in the belief that 
Trump won the election between those who were exposed to untrustworthy websites and those who were not 
can be explained by observed differences. About 30% of the difference remains unexplained and may partially 

be due to the effect of untrustworthy website exposure. Significance level: * 𝑝 < 0.05, ** 𝑝 < 0.01, *** 
𝑝 < 0.001. 
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We repeat this analysis with dosage as the independent variable (Table 2). 

Table 2: OLS regression of the dosage relationship of untrustworthy website exposure 
with the false belief, consecutively adding more covariates 

Belief that Trump won the 2020 US presidential election 

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 

Untrustworthy Website Exposures 0.001*** 0.0005*** 0.0005*** 0.001*** 0.001*** 0.001*** 0.001*** 0.0005*** 0.0004*** 0.0004** 
(0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) (0.0001) 

Constant 0.188*** 0.005 0.001 -0.004 0.018 0.021 0.067* -0.087* -0.018 -0.016 

(0.012) (0.012) (0.014) (0.019) (0.018) (0.021) (0.025) (0.034) (0.042) (0.047) 

Conservative No Yes Yes Yes Yes Yes Yes Yes Yes Yes 

Total Web Visits Wave 1 No No Yes Yes Yes Yes Yes Yes Yes Yes 

Education No No No Yes Yes Yes Yes Yes Yes Yes 

Gender No No No No Yes Yes Yes Yes Yes Yes 

Race No No No No No Yes Yes Yes Yes Yes 

Political Knowledge No No No No No No Yes Yes Yes Yes 

Political Interest No No No No No No No Yes Yes Yes 

Age No No No No No No No No Yes Yes 

Untrustworthy Website Exposure Wave 1 No No No No No No No No No Yes 

Observations 1,194 1,194 1,194 1,194 1,194 1,194 1,194 1,194 1,194 1,194 

𝑅2 0.025 0.338 0.338 0.341 0.344 0.346 0.348 0.367 0.378 0.384 

Adjusted 𝑅2 0.024 0.336 0.336 0.338 0.341 0.342 0.360 0.370 0.375 0.375 

Residual Std. Error 0.396 0.327 0.327 0.326 0.326 0.326 0.325 0.321 0.319 0.317 

F Statistic 30.334*** 303.499*** 202.325*** 102.540*** 88.889*** 62.630*** 57.465*** 56.978*** 47.650*** 45.810*** 

Note: Gelbach Decomposition of the difference of untrustworthy website exposure on the belief that Donald 

Trump won the 2020 US presidential election. Independent variables are sequentially added to the baseline 

model up to the final model. This decomposition reveals that about 50% of the difference in the belief that 
Trump won the election between those who were exposed to untrustworthy websites and those who were not 
can be explained by observed differences. About 50% of the difference remains unexplained and may partially 

be due to the effect of untrustworthy website exposure. Significance level: * 𝑝 < 0.05, ** 𝑝 < 0.01, *** 
𝑝 < 0.001. 
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Appendix B: Model Calibration and Robustness 

We examine the calibration and robustness of the models in two main ways: calibration 
testing and estimating the associations using an alternative double machine learning 
methodology. First, the calibration tests show that two models (predicting exposure 
and predicting differences in outcome) used for assessing the association between 
untrustworthy website exposure and the belief that the election was fraudulent are 
well-calibrated. The calibration test is done as “best linear fit using forest predictions (on 
held-out data) as well as the mean forest prediction as regressors, along with one-sided 
heteroskedasticity-robust (HC3) SEs” (Tibshirani et al. 2024), implemented directly in 
the grf package. The first model is well-calibrated and accurately predicts exposure 
(𝑝 < .001; AUC = 0.754; see Figure 3). The second model is also well-calibrated and 
accurately predicts belief (𝑝 < .001; AUC = 0.752; see Figure 4). 

Figure 3: Receiver Operating Characteristic (ROC) curve for the predictive model of 
untrustworthy website exposure. The area under the curve (AUC) of 0.754 indicates a 
good level of accuracy in the model’s ability to distinguish between individuals who were 
and were not exposed to untrustworthy websites. The ROC curve plots the true positive 
rate (sensitivity) against the false positive rate (1 - specificity) at various threshold 
settings. The closer the curve follows the left-hand border and then the top border of 
the ROC space, the more accurate the test. The point where the curve touches the top 
border represents the threshold with the best balance between sensitivity and specificity. 
The calibration of the model was assessed using a best linear fit on held-out data with 
the inclusion of mean forest predictions as regressors, and the statistical significance 
was established using one-sided heteroskedasticity-robust (HC3) standard errors. 
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Figure 4: Receiver Operating Characteristic (ROC) curve for the predictive model of the 
belief that the 2020 US presidential election was fraudulent. The area under the curve 
(AUC) of 0.752 indicates a good level of accuracy in the model’s ability to distinguish 
between individuals who were and were not exposed to untrustworthy websites. The ROC 
curve plots the true positive rate (sensitivity) against the false positive rate (1 - specificity) 
at various threshold settings. The closer the curve follows the left-hand border and then 
the top border of the ROC space, the more accurate the test. The point where the 
curve touches the top border represents the threshold with the best balance between 
sensitivity and specificity. The calibration of the model was assessed using a best linear 
fit on held-out data with the inclusion of mean forest predictions as regressors, and the 
statistical significance was established using one-sided heteroskedasticity-robust (HC3) 
standard errors. 

Furthermore, we calculate results under related methodologies, finding that the re-
sults remain robust to these additional analyses. First, we calculate results using Cher-
nozhukov’s (2018) double machine learning method. Using this alternative method, 
we find the results remain significant, with an average association of 5.7% (95% CI = 
[1.4, 10.1]) for untrustworthy website exposure and 0.035% (95% CI = [0.023, 0.048]) 
for each additional exposure. Using a propensity matching model (Ho et al. 2011), the 
results are also significant, with an average difference of 6.6% (95% CI = [2.4, 10.9], 
𝑝 = 0.002) for untrustworthy website exposure and 0.037 (95% CI = [0.022, 0.051], 
𝑝 < 0.001) for the dosage. 
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Appendix C: Model Explanation 

To provide an additional understanding of the machine learning models, we provide 
underlying statistical results used in the ultimate calculations of the conditional average 
association. First, we provide variable importance information from the first causal forest 
model predicting exposure (Figure 5). Variable importance is a measure of the relative 
contribution of each predictor variable to the model’s predictive power. It is derived from 
the model’s algorithm, indicating how much the model’s accuracy decreases when data 
for that variable is permuted. In the context of a causal forest, this measure helps identify 
which variables are most predictive of treatment assignment—in this case, exposure to 
untrustworthy websites. High variable importance suggests that the variable plays a 
significant role in the model’s decisions, whereas low importance indicates a smaller role. 
The visualization in Figure 5 presents these importance scores, ranking the variables from 
the most to the least important in predicting untrustworthy website exposure. Variables 
such as prior untrustworthy website exposure, political knowledge, and conservative 
political alignment appear to be strong predictors, highlighting the role of preexisting 
beliefs and information consumption patterns in determining exposure to untrustworthy 
websites. 
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Figure 5: Variable importance scores as determined by the double machine learning 
model for predicting exposure to untrustworthy websites. These scores quantify the 
contribution of each predictor variable to the model’s predictive accuracy, with higher 
values indicating greater importance. The determination of variable importance is 
based on the mean decrease in accuracy when the variable’s values are permuted 
across the out-of-bag samples, a common method in random forest algorithms. This 
metric reflects the relative significance of each variable within the model; for example, 
“UntrustworthyWebsiteExposureWave1” shows the highest importance, suggesting it is 
the most critical predictor in the model. 

Furthermore, to better show the underlying predictions of this first model, we present 
Figure 6. This figure shows the distribution of the predicted propensity to be treated 
or the number of predicted exposures. Again, this figure shows that the models are 
generally accurate in predicting exposure to untrustworthy websites. 
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Figure 6: Distribution of propensities for binary exposure and estimated number of 
untrustworthy websites an individual was exposed to. On the x-axis is this estimated 
number. In the top panel, the x-axis is the estimated propensity to be treated—the 
likelihood of being exposed to an untrustworthy website. In the bottom panel, the x-axis 
is the expected number of untrustworthy websites each individual is exposed to. The 
y-axis for both panels is the count of people. The black bars represent people who 
were actually treated (exposed to at least one untrustworthy website), and the grey bars 
represent people who were not exposed. 

Next, we show how these propensities are incorporated into the second machine 
learning model output by showing the propensity to be exposed, the calculated individual 
associations (ITEs), and the model weight in Figure 7. 
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Figure 7: Plot of the propensity of being exposed to an untrustworthy website and 
the individual associations (ITEs). Points are sized by the model weight (based on the 
propensity to be exposed) and are colored by whether the individual was actually treated 
(exposed to an untrustworthy website). 
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Appendix D: Individual Associations 

Under the expected outcomes framework, we calculate each individual’s individual 
association and show conservatives’ individual associations in a caterpillar plot in 
Figure 8. 
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Figure 8: Plot of estimated individual associations and 95% confidence intervals of 
untrustworthy website exposure on the belief that Donald Trump won the 2020 US 
presidential election for each conservative individual in our sample. Participants are 
ordered along the x-axis from the lowest conditional estimate to the highest, and the 
y-axis shows the estimated individual association. 
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Appendix E: Heterogeneous Results by Website Ideology 

To examine whether the relationship between untrustworthy website exposure and false 
election beliefs varies by the ideological slant of the visited domains, we further stratified 
our untrustworthy website measures using domain ratings from Robertson et al. (2018). 
These ratings estimate the ideology of the domain on a scale from -1 to 1, with -1 being 
the most liberal and 1 being the most conservative. Domains that were visited by our 
participants with a rating less than 0 were coded as liberal and those with a rating greater 
than 0 as conservative. We then re-estimated our double machine learning models 
separately for each subset, for both the binary exposure and dosage measures. To test 
the robustness of this finding, we also examined alternative cutoff points ranging from 
±0.1 to ±0.8 (see Tables 3 and 4), finding results generally hold across cutoffs. 

Conservative Domains. For the binary exposure measure for conservative domains, the 
overall estimated association was 5.5% (95% CI [1.0, 9.9]). In subgroup analyses, the 
conditional average association for conservative individuals and the false election belief 
was 13.8% (95% CI [2.6, 24.9]), whereas among liberals the difference was negligible 
(0.2%; 95% CI [–1.8, 2.2]). For the dosage measure, the overall dosage association was 
0.035% (95% CI [0.017, 0.054]). 

Liberal Domains. For the binary exposure measure for liberal domains, the overall 
estimated association was –3.2% (95% CI [–7.6, 1.2]). Among conservative individuals, 
the estimated association was –13.9% (95% CI [–33.8, 6.1]), while for liberals the effect 
was negligible (–0.3%; 95% CI [–2.2, 1.7]). For the dosage measure, the overall dosage 
association was 0.010% (95% CI [–0.020, 0.041]). 

These findings provide additional evidence that the association between untrustworthy 
website exposure and false election beliefs is ideologically contingent. Exposure to 
conservative untrustworthy websites is associated with a significant positive association 
with false election beliefs, most notably among conservative individuals, whereas 
exposure to liberal untrustworthy websites appears to exert a null or even slightly 
negative association. This result aligns with the information environment of the 2020 
US presidential election, where narratives questioning the election’s legitimacy were a 
unique and central feature of conservative-leaning untrustworthy domains. The tight 
correspondence between the ideological source of the narrative and the statistical 
association provides evidence that the mechanism is exposure to the political content 
of these sites. These heterogeneous differences thus underscore the importance of 
considering the connection between content ideology and audience predispositions 
when evaluating untrustworthy content and its antecedents. 
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Table 3: Robustness Analysis: Alternative Ideology Thresholds for Conservative Domain 
Classification 

Threshold Model Overall Trump Supporters Non-Trump Supporters 

±0.1 Binary 0.0598 (0.0233) 0.1456 (0.0567) 0.0026 (0.0105) 
[0.0141, 0.1055] [0.0346, 0.2567] [-0.0180, 0.0232] 

±0.2 Binary 0.0545 (0.0233) 0.1445 (0.0566) -0.0064 (0.0080) 
[0.0089, 0.1001] [0.0336, 0.2555] [-0.0220, 0.0093] 

±0.3 Binary 0.0508 (0.0232) 0.1357 (0.0563) -0.0067 (0.0082) 
[0.0054, 0.0963] [0.0253, 0.2460] [-0.0228, 0.0094] 

±0.4 Binary 0.0556 (0.0238) 0.1420 (0.0560) -0.0063 (0.0085) 
[0.0089, 0.1023] [0.0323, 0.2517] [-0.0229, 0.0103] 

±0.5 Binary 0.0631 (0.0274) 0.1296 (0.0552) -0.0003 (0.0109) 
[0.0094, 0.1168] [0.0214, 0.2378] [-0.0217, 0.0210] 

±0.6 Binary 0.0617 (0.0277) 0.1272 (0.0558) -0.0006 (0.0111) 
[0.0075, 0.1159] [0.0179, 0.2365] [-0.0224, 0.0211] 

±0.7 Binary 0.0720 (0.0312) 0.1369 (0.0582) 0.0002 (0.0139) 
[0.0109, 0.1332] [0.0229, 0.2510] [-0.0271, 0.0275] 

±0.1 Dosage 0.0005 (0.0001) 0.0005 (0.0001) 0.0015 (0.0021) 
[0.0002, 0.0008] [0.0002, 0.0008] [-0.0027, 0.0057] 

±0.2 Dosage 0.0005 (0.0001) 0.0005 (0.0001) 0.0015 (0.0023) 
[0.0003, 0.0008] [0.0002, 0.0008] [-0.0029, 0.0059] 

±0.3 Dosage 0.0005 (0.0001) 0.0005 (0.0001) 0.0016 (0.0023) 
[0.0003, 0.0008] [0.0002, 0.0008] [-0.0029, 0.0061] 

±0.4 Dosage 0.0005 (0.0001) 0.0005 (0.0001) 0.0017 (0.0024) 
[0.0003, 0.0008] [0.0002, 0.0008] [-0.0030, 0.0064] 

±0.5 Dosage 0.0005 (0.0001) 0.0005 (0.0001) 0.0018 (0.0024) 
[0.0003, 0.0008] [0.0002, 0.0008] [-0.0030, 0.0066] 

±0.6 Dosage 0.0005 (0.0001) 0.0005 (0.0001) 0.0020 (0.0025) 
[0.0003, 0.0008] [0.0002, 0.0008] [-0.0029, 0.0068] 

±0.7 Dosage 0.0006 (0.0002) 0.0006 (0.0002) 0.0022 (0.0030) 
[0.0001, 0.0010] [0.0001, 0.0010] [-0.0038, 0.0081] 

Note: This table presents robustness checks for alternative ideology threshold cutoffs used to classify 

conservative domains. The original analysis used thresholds of > 0 for conservative domains. Values represent 
associations with standard errors in parentheses and 95% confidence intervals in brackets. Results 

demonstrate that the main findings are robust across different threshold specifications. 
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Table 4: Robustness Analysis: Alternative Ideology Thresholds for Liberal Domain 
Classification 

Threshold Model Overall Trump Supporters Non-Trump Supporters 

±0.1 Binary -0.0336 (0.0234) -0.1608 (0.1162) -0.0021 (0.0109) 
[-0.0794, 0.0122] [-0.3885, 0.0669] [-0.0233, 0.0192] 

±0.2 Binary -0.0375 (0.0234) -0.1891 (0.1202) -0.0021 (0.0109) 
[-0.0834, 0.0084] [-0.4247, 0.0464] [-0.0235, 0.0194] 

±0.3 Binary -0.0331 (0.0156) -0.5979 (0.2319) -0.0048 (0.0050) 
[-0.0637, -0.0025] [-1.0525, -0.1434] [-0.0146, 0.0050] 

±0.4 Binary -0.0331 (0.0156) -0.5979 (0.2319) -0.0048 (0.0050) 
[-0.0637, -0.0025] [-1.0525, -0.1434] [-0.0146, 0.0050] 

±0.5 Binary -0.0331 (0.0156) -0.5979 (0.2319) -0.0048 (0.0050) 
[-0.0637, -0.0025] [-1.0525, -0.1434] [-0.0146, 0.0050] 

±0.6 Binary -0.0331 (0.0156) -0.5979 (0.2319) -0.0048 (0.0050) 
[-0.0637, -0.0025] [-1.0525, -0.1434] [-0.0146, 0.0050] 

±0.7 Binary -0.0331 (0.0156) -0.5979 (0.2319) -0.0048 (0.0050) 
[-0.0637, -0.0025] [-1.0525, -0.1434] [-0.0146, 0.0050] 

±0.1 Dosage 0.0001 (0.0002) 0.0009 (0.0037) -0.0000 (0.0000) 
[-0.0003, 0.0006] [-0.0064, 0.0083] [-0.0000, 0.0000] 

±0.2 Dosage 0.0001 (0.0002) 0.0009 (0.0030) -0.0000 (0.0000) 
[-0.0003, 0.0006] [-0.0049, 0.0067] [-0.0000, 0.0000] 

±0.3 Dosage -0.0000 (0.0000) -0.0140 (0.0275) -0.0000 (0.0000) 
[-0.0001, 0.0000] [-0.0679, 0.0400] [-0.0000, 0.0000] 

±0.4 Dosage -0.0000 (0.0000) -0.0140 (0.0275) -0.0000 (0.0000) 
[-0.0001, 0.0000] [-0.0679, 0.0400] [-0.0000, 0.0000] 

±0.5 Dosage -0.0000 (0.0000) -0.0140 (0.0275) -0.0000 (0.0000) 
[-0.0001, 0.0000] [-0.0679, 0.0400] [-0.0000, 0.0000] 

±0.6 Dosage -0.0000 (0.0000) -0.0140 (0.0275) -0.0000 (0.0000) 
[-0.0001, 0.0000] [-0.0679, 0.0400] [-0.0000, 0.0000] 

±0.7 Dosage -0.0000 (0.0000) -0.0140 (0.0275) -0.0000 (0.0000) 
[-0.0001, 0.0000] [-0.0679, 0.0400] [-0.0000, 0.0000] 

Note: This table presents robustness checks for alternative ideology threshold cutoffs used to classify liberal 
domains. The original analysis used thresholds of < 0 for liberal domains. Values represent associations with 

standard errors in parentheses and 95% confidence intervals in brackets. Results demonstrate that the main 

findings are robust across different threshold specifications. 
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Appendix F: Omitted Variable and Confounder Robustness Checks 

We examine the robustness of the assumption of non-confoundedness via a causal 
sensitivity analysis. To operate under the conservative assumption that we do not 
know the specific parameters of a potential confounding variable (McGowan 2022), 
we calculate a Robustness Value (r-value) using the tipr R package (McGowan 2022). 
The Robustness Value (RV) represents the percentage of the residual variance that an 
unobserved confounder would have to explain of both the treatment and the outcome to 
“explain away” the observed difference. These RVs are reported in Table 5. 

Table 5: Robustness values for significant causal forest results 

Result Robustness Value (RV) 

Exposure 0.06 

Exposure - Trump Supporters 0.11 

Dosage 0.12 

Dosage - Trump Supporters 0.17 

Note: The Robustness Value (RV) represents the percentage of the residual variance that an unobserved 

confounder would need to explain (of both the treatment and the outcome) to “explain away” the observed 

difference. 

To put these values into perspective, we go variable-by-variable in the dataset, removing 
each observed control variable in turn from the relationship estimation in the causal 
forest process. We then examine whether the removal of that variable would confound 
the analysis, given the RV for the analysis and the residual variance explained by the 
removed variable. The results are shown in Table 6. 

Table 6: Confounder analysis 

Variable Exposure Exposure - Trump Supporters Dosage Dosage - Trump Supporters 

Res. Var. Confounder Res. Var. Confounder Res. Var. Confounder Res. Var. Confounder 

UntrustworthyWebsiteExposureWave1 0.040 No 0.001 No 0.000 No 0.006 No 

Conservative 0.749 Yes 0.000 No 0.032 No 0.000 No 

EduCollegeGrad 0.038 No 0.128 Yes 0.018 No 0.034 No 

EduHSorLess 0.001 No 0.120 Yes 0.025 No 0.069 No 

EduPostGrad 0.043 No 0.065 No 0.335 Yes 0.233 Yes 

EduSomeCollege 0.114 Yes 0.525 Yes 0.428 Yes 0.425 Yes 

Female 0.001 No 0.004 No 0.021 No 0.097 No 

RaceBlack 0.028 No 0.001 No 0.004 No 0.000 No 

RaceHispanic 0.004 No 0.009 No 0.004 No 0.009 No 

RaceOther 0.000 No 0.005 No 0.001 No 0.004 No 

RaceWhite 0.028 No 0.010 No 0.009 No 0.013 No 

PoliticalKnowledge 0.000 No 0.019 No 0.127 Yes 0.157 No 

PoliticalInterest 0.005 No 0.002 No 0.032 No 0.034 No 

AgeUnder30 0.009 No 0.000 No 0.000 No 0.000 No 

Age30to44 0.003 No 0.015 No 0.000 No 0.000 No 

Age45to65 0.005 No 0.021 No 0.079 No 0.092 No 

Age65plus 0.034 No 0.059 No 0.100 No 0.117 No 

Note: Confounder analysis assessing whether a given observed control variable would confound the results if 
omitted from the analysis. 

We test for omitted variable bias under the correlation-based regression framework using 
the method and robustness cutoff suggested by Oster (2019), as implemented by the 
robomit R package (Schaub and Zurich 2020). Specifically, we conduct bootstraps 
with replacement for 1,000 simulations with 1,000 draws each. The 𝑅max value we use 
is the 𝑅2 of the full controlled model multiplied by 1.3, as suggested by Oster (2019). 
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The bias-adjusted coefficients are shown in Table 7. Although this omitted variable bias 
robustness test is conducted on the regression analysis, the fact that the coefficients 
remain positive suggests that the results are robust to omitted variable bias. This test is 
noted as being a very conservative approach to testing for omitted variable bias, with 
only 45% of nonrandomized results in top economics journals passing this robustness 
test (Oster 2019). 

Table 7: Omitted variable bias test 

Model 𝛽̂base 
ExposedUntrustworthy 𝛽̂full ExposedUntrustworthy 𝛽̂bias-adjusted 

ExposedUntrustworthy 

Binary Exposure 0.1733 0.0578 0.0001 

Dosage Model 0.0008 0.0004 0.0002 

Note: Omitted variable bias test as described in Oster (2019). The Model column distinguishes between the 

binary exposure and dosage models. The 𝛽̂full ExposedUntrustworthy column shows the coefficient from the full model 

in the Gelbach decompositions (see Table 1 and Table 2), and 𝛽̂bias-adjusted 
ExposedUntrustworthy is the bias-adjusted 

coefficient using Oster’s method. 

Furthermore, we also estimated the association between untrustworthy exposure 
and other political behaviors in Table 8. We do not find significant results for any of 
these behaviors, providing further evidence that our main analysis is robust to latent 
confounding. 

Table 8: Other dependent variables 

DV Association SE CI z-value p-value 

Support - Trump 0.019 0.015 [-0.011, 0.049] 1.240 0.215 

Attend Rally - Trump 0.002 0.009 [-0.016, 0.019] 0.208 0.835 

Attend Rally - Biden -0.003 0.007 [-0.017, 0.011] -0.447 0.655 

Attend Rally - Other 0.016 0.010 [-0.003, 0.036] 1.621 0.105 

Volunteer - Biden -0.014 0.013 [-0.039, 0.010] -1.128 0.259 

Volunteer - Trump -0.004 0.006 [-0.016, 0.008] -0.626 0.531 

Volunteer - Other -0.007 0.011 [-0.029, 0.015] -0.643 0.520 

Volunteer - Poll Worker -0.012 0.008 [-0.027, 0.004] -1.436 0.151 

Donation - Trump -0.001 0.015 [-0.031, 0.029] -0.088 0.930 

Donation - Biden -0.003 0.023 [-0.047, 0.042] -0.123 0.902 

Donation - Other 0.006 0.024 [-0.041, 0.053] 0.248 0.804 

Social Media - Trump 0.028 0.020 [-0.012, 0.068] 1.387 0.165 

Social Media - Biden -0.014 0.026 [-0.065, 0.038] -0.512 0.608 

Social Media - Other 0.047 0.025 [-0.001, 0.095] 1.919 0.055 

Yard Sign - Trump 0.010 0.015 [-0.019, 0.039] 0.654 0.513 

Yard Sign - Biden -0.023 0.017 [-0.057, 0.012] -1.297 0.195 

Yard Sign - Other -0.018 0.017 [-0.052, 0.016] -1.054 0.292 

Note: Additional analysis of other outcome variables. DV = dependent variable; Association = average 

association; SE = standard error; CI = 95% confidence interval; z-value = z-value; p-value = p-value. 
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