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ABSTRACT KEYWORDS
Journalistic and scholarly accounts alike often depict social media Facebook; Twitter; YouTube;
platforms as key players in exposing people to misinformation. Reddit; Instagram; Snapchat;

Unfortunately, existing research examining social media’s role in TikTok; misinformation; web
exposing people to misinformation online implicitly operates under ~ Prowsing; simulation;
what we call the direct referrer paradigm, focusing only on visits to clickstream
misinformation that directly follow social media. We introduce the

embedded referrer paradigm, which considers social media’s more
comprehensive role in leading people to visit misinformation through-

out their online journeys and operationalize it via counterfactual

simulations. We estimate the effects of social media in exposing peo-

ple to misinformation websites under both paradigms using 3 months

of a large sample of Americans’ (N =1,240) web browsing behavior

(21 million website visits). We explore seven different platforms’

(Facebook, Instagram, Reddit, Snapchat, TikTok, Twitter, YouTube)

effects in exposing people to misinformation sites with various ideo-

logical leanings. Overall, our results suggest that analyses under the

direct referrer paradigm underestimate the role of social media in

exposing people to misinformation, with estimated effects under the

embedded referrer paradigm ranging from 1.5 to 15+ times larger

than effects under the direct referrer paradigm. The difference in

estimated effects under both paradigms is generally consistent across

platforms, misinformation types (liberal, conservative, non-ideological)

, and individuals’ partisanship. However, for some combinations of

platforms, types of misinformation, and mobile vs. desktop devices,

the discrepancy between the two paradigms is even greater.

The spread of political misinformation online poses fundamental challenges to demo-
cratic processes and institutions. During recent elections, tens of millions of Americans
were exposed to false political claims online (A. Guess et al., 2020; Dahlke et al., 2026
R. C. Moore et al., 2023), with consequences ranging from decreased voter turnout
(Green et al., 2022) to misperceptions of electoral outcomes (Dahlke & Hancock, 2025).
A central question for political communication scholars is understanding how citizens

CONTACT Ross Dahlke ) ross.dahlke@wisc.edu &) School of Journalism and Mass Communication, University of
Wisconsin, Vilas Communication Hall, 5115, 821 University Ave,-Madison, WI 53706, USA

Supplemental data for this article can be accessed online at https://doi.org/10.1080/10584609.2026.2679492
© 2026 Taylor & Francis Group, LLC


https://doi.org/10.1080/10584609.2026.2679492
http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/10584609.2026.2679492&domain=pdf&date_stamp=2026-06-09

2 (&) R DAHLKEETAL.

encounter this political misinformation in their media environments. Do voters actively
seek out false political content? Do they stumble upon misinformation while using
search engines or social media platforms? These questions are crucial for theories of
selective and incidental exposure to political information, as well as for designing
interventions to protect democratic discourse. Both journalists and researchers have
identified social media platforms as key vectors for political misinformation exposure
(Allcott & Gentzkow, 2017; Allen et al., 2020; Dahlke et al., 2026; Fox, 2018; Frenkel,
2021; A. Guess et al.,, 2020; Jones-Jang et al.,, 2021; Lee et al., 2023; Luk et al., 2021;
R. C. Moore et al., 2023, 2024; Myers, 2022; Neyazi et al.,, 2022; Warner et al., 2021).
However, existing research methods provide an incomplete picture of how social media
shapes citizens’ exposure to political misinformation.

Extant research primarily conceives of social media’s role as a direct referrer. For
example, Allcott and Gentzkow (2017) use web browsing data to identify how many visits
to misinformation websites were directly preceded by visits to social media platforms (e.g.,
41.8% of misinformation website visits during the 2016 U.S. election were preceded by
a visit to a social media platform). This approach is commonplace, with several scholars
using it to examine pathways to misinformation websites (Allen et al., 2020; Guess, Lyons,
et al., 2019; A. Guess et al., 2020; R. C. Moore et al., 2023), and to mainstream news sites
(Cardenal et al., 2019; Flaxman et al., 2016; Méller et al., 2020; Scharkow et al., 2020; Stier
et al., 2022; Wojcieszak et al., 2021). Analyses tend to collapse across visits, not allowing
scholars to easily examine the influence of individual differences (e.g., partisanship) on
social media’s role in exposing people to misinformation. We call this approach - in which
uses of social media directly precede visits to misinformation - the direct referrer paradigm.

Another way to conceptualize platforms’ influence is to imagine a counterfactual online
world in which an individual cannot visit a given platform. For instance, we could examine
what would happen to visits to misinformation sites if Facebook were not accessible, such as
a world where Facebook did not exist." Would people be more or less likely to visit
misinformation?

There are myriad ways in which a social media platform might influence the likelihood
that an individual would visit a misinformation site. One possibility is that using social
media platforms causes the activation of goals and concepts that lead people to visit
misinformation later in their browsing (Knoll et al., 2020). For example, someone may
encounter information about a news event while scrolling through their Facebook Feed and
then, after they have finished using Facebook, conduct a search where they then visit
misinformation about that news event (e.g., Facebook Feed — curiosity — other website
— misinformation website). In this example, Facebook did not directly expose people to
misinformation, but other content that later led people to misinformation. Another possi-
bility is that social media influences people’s visits to misinformation because it leads them
to other websites that serve as intermediaries (e.g., Facebook — blog post —
misinformation).

The direct referrer paradigm, although popular, provides an incomplete picture of social
media’s role, as the examples above illustrate. Moreover, in Figure 1A, this paradigm would
entirely credit Facebook for the misinformation website visit. However, in Figure 1B, it
would not consider Facebook to have played any role. We instead propose an alternative
paradigm, which relies on this type of counterfactual reasoning to remove people’s ability to
visit a social media platform, accounting for social media’s role when directly preceding
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A. Captured By Direct Referrer Paradigm

Misinformation

B. Captured by Embedded Referrer Paradigm But Not Direct Referrer Paradigm

. Intermediate Misinformation
Facebook Curiosity Website Website

Figure 1. Example path from social media to misinformation sources captured under the direct and
embedded referrer paradigms. Caption: lllustrative example of the limitations of the direct referrer
paradigm in considering the role of social media platforms on misinformation exposure. Each bubble
represents a website that an individual is at, and the arrows represent an individual’s path from one
website to another. In Panel A, which represents the direct referrer paradigm, Facebook would receive all
of the “credit” for referring the individual to the misinformation website. However, in Panel B, the direct
referrer paradigm would not attribute any credit to Facebook for the visits to the misinformation website,
despite the possibility that Facebook indirectly influenced the misinformation visit by leading the
individual to an intermediate website, which led them to the misinformation website. Our proposed
embedded referrer paradigm accounts for Facebook’s influence in this path by simulating
a counterfactual scenario which estimates what an individual’s path would be if they could not visit
Facebook.

information sources and when embedded further back in users” online journeys. We call
this alternative approach the embedded referrer paradigm.

The approach of removing an element from a system to identify that element’s impact on
the system features throughout the natural and social sciences. For example, a commonly
used technique in biology and genetics is a complete gene knockout, where researchers
remove a target gene from an organism (Hall et al., 2009; Kieffer & Gavériaux-Ruft, 2002).
By comparing organisms with and without that specific gene, researchers learn about that
gene’s role in the biological system and its effects on the organism. Our counterfactual
world without social media is conceptually similar to gene knockouts and other types of
“ablation studies” - by removing a social media platform from the online ecosystem and
observing where people go in its absence, we can learn about the effects of that platform on
people’s visits to information sources of interest; in our case, misinformation sites (defined
as websites rated by professional journalists, editors, or fact-checkers as repeatedly publish-
ing false content, more detail about the operationalization is contained in the Methods &
Measures section).

We draw further inspiration from advertising attribution research in marketing science.
Online retailers traditionally measure media’s impact on purchases via “last-click attribu-
tion” (Gordon et al., 2021), examining advertisements individuals see directly before
a purchase and assigning the totality of the purchase to that advertisement (Li et al.,
2016). Thus, last-click attribution conceptually resembles the direct referrer paradigm.
However, marketing scholars find that last-click attribution does not adequately capture
advertising’s effect on purchasing decisions, missing important steps in consumer journeys
and thus causing inefficient allocations of firms’ marketing budgets (Lee, 2010; Li et al.,
2016). One alternative method uses consumers’ likelihood of moving from one website to
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another given their prior websites to estimate advertising effect and thus offers holism that
inspires our embedded referrer paradigm (Anderl et al., 2016; de Haan et al., 2016). Another
area of social science research that provides inspiration for the present study is work that
combines clickstream data with Markov chains to understand the sequence of user transi-
tions throughout pages on a website (e.g., Vermeer & Trilling, 2020; Vermeer et al., 2020).

How will social media’s role differ under the embedded referrer paradigm? It could be
larger than previously thought, as the embedded referrer paradigm accounts for instances in
which social media does not directly precede people’s visits to misinformation but still
influences them (e.g., Facebook — blog post = misinformation website). Alternatively, it
could be smaller because social media platforms occupy people’s time and attention online,
limiting people’s visits to misinformation they would otherwise spend time on if social
media did not exist. Our counterfactual approach allows us to examine these possibilities.

In this paper, we analyze 3 months of web browsing data collected during the 2020
U.S. presidential election from a large sample of American adults (N = 1,240, 21 million
website visits) to estimate seven social media platforms’ roles in leading voters to mis-
information websites under both the direct referrer paradigm and our novel embedded
referrer paradigm. This electoral context is crucial, as it represents a period of intense
political information seeking when citizens are most actively forming opinions about
candidates and issues. Our findings reveal that the direct referrer paradigm dramatically
underestimates social media platforms’ role in political misinformation exposure. Under
our embedded referrer paradigm, social media’s estimated effect on misinformation visits is
1.5 to 15+ times larger than effects estimated under the direct referrer paradigm. This
underestimation generally holds across platforms, with some heterogeneity across partici-
pants’ partisan identities and misinformation websites with different ideological leanings.
We argue that the embedded referrer paradigm provides a more comprehensive account of
how social media platforms shape citizens’ exposure to political misinformation during
critical democratic moments, advancing our understanding of selective exposure to elec-
toral information.

Introducing the embedded referrer paradigm is our paper’s first contribution to political
communication. This new framework helps us understand how social media platforms
shape citizens’ information environments beyond simple direct exposure. Developing an
analytical approach to operationalize the embedded referrer paradigm is our second con-
tribution. While we demonstrate its value in the context of political misinformation, our
approach could be applied to study social media’s role in exposing people to various
political information sources (e.g., partisan news websites, election-related content) as
well as other content (e.g., mainstream news websites, websites hosting hateful or proble-
matic content).

Our third contribution is empirical, revealing how different social media platforms
distinctly shape exposure to political misinformation across partisan groups. While under-
estimation is consistent across the social media platforms we examine (Facebook,
Instagram, Reddit, Snapchat, TikTok, Twitter, YouTube), the magnitude varies in ways
that challenge existing theories about platform effects and selective exposure. For example,
under the direct referrer paradigm, Twitter directly precedes approximately 2% of all
misinformation website visits. However, under the embedded referrer paradigm, the coun-
terfactual scenario without Twitter has 12% fewer visits to misinformation sites than the
observed world, with particularly strong effects among Republicans compared to
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Democrats and Independents, suggesting that Twitter plays a substantially larger role in
political information exposure than previously considered. Reddit exhibits a similar dis-
crepancy, preceding fewer than 0.2% of misinformation visits under the direct referrer
paradigm but under the embedded referrer paradigm, the world with Reddit had nearly
1.8% more visits to misinformation sites than in the world without Reddit. For certain
combinations of platforms and specific types of political misinformation (e.g., YouTube and
liberal misinformation, Twitter and non-ideological misinformation) and partisans, the
discrepancies are even starker, with the embedded referrer paradigm suggesting that plat-
forms have roles 15+ times larger than estimates under the existing direct referrer paradigm.
These partisan asymmetries in platform effects demonstrate how different social media sites
distinctly shape citizens’ exposure to various types of political misinformation, advancing
our understanding of how digital media environments may reinforce or challenge partisan
information diets.

Overall, our findings call for a re-interpretation of existing knowledge about social
media’s role in leading people to misinformation. They indicate new mechanisms that
future research should explore that may explain how social media platforms lead people to
visit online content, positioning our study as especially relevant to the literatures in
communication on selective (Knobloch-Westerwick, 2014) and incidental exposure
(Schifer, 2023). Furthermore, our analysis of seven social media platforms underscores
the importance of examining platforms individually rather than collectively when studying
misinformation exposure (Matassi & Boczkowski, 2021). Integrating a multi-platform
perspective with the embedded referrer paradigm clarifies that each platform may uniquely
shape misinformation exposure, highlighting the need for targeted theoretical and empirical
exploration of platform-specific dynamics.

Existing Research on Social Media’s Role in Exposing People to Misinformation

Work examining social media’s effect on exposing people to misinformation online has
taken two primary forms. First, many studies draw on self-reported data about people’s
internet browsing (Hwang & Jeong, 2023; Jones-Jang et al., 2021; Kim & Tandoc, 2022; Lee
et al,, 2020, 2023; Luk et al., 2021; Neely et al., 2022; Neyazi et al., 2022; Vegetti & Mancosu,
2022; Warner et al.,, 2021; Xiao, 2022). For example, by asking people to self-report the
amount they use different social media platforms as well as if they have been exposed to
misinformation, Neyazi et al. (2022) found that greater usage of WhatsApp and Instagram
to consume political content was positively associated with exposure to misinformation,
while usage of Facebook and Twitter to consume political content was not associated with
exposure to misinformation.

Self-reported use of social media is, at best, modestly correlated with actual use, both the
overall amount of one’s use (Ernala et al., 2020; Naab et al., 2019; Parry et al., 2021; Vraga
et al., 2016) and with specific behaviors on platforms (Haenschen, 2020; Staddon et al.,
2013). Self-reports of political information consumption are particularly inaccurate (Guess,
Munger, et al., 2019; Haenschen, 2020), largely because people cannot remember all their
media use (Revilla et al., 2017).

To overcome these limitations, another body of work uses individuals’ web browsing
data to infer social media’s effect on visits to misinformation websites (Allcott & Gentzkow,
2017; Allen et al., 2020; Altay et al., 2022; Guess, Lyons, et al., 2019; A. Guess et al., 2020;
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R. C. Moore et al,, 2023; Weeks et al., 2021; Zhou et al., 2023), including conspiratorial
(Moore et al., 2024) and ones mimicking journalism but built for financial or political
purposes (R. C. Moore et al., 2023). Data collection occurs through passive tracking via web
browser plugins (e.g., A. Guess et al., 2020) or data donations participants make to
researchers (e.g., Weeks et al., 2021). Using web browsing data, A. Guess et al. (2020)
found that 15% of visits Americans made to misinformation websites during the 2016
election were directly preceded by Facebook, while Twitter preceded just 1%. Allcott and
Gentzkow (2017) also studied the 2016 US election, finding that social media (Facebook and
Twitter) was a larger source of visits to misinformation websites than to high-quality news
sites. During the 2020 US election, R. C. Moore et al. (2023) found that Facebook directly
preceded 5.6% of visits to misinformation websites, a significant reduction compared to
Facebook’s role in referring people to misinformation in 2016. While these studies lever-
aging web browsing data more accurately measure people’s media use behaviors compared
to self-reports, nearly all using web-browsing data operate under the direct referrer
paradigm.

We argue the direct referrer paradigm, while insightful, does not measure social media
platforms’ total role in people’s visits to misinformation. Our embedded referrer paradigm
more adequately captures this total role because it accounts for instances where platforms
may influence people’s trajectories through the internet, even when they do not directly
send people to misinformation. One way social media can influence trajectories is by
exposing people to intermediary websites that then expose them to misinformation sites
(Houidi et al., 2019; Scharkow et al., 2020). They may also influence subsequent browsing
behaviors by causing the psychological activation of concepts or goals that influence visits
long after leaving a platform (Knoll et al., 2020).

A few studies have leveraged objective web use data and do not necessarily operate under
the strictest definition of the direct referrer paradigm. These studies go beyond the simple
“one-step-back” approach of other studies. One such study is Vermeer et al. (2020), which
examines how people move through the internet to arrive at news websites. Rather than
limiting themselves to which website users visited immediately before a news website, the
authors analyze the past five websites that users visited before visiting a news site. Vermeer
and Trilling (2020) analyzed a sample of Dutch users’ behaviors on news websites using
Markov Chains, estimating the probability of individuals going from one part of a news
website (e.g., homepage) to another part (e.g., business section), taking into account the
users’ activity. While these papers use Markov chains to consider transitions between
webpages, they cannot speak to social media’s role in contributing to news consumption,
as it is limited to participants’ navigation on news websites. Furthermore, for our purposes,
neither of these studies examines misinformation exposure. Although Vermeer et al. (2020)
and Vermeer and Trilling (2020) more comprehensively account for social media’s role in
exposing people to online information sources, they are still limited in scope. We draw
inspiration from this work to propose a more holistic theoretical and methodological
framework, namely through a novel method of counterfactual simulations, to understand
indirect referral effects.

How social media use might facilitate exposure to and engagement with misinformation
can be understood through selective and incidental exposure mechanisms, two prominent
theoretical perspectives in political communication research. Selective exposure generally
refers to the tendency for people to be exposed to news and information that aligns with
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existing beliefs, while incidental exposure refers to the tendency for people to be exposed to
news when they are not necessarily seeking it out due to processes like algorithmic curation
(Stroud, 2008, 2010). In terms of selective exposure, social media can (1) selectively expose
people to misinformation that is likely to be congenial with their preexisting beliefs via
personalization and network effects, which research has shown makes people more likely to
believe information to be true (Sultan et al., 2024) and (2) selectively expose people to a feed
of congenial information in general, which can condition people to be less critical of
misinformation when it is encountered (Rhodes, 2022). In terms of incidental exposure,
social media can incidentally expose people to news and political topics when they are
otherwise not actively seeking them out (Oeldorf-Hirsch, 2018), around which they may be
exposed to misinformation about those topics.

Unfortunately, existing research exploring selective and incidental processes on social
media (not just in terms of exposure to misinformation, but exposure to news in general) is
limited in its ability to characterize the extent of selective and incidental exposure in three
key ways. First, most studies rely on self-reported measures of exposure (e.g., Kwon et al.,
2015; Weeks et al., 2017), which can be inaccurate as discussed previously. Second, these
measures often ask participants about “social media” (e.g., Malinen et al., 2018), or only
assess one platform (e.g., Facebook; Mukerjee & Yang, 2021, Twitter; Shin, 2020) and do not
disaggregate selective/incidental exposure by specific platforms, which likely play different
roles given differences between platforms in content, algorithms, networks, and other
affordances. Third, even when objective measures of media use are used to examine
selective exposure, this work is typically either focused only on one platform (e.g., Bakshy
etal., 2015) or done under the direct referrers paradigm (e.g., Cardenal et al., 2019; Flaxman
et al., 2016), which as was previously discussed limits the scope of this work’s ability to
elucidate the role of social media in selective exposure processes, particularly if one
conceptualizes selective exposure as having potentially both immediate and delayed effects
on people’s journeys through their individual information ecosystems.

Finally, one important additional limitation of existing research on social media’s role in
misinformation exposure, covering studies that rely on self-report and those that use web
browsing activity, is that most studies in the literature examine misinformation exposure via
only two platforms, Facebook and Twitter (A. M. Guess & Lyons, 2020; Yang et al., 2023),
a problem plaguing social media research more broadly (Lukito et al., 2023). While these
platforms undoubtedly have large user bases and play important roles in the social media
ecosystem, there is growing concern about misinformation’s spread on other social media
platforms whose user bases are large and growing rapidly, such as TikTok (Basch et al.,
2021; Southwick et al., 2021).

Methods & Measures
Participants

Data was collected from participants recruited by the survey organization YouGov. All
participants consented to the terms of the research and were compensated by YouGov for
their participation. These participants (N = 1,240; 550 males, 683 females) completed
a survey during the 2020 election and provided passively gathered web-browsing data
(i.e., every time a consenting participant visits a new URL, it gets automatically recorded



8 (&) R DAHLKEETAL.

in our dataset without the participant needing to take another step) through YouGov’s Pulse
software from 24 August 2020 to 7 December 2020. Twenty-nine percent of participants
(n=358) were aged 65+, 48% (n = 599) were 45-64, 14% (n = 175) were 30-44, and 9% (n =
106) were under 30. Of the participants in this study, 59% (n = 726) supported Joe Biden in
the 2020 election and 36% (n = 445) supported Donald Trump. The web-browsing data was
collected across desktop, mobile, and tablet devices, though not evenly. Of our 1,240
participants, 924 (75%) contributed desktop browsing sessions, 335 (27%) contributed
mobile browsing sessions, and 65 (5%) contributed tablet browsing sessions, with partici-
pants using multiple devices. This distribution reflects both the technological capabilities of
browser tracking in 2020 and participants’ device preferences for installing tracking soft-
ware. The average desktop user produced approximately 315 browsing paths, while the
average mobile user produced approximately 272 paths, and the average tablet user pro-
duced approximately 123 paths. The data that support the findings of this study are openly
available in OSF at https://osf.io/fegy3/.

Procedure

The participants visited approximately 21 million web pages, at over 270k unique domains,
throughout our data collection period. Following previous academic (Vermeer & Trilling,
2020; Vermeer et al., 2020) and industry (Google, 2022) definitions, we define a web-
browsing session as “ending” if a participant did not make any new visits to websites within
30 minutes. Each session contains at least one visit to a website, and our data contain
395,936 sessions.

Defining Social Media, Misinformation, and News Websites

Following Aridor (2023), we operationalize a visit to a social media platform as a visit to
Facebook, Instagram, Reddit, Snapchat, TikTok, Twitter, or YouTube (see Supplemental
Materials A [Table S1] for the full list of domains for each platform). After identifying
domains which were one of these social media platforms, 270,072 domains were left.

To identify which domains were misinformation websites, we take a similar approach to
R. C. Moore et al. (2023), who operationalize misinformation websites as domains rated by
professional journalists, editors, and fact-checkers as repeatedly publishing false content.
Specifically, misinformation domains in our study consisted of websites rated by the
organization NewsGuard® as “repeatedly publishing false content” (a binary criteria used
in prior work to define misinformation websites, e.g., Ahmad et al., 2024), as well as
websites identified by fact-checkers and journalists (e.g., PolitiFact, Snopes) as misinforma-
tion sites and used in prior academic studies (Allcott & Gentzkow, 2017; Grinberg et al.,
2019).

To examine social media platforms’ effects on selective exposure, that is when
platforms are more likely to expose individuals to ideologically congenial misinfor-
mation, we also divide misinformation domains by their ideological slant. To
accomplish this task, we first classify domains’ ideology via NewsGuard. Domains
that NewsGuard categorized as “Far Left” or “Slightly Left,” we label as liberal.
Domains categorized as “Far Right” or “Slightly Right,” we label as conservative,
and domains categorized as “N/A,” we label as non-ideological. For domains that do
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not have an ideological rating from NewsGuard, we turn to scores developed by
Robertson et al. (2018). These scores range from —1 (the most liberal) to 1 (the most
conservative). We divide the domains into terciles based on these scores (to see the
distribution of scores, see Supplemental Materials B [Figure S1]). We label domains
in the bottom tercile as liberal, the middle tercile as non-ideological, and the top
tercile as conservative. Fourteen domains were identified as misinformation that did
not have an ideology label after drawing on the NewsGuard and Robertson et al.
(2018) ratings. Two research team members visited and hand-labeled the 14 remain-
ing domains, discussing domains with disagreements to finalize ideological labels.

There were 269,823 domains that remained uncategorized as either social media
or misinformation. To categorize these domains, we turn to quality scores provided
by Lin et al. (2023), the largest academic list detailing domain credibility to our
knowledge. Specifically, we divide the remaining domains found in Lin et al. (2023)
into two categories: credibility scores below the median score are categorized as low-
quality domains, and scores above the median are categorized as high-quality
domains (to see a distribution of scores, see Supplemental Materials B [Figure
S2]). Lin et al. (2023) calculated domain quality scores through a principle compo-
nent analysis (PCA) of six different lists of website domain quality ratings, including
NewsGaurd, Ad Fontes Media, Media Bias/Fact-Check, Fact-Checker, the Iffy index
of unreliable sources, and another academic study (Lasser et al., 2022). This PCA
results in a comprehensive list of domain quality ratings that are highly correlated
with the underlying ratings (see Lin et al., 2023 for more details). We repeat the
process to subcategorize these domains by ideology (conservative, liberal, non-
ideological) using the same approach as above for the misinformation domains
(hand coding 657 domains). We categorize the remaining 266,172 domains that
participants visited as “other.” “Other” domains largely consisted of internet utilities
(e.g., e-mail clients, banking, and shopping websites).

To summarize, we proceed with our analysis with domains categorized as social media
(Facebook, Instagram, Reddit, Snapchat, TikTok, Twitter, YouTube), misinformation (con-
servative, liberal, non-ideological), low-quality (conservative, liberal, non-ideological),
high-quality (conservative, liberal, non-ideological), or other.

Data Analysis
Direct Referrer Paradigm

Under the direct referrer paradigm, social media’s effect on visits is typically measured via
a referral analysis, which is simply analyzing the percentage of visits to a given website that
were directly preceded by a social media website (e.g., Allcott & Gentzkow, 2017; Moller
et al, 2020). Formally, this analysis is calculated by the function
ReferralPercentage = %= x 100 (1) where r;; is the number of visits to misinformation
website i that were directly preceded by social media s and ¢;, is the total number of visits
to misinformation websites i. Then, this number is converted to a percentage. We calculate
this effect for each social media platform s.
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Figure 2. Study diagram visually displaying the analysis steps. Caption: The provided diagram represents
the conceptual framework of the study, detailing the data collection and analysis process from web
browsing to multi-level modeling. A. Data Collection: Web browsing data was captured across Desktop/
Laptop Computers, Smartphones, and Tablets from 24 August 2020 to 7 December 2020. The data
includes timestamps and URLs visited by each user, uniquely identified by a User ID. Survey data was also
collected on each individual to capture information like sociodemographics (e.g., political partisanship).
B. Individual-Level Transition Matrices: Transition matrices were computed for each individual, capturing
transition probabilities (i.e., probability of moving from one website to another). C. Divert Counterfactual
Path: If an observed path was about to arrive at a given social media platform of interest (e.g., Facebook),
the path is diverted to a different social media platform using experimentally derived diversion ratios
(Aridor, 2023). D. Simulate Counterfactual Path: If diverted in step C, the counterfactual path is simulated
to completion via the individuals’ transition matrix. EMulti-Level Modeling: Multi-level models were fit on
the counterfactual data to assess the “effect” of counterfactually removing a given social media platform
on visits to misinformation websites compared to the observed world.

Embedded Referrer Paradigm

We operationalize the embedded referrer paradigm by modeling and simulating counter-
factual browsing sessions and observing how the number of visits to misinformation
websites changes in these counterfactual paths compared to actual paths (see Figure 2).
This process consists of three main steps: 1. Diverting counterfactual paths once a social
media platform we want to create counterfactual paths for is visited, 2. Continuing paths
based on individuals’ observed transition probabilities, 3. Fitting multi-level models to
estimate the change in the number of visits to misinformation websites. Below, we describe
each of these three steps in greater detail.

Diverting Counterfactual Path

For each of our 395,936 paths of browsing sessions, we simulate counterfactual paths in
scenarios in which each of the seven social media platforms cannot be visited. We sequen-
tially proceed along each step (i.e., visited state) in the path. If the path does not include the
social media platform we want to remove, the path continues as it did in the observed world.
If a path attempts to move to the state we seek to remove, we divert the path by sampling
from a distribution of diversion ratios for each platform. Social media diversion ratios are
estimates of what social media individuals would use in the absence of another platform
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(e.g., if YouTube access is restricted, what proportion of those visits go to different plat-
forms). Our diversion ratios come from Aridor (2023), who conducted an experiment in
which users could not access a social media platform (e.g., Instagram) and observed what
platforms they visited instead. Aridor (2023) provides diversion ratios for each of the
platforms (Facebook, Twitter, Instagram, Reddit, YouTube, Snapchat, TikTok). By using
experimentally derived diversion ratios to redirect participants in the absence of social
media platforms, we follow recent calls from scholars to inform simulations of human
behavior with experimentally derived estimates of behaviors foundational to conducting
those simulations (Hammond & Barkin, 2024; Schwabl et al., 2024).

For example, to create counterfactual paths without Facebook, we sequentially step
through each website visit in a session. When a path’s next step is Facebook, we prevent
the path from continuing to Facebook and instead determine the path’s next step by
sampling from Aridor’s (2023) estimates of Facebook’s diversion ratios. In the next step,
the path is continued by simulating a path from the individuals’ estimated transition
probabilities (that excludes Facebook) until the path naturally arrives at a “path end” state
or the path reaches the maximum number of steps in a path for the given person’s observed
data.

Individual-Level Transition Matrices

For each individual, we also estimate their transition probabilities via a multinomial logit
demand model. This is a demand model in that it predicts choices individuals make as they
move across the internet. It is a logit model because the choice probabilities all have the logit
functional form; the model arises as a random utility model with error terms following
a Gumbel distribution (Luce, 1959). It is multinomial because there are multiple possible
outcomes (i.e., websites) that individuals can move to. These individual-level matrices,
opposed to a single transition matrix for the entire sample, allows each individual’s counter-
factual paths to be unique to them. In other words, if an individual has a propensity to visit
misinformation websites via multiple platforms, these transition matrices consider this
individual-level factor that the person may find the misinformation website regardless of
a single platform’s role.

Let M denote a choice set consisting of (i) the seven social media platforms, (ii) the three
misinformation website categories, and (iii) the seven remaining website categories. Let
s and e denote additional nodes we refer to as “path start” and “path end” which represent
the beginning and the ending of a browsing session, respectively. Then the transition
probability of moving from j € M U stok € M U e for individuals is

o (Z)Whereuijk = Wijk
meMUe

Pri(j — k) = S £
We normalize u for k = e to zero. Thus, we are estimating the probability of transition-
ing from j to k for each individual i
We form an estimate aj; that matches predicted probabilities to the individuals’ averages
corresponding to these probabilities between all pairs of website categories we observe in
our data. We use these probabilities to fill in a transition matrix T; between the possible
“states” of the user. In this matrix, each row represents a website category j and the columns
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represent a website category k. This transition matrix represents the probabilities of how the
individual i moves from website category to website category. The transition matrix T; is
a representation of the transitions between websites in the world as we observed it in our
data.

These transition probabilities are used when the counterfactual paths are diverted. Once
a counterfactual path is diverted, the path is “continued” via the individual i’s transition
matrix T;. For example, in a scenario in which a person may not visit Facebook, if the
counterfactual path is diverted to Instagram, the path continues from the Instagram state
via the transition probabilities in the individuals’ transition matrix. Importantly, the social
media platform of interest is removed from the participants’ transition matrix, ensuring
their counterfactual path cannot visit the platform later in the path. Steps along the
counterfactual paths are simulated until the path naturally hits the “path end” state.
Alternatively, we also end paths when the user has reached the maximum number of
steps observed in their actual browsing behavior. Paths are also ended if an individual is
diverted to a platform not in their transition matrix. This process of creating counterfactual
paths, diverting the path if and when the path is about to arrive at the social media platform
of interest and continues based on the individual’s transition matrix is completed for each of
the 395,936 paths for each of the seven social media platforms, resulting in 3,167,488 total
paths (including the original paths).

Multi-Level Modeling

To estimate the difference in the number of visits to misinformation websites in the
counterfactual paths compared to the actual paths, we fit a multi-level regression model
at the path level, with all 3,167,488 observed and counterfactual paths in the model. To
account for the hierarchical nature of the data, we cluster by participants and original paths
(i.e., the original path by which the seven counterfactual paths were derived). Thus, each
observation represents either the actually observed paths or one of the seven counterfactual
scenarios in which a given social media platform cannot be visited. These scenarios are
represented as binary variables. For example, the NoFacebook scenario variable is a “1” if the
path represents the counterfactual scenario in which Facebook may not be visited and a “0”
in all other instances. Formally, our outcome model is

Yip = (B, + thoi + u1p) + B;NoFacebook + ,NoInstagram + 5;NoReddit
+ B,NoSnapchat + . NoTikTok + B, NoTwitter + f,NoYouTube + ¢,  (3)

This model predicts Y;,, the number of visits to misinformation websites (we estimate
separate models for all misinformation websites, as well as conservative, liberal, and non-
ideological misinformation websites) in a path p for individual i. The model is fit with
Maximum Likelihood (ML), meaning that the parameter estimates are obtained by finding
the values that maximize the probability of the observed data given the model. The term f3;
is the overall intercept, representing the expected value of Y}, in the actually observed paths,
since the observed paths do not have any of the binary scenario variables, and thus serves as
the reference for variable comparisons. The random effects, i.e., the individual- and path-
specific deviations, ug; and uy,, allow the intercept to vary by individual Ulp allows the
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intercept to vary by individual i and path p. These random effects are assumed to follow
a normal distribution with zero means, estimated variances, and a covariance of

0 0(2),» 001,ip
Uoi, Urp MVN([O]’{OOW pr :

B, through B, are the fixed effect coefficients for the binary variables representing the
counterfactual scenarios in which a given social media platform cannot be visited. For
example, 8, NoFacebook represents the scenarios in which Facebook cannot be visited.
Therefore, each of the coefficients are the main coefficients of interest and represent the
“effect” of removing each of the platforms on the outcome Yj, (in this case, the number of
visits in a path). The term ¢;, is the residual error term for each observation, capturing the
deviation of the observed outcome from the predicted value based on the model.

To make the output of these models comparable to the output of referral analyses, for
each of the social media coefficients we calculate what proportion of the intercept it
represents, giving us the change in the number of misinformation visits in each counter-
factual scenario without a given social media platform compared to the observed world. We
also rerun the same analysis but break participants down by Republicans, Democrats, and
Independents. We present the non-translated model outputs in Supplemental Materials
C. One benefit to our approach compared to referral analyses is that it also allows us to
control for other variables, such as sociodemographics, which we present as a robustness
check in Supplemental Materials D.

Another benefit of our approach is that it allows us to translate the counterfactual paths
to measure the effect of the counterfactual scenarios on other metrics of interest to extant
research. For example, two frequently estimated quantities in the literature on misinforma-
tion exposure are the percentage of people exposed to at least one misinformation website
and the average number of exposures among the exposed (A. Guess et al., 2020; R. C. Moore
et al., 2023). Under our methodological approach, we calculate these numbers under the
observed world and each of the counterfactual scenarios by summarizing to the individual
level and fitting a model similar to Equation (3):

Y; = (B, + uoi) + B, NoFacebook + f8,Nolnstagram + 3, NoReddit + f8,NoSnapchat
+ BsNoTikTok + B;NoTwitter + ,NoYouTube + ¢ (4)

This model operates at the individual-scenario level (i.e., not at the path level) and
similar to Equation (3) is fit using Maximum Likelihood (ML). We estimate one set of
models where Y; is a binary variable “1” or “0” representing whether the individual was
exposed to at least one misinformation website across all the paths in their counterfactual
scenarios. Thus, the coefficients here represent the change in the proportion of individuals
who were exposed to at least one misinformation website under the counterfactual scenario
without the given social media platform. We fit another set of models via (ML) where we
only include individuals who were exposed to at least one misinformation website and fit
the model with Y; being the number of visits to misinformation websites. Therefore, the
coefficients represent the change in the average number of visits to misinformation websites
among those who visited at least one misinformation website when the given social media
platform is inaccessible.
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Results
Exposure to Misinformation Under the Direct and Embedded Referrer Paradigms

We present the results of the direct and embedded referrer paradigms in Table 1, finding across
platforms that the direct referrer paradigm consistently underestimates the effects of social
media removal on misinformation exposure compared to estimates from the embedded referrer
paradigm. In examining visits to all misinformation websites, the direct referrer paradigm
suggests that Facebook directly preceded 9.25% of visits to all misinformation sites. In contrast,
the Embedded Referrer Paradigm suggests a larger impact, with 14.07% (95% CI = 10.96, 17.19)
more visits to all misinformation websites in a world with Facebook compared to the simulated
world without Facebook. The magnitude of the difference is even greater for Twitter, with the
direct referrer analysis indicating that Twitter directly preceded 2.17% of visits to misinforma-
tion websites, but the embedded referrer paradigm reveals that the world with Twitter results in
12.27% (95% CI =9.16, 15.39) more visits to misinformation websites compared to the simu-
lated world without Twitter. For YouTube, the direct referrer paradigm indicates that YouTube
directly preceded 2.08% of visits to misinformation sites. In contrast, the embedded referrer
paradigm shows that the world with YouTube had 4.92% (95% CI = 1.81, 8.04) more visits to
misinformation websites than the simulated world without YouTube.

The results generally hold when examining conservative, liberal, and non-ideological mis-
information websites. For example, Facebook directly preceded 11.43% of visits to liberal
misinformation websites, but the world with Facebook had 58.56% (95% CI =40.07, 77.04)
more visits to liberal misinformation websites than the simulated world without Facebook.
Examining Twitter and YouTube also revealed large discrepancies between the direct and
embedded referrer analyses for liberal misinformation. Reddit only directly preceded 0.20% of
visits to non-ideological misinformation. However, the observed world with Reddit had 18.22%
(95% CI = 6.02, 30.42) more visits to non-ideological misinformation than the simulated world
without Reddit, showing that the embedded referrer analysis can reveal how removing different
platforms may differentially impact visits to various types of misinformation websites in a way
that is not apparent under the direct referrer paradigm. Across partisans, results show differ-
ences between the direct and embedded referrer paradigms for both congenial and cross-cutting
misinformation. For example, among Republicans (Table 2), Twitter directly preceded 1.99% of
visits to congenial conservative misinformation, but the world with Twitter had 11.14% (95%
CI =7.55, 14.72) more visits to congenial conservative misinformation than the world without
Twitter. Or, among Democrats (Table 3), YouTube directly preceded 2.06% of visits to
congenial liberal misinformation websites. However, there were 32.09% (95% CI=11.58,
52.59) more visits to congenial liberal misinformation websites in the world with YouTube
compared to the simulated world without YouTube. Given these substantial differences, pre-
vious research operating under the direct referrers paradigm (e.g., Cardenal et al., 2019; Flaxman
et al,, 2016) to assess selective exposure would underestimate the effects of removing these
different platforms on partisans’ exposure to congenial misinformation. There are also notable
differences when examining cross-cutting misinformation. For example, among Democrats,
Facebook directly preceded 11.87% of visits to conservative misinformation websites, but the
embedded referrer paradigm suggests that the world with Facebook results in 21.51% (95% CI =
14.68, 28.34) more visits to this cross-cutting misinformation than the world without Facebook.

Among Independents (Table 4), Reddit directly preceded 0.40% of visits to non-
ideological misinformation websites, but the world with Reddit had a staggering 55.14%
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(95% CI=23.53, 86.75) more visits to non-ideological misinformation sites than the
scenario without Reddit.

In comparing the two paradigms, we generally find that analyses under the embedded
paradigm yields larger “effects” compared to the direct referrer paradigm for platforms with
more visits in our dataset (i.e., Facebook, Twitter, YouTube). In contrast, platforms with
fewer web visits in our dataset (i.e., Instagram, TikTok, Snapchat) demonstrate statistically
similar results between the two paradigms. One platform (Reddit) produces mixed results.
However, when examining differences by device use (see Supplemental Materials K, L, and
M; Tables S29, S32, S35), we find distinct patterns in which platform removals drive these
effects. For desktop users, removing Facebook and Twitter shows the strongest effects on
misinformation exposure, while for smartphone users, removing Facebook and YouTube
shows the largest effects. These device-specific differences are particularly pronounced for
liberal and non-ideological misinformation, where significant platform removal effects are
observed primarily among desktop users.

While the above results are informative of platforms’ role in misinformation expo-
sure, we also examined the ratio of high-quality news to misinformation visits to
quantify the relative impact of platform removal on different types of content (see
Table 5). This ratio, derived from the point estimates of the embedded referer models
(for high-quality news websites model results, see Supplemental Materials G; for low-
quality news websites model results, see Supplemental Materials H), represents how
many high-quality news visits would be reduced for each reduced misinformation visit
in a world without a given platform. Across platforms, we find that removing access
would disproportionately affect high-quality news exposure compared to misinforma-
tion exposure. For Facebook, the ratio is 73.3, indicating that for every reduced
misinformation visit, there would be 73.3 fewer visits to high-quality news sites.
Other platforms show even larger ratios, such as Reddit (317.0). These ratios vary
substantially by content ideology. For conservative content, Facebook shows a ratio of
0.5, indicating that removal would reduce conservative misinformation visits more
than conservative high-quality news visits. In contrast, platforms show larger positive
ratios for liberal content (e.g., Reddit: 328.0) and especially non-ideological content
(Facebook: 917.9, Instagram: 10,354.0), indicating that removal would have a much
stronger effect on high-quality news exposure than misinformation exposure for these
content types. For more details, see Supplemental Materials I.

Table 5. Embedded Referrers paradigm results for ratio of high-quality news to misinformation websites.

All High: Conservative High: Liberal High: Non-ldeological High:

Platform Misinformation Misinformation Misinformation Misinformation
NoFacebook 733 0.5 43 917.9
Nolnstagram 160.2 -18.3 —Inf 10,354.0
NoReddit 317.0 13.7 328.0 539.0
NoSnapchat -12.1 25.0 —Inf 2099.0
NoTiktok -290.3 1213 —Inf 1114.7
NoTwitter 78.0 5.2 11.6 645.5
NoYoutube 101.2 4.4 -0.8 3751.6

Note: Nparticipants = 1,240. Nsegsions= 395,936. Values are the ratio of the coefficients of high-quality news to misinformation.
The scenario variables represent the change in the number of exposures per path in the scenario without the given social
media platform. “Inf” indicates the ratio is undefined: the estimated change in misinformation exposure (the denominator)
was zero for these platforms, so dividing the (negative) high-quality-news estimate by zero yields negative infinity.
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Proportion of Individuals Exposed to Misinformation

The embedded referrer paradigm enables the calculation of alternative metrics that are
central in the extant misinformation literature; for example, the proportion of individuals
exposed to at least one misinformation website (A. Guess et al., 2020; R. C. Moore et al,,
2023) (Table 6). Our model estimates indicate that 43.5% of participants were exposed to at
least one misinformation website in the observed world, though this varies substantially by
device type (45.8% for desktop users vs 31.3% for mobile users; see Supplemental Materials
K, L, and M; Tables S30, S33, S36). In the counterfactual scenario without Facebook, the
overall percentage exposed drops by 6.4% (95% CI=5.5, 7.3) to 37.1%, with this effect
driven primarily by desktop users, where removing Facebook reduces exposure by 8.0%
compared to minimal effects on mobile. Similarly, while removing Twitter and YouTube
shows significant effects on exposure in desktop browsing, the impact of their removal is
minimal in mobile-only paths. These effects also vary by partisan identity (see Supplemental
Materials E, Tables S9-S11), with Republicans showing the highest baseline exposure
(55.4%) compared to Democrats (35.9%) and Independents (45.2%). While the effects of
removing Facebook are relatively consistent across partisan groups (reducing exposure by
6.7% for Republicans, 6.0% for Democrats, and 6.8% for Independents), removing other
platforms shows asymmetric effects. Democrats show significant reductions in exposure
from removing both Twitter (-2.7%) and YouTube (-3.0%), while removing these plat-
forms shows no significant effects on overall exposure among Republicans or Independents.

Exposures to Misinformation Among the Exposed

Similarly, we can calculate counterfactual changes among another metric of interest to
the extant misinformation literature, the average number of exposures to misinforma-
tion among those exposed (A. Guess et al., 2020; R. C. Moore et al., 2023) (Table 7).
For example, individuals who visited at least one misinformation website were exposed
to 44.2 misinformation websites (95% CI=29.7, 58.8). Then, in the scenario without
Facebook, those exposed had 6.2 (95% CI=3.6, 8.9) fewer visits. These effects vary
substantially by device type (see Supplemental Materials K, L, and M; Tables S31, S34,
S37). Desktop users show both higher baseline exposure (49.5 visits vs 22.9 visits for
mobile) and stronger effects of platform removal, with removing Facebook reducing
visits by 7.4 visits on desktop compared to 1.7 visits on mobile. While removing
Twitter significantly reduces exposure on desktop (—6.7 visits for all misinformation),
the effects of its removal are not significant on mobile. Conversely, removing YouTube
shows significant effects on mobile (-1.3 visits) but not desktop. The intensity of
exposure also varies markedly by partisan identity (see Supplemental Materials F,
Tables S12-S14), with Republicans showing substantially higher baseline exposure
(79.1 visits) compared to Democrats (13.7 visits) and Independents (35.8 visits). The
effects of removing Facebook are strongest among Republicans (-7.6 visits) and
Independents (—8.0 visits), while the effects of removing Twitter are primarily con-
centrated among Republicans (-9.0 visits for all misinformation).
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Table 7. Average number of exposures to misinformation websites among those exposed to at least one
misinformation website (embedded referrer paradigm).

Conservative Non-ldeological
All Misinformation Misinformation Liberal Misinformation Misinformation
Term Est. (@] Est. Cl Est. (@] Est. al
Fixed Effects
Bo (Constant) 44.244%**  [29.725, 19.681**  [5.608, 19.681**  [5.608, 8.285*** [4.223,
58.763] 33.754] 33.754] 12.348]
B, NoFacebook —6.217***  [-8.855, —7.353** [-12.547, —7.354** [-12.547, -1.422 [-3.191,
—3.579] —2.160] —2.160] 0.347]
B, Nolnstagram -0.433 [-3.071, —0.001 [-5.195, —0.000 [-5.193, —0.012 [-1.781,
2.205] 5.193] 5.193] 1.757]
B3 NoReddit —0.846 [-3.484, —0.027 [-5.220, —-0.027 [-5.220, -1.379 [-3.147,
1.792] 5.167] 5.167] 0.390]
B4 NoSnapchat —0.004 [-2.642, 0.008 [-5.186, 0.008 [-5.186, 0.004 [-1.765,
2.634] 5.201] 5.201] 1.773]
Bs NoTikTok 0.011 [-2.627, —0.001 [-5.194, —0.001 [-5.195, —0.034 [-1.803,
2.649] 5.193] 5.193] 1.734]
Bs NoTwitter —5.428***  [-8.066, —3.043 [-8.237, —3.044 [-8.237, -1.805* [-3.573,
—2.790] 2.151] 2.150] —0.036]
B; NoYouTube —2.206 [-4.843, -3.681 [-8.875, —3.680 [-8.874, —0.160 [-1.929,
0.432] 1.513] 1.514] 1.609]
Random Effects
sd(uo) 170.660  [160.759, 74.542 [65.464, 74.542 [65.464, 26.651 [24.023,
181.170] 84.878] 84.878] 29.566]
Model Fit
LogLikelihood -21170 —4377 —4377 -5629
AIC 42,360 8773 8773 11,279
BIC 42,423 8822 8822 11,332

Note: Nparticipants Al = 540. Npanicipants Conservative — 116. NparticipamsLiberaI =116. NparticipantsNonIdeoIogicaI =183. The Constant
represents the average number of exposures among those who were exposed to at least one misinformation website. The
scenario variables represent the change in the average number of exposures in the scenario without the given social media
platform. Est. = estimate. Cl = Confidence Interval (95% confidence interval). ***p <.001. **p <.01. *p <.05. p-values are
two-sided.

Discussion
Summary of Findings

The effects of removing social media platforms on citizens’ exposure to political misinfor-
mation differ dramatically between the direct and embedded referrer paradigms. While
previous political communication research has focused on direct exposure pathways, our
analysis reveals a more complex picture of how the removal of platforms influences political
information environments. The direct referrer paradigm suggests a modest role for social
media platforms in driving visits to misinformation websites (e.g., Twitter directly preceded
2.17% of misinformation visits in our data). However, our analysis under the more
comprehensive embedded referrer paradigm reveals that the effects of removing social
media on political information exposure are substantially larger than previously under-
stood. By comparing simulated counterfactual worlds with and without seven different
social media platforms, we find that the total effects of platform removal on political
misinformation exposure are consistently larger than direct referral measures would sug-
gest. For example, in the observed world, there were 12.27% more visits to misinformation
websites than in the simulated world without Twitter, an effect over five times larger than
Twitter’s estimated role under the direct referrer paradigm. Although the general pattern of
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greater effects from platform removal held across platforms and misinformation types, the
magnitude of effects varied meaningfully across partisan groups, suggesting the distinct
effects of removing different platforms on exposure to ideologically aligned versus cross-
cutting misinformation.

Beyond these misinformation exposure patterns, our embedded referrer paradigm
reveals differential effects on information quality that have implications for understanding
platforms’ role in the broader information ecosystem. Our analysis of the ratio of high-
quality news to misinformation visits demonstrates that platform removal would dispro-
portionately affect high-quality news exposure compared to misinformation exposure. For
Facebook, removing the platform would reduce high-quality news visits by 73.3 times for
every reduced misinformation visit, while other platforms show even larger ratios (e.g.,
Reddit: 317.0). These ratios vary substantially by content ideology. For conservative con-
tent, Facebook shows a ratio of 0.5, indicating that removal would reduce visits to con-
servative misinformation more than visits to conservative high-quality news. In contrast,
platforms show much larger ratios for liberal content (Reddit: 328.0) and especially non-
ideological content (Facebook: 917.9, Instagram: 10,354.0). These findings reveal that social
media platforms may function as conduits for high-quality news consumption and that
their role in the information ecosystem extends well beyond their role in misinformation
exposure. This pattern holds important implications for both the theoretical understanding
of how platforms shape political information environments and for evaluating potential
interventions aimed at reducing misinformation exposure.

Contributions

Our study makes four core contributions to political communication theory and methodol-
ogy. First, we introduce the embedded referrer paradigm as a new framework for under-
standing how social media shapes citizens’ exposure to political information. This paradigm
advances political communication research by accounting for both direct and indirect
pathways through which platforms influence information exposure, including (1) exposure
through intermediary websites that direct to political misinformation (e.g., Facebook —
blog post = misinformation website) and (2) activation of political information-seeking
behaviors that persist after leaving the platform. The embedded referrer paradigm provides
a more comprehensive theoretical account of how social media shapes political information
environments than the direct referrer paradigm used in existing literature. The direct
referrer paradigm, which focuses only on instances in which social media directly precedes
visits to political information, does not account for the two possibilities for social media’s
additional influence. We argue that this conceptualization presents a limited view of plat-
forms’ roles and effects. While studies operating under the direct referrer paradigm often
make conclusions that suggest more comprehensive documentation of social media’s effects
than the limited set of scenarios they ultimately analyze, our embedded referrer paradigm
encapsulates a more comprehensive account. Furthermore, while our analysis is limited to
social media’s role in exposure to misinformation, the embedded referrer paradigm can be
used to conceive of social media platforms’ role in exposing people to any political
information source.

Second, we use a simulation-based approach to operationalize the embedded referrer
paradigm and reveal the extent to which conclusions about social media’s role in leading to
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misinformation may differ depending on which paradigm is used. While studies under the
direct referrer paradigm simply count instances of social media use that precede misinfor-
mation visits to attribute responsibility to social media, our analysis under the embedded
referrer paradigm accounts for more of the ways social media can influence people’s online
behaviors. This more comprehensive approach compares misinformation visits in counter-
factual worlds without social media.

Third, our empirical findings reveal how the direct referrer paradigm systematically
underestimates the effects of social media removal on political misinformation exposure,
with important variations across both platforms and partisan groups. While this under-
estimation is consistent across all seven platforms we study, the magnitude varies in
theoretically meaningful ways. For certain combinations of platforms and misinformation
types, the embedded referrer paradigm reveals effects 15+ times larger than those estimated
under the direct referrer paradigm, suggesting that removing some platforms has particu-
larly strong indirect effects on political information exposure. These platform-specific
effects are further shaped by partisan dynamics. For instance, removing Twitter shows
especially strong effects among Republicans compared to Democrats, while removing other
platforms like Facebook shows more symmetric partisan effects. In terms of selective
exposure dynamics, in which social media platforms systematically expose partisans to
congenial misinformation, there are both important differences in effects across platforms
(Tables 2 and 3, direct referrers estimates), important as many of the previous studies only
focus on one platform (e.g., Bakshy et al., 2015; Shin, 2020), but perhaps more important are
the drastic differences between the direct and embedded referrers paradigms for certain
platforms. The embedded referrers estimate for the effect of removing Twitter on con-
servatives’ exposure to congenial misinformation is over 5x the direct referrers estimate,
and for the effect of removing YouTube on liberals’ exposure to congenial misinformation
is nearly 16x the direct referrers estimate. If one conceptualizes selective exposure as being
consequential for misinformation exposure not only in exposing people directly to like-
minded dubious content but also for creating a personalized information ecosystem that is
likely to beget exposure to and belief in misinformation (Rhodes, 2022), the effects we
estimate are an important contribution. Together, these findings advance our understand-
ing of how different platforms may reinforce or challenge partisan information diets, while
demonstrating that previous research has underestimated social media’s overall influence
on political misinformation exposure.

Finally, our fourth contribution is the potentially important evidence it offers for
regulators and policy makers considering the role of platforms in the media ecosystem.
There have been a number of policy proposals worldwide to ban some large social media
platforms, such as a proposed ban of TikTok at the federal level in the United States (e.g.,
Shepardson, 2024). Our simulation approach offers some counterfactual evidence for policy
makers to consider regarding the effect of such a ban on news consumption patterns. Both
to illuminate policy implications, and as a robustness check, we calculate results comparable
to our main misinformation findings for high-quality (see Supplemental Materials G) and
low-quality news websites (see Supplemental Materials H), as well as the ratio of high-
quality news to misinformation (see Supplemental Materials I) and low-quality news
websites (see Supplemental Materials J). These additional results allow for comparisons
for policy implications. Consider, for example, a scenario in which Facebook was banned.
Our simulation data suggest that such a ban would reduce exposures to misinformation by
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14.1% (see Table 1). However, for every one reduced exposure to misinformation, the ban
would reduce visits to high-quality news by 73.3 times (see Supplemental Materials I, Table
§23). Taken together, these data suggest that banning a platform like Facebook could
potentially do more harm than good, from a news quality perspective. While the evidence
from these simulations are obviously subject to important limitations, they offer otherwise
unavailable counterfactual data for various regulatory options regarding restricting access
to social media platforms.

Future Research

The present study inspires three broad directions for future research. First, future research
should explore the mechanisms behind the embedded referrer paradigm. While our find-
ings demonstrate that this more comprehensive paradigm attributes greater responsibility
to social media in leading people to misinformation compared to the direct referrer
paradigm, it is unclear how these influences occur. Platforms may expose people to
intermediary websites (e.g., blog posts, forums) that then expose them to misinformation.
They may also direct people to content that prompts psychological responses (e.g., priming
a specific topic) that lead to searches or other online behaviors and ultimately to misinfor-
mation. Future work should also seek to illuminate the mechanisms behind these results, for
example, if there are specific intermediate websites that may be pathways between social
media and misinformation websites under the embedded referrer paradigm.

In addition, in seeking to explicate and provide an operational example of the direct
versus embedded paradigms, we analyze social media platforms because of the emphasis
extant literature has placed on social media platforms and their role in referring individuals
to misinformation websites (e.g., Allcott & Gentzkow, 2017; Allen et al., 2020; Fox, 2018;
Frenkel, 2021; A. Guess et al., 2020; Jones-Jang et al., 2021; Lee et al., 2023; Luk et al., 2021;
R. C. Moore et al., 2023, 2024; Myers, 2022; Neyazi et al.,, 2022; Warner et al., 2021).
However, our methodological framework can also be applied to any type of website. While
the present research treats social media platforms as the counterfactual point of interest,
future research can use the framework to treat social media as an intermediate state and
conduct analyses to understand how other counterfactual scenarios may impact social
media visits. In other words, social media and misinformation may be an exemplary case
for our framework, but it is far from the only potential use of the framework.

Furthermore, future research should carefully analyze people’s online journeys to under-
stand the social media to misinformation pipeline more precisely; for example, via quali-
tative analysis of web browsing histories (e.g., Moore et al., 2024). Doing so not only refines
our theoretical understanding of how social media shapes exposure to misinformation but
may also suggest viable opportunities for interventions or policies to lessen social media’s
influence on misinformation consumption. Another avenue for future work is to combine
the URL-level visit data with web scraping to capture the content on the pages people visited
(Wojcieszak et al., 2024). This technique could provide further insight into the mechanisms
of influence that alter the relationship between social media platforms and misinformation
website visits. However, this web scraping task requires nuance due to systematic bias in the
underlying technical infrastructure of different types of websites, like misinformation and
news websites (Dahlke et al., 2025).
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Second, future research should build upon our work by conducting experiments to infer
causality more directly. To measure social media’s total effects, researchers can manipulate
whether individuals have access to particular platforms, similar to Allcott et al. (2022)
paying individuals not to use Facebook, Aridor (2023) paying people not to use YouTube or
Instagram, and Walsh et al. (2021) paying participants not to use Facebook, Twitter,
Snapchat, or Instagram. This experimental elimination is notably similar to our in silico
scenarios, where we remove platforms and measure the system’s outcomes. These past
studies examined other outcomes, including well-being (Allcott et al., 2022; Walsh et al,,
2021) and social media use (Aridor, 2023). Still, future research could measure misinforma-
tion exposure as the primary outcome of interest. One advantage of our study is that, by
using simulation, we could examine many different combinations of platforms and mis-
information types, and future research can more closely examine specific platforms and
misinformation.

Third, neither social media (Fan et al., 2024; Fu, 2023; Lee et al., 2022; Munger et al,,
2024; Papathanassopoulos et al., 2013; Rossini, 2023; Scherman et al., 2022; Tong et al,,
2021; Vaccari, 2021) nor misinformation is a U.S.-only phenomenon (Lukito, 2024). Thus,
our study only covers a portion of the global relationship between social media and
misinformation. Other research uses similar web-browsing data as the present study in
contexts outside of the United States, including Brazil (e.g., Mont’alverne et al., 2024),
France (e.g., Altay et al., 2022), Germany (e.g., Altay et al., 2022), India (e.g., Mukerjee,
2024), Netherlands (e.g., Wojcieszak et al., 2024), Poland (e.g., Wojcieszak et al., 2022,
2024), and the United Kingdom (e.g., Altay et al., 2022; Fletcher et al., 2023; Nielsen &
Fletcher, 2022). These non-U.S. data can be used for analyses under the embedded referrer
paradigm. However, a challenge to expanding the method to outside of the U.S. is that, to
our knowledge, there are few equivalent experimental deactivation studies from outside the
U.S. that can provide an estimates of diversion ratios, a key input to the present method (i.e.,
how we use the results from Aridor, 2023). Therefore, future experimental studies should
expand on deactivation studies outside the U.S. to provide researchers with the inputs
needed to conduct embedded referral analyses in contexts outside of the United States,
particularly the Global South, to provide a more global, comprehensive view on the
connection between social media platforms and misinformation websites. Moreover, to
meet calls for more work that combines experimental and simulation-based studies (e.g.,
Hammond & Barkin, 2024; Schwabl et al., 2024), both inside and outside the United States,
more experimental work needs to be conducted to estimate the substitution of social media
in scenarios in which a given platform cannot be visited. More experimental studies can
provide additional experimental inputs to the embedded referrer paradigm (beyond Aridor,
2023) and thus provide more robust estimates of the effect of social media on visits to
different types of websites.

Limitations

First, the multinomial logit model makes IID (independently and identically distributed
[error terms]), IIA (independence of irrelevant alternatives), and Markov assumptions.
Similar work operates under these assumptions (e.g., Vermeer & Trilling, 2020). In
addition, we do not explicitly model for substitution to nonsocial media use, something
that recent work has found occurs when use of social media platforms is restricted (e.g.,
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Allcott et al., 2024). For example, in a scenario where one could not use Facebook, one
could possibly increase face-to-face interactions instead of fully substituting time to
alternative social media. This assumption, while strong, likely means we underestimate
the magnitude of our effect sizes. For example, spending time on a substituted social
media platform likely comes with some probability of ultimately visiting
a misinformation website whereas offline activities would have a lower probability of
leading to such websites. Of course, these offline interactions could also expose people
to more misinformation (e.g., misinformation from a family member), but it is unclear
how these offline interactions could lead to more misinformation website visits. Future
work can alleviate these concerns by explicitly modeling temporal interdependence
between observations within individuals, implementing flexible choice models allowing
for varying degrees of substitution (including to offline and nonsocial media), and
including higher-order Markov models to consider more than a user’s immediate past
state.

Our data from YouGov’s Pulse browser plugin has limitations. Our data’s representa-
tiveness, gathered from U.S. residents via YouGov Pulse, is limited due to self-selection bias,
impacting generalizability (Bosch et al., 2023; Gil-Lépez et al., 2023). This issue is common
in web-browsing studies requiring software installation or data donation (Casas et al., 2022;
Guess, 2021; Stier et al., 2022; Weeks et al., 2021; Wojcieszak et al., 2021, 2021). The YouGov
Pulse panel underrepresents individuals without a high school diploma and leans
Democratic but broadly resembles the American adult population (A. Guess et al., 2020).
Concerns about altered browsing behavior due to observation (Hawthorne Effect) seem
minimal (Bail et al., 2018; Yeykelis et al., 2018), as evidenced by sensitive website visits, such
as pornography, in our data. The software also records website visits in web browsers but
not activities in standalone apps, a notable gap given the prevalence of app usage on
smartphones (Wurmser, 2019).

Additionally, the URL data only captures instances leading to new URLs. For example,
misinformation exposure while scrolling through a Facebook feed would not generate a new
URL (Ellison et al., 2020) and would be unobserved. Relatedly, the device composition of
our sample has important implications for understanding different platforms’ roles in
misinformation spread and the generalizability of our estimates. Our desktop-heavy sample
shows substantially different patterns across devices (see Supplementary Materials K and L).
Desktop users exhibit both higher baseline exposure rates (45.8% vs 31.3% for mobile) and
more frequent visits when exposed (49.5 vs 22.9 visits on average). Moreover, platform
effects are consistently stronger on desktop. For instance, removing Facebook reduces
misinformation exposure by 7.4 visits on desktop but only 1.7 visits on mobile. However,
this desktop-centric view may not fully capture the impact of mobile-first platforms.
Platforms like TikTok, Instagram, and Snapchat show minimal effects in our analysis, but
this may reflect our data collection limitations, as their primary mode of content discovery
and sharing occurs through mobile app interactions that our browser-based tracking cannot
capture. The differences between desktop and mobile results, particularly the weaker and
fewer significant platform effects on mobile, suggest our findings may be most representa-
tive of desktop-based information consumption patterns. Given the prevalence of mobile
social media use in the general population, our results should be interpreted as conservative
estimates, particularly for mobile-centric platforms, and the total impact of social media on
misinformation exposure may be larger than our analysis indicates.
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In the present study, we discuss social media exposing partisans to congenial misinfor-
mation as evidence of selective exposure. While we note that this operationalization follows
others who have explored dynamics of partisan exposure to news via web browsing data
(Cardenal et al., 2019; A. Guess et al., 2020; Rao et al., 2022), important assumptions are
being made that are necessary to consider when evaluating our findings. Specifically,
participants in our data may have clicked on links to sites out of habit or due to being
lured by certain features of content (e.g., clickbait titles, social endorsement cues), different
from canonical selective exposure behavior of deliberately seeking congenial information to
support existing beliefs. Without knowing participants’ intentions as they browsed the web,
it is hard to know which processes and motivations specifically drove the website visits we
observed. One approach that may bolster digital trace data, such as web browsing data, is to
pair it with targeted survey questions prompting deeper reflection and reporting from
participants about their selective and incidental exposure activities (e.g., Shin, 2020).
Regarding incidental exposure, we also do not make claims about incidental exposure
dynamics in our data. We cannot know the exact processes of deliberate seeking vs.
accidental or habitual exposures that precipitated news and misinformation exposures in
our data. Following past work, we frame some of our findings in terms of selective exposure
because of the concordance between user and misinformation outlet partisanship. Still, we
again reiterate caution in interpreting those findings as a specific selective exposure
behavior or process, as our behavioral data leave questions of user intention unanswered.

Furthermore, our data were collected during a politically consequential period: the 2020
U.S. Presidential Election, which coincided with the COVID-19 pandemic. This unique
temporal context likely shaped both political information seeking and platform usage
patterns. During this period, Americans possibly spent more time online and on social
media, while simultaneously navigating two major challenges to democratic discourse:
unprecedented electoral misinformation about voter fraud and widespread health-related
falsehoods (Dahlke & Pan, 2024; Kasimov et al., 2023; Prochaska et al., 2023; Starbird et al.,
2023). The convergence of these factors created a distinctive political communication
environment where citizens faced competing narratives about both democratic institutions
and public health. While studying this period provides valuable insights into how social
media shapes exposure to political misinformation during moments of democratic stress,
future work should examine whether these patterns hold during non-election periods and
times of relative political stability (Munger, 2023). Such comparative analyses would help
distinguish between platform effects that are specific to high-stakes political moments
versus those that persist across different political contexts.

Finally, we operationalize misinformation exposure as visits to domains known for false
and misleading news content, a common approach in research, in particular in work using
the direct referrer paradigm (Allcott & Gentzkow, 2017; Allen et al., 2020; Grinberg et al.,
2019; A. Guess et al., 2020; R. C. Moore et al., 2023). However, this approach is not without
important limitations. Classifying misinformation websites at the domain-level means that
we do not capture all misinformation exposures, such as misinformation found on generally
credible sites (e.g., on published pages, in comments sections). While identifying misinfor-
mation at the webpage-level rather than the domain-level would be ideal, several persistent
issues complicate identifying misinformation at the webpage-level. For one, it is notoriously
difficult to use automated approaches to identify misinformation on the web at scale - for
example Conti et al. (2017) found that classification F-scores never exceeded 0.7,
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a minimum standard for accurate classification. Moreover, manual annotation is not
feasible considering the 21 million website visits in our data. Wisdom of Crowds (e.g.,
Allen et al., 2021) or large language model-based approaches may help make progress in this
area in the future, but creating and validating such a technique would require
a methodology paper on its own. Dahlke et al. (2025) also documented how content on
misinformation websites was more difficult to scrape retrospectively compared to other
website types, further complicating the identification of specific misinformation articles
regardless of the specific approach taken. While these challenges, in addition to facilitating
direct comparability with existing research using the direct referrer paradigm, are reasons
why we took a domain-level approach to identifying misinformation in this paper, we
acknowledge the important limitations of the approach. An important priority for research
in this area will be to develop methods and tools to facilitate accurate, reliable, and
replicable classification of misinformation at the webpage-level. Finally, and relatedly, our
approach may overlook misinformation prevalent in emerging media such as in-app videos
on platforms like TikTok. Future work should develop tools and databases for identifying
misinformation across various formats, including images and videos (Peng et al., 2023).

Notes

1. Some studies have examined scenarios in which individuals cannot visit a given social media
site to study various outcomes. These studies include experimentally restricting access to
a given platform (e.g., Allcott et al., 2020, 2022, 2024; Aridor, 2023) or examining periods of
time when a given platform was unavailable because of a company-side outage (e.g., Andersson
& Danielsson, 2023; Liao & Sundar, 2022; Motta et al., 2023; Sek$cinska & Jaworska, 2022;
Shousha & Abdelgawad, 2021) or government-created social media blackout (e.g., Dunn, 2011;
Rydzak, 2019; Shah et al., 2021). Other studies have manipulated on-platform content, such as
newsfeeds, in various ways (e.g., Bond et al., 2012; Guess et al., 2023a, 2023b; Nyhan et al,,
2023).

2. https://www.newsguardtech.com/
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