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Social media giants like Meta, Google, and X leverage powerful algorithms to personalize user feeds, a practice

now under intense public scrutiny. These algorithms can inadvertently skew the information users consume,

potentially influencing political opinions and voting decisions. This raises critical questions: Do social media

platforms foster misinformation and contribute to echo chambers?

To address this ongoing debate, our study directly compares news exposure on Facebook (where algo-

rithmic influence is strong) with news consumption off-platform (where user behavior plays a larger role).

Specifically, we investigate: (1) Are users exposed to more/less misinformation on Facebook compared with their
off-platform misinformation consumption? (2) Is news exposure on Facebook more/less diverse than off-platform
news consumption? (3) To what extent do socio-demographic and psychological factors influence misinformation
exposure on Facebook and consumption off Facebook? (4) Is there a relationship between socio-demographic and
psychological factors and news diversity on and off Facebook? and (5) Is users’ exposure to misinformation on
Facebook correlated to off-platform news consumption?

The longstanding biggest barrier to answering these questions has been the lack of access to data on what

information users see and consume while browsing the Internet. In this paper, we use a measurement approach

that asks a panel of users to donate data about the content they see online. For this, we designed a tool to

collect traces of all news articles that individuals encounter on their desktop Facebook timeline and while

they browse the Internet (off Facebook), along with signals about how users interact with them (e.g., clicks,

time spent reading). Our tool observes content and interactions on and off Facebook on 4,149 news media

domains sourced from Media Bias Fact Check and NewsGuard. Alongside the news post and article collection,

we conduct surveys to gather socio-demographic and psychological data from our participants.

Our study of 123,995 news-related posts on Facebook and 70,587 news articles visits off Facebook, collected

from 642 users during 12 weeks, reveals the following central findings: (1) Only a small fraction 4% of users’

news consumption off Facebook is driven by news exposure on Facebook, and only 5.7% of misinformation

consumption off Facebook is driven by news exposure on Facebook. (2) There is a higher prevalence of

misinformation in user-received content on Facebook compared to deliberately consumed content off-platform.

On Facebook, 5.9% of our users’ news exposure comes from sources known for spreading misinformation,

while off-platform, only 2.6% of our users’ news consumption is from misinformation sources. Conversely,

Facebook presents more diverse content – 22% of users received content from only one political leaning on

Facebook, compared to 36% of users who consumed content from only one political leaning off-platform.

(3) Several socio-demographic and psychological factors showed a statistically significant correlation with

misinformation exposure on Facebook but not misinformation consumption off Facebook. (4) The proportion

of misinformation consumed off Facebook emerged as a statistically significant predictor of users’ exposure to

misinformation on Facebook, independent of news consumption on Facebook.
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1 Introduction
Social media platforms have become a primary news source for many individuals, with nearly half of

U.S. adults relying on these platforms, particularly Facebook, as their main news source [125]. This

shift has raised concerns about the influence of social media on public debate and opinion [17, 73, 96,

102, 116]. Unlike traditional news sources, news on social media appears passively in feeds through

friends’ posts, targeted ads, and algorithmic recommendations, often without users intentionally

seeking it [71, 128]. This passive exposure means social media platforms can potentially have

a strong role in shaping public opinion on a large scale. High-profile incidents underscore this

potential. For instance, the Cambridge Analytica scandal collected personal data from millions of

Facebook users to create psychological profiles for highly targeted political advertising in the 2016

U.S. presidential election. These ads were designed to sway voter behavior, potentially impacting

the outcomes of these elections [69]. Another example is the Internet Research Agency (IRA)

interference, a Russian organization that used fake accounts to target U.S. voters to influence

public opinion during the 2016 election [99]. More recently, during the COVID-19 pandemic,

misinformation about vaccines, treatments, and the virus itself spread widely on social media,

leading to public confusion and increased vaccine hesitancy [107].

Social media algorithms play a crucial role in shaping news exposure by determining what

content appears in users’ feeds. These algorithms, while designed to maximize engagement by

showing users content that aligns with their interests, can inadvertently create echo chambers.

This occurs when users are primarily exposed to information that reinforces their existing beliefs,

limiting their access to diverse perspectives. Furthermore, these algorithmsmay promote misleading

and false content because such content may generate more engagement. As a result, users encounter

misinformation more frequently, contributing to its spread across social networks. Given these

concerns, previous research has examined the biases introduced by social media algorithms in

shaping information exposure. Studies have attempted to understand the role of these algorithms

in fostering echo chambers. However, the findings have been varied, leading to an ongoing debate.

One perspective challenges the notion that echo chambers are primarily created by social media

algorithms [14, 28, 39, 61, 104]. Conversely, other studies have provided evidence that social media

algorithms can indeed increase political polarization by limiting exposure to counter-attitudinal

news [76]. In addition to examining polarization, previous research has also investigated exposure to

misinformation [13, 20, 32, 65, 67, 77, 126]. Moreover, previous research, particularly in psychology,

have investigated the characteristics of users who are more susceptible to misinformation [3, 10,

19, 74, 83, 90, 92, 97, 106, 113, 117, 120].

To contribute to the debate, this study employs a unique dataset we built by asking a panel of

users to share data on the news content they encounter online. We developed a tool to collect the

news articles users see on their desktop Facebook timelines and while browsing the Internet (off

Facebook), including information about their interactions (e.g., clicks, time spent reading). Our tool

tracks news content and interactions across 4,149 news media domains, sourced from Media Bias
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Fact Check and NewsGuard. Additionally, we conducted surveys to gather socio-demographic and

psychological data from participants. Overall, our dataset includes 123,995 news-related posts on

Facebook and 70,587 news articles visited off Facebook, collected from 642 U.S. users over 12 weeks

between November 2020 and February 2021
1
.

The dataset contrasts data on news exposure on Facebook, where algorithms likely play a

stronger role, with data on news consumption off Facebook, where user behavior may have a

greater influence. This provides a unique opportunity to determine whether social media indeed

leads to greater exposure to misinformation and echo chambers compared to news consumption

on media websites. Additionally, the dataset allows us to examine whether different user attributes,

such as socio-demographics and psychological factors, shape news exposure on Facebook and news

consumption off Facebook.

We start in Section 3 by addressing two core questions: (1) Are users exposed to more or less
misinformation on Facebook compared to their off-platform news consumption? and (2) Is news
exposure on Facebook more or less diverse than off-platform consumption? Our findings indicate that
a majority of users 72% of users encounter equal or more misinformation on Facebook than off it,

and a substantial 22% of users experience twice the fraction of misinformation on Facebook than

off it. Users are also more likely to find politically balanced content on Facebook compared to their

off-platform news consumption. We find that 22% of users received content from only one political

leaning on Facebook, compared to 36% of users who consumed content from only one political

leaning off-platform. We also observe that only 4% of users’ news consumption off Facebook is

driven by news exposure on Facebook, and only 5.7% of misinformation consumption off Facebook

is driven by news exposure on Facebook.

We then explore in Section 4 the role of user attributes in shaping news exposure on Facebook and

news consumption off Facebook. Specifically, we investigate (3) To what extent do socio-demographic
characteristics (ethnicity, religion, partisanship, community, education, age, gender) and psychological
factors (authoritarian attitudes, stress and anxiety, threat management system and need for closure)
influence misinformation exposure on Facebook and consumption off Facebook? and (4) Is there a
relationship between these factors and the political balance of news on and off Facebook? While

previous works have addressed parts of these questions, they often relied on proxy data that could

not capture precise exposure, they were unable to contrast factors influencing exposure with factors

influencing consumption, and only focused on a subset of the factors we consider [90].

We find no strong correlation between these user attributes and misinformation off Facebook.

However, we find that several factors such as “Community: Suburban and rural”, “Education: High

school”, “Age: [25-34]”, and “Partisanship: Republican” significantly correlated with increased

exposure to misinformation on Facebook; raising questions about how algorithmic amplification

may interact with specific user attributes to selectively surface particular types of content—most

notably, misinformation. While Republican partisanship demonstrates a correlative relationship

with both political balance in news exposure and consumption, alternative psychological variables

exhibit a disjunctive correlation, influencing either news exposure or news consumption, but not

both simultaneously.

Finally, Section 5 investigates (5)Whether off-platform news consumption correlates with users’
exposure to misinformation on Facebook. Specifically, we examine whether users who consume

misinformation off Facebook during time slice 1 tend to be exposed to more of it on the platform

in time slice 2. External website tracking by Facebook, notably the Pixel
2
on news sites, could be

the cause. Prior research indicates that news websites are more likely than others to include the

1
https://github.com/Nardjes-Am/A-Comparative-Study-of-News-Exposure-and-Consumption-On-and-Off-Facebook.git

2
A tracking tool that advertisers can install to track site visitors and facilitate ad retargeting.
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Facebook Pixel [16, 22]. Our findings reveal that the proportion of misinformation consumed off

Facebook emerged as a statistically significant predictor of users’ exposure to misinformation on

Facebook. Crucially, this association persists independently of its correlation with the fraction of

misinformation consumed on Facebook. This suggests that users’ news browsing habits beyond

Facebook may influence the type of news they encounter on the platform.

Overall, our paper offers a unique perspective by contrasting news exposure on Facebook

with news consumption off the platform. Our findings highlight several socio-demographic and

psychological attributes that are correlated with the prevalence of misinformation and political

polarization on Facebook, but not off Facebook. These findings raise important concerns and

questions about algorithmic biases and the potential role of platforms in amplifying content that

resonates with certain users. Addressing these questions requires more comprehensive data from

online platforms and access to a broader and more representative user base. The recent adoption

of the Digital Services Act by the European Union introduces a legal framework that mandates

online platforms to provide data access to researchers and regulators for the purpose of assessing

systemic risks [25]. We are hopeful that this data access will enable future research to answer the

critical questions triggered by our findings.

2 Measurement methodology
The measurement methodology employed to produce the dataset we analyze in this study was

developed for a broader project investigating risks associated with online platforms, such as targeted

advertising and information exposure. Full details of the methodology are presented in our prior

works [23, 24].

This section presents an overview of key components of this methodology, with a level of detail

we think is necessary to understand and put into context the results presented in the paper.

At a high level, the methodology consists of a mixed-method approach to carefully and reliably
3

collect data on: (1) users’ precise exposure to and interaction with news-related posts on Facebook,

(2) users’ news consumption behaviors on media websites (i.e., off Facebook), and (3) survey-based

information about the socio-demographic and psychological profiles of users. This data collection

is facilitated by a desktop browser extension that users have to install on their computers. Our

previous study has only analyzed on Facebook data and has not analyzed consumption behavior

off Facebook and survey-based data.

Our data collection procedures have undergone review and approval by our Institutional Review

Board (IRB) and comply with GDPR, ensuring the protection of participants’ rights, privacy, and

anonymity.

2.1 Respondents
Our analysis is based on data collected from 642 users recruited on Prolific [98] between November

2020 and February 2021 during and immediately after the U.S. Presidential Election. The user

sample is not representative; however, to reduce gender, political, and racial biases, users were

recruited across 48 different states, across both urban and rural areas, and from various ethnic

groups and genders. Among them, 65% identify as female and 35% as male, which deviates from

the gender distribution observed among U.S. Facebook users (45% male and 55% female) [111] and

the overall U.S. population (49% male and 51% female) [112]. In terms of racial background, 79% of

users identify as white and 21% as non-white, compared to the respective percentages of 76% and

24% in the U.S. population [110]. For more socio-demographic statistics, please refer to Table 6 in

3
Because platforms are adversarial to data collection, multiple validation steps were necessary to ensure the reliability of

the data obtained.
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Appendix A. Users were asked to install our browser extension and keep it active for 6 weeks, as

well as to fill out surveys during the study period. Users received payment once at the beginning,

upon installation of our browser extension, and once at the end of the study. Some users did not

fill out all the surveys and did not keep the browser extension active, resulting in reduced sample

sizes. Table 1 presents the filtered number of users for each data type.

Table 1. Number of users for which we have collected various data types.

Survey/Data type Number of users

Data off Facebook 467

Data on Facebook 416

Socio-demographic survey 426

Authoritarian attitudes survey 441

Stress and anxiety survey 398

Threat management systems survey 394

Need for closure survey 305

Users completing all surveys 304

2.2 News exposure and consumption data
Our analysis draws on data about users’ interaction with news content on Facebook and various

news media websites off Facebook.

List of news outlets. The identification of news content—both on and off Facebook—relies on a

predefined list of news sources. This list was compiled using data from Media Bias Fact Check [82]

and NewsGuard [88], two organizations that list and evaluate news media outlets. Media Bias Fact

Check lists 2,062 news sites, and NewsGuard includes 2,939 news sites, resulting in a combined

total of 4,149 news outlets. Both Media Bias Fact Check and NewsGuard are widely used in previous

research [100, 103, 129], and both follow publicly available methodologies with well-defined criteria

in evaluating news sources [21, 89].

Media Bias Fact Check and NewsGuard evaluate the political bias and factual accuracy of the

news sources they list. We leverage their data to assign each source in our list a quality label

(misinformation or not) and a political bias label (left, center, or right). Overall, 64% of the outlets

are classified as Center, 20% as Left (7% Far-Left and 13% as Slightly Left), and 17% as Right (10%

Far-Right and 7% Slightly Right). In addition, based on ratings from Media Bias Fact Check and

NewsGuard, we have 456 news websites with a misinformation quality label and 2,309 with a

factual quality label. Further details on our labeling procedures are provided in Appendices B.1

and B.2.

Note that these labels are applied at the news source level. Hence, we assign the same value to

all news items originating from a given source. We acknowledge this as a limitation of our work, as

well as a limitation of similar research [6, 46, 52, 62, 103, 129]. Currently, there is no widely reliable

methodology for labeling individual news items for misinformation and political bias, and existing

approaches tend to suffer from excessively high false positive rates.

News consumption off Facebook. Our dataset includes users’ web browsing histories on news

media websites. It consists of the URLs of all news articles users visited through their desktop

browsers and the time spent on each article. Among the 642 users, we identified 13 exhibiting

abnormal behavior, defined as visiting more than 100 articles per day. These users were excluded

from the analysis. In total, the dataset contains 70,587 news article URLs visited across 1,882 news

domains. In median, each user accessed 38 news articles (𝑥 = 112, 𝑆𝐷 = 251) and spent 40 seconds

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 7, Article CSCW359. Publication date: November 2025.
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on each news article (𝑥 = 53, 𝑆𝐷 = 47). Table 8 in Appendix B.4 presents the top 20 news domains

that were most visited by our users.

For the regression analysis, we applied an additional activity threshold to ensure meaningful

data. Specifically, we included only users who visited at least 10 URLs. This filter yielded a final

sample of 69,862 URLs received by 467 users with sufficient off Facebook browsing activity.

News exposure on Facebook. Our dataset contains all the news-related posts that users received

on Facebook through their desktop browsers. A Facebook post is considered news-related if it

meets one of the following criteria: (a) it was published by a news media Facebook page, or (b)

the landing URL of the post directs to a news media website. To identify posts published by news

media Facebook pages, we relied on a list of Facebook pages associated with the news domains

in our dataset. We built this list in a prior study [24], by querying Facebook for pages that had

verified external websites and matched one of the news domains in our list. Overall, we compiled

4,323 Facebook pages associated with the 4,149 news domains.

In addition to the news-related posts, our dataset includes their visibility duration on users’

screens, providing insights into the exposure time each post received. Appendix B.3 describes how

we compute posts’ visibility times.

In total, our dataset comprises 123,995 news-related posts received by 467 users. Each user

received a median of 50 news-related posts (𝑥 = 266, 𝑆𝐷 = 707). The median visibility time of a

news-related post on a user’s screen is 6 seconds (𝑥 = 7, 𝑆𝐷 = 5). Table 7 in Appendix B.4 presents

the top 20 Facebook news pages with the most received news posts in our dataset.

For the regression analyses, we restricted the sample to users who received at least 10 news-

related posts on Facebook. This final subset included 123,708 posts received by 416 users.

2.3 Survey data
We conducted five surveys to collect self-reported socio-demographic characteristics and psy-

chological attributes from respondents who have been shown to correlate with susceptibility to

misinformation [83, 106, 117].

Socio-demographic survey. This survey gathered respondents’ background information, including

their age, gender, education level, income, community, ethnicity, religion, and political partisanship.

Additionally, we obtained respondents’ ethnicities and political orientations from Prolific. We found

that 96% of their self-reported data matched Prolific’s data, providing confidence in the accuracy of

our survey responses.

Stress and anxiety survey. This survey evaluates an individual’s stress and anxiety levels [78]. A

higher score on this survey indicates greater levels of stress and anxiety. Respondents answered

a series of statements regarding their feelings and in different situations, using a Likert scale

ranging from “not at all” to “very much”. We included this psychological test since previous

research has shown a correlation between stress and anxiety and misinformation as well as political

balance [41, 118, 122].

Authoritarian attitudes survey. This survey consists of questions designed to measure a person’s

agreement or disagreementwith authoritarian principles and values [84]. A higher score is a stronger

endorsement of authoritarian principles. The items in the survey assess various dimensions of

authoritarianism, including conformity, obedience to authority, and skepticism towards out-groups.

Respondents were presented with a series of statements related to these dimensions and were asked

to indicate their level of agreement on a Likert scale ranging from “strongly oppose” to “strongly

favor”. We included this psychological test since previous research has shown a correlation between

authoritarian attitudes and susceptibility to misinformation [7].
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Threat management systems survey. This survey aims to assess users’ understanding of potential

threats, knowledge of threat management strategies, and engagement with relevant systems and

protocols [87]. Respondents evaluated their feelings and beliefs regarding susceptibility to illness

and societal threats by responding to a series of statements on a Likert scale ranging from “strongly

disagree” to “strongly agree.” A higher score reflects greater concern or belief in the threats

presented.

Need for closure survey. This survey aims to assess an individual’s preference or motivation for

seeking closure, which reflects their preference for certainty and aversion to ambiguity [101]. A

higher score indicates a stronger need for closure. Respondents evaluated their feelings about

uncertainty and decision-making by responding to a series of statements on a Likert scale ranging

from “strongly disagree” to “strongly agree”. We included this psychological test since previous

research has shown a correlation between need for closure and misinformation [127].

The full list of survey questions can be found in the GitHub repository
4
. We distributed the

surveys to users in four waves, with a two-week interval between each wave. The first wave

included the socio-demographic and stress and anxiety surveys. The second wave consisted of the

authoritarian attitudes survey. The third wave included the threat management systems survey,

and in the fourth wave, we sent the need for closure survey. The distribution of psychological

scores among participants is presented in Figure 7 in Appendix A.

Table 1 presents the number of respondents who completed each survey. The table shows that

each survey was completed by a subset of participants. Hence, for the analyses involving specific

psychological traits, we included only those users who completed the corresponding survey. In

total, 304 users completed all the surveys.

2.4 Measures
We focus on analyzing two variables related to news exposure and two variables related to news

consumption:

A. Exposure to misinformation: This variable captures the fraction of news content from

misinformation sources that each user was exposed to on Facebook. It is computed as the ratio of

misinformation posts to the total number of news posts encountered by the user.

B. Consumption of misinformation: This variable measures the fraction of news content from

misinformation sources that each user consumes on news media websites. It is computed as the

ratio of misinformation articles to the total number of news articles visited by the user.

C. News exposure’s political balance: This variable measures the ratio of left-leaning versus

right-leaning sources a user is exposed to on Facebook. It is computed as the fraction of posts from

left-leaning to right-leaning sources (or vice versa, depending on which is higher). It ranges from 0

to 1, where 0 indicates that the user was exposed exclusively to sources from one political leaning,

0.5 means the user was exposed to twice as many posts from one leaning compared to the other,

and 1 represents equal exposure to posts from both left- and right-leaning sources. A higher value

indicates a more balanced news diet.

D. News consumption’s political balance: This variable is similar to the previous one but focuses

on the political balance of news that a user consumes on news media websites. It also ranges from

0 to 1, reflecting the proportion of left-versus right-leaning sources users consume. Again, a higher

value signifies a more balanced news consumption.

4
https://github.com/Nardjes-Am/A-Comparative-Study-of-News-Exposure-and-Consumption-On-and-Off-Facebook.git
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3 Characterization of news exposure and consumption
Previous studies have explored whether social media platforms promote a balanced or polarized

news diet andwhether they contribute tomisinformation [3, 14]. Due to limited access to precise data

on news exposure on social media platforms, previous research relied on proxy data, such as news

articles shared on Twitter or identifying news articles accessed via social media in browsing histories,

leading to mixed findings. For instance, some studies suggest that social networks enhance political

diversity [14, 39, 104], while others indicate they may contribute to political polarization [28, 76].

Our dataset offers a unique opportunity to examine Facebook’s role in shaping users’ exposure to

misinformation and the political balance or polarization of the content they encounter. The dataset

includes actual news posts received by users on Facebook and enables a direct comparison of news

encountered both on and off the platform, which, to our knowledge, has not been explored.

3.1 Quantity of news on and off Facebook
This section explores the quantity of news received by users on Facebook and the quantity of

news accessed off Facebook. We look at both the frequency of news items and the time spent on

them. Figure 1 presents the empirical cumulative distribution function (ECDF) of the median daily

number of news posts users receive on Facebook compared to the median daily number of news

articles they visit off Facebook per active day. The figure shows that, on the median, users are

exposed to 3 news posts per active day on Facebook (𝑥 = 5, 𝑆𝐷 = 9), while they consume a median

of 2 news articles off Facebook per active day (𝑥 = 2, 𝑆𝐷 = 3).

Next, we examine the extent to which news consumption off Facebook is driven by news exposure

on the platform. To conduct this analysis, we systematically review all URLs of news articles

consumed by users and identify those that were accessed from Facebook. This identification is made

possible by specific query parameters added by Facebook to the URLs, indicating that they were

accessed through the platform. Precisely, we search for the parameters “utm_source=facebook” [34]

or “fbclid” [35] within the URLs. Our findings reveal that only 4% of users’ news consumption

off Facebook is driven by news exposure on Facebook. This figure is considerably lower than

the approximately 14% of news website visits estimated by a 2024 Ofcom study to be driven by

Facebook [131]. Complementing these results, a separate study [104] found that the probability

of visiting a news site after Facebook was approximately 2.7% in 2018. This suggests that while

Facebook plays a role in guiding users to news content, its influence on overall news consumption

is relatively limited.

Figure 2 presents the median time users spend on looking at a news-related post on Facebook

and looking at a news article off Facebook. The figure shows that users spend a median of 6 seconds

on a news-related post on Facebook (𝑥 = 7, 𝑆𝐷 = 5), with 95% of users spending between 1 and 15

seconds per news post. This behavior is well-documented in prior research and is often referred to

as rapid scrolling, where users quickly scan headlines and visuals, spending only a few seconds

on most posts [9, 37, 57]. While 6 seconds is not a lot, our previous research [24] showed that

users spend more time on news-related posts compared to non-news-related posts on Facebook,

suggesting that these news items effectively capture users’ attention. In contrast, users spend a

median of 40 seconds reading a news article off Facebook (𝑥 = 53, 𝑆𝐷 = 47), with 95% spending

between 0 and 143 seconds per news article.

Takeaways: Our findings reveal a distinct pattern of news engagement: users encounter a higher

volume of news content on Facebook, but commit significantly less time per piece compared to

off-platform news websites. Intriguingly, only 4% of news articles consumed directly on news

media websites were accessed via Facebook. This challenges the perception of Facebook as a

primary news source [125], demonstrating it accounts for merely a small fraction of users’ actual
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news article consumption. These divergent exposure patterns—brief, high-volume encounters on

Facebook versus extended engagement with a curated selection of articles off-platform—raise

critical questions regarding their differential impact on users’ beliefs and knowledge. Specifically,

does this brief exposure on Facebook have the same impact on users’ beliefs and knowledge as

longer reading on news websites? How long does a user need to engage with a Facebook post to

recall specific details of the content?
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3.2 Prevalence of misinformation on and off Facebook
In this section, we examine the extent of exposure to misinformation on Facebook and consumption of
misinformation off Facebook. We find that 5.9% of news exposure posts and 2.6% of news consumption

articles in our dataset originate from misinformation news sources.

Figure 3 presents the ECDF of the fraction of misinformation users are exposed to on Facebook

and the fraction of misinformation they consume off Facebook across all users. For each user, the

misinformation fraction is computed as the ratio of news posts (or news articles) coming from

sources known to spread misinformation to the total number of news posts encountered by the

user (or news articles consumed by the user). The figure shows that 63% of users were exposed to

misinformation at least once on Facebook, while 46% of users consumed misinformation at least

once off Facebook. Furthermore, for the median user, the fraction of misinformation in their news

exposure is 2% (𝑥 = 6%, 𝑆𝐷 = 12%), while the fraction of misinformation in their news consumption

is 0% (𝑥 = 3%, 𝑆𝐷 = 8%). Finally, while misinformation posts represent a small fraction (less than

20%) of news exposure on Facebook for the majority of users 92%, a small subset 1% encounters

a much higher proportion 60% of misinformation. Moreover, 53% of users who never consumed

misinformation off Facebook were exposed at least once to it on the platform. 72% of users encounter

equal or more misinformation on Facebook than off it, and a substantial 22% of users experience

twice the amount of misinformation on Facebook than off it.

Figure 4 presents, for each user, the fraction of misinformation in their news exposure on

Facebook compared to their consumption off Facebook. The plot’s x-axis represents the average

misinformation fraction between on and off Facebook, and the y-axis represents the difference

between the fraction of misinformation on Facebook minus the fraction of misinformation off

Facebook. The figure shows a subtle but consistent trend towards higher misinformation fractions

on Facebook compared to off Facebook, as indicated by a mean positive difference of 0.03.

Proc. ACM Hum.-Comput. Interact., Vol. 9, No. 7, Article CSCW359. Publication date: November 2025.



CSCW359:10 Nardjes Amieur, Salim Chouaki, Oana Goga, and Beatrice Roussillon

Takeaways: These findings provide evidence that users are exposed to more misinformation on

Facebook than off Facebook. While the median user encounters only 2% of news-related posts from

misinformation sources, suggesting a low individual rate, a substantial 22% of users experience twice

the amount of misinformation on Facebook than off it. This disparity may be attributed to platform

design features such as algorithmic amplification [36, 81], social sharing mechanisms [42, 119, 121],

and content virality [59]. These features often prioritize content that drives high engagement,

inadvertently favoring misinformation and hate speech [58].
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Fig. 3. ECDFs of the fraction of misinformation con-
tent on and off Facebook.
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Fig. 4. Bland-Altman plot comparing the fraction of
misinformation on vs. off Facebook across users.

3.3 Political balance on and off Facebook
This section analyzes the political balance of users’ news exposure on Facebook and their news

consumption off Facebook, as defined respectively by variables C and D in Section 2.4. Note that

we do not filter news items based on their content (e.g., whether they are explicitly political), but

rather based on the political bias of their source outlets. Specifically, we include only news content

originating from sources that have been classified as either left-leaning or right-leaning by Media

Bias Fact Check and NewsGuard. We find that 43% (53,564) of news exposure posts and 36% (25,400)

of news consumption URLs in our dataset come from left-leaning sources. In contrast, only 11%

(13,979) of news posts and 6% (4,262) of news articles are from right-leaning outlets.

Figure 5 presents the cumulative distribution of the political balance variables for both on and

off Facebook. The figure shows that the median political balance value for news exposure on

Facebook is 0.13 (𝑥 = 0.22, 𝑆𝐷 = 0.26), while the median political balance for off Facebook news

consumption is 0.08 (𝑥 = 0.16, 𝑆𝐷 = 0.22). Recall that a political balance value of 0 indicates that a

user encountered news from only one political leaning (either only from left-leaning sources or only

from right-leaning sources), and 0.5 means the user was exposed to twice as many posts from one

leaning compared to the other. The figure reveals that 22% of users were exposed to content from a

single political leaning on Facebook, whereas 36% consumed content from a single political leaning

off Facebook. Finally, 4% of users have almost perfectly balanced news consumption (political

balance value >= 0.7).

Additionally, Figure 6 shows, for each user, a comparison between their political balance in news

exposure on Facebook and off Facebook. The figure shows that, for most users 52%, the political

balance on Facebook is higher than the political balance off Facebook. More intriguing, the figure

shows that some users are exposed to politically balanced content on one side (either on or off

Facebook) but not on the other.
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Takeaways: Our data indicates that users encounter a greater degree of political balance in

news content on Facebook compared to their off-platform news consumption. This supports prior

studies [39, 104] and suggests that Facebook can play a role in promoting exposure to a wider range

of political perspectives.
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Fig. 5. ECDFs of political balance on and off Facebook.
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Fig. 6. Scatter plot of the political balance on and off
Facebook across users.

This section showed differences in misinformation prevalence and political balance across users,

both on and off Facebook. The next section investigates extent to which socio-demographic factors

and psychological factors drive these disparities.

4 Predictors of news exposure and consumption
This section examines how users’ socio-demographic characteristics and psychological factors

affect the four dependent variables: exposure to misinformation, consumption of misinformation,

news exposure’s political balance, and news consumption’s political balance (see Section 2.4). To do

this, we employ Generalized Linear Models (GLMs) on a dataset of 95,001 news-related Facebook

posts received by 264 users (for the exposure analysis), and 47,368 news articles visited by 244 users

(for the consumption analysis), for which we have all socio-demographic and psychological data as

well as enough activity both on and off the platform (see Section 2.3).

Table 2 presents the estimated coefficients and their associated robust standard errors (in paren-

theses) for the correlates included in the best-fitting Generalized Linear Model for each of the

four dependent variables. We conducted a series of steps to ensure that the GLMs we employed

fit the data distribution and provide reliable and interpretable results. First, we adopted a Gauss-

ian distribution since our four dependent variables are continuous. Additionally, we tested beta

regression [26], beta-binomial [55], and zero-inflated beta models [93], as our outcome variables

represent fractions that can be exact zeros in some cases. To compare model performance and

assess the statistical significance of the differences, we used the likelihood ratio test (LR test) [124]

and ANOVA [109]. Second, we explored various link functions—log [1], logit [1], probit [1], and

output transformation functions such as square root, and cube—to normalize the response vari-

able and tested multiple predictor combinations for robust convergence. Third, we assessed the

model fit using comprehensive diagnostic tools, including the DHARMa package [56], residual

analysis plots, Q-Q plots, and information criteria (AIC, BIC) [123]. Fourth, we performed statis-

tical tests (F-test [38], Kolmogorov-Smirnov test [8], outlier analysis, dispersion tests [85], and

Breusch-Pagan test [18]) to validate model assumptions. We performed multicollinearity test [27]

as well to get stable coefficient estimates and determine the true effect of each predictor. Fifth, we
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utilized weighted least squares regression [2] and calculated robust standard errors [60] to address

potential heteroscedasticity. Finally, we computed the coefficient of determination (R-squared) [95]

to quantify the model’s explanatory power. Please refer to Appendix C for the results of the various

tests. Further details concerning the selected models and their performance metrics are available in

the project’s GitHub repository
5
.

4.1 Predictors of misinformation
4.1.1 Exposure to misinformation on Facebook. The first column of Table 2 examines user attributes

influencing the prevalence of misinformation in users’ news exposure on Facebook. The table

presents in bold and marks with an ∗ correlates that achieved statistically significant values.

The table shows that several socio-demographic categories correlate positively with exposure

to misinformation on Facebook: “Community: Suburban and rural” (0.34,0.37), “Education: High

school and less” (0.91), “Age: [25-34]” (0.51), and “Partisanship: Republican” (with a coefficient

of 0.40), indicating that Republicans are more likely to encounter misinformation on Facebook

compared to other groups. This finding aligns with previous research on patterns of misinformation

exposure across social media platforms [48, 54, 115].

Regarding psychological factors, the table reveals a significant negative correlation (-0.32) be-

tween authoritarian attitudes and misinformation exposure on Facebook. This indicates that users

with higher authoritarian attitude scores tend to encounter less misinformation content on the

platform. This finding contrasts with previous psychological research by Altemeyer [7], which

reported that individuals with high authoritarian attitudes are generally more susceptible to mis-

information (though not specifically in the context of social media). This difference highlights

the unique dynamics of news exposure on social media platforms. One possible explanation is

that algorithmic personalization and platform-specific biases shape which users are exposed to

misinformation, potentially reaching groups differently than traditional media. Furthermore, the

way content is presented on Facebook may resonate more with users who are not typically seen as

vulnerable to misinformation.

In contrast to previous research by [54, 132], which found that lower trust in mainstream media

correlated with a higher likelihood of engaging with fake news content on Facebook, we did not

capture any significant correlation in our analysis.

Not all forms of news exposure are the same. Some are shaped by algorithms—for example,

targeted exposure, which occurs when third parties pay ad platforms to deliver specific news

content to particular audiences, or algorithmic exposure, where content is shown based on the

platform’s prediction of user interest. Other types are driven by user behavior, such as incidental

exposure—news posts appearing in users’ feeds because they were shared by friends or commu-

nities—and selective exposure, where users intentionally follow news outlets on platforms like

Facebook [24]. We investigate which factors most strongly influence each type of exposure.

Table 3 examines user attributes influencing the prevalence of misinformation in users’ news

exposure on Facebook across the different types of exposure. The table shows that individuals

living in rural areas are significantly more likely to encounter misinformation through targeted and

algorithmic means. This group is often perceived by others as the most vulnerable to misinformation

because of assumed lower digital literacy skills [47]. In contrast, suburban residents are more

likely to experience selective exposure, indicating that information ecosystems exhibit meaningful

differences across rural, suburban, and urban areas.

In addition to geographic trends, educational background emerges as another key factor shaping

exposure types. Users with higher education levels are less likely to encounter misinformation

5
https://github.com/Nardjes-Am/A-Comparative-Study-of-News-Exposure-and-Consumption-On-and-Off-Facebook.git
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Table 2. Coefficients for correlates of the prevalence of content from sources known for spreading misinfor-
mation and the political balance on and off Facebook.

On Facebook:
misinforma-

tion

Off Facebook:
misinforma-

tion

On Facebook:
political
balance

Off Facebook:
political
balance

Ethnicity
White -0.00(0.16) 0.04* (0.02) 0.37(0.60) 0.53(0.81)

Religion
Non-religious 0.17(0.16) -0.03 (0.02) -0.16(0.57) -0.4(0.66)

Other religion -0.07(0.20) -0.01(0.02) -0.18(0.63) -0.54(0.83)

Partisanship
Republican 0.40*(0.20) 0.07*(0.03) 1.88**(0.60) 1.60*(0.71)

Other 0.04(0.26) 0.00(0.03) 0.36(0.86) 2.26** (0.81)
Community

Suburban 0.34*(0.14) -0.01(0.02) 0.32(0.47) 0.30(0.59)

Rural 0.37†(0.2) -0.02(0.02) 0.06(0.67) -0.70(0.94)

Education
Undergraduate 0.32(0.25) 0.01(0.02) 0.32(0.52) -0.50(0.57)

High school 0.91**(0.30) 0.02(0.02) 0.90(0.63) -0.62(0.86)

Community

college

-0.12(0.33) 0.07(0.04) -0.18(0.84) -1.47(1.06)

Age
[25-34] 0.51†(0.29) -0.04(0.02) 0.52(0.66) 0.65(0.88)

[35-44] -0.20(0.31) 0.00(0.03) 1.02(0.71) 1.03(0.97)

[45-54] 0.26(0.35) 0.00(0.03) 0.10(0.82) 0.17(1.21)

More than 55 -0.02(0.39) -0.04(0.03) 1.34(0.86) 0.67(1.12)

Gender
Male -0.00(0.21) 0.03(0.02) 0.35(0.42) 0.04(0.52)

Psychological
Authoritarian -0.32**(0.12) -0.01(0.01) -0.40(0.36) 0.60(0.48)

Need for closure 0.01(0.12) 0.01(0.02) -0.33(0.41) -1.32*(0.52)
Stress -0.48(0.43) -0.02(0.03) 3.17***(0.95) -0.75(1.23)

Threat manag 0.17(0.14) 0.00(0.02) -1.03**(0.46) 0.33(0.57)

R2 score 21% 23% 20% 19%

*** p<0.001; ** p<0.01; * p<0.05; † p<0.10

through selective exposure since educated users are more discerning of false news; this finding

is supported by previous research [4]. While individuals with lower educational backgrounds are

more susceptible to incidental, targeted, and algorithmic exposure since they are more likely to

accept misinformation [63].

Psychological traits also contribute to variations in how users encounter misinformation. Those

with high levels of authoritarianism are significantly less exposed to misinformation incidentally. In

contrast, individuals with a high need for closure are more prone to incidental exposure. Individuals

with a high need for closure tend to seize on information that resolves uncertainty. Psychologically,

this could make them more vulnerable to misinformation encountered incidentally as they might

readily accept the first explanation they come across (even if false) rather than seeking out waiting

in ambiguity. This aligns with previous research that found that individuals with a high need for

cognitive closure are more likely to accept conspiracy narratives [66].
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Table 3. Coefficients for correlates of the prevalence of content from sources known for spreading misinfor-
mation across exposure types.

Selective
exposure

Incidental
exposure

Targeted
exposure

Algorithmic
exposure

Ethnicity
White -0.35(0.20)† 0.09(0.22) -0.47(0.24)* 0.39(0.20)†

Religion
Non-religious -0.16(0.19) 0.14(0.22) -0.40(0.28) 0.22(0.18)

Other religion -0.08(0.26) -0.24(0.31) -0.12(0.56) -0.07(0.27)

Partisanship
Republican 0.07(0.25) 0.40(0.25) 0.07(0.28) 0.16(0.27)

Other 0.21(0.29) 0.00(0.31) -0.61(0.30)* 0.45(0.25)†
Community

Suburban 0.37(0.17)* 0.09(0.19) 0.07(0.27) 0.03(0.16)

Rural 0.38(0.25) 0.01(0.25) 0.85(0.36)* 0.77(0.21)***
Education

Undergraduate -0.34(0.18)† 0.32(0.21) 0.21(0.25) -0.05(0.19)

High school -0.11(0.25) 0.79(0.26)** 0.39(0.33) 0.62(0.23)**
Community

college

-0.20(0.31) 0.87(0.27)** 0.81(0.48)† -0.71(0.38)†

Age
[25-34] -0.01(0.23) 0.15(0.26) -0.31(0.31) -0.02(0.20)

[35-44] -0.27(0.28) -0.62(0.30)* 0.18(0.33) -0.47(0.23)*
[45-54] -0.10(0.30) -0.07(0.32) -0.22(0.35) 0.16(0.27)

More than 55 -0.35(0.30) -0.39(0.35) 0.04(0.44) -0.53(0.35)

Gender
Male -0.25(0.17) -0.19(0.17) 0.06(0.24) -0.20(0.17)

Psychological
Authoritarian -0.15(0.14) -4.76(1.32)*** -0.09(0.23) 0.17(0.14)

Need for closure -0.23(0.14)† 2.89(1.28)* 0.12(0.22) -0.03(0.15)

Stress -0.16(0.39) -1.94(1.57) 0.67(0.52) -0.56(0.37)

Threat manag -0.01(0.16) 0.92(1.33) 0.05(0.22) 0.13(0.14)

*** p<0.001; ** p<0.01; * p<0.05; † p<0.10

4.1.2 Consumption of misinformation off Facebook. The second column of Table 2 examines user

attributes influencing the prevalence of misinformation in users’ news consumption off Facebook.

The table shows that consumption of misinformation off Facebook is positively correlated with

only “Ethnicity: White” (0.04) and “Partisanship: Republican” (0.07). However, the coefficients

are very low. Hence, even if they affect in a statistically significant manner the consumption of

misinformation, they do it to a very small degree. Despite previous research indicating a correlation

between stress and anxiety and misinformation consumption [118], our findings did not reveal a

significant association.

Takeaways: We found no significant correlations between user attributes and misinformation

consumption off Facebook. However, on Facebook, several factors—including suburban and rural

community types, high school education levels, the 25-34 age group, and Republican partisan-

ship—demonstrated statistically significant correlations with increased misinformation exposure on

Facebook. This pattern suggests that social media algorithms may amplify misinformation for spe-

cific demographic or psychological profiles. This underscores the need for greater transparency and
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algorithmic auditing to understand why these socio-demographic traits correlate with on-platform

misinformation exposure, a phenomenon absent from off-platform consumption.

Nevertheless, these psychosociodemographic factors only explain 21% of the variability in

exposure to misinformation. This indicates that more granular online activity metrics would likely

better explain exposure to misinformation. It is, however, noteworthy that these weak indicators

alone account for a substantial portion of the variance in on-platform misinformation exposure.

4.2 Predictors of political balance
4.2.1 Political balance on Facebook. The third column of Table 2 investigates user attributes

influencing the political balance in users’ news exposure on Facebook. The table shows that

political balance in Facebook news exposure is positively correlated with “Partisanship: Republican”

(1.88), suggesting that Republicans tend to get exposed to a mix of both left-leaning and right-

leaning news sources. This finding aligns with prior research, such as Bakshy et al. [15], which

observed that conservative Facebook users were exposed to more politically balanced content

compared to liberal users.

Regarding psychological factors, the political balance in Facebook news exposure correlates

positively with stress and anxiety scores (3.17). This result aligns with previous research in two key

ways. First, it supports findings that individuals with higher anxiety levels tend to be more open

to diverse viewpoints, making them less likely to be trapped in echo chambers [108] and more

inclined to seek out information that challenges their existing beliefs [130]. Second, it is consistent

with studies showing that exposure to politically diverse content can itself increase anxiety in some

users [122], suggesting a reciprocal relationship between anxiety and balanced news exposure.

The table shows a negative correlation between political balance and the threat management

system score (-1.03), suggesting that users with greater concerns or beliefs in surrounding threats

are exposed to less politically balanced content.

4.2.2 Political balance off Facebook. The fourth column of Table 2 explores user attributes affecting

the political balance of users’ news consumption off Facebook. The results show a positive correla-

tion between political balance in off Facebook news consumption and “Partisanship: Republican”

(1.6), indicating that Republican users are more likely to consume news from a balanced range

of political perspectives. Previous research supports this finding: Garrett et al. [44] have shown

that while Republicans tend to prefer stories aligning with their views, they also demonstrate a

willingness to consider more balanced perspectives.

Regarding psychological factors, the table shows that the political balance of news consumption

off Facebook negatively correlates with the need for closure scores (-1.32). This finding aligns with

prior research, such as Webster et al. [127], which suggests that individuals with a high need for

closure may exhibit polarization and decreased openness to diverse viewpoints.

Takeaways: Beyond Republican partisanship, which displays consistent correlations with political

balance across platforms, psychological factors reveal context-specific associations. This disparity

underscores the distinct mechanisms of information encounter: user-directed choice off-platform

versus the combined influence of user behavior and algorithmic filtering on Facebook.

4.3 Attention to misinformation
While users might encounter posts and articles from sources known to spread misinformation, they

can choose to pay more or less attention to them. This section analyzes the visibility duration of

each misinformation post on Facebook as well as the time users spend on each misinformation

article off Facebook.
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4.3.1 Attention to misinformation on Facebook. The first column of Table 4 explores user attributes

influencing attention to misinformation on Facebook. The table reveals that individuals aged “[25-

34]”, “[35-44]”, and “[45-54]” have significant positive coefficients (0.29, 0.31, and 0.42, respectively),

indicating that these age groups tend to spend more time looking at misinformation posts compared

to the age group “More than 55.” Additionally, the table shows a negative correlation (-0.38) between

the time spent on misinformation posts on Facebook and users’ stress and anxiety scores. This

finding may be explained by previous research, which indicates that individuals experiencing

higher levels of stress or anxiety tend to engage in avoidance coping strategies [105].

4.3.2 Attention to misinformation off Facebook. The second column of Table 4 explores user

attributes influencing attention to misinformation off Facebook. The table shows that the categories

of “Ethnicity: White”, “Partisanship: Republican”, and “Education level: Community college” have

significant positive coefficients (0.04, 0.08, and 0.09, respectively). This suggests that individuals

in these groups tend to spend more time interacting with misinformation content off Facebook

compared to other groups. The finding regarding partisanship aligns with previous research [50],

which shows that Republicans engage more with misinformation content and are more likely to

share content from fake news sources.

Takeaways: On Facebook, the socio-demographic factors influencing attention to misinformation

differ from those influencing exposure. This indicates that high exposure does not guarantee high

attention, and vice versa, underscoring the need to separately investigate passive exposure and

active engagement, along with their respective demographic and psychological correlates.

5 Correlation between misinformation consumption and misinformation exposure
Social media platforms collect extensive data to infer user attributes and build detailed profiles

for personalized content delivery. These profiles are shaped by user activity both on Facebook

and across other websites, which may include news sites that spread misinformation. This is

particularly relevant given that prior research has shown news websites adopt the Facebook Pixel

at disproportionately high rates (18.6%) compared to other types of websites [16, 22]. As a result,

misinformation consumed off Facebook could influence the user profile Facebook builds, which in

turn affects the type of content the user is shown on the platform.

In this section, we look into the correlation between misinformation consumption off Facebook

and misinformation exposure on Facebook.

5.1 Splitting user data into consumption and exposure periods
To examine the relationship betweenmisinformation consumption off Facebook andmisinformation

exposure on Facebook, we divided each user’s data into two subsets based on the observed date.

The first subset represents the news consumption period, which includes news and misinformation

users consume both on and off Facebook. The second subset represents the news exposure period,
which includes news and misinformation that users encounter on Facebook. All news consumption

included in the first subset occurred prior to all news exposure on Facebook in the second subset.

Our goal is to analyze the correlation between the prevalence of misinformation consumed during

the first period and the prevalence of misinformation the user is exposed to in the second period.

Users exhibited varying levels of activity throughout the study period. They have different start

dates, end dates, and active days of data collection. Therefore, we compute a split date for each user

to divide their data separately. This approach ensures that there is sufficient data for analysis in both

subsets. Specifically, we implemented two constraints: (1) a minimum of 10 news articles consumed

during the first period, and (2) a minimum of 10 news-related Facebook posts encountered in the

second period. When multiple split dates satisfy both conditions, we select the latest date. This
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Table 4. Coefficients for correlates of time spent on content from sources known for spreading misinformation
on and off Facebook.

On Facebook: Median
time spent

Off Facebook: Median
time spent

Ethnicity
White 0.12(0.10) 0.04*(0.02)

Religion
Non religious 0.08(0.09) -0.02(0.02)

Other religion -0.20(0.12) -0.01(0.02)

Partisanship
Republican 0.05(0.12) 0.08**(0.03)

Other 0.12(0.15) 0.01(0.03)

Community
Suburban 0.05(0.08) -0.01(0.03)

Rural 0.09(0.12) -0.03(0.02)

Education
Undergraduate 0.11(0.09) 0.02(0.02)

High school 0.13(0.12) 0.03(0.03)

Community college -0.18(0.14) 0.09*(0.04)
Age

[25-34] 0.29**(0.11) -0.02(0.02)

[35-44] 0.31**(0.13) 0.03(0.03)

[45-54] 0.42**(0.15) -0.00(0.03)

More than 55 0.24(0.16) -0.01(0.04)

Gender
Male -0.10(0.08) 0.02(0.02)

Psychological
Authoritarian -0.08(0.07) -0.01 (0.02)

Need for closure -0.01(0.07) 0.02(0.02)

Stress and anxiety -0.38*(0.17) -0.04(0.03)

Threat manag 0.05(0.08) -0.00(0.02)

R2 score 17% 24%

*** p<0.001; ** p<0.01; * p<0.05

approach maximizes the number of articles in the first subset, reducing the potential influence of

articles consumed before the start of our data collection (which are not included in the dataset) on

the news exposure data we analyze.

Table 5. Coefficients for correlates of misinformation consumption off Facebook and misinformation exposure
on Facebook. Robust standard errors are in parentheses.

Misinformation fraction on Facebook
Predictor Estimate P value

Fraction of misinformation consumed on Facebook 0.99 2e-16

Fraction of misinformation consumed off Facebook 0.57 0.008

Time spent on misinformation posts on Facebook 0.00 0.12

Time spent on misinformation articles off Facebook 0.00 0.13

R2 score 61%
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5.2 Analyzing predictors of misinformation exposure
In the first subset, representing the news consumption period, we compute four metrics for each

user: (1) the fraction of misinformation consumed on Facebook, (2) the fraction of misinformation

consumed off Facebook, (3) the median time spent on misinformation posts on Facebook, (4) the

median time spent on misinformation articles off Facebook. We then use these four metrics as

input variables in a Generalized Linear Model to predict the fraction of misinformation in users’

exposure derived from the second subset representing the news exposure period.

Table 5 presents the coefficients for the correlates in the best-fitting Generalized Linear Model.

The table shows that the fraction of misinformation in news exposure is positively correlated with

the fraction of misinformation consumed off Facebook (estimate = 0.57). This suggests that users

who consume misinformation off Facebook are more likely to be exposed to misinformation on

Facebook compared to those who do not. Similarly, a positive correlation is observed between

misinformation exposure and misinformation consumption on Facebook (estimate = 0.99). In

contrast, the amount of time spent on misinformation—whether on or off Facebook—does not

emerge as a statistically significant predictor.

The model’s coefficient of determination (R2 = 0.61) indicates that approximately 61% of the

variance in misinformation exposure on Facebook is explained by the predictors, suggesting that

the model provides a reasonably strong fit to the data and that the predictors collectively account

for a meaningful degree of variability in misinformation exposure.

One potential concern is that the fraction of misinformation off Facebook may be influenced

by prior exposure to misinformation on Facebook. If these two variables are highly correlated,

any observed association between the fraction of misinformation consumed off Facebook and the

outcome could be driven by its overlap with the fraction of misinformation consumed on Facebook,

rather than representing an independent effect. To address this, we tested for multicollinearity using

the Variance Inflation Factor (VIF) [114]. We found that the fraction of misinformation consumed

off Facebook had a VIF of 2.12 and the fraction of misinformation consumed on Facebook had a VIF

of 1.47, both below the commonly used threshold of 5. These results indicate low multicollinearity,

supporting the interpretation that the two variables are measuring distinct information and that

each contributes independently to the model. This suggests that the association observed for the

fraction of misinformation consumed off Facebook is not merely an artifact of its correlation with

the fraction of misinformation consumed on Facebook.

Takeaways: We observed a significant positive correlation between users’ consumption of misin-

formation off Facebook and their subsequent exposure to similar content on the platform. This

correlation indicates a potential link between off-platform news browsing habits and on-platform

news encounters.While this association could be influenced by various factors, the widespread adop-

tion of the Facebook Pixel on news media websites [16, 22] presents a plausible mechanism. Further

research is necessary to determine the extent to which off-platform misinformation consumption,

potentially tracked by the Pixel, influences on-platform exposure.

6 Discussion
This work presents several findings and opens up a number of discussion points.

Facebook’s low contribution to overall news consumption. Our data reveals a striking contrast:

while a small fraction of news articles consumed on news websites 4% originated from Facebook,

and only a small percentage of news-related posts on Facebook lead to article clicks 2.6%, a majority

of U.S. adults report Facebook as their primary news source [125]. This discrepancy suggests

a hypothesis: users who identify Facebook as their main news source may primarily rely on
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social media headlines (and not the actual articles) to be informed about current events. Future

research should investigate the depth of understanding, information retention, belief formation,

and vulnerability to misinformation among individuals who primarily rely on news headlines on

social media, given their limited exposure to the full context of news events.

Disparate exposure to misinformation on and off Facebook. The unique nature of our dataset allows
us to show that users experience a greater prevalence of misinformation on Facebook than in their

typical news consumption off the platform. We believe that this comparison, contrasting platform

exposure with users’ selective engagement on news websites, provides a more powerful argument

than studies confined to social media analysis [5, 86, 94].

Correlation between psychosociodemographic attributes and exposure, but not consumption, of
misinformation. Our analysis reveals correlations between specific user demographics and psycho-

logical attributes and their exposure to misinformation on Facebook. Notably, these same attributes

do not correlate with consumption off Facebook. This discrepancy suggests that Facebook’s al-

gorithms might inadvertently learn and amplify misinformation towards users exhibiting certain

traits. To further investigate this, controlled experiments are crucial to determine the extent to

which Facebook’s algorithms infer socio-demographic traits (e.g., partisanship) and psychological

characteristics (e.g., stress, authoritarianism) and use these inferences for content personalization.

In light of the EU’s Digital Services Act mandating systemic risk assessments, we encourage

platforms to proactively investigate whether their optimization algorithms inadvertently generate

biased correlations with psychosocial or demographic groups, drawing parallels to known biases in

algorithmic hiring related to gender and ethnicity [33].

Impact of off-platform news consumption on on-platform news exposure. While previous research

has examined patterns of misinformation exposure across social media platforms [51, 54], to the best

of our knowledge, this is the first study to show that the proportion of misinformation consumed off

Facebook is a statistically significant predictor of users’ exposure to misinformation on Facebook.

Although it is well known that social media platforms track user activity both on and off their

services to build detailed user profiles, further analysis is needed to assess the extent to which

Facebook can track users on misinformation websites—for example, by identifying whether these

sites include Facebook’s tracking scripts.

It is also important to investigate whether, and to what extent, this tracking data is used to build

user profiles and personalize content. While we know from Facebook’s privacy policies that such

data is used to deliver targeted advertisements to the most relevant users [75], we believe it is

important to explore whether the same data is also used to personalize all news feed posts.

Finally, from a policy perspective, we believe it is worth examining whether restricting Facebook’s

ability to track users off-platform—through regulation or other mechanisms—could help mitigate

the issue of misinformation amplification.

Regulatory opportunities. We believe this study highlights several potential unwanted biases

in users’ exposure to misinformation on Facebook. Our findings point to the need for deeper

audits—both of algorithmic biases in the ranking of posts in users’ timelines, and of how tracking

technologies may influence misinformation exposure. Unfortunately, for more robust conclusions,

we need better access to data than we currently have.

The European Union’s recently adopted Digital Services Act introduces a legal framework that

requires online platforms to share data with researchers and regulators to assess systemic risks.

We intend to take this study as a “worth investigating” base and submit requests through the

Delegated Regulation on data access [31]. We hope this can facilitate more robust algorithmic

audits by enabling independent researchers to analyze platform data and uncover potential biases.
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7 Related work
This section reviews key studies on the prevalence of misinformation in news consumption and

the characteristics of users who are more exposed to it. We also examine research on online

news’ political diversity, focusing on whether online platforms exacerbate or mitigate political

polarization.

7.1 Prevalence of misinformation in online news
Misinformation has been an important focus in CSCW, with prior work exploring a wide range of

aspects related to its spread, impact on users, and potential solutions. This includes (1) research on

the prevalence of misinformation on social media [45, 79], (2) investigations into how platform

design and algorithms shape users’ exposure to false content [13, 126], (3) the role of collabo-

rative sensemaking in evaluating and correcting misinformation [12, 72, 80], (4) how interface

features, recommendation systems, and engagement-driven algorithms influence the visibility of

misinformation [65, 67], and (5) the effectiveness of platform-driven solutions, such as content

moderation, flagged content, alongside community-led approaches like fact-checking in countering

misinformation [11, 43, 68, 70, 80].

Beyond the CSCW community, research from different disciplines has also extensively examined

user exposure to and consumption of online misinformation and the individual-level characteristics

associated with these behaviors [5, 29, 48, 51, 94, 115]. For instance, Guess et al. [51, 53] reported

that, on average, articles from misleading news sites made up 5.9% of all news content consumed

by users, and observed a significant age effect in misinformation sharing, with users aged 65 and

older sharing nearly seven times more fake news articles than younger users. Further research by

Mosleh et al. [86] examined the role of ideological partisanship in misinformation consumption,

finding that ideological extremity correlated with higher misinformation consumption, particularly

among conservatives. In terms of the effects of misinformation, Ognyanova et al. [91] revealed

that exposure to online misinformation is associated with a decrease in trust in mainstream media

across party lines.

Our study builds on this existing research and its findings. By analyzing data collected from real

Facebook users—data that was not available in previous studies—we confirm several previously

reported findings, such as the pervasive nature of misinformation exposure [30, 80], and the ways

in which people respond to encountering misinformation [80]. Additionally, our unique dataset,

which includes both users’ news exposure and consumption habits, along with demographic

and psychological profiles, allows us to address new questions and present previously unknown

insights. Specifically, we investigate how users’ demographics and psychological traits correlate

with exposure to misinformation on Facebook and their consumption of misinformation on external

news media websites. Furthermore, we explore whether engagement with misinformation on news

media websites leads to increased exposure to false content on Facebook, shedding light on cross-

platform dynamics.

7.2 Political balance in online news
Several studies have investigated political polarization and balance in online news consumption [40,

61, 64], with mixed findings on whether social media platforms contribute to polarization.

Two metrics have been employed to measure diversity in online news. First, studies such as

those by Fletcher et al. [40] and Scharkow et al. [104], measure diversity by counting the number of

distinct news sources a user encounters. Under this approach, exposure to a broader range of sources

is interpreted as a more diverse news diet, whereas exposure to a limited number of sources is

associated with political polarization. However, this metric may not fully capture political diversity,
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as similar-leaning sources can still result in a polarized news diet. Other studies [14, 28, 39, 61, 76]

have employed more nuanced methods that focus on the political leanings of the news sources,

similarly to our approach.

Some research, such as Flexed et al. [39] and Scharkow et al. [104], suggests that social networks

and search engines increase exposure to diverse political perspectives, promoting political diversity.

Similarly, Bakshy et al. [14] found that personal choices play a greater role than algorithms in

limiting exposure to diverse content. On the other hand, Levy et al. [76] reported that Facebook’s

algorithm restricts exposure to opposing viewpoints, even when users follow diverse sources,

potentially causing polarization. Supporting this, González-Bailón et al. [49] found high ideological

segregation on Facebook, with conservatives primarily engaging with conservative content and

misinformation, while liberals had less access to similar levels of partisan news. Additionally, Eady

et al. [28] found an asymmetry in cross-cutting behavior, with conservatives more likely to engage

with left-leaning media than liberals with right-leaning media, highlighting differences in openness

to opposing views. Regarding the impact of political news consumption, Levy et al. [76] found that

while encountering news from opposing perspectives can reduce negative attitudes toward rival

political parties, it has minimal impact on changing overall political views.

8 Limitations
Despite our best efforts, our study has a few limitations:

Non-representative user sample. Our user sample is not representative. Recruiting participants was

challenging, as it required individuals willing to install a browser extension and share their browsing

data. The sample was further narrowed to those who maintained consistent activity both on and off

Facebook and completed the required socio-demographic and psychological surveys. Additionally,

our recruitment focused solely on U.S.-based users, preventing cross-country comparisons that

might reveal broader or differing patterns.

Focus on desktop. Our dataset does not capture news exposure or consumption on mobile devices.

Developing a comparable data collection tool for mobile platforms is technically challenging, if

not impossible. Nevertheless, existing research offers no strong indication of major behavioral

distinctions between desktop and mobile news consumption patterns. Importantly, our comparison

of on and off Facebook activity relies on data collected from web browsers in both contexts,

mitigating potential biases and supporting the validity of our findings.

Misinformation labels. Our evaluation of misinformation and political bias is done at the news

source level rather than the individual article level. For instance, we report that 5.9% of news

content on Facebook comes from sources labeled as repeatedly sharing misinformation by Media

Bias Fact Check and NewsGuard. However, not all content from these sources is necessarily false.

Thus, this 5.9% should be considered an upper bound, with the actual share of misinformation

likely being lower. This limitation is common in similar research [6, 46, 52, 62, 103, 129], as no

widely accepted methodology exists for reliably assessing misinformation and political bias at the

individual article level.

To test the robustness of our regression findings, we conducted an additional analysis using

NewsGuard’s website scores as a proxy for misinformation likelihood, modeling exposure as a

continuous variable. The results were consistent: most significant predictors aligned with those

from the original model (see Appendix D for details).

While acknowledging these limitations, we believe our unique dataset and analysis offer inter-

esting insights into understanding misinformation exposure and political content balance.
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9 Conclusion
In this work, we aimed to address longstanding questions related to political polarization and

the spread of misinformation in online news. Specifically, we examined the role that social media

platform algorithms may play in shaping these phenomena and whether user demographics and

psychological factors influence them.

While several previous studies have attempted to explore these questions, most were hindered

by limited access to comprehensive data. The few that have accessed comparable datasets have not

investigated our specific research question. Our study, therefore, fills a critical gap by being the

first to use a dataset that integrates on-platform news exposure, off-platform news consumption,

and detailed psychological and demographic attributes to address this novel inquiry. This approach

not only yields unique and insightful findings but also opens new avenues for future research.

Our analysis allows us to confirm some previous findings in improved experimental conditions

(the ability to observe users’ precise exposure and consumption) and provide more nuanced views.

Notably, only a small percentage of users’ off Facebook news consumption 4% and misinformation

consumption 5.7% originated from exposure on Facebook. Furthermore, most users were more

frequently exposed to misinformation on Facebook than off it. However, political content was

generally more balanced on Facebook; only 22% of users received news from a single political leaning

on the platform, compared to 36% off Facebook. Our analysis also reveals new insights. Notably, our

analysis of user demographics and psychological factors associated with exposure to misinformation

on Facebook and off Facebook showed that certain attributes, including “Community: Suburban and

rural", “Education: High school", “Age: [25-34]" and “Partisanship: Republican", were significantly

associated with higher exposure to misinformation on Facebook, but not off Facebook. This raises

important questions about how platform algorithms interact with user demographics to amplify

specific types of content. Furthermore, we find that users who engage with misinformation off

Facebook are likely to encounter more of it on the platform. This might be driven by tracking

mechanisms, such as the Facebook Pixel, which tracks user behavior on news media websites. These

results highlight the need for further exploration into the effects of tracking on news diversity and

misinformation spread across social media platforms.

Overall, our findings highlight the crucial role that social media platforms play in amplifying

specific types of content, particularly misinformation. With the new Delegated Regulation on

data access under the Digital Services Act, researchers will have greater access to data, allowing

deeper studies on how social media algorithms and user attributes influence news consumption

and exposure. We hope our study can be used as an argument for data access requests and help

develop strategies aimed at reducing misinformation and promoting content diversity across digital

platforms.

10 Ethics
Our monitoring tool gathers sensitive and personal information from participants involved in the

study. This data collection strictly complies with the guidelines outlined in the EU General Data

Protection Regulation (GDPR), ensuring lawful, fair, and transparent data processing. Furthermore,

we have obtained the necessary approvals from the Data Protection Officers and the Ethical Review

Board of our institution confirm compliance with the required regulations. In addition, to maintain

transparency, every user installing our tool is presented with a detailed page explaining the data

collection process and its intended use. We request explicit consent from participants to contribute

to their data and engage in the research study. Finally, participants were fully informed of their

right to withdraw from the study at any time and request the removal of their data.
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Appendices
A Demographic and psychological sample of study

Table 6. Sample demographics

Percentage
Ethnicity

White 79%

Non-white 21%

Religion
Non-religious 47%

Christian 37%

Other religion 16%

Partisanship
Democrat 77%

Republican 16%

Other 7%

Community
Urban 39%

Suburban 47%

Rural 14%

Education
Undergraduate 49%

Graduate 20%

High school 18%

Community college 13%

Age
[18-24] 21%

[25-34] 34%

[35-44] 21%

[45-54] 13%

More than 55 11%

Gender
Female 65%

Male 35%

Fig. 7. Psychological scores across users.

B Data processing details
B.1 Determining the quality of news sources
To label each news source as factual or as a source of misinformation, we used data from NewsGuard

and Media Bias Fact Check. NewsGuard indicates whether a news source has a history of sharing

misinformation in the “Topics” column of their dataset, while Media Bias Fact Check provides

these assessments under the “Detailed” section of source evaluations on their website. Although

each agency uses distinct terms to describe misleading practices, both include keywords such as

"Conspiracy," "Fake News," or "Misinformation." Therefore, we flagged any source with one of these

terms as a misinformation source. Agreement between both providers was strong, with only 33

domains showing inconsistencies, which we resolved by applying the misinformation label.

Our dataset comprised domains listed by Media Bias Fact Check and NewsGuard, totaling 4,149

domains. Of these, 2,309 domains were classified as factual sources, 467 as misinformation sources,

with the remaining domains uncategorized in our analysis.
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B.2 Determining the political bias of news sources
To label the political bias of news sources, we relied on NewsGuard and Media Bias Fact Check.

NewsGuard provides political bias classifications for 2,939 news sites, categorizing them as Far

Left, Slightly Left, Center, Slightly Right, and Far Right. Media Bias Fact Check provides a similar

scale for 1,711 news sources, ranging from extreme-left to extreme-right. We normalized these

evaluations to align with NewsGuard’s scale by mapping:

• Extreme-right and extreme-left as far right and far left, respectively,

• Right as far right and left as far left,

• Right-center as slightly right and left-center as slightly left.

For the 41 domains where the two sources provided differing evaluations, we chose the classifi-

cation from Media Bias Fact Check.

B.3 Computing time spent on news-related posts on Facebook
To compute the time users spent on each news-related post encountered on Facebook, we recorded

which posts were visible on a user’s screen every 0.5 seconds, defining a post as "visible" if at least

30% of it remained on the screen. Given the 0.5-second interval, the computed visibility times have

a possible accuracy margin of +/-1 second.

B.4 Most frequent news sources in our dataset
Our dataset comprises 70,587 news article URLs visited by users across 1,882 news domains, along

with 123,995 news-related posts received by users on Facebook. Table 7 presents the top 20 pages

from which users receive news-related posts, while Table 8 displays the top 20 news sources

frequently visited by users.

Table 7. The top 20 frequent Facebook pages from which users receive posts with
partisanship.

Facebook Page Frequency Partisanship

facebook.com/tiphero/ 3493 Center

facebook.com/palmbeachpost/ 2647 Left

facebook.com/NPR/ 2126 Left

facebook.com/NEWS9/ 2055 Center

facebook.com/BuzzFeed/ 1417 Right

facebook.com/kfor4/ 1386 Left

facebook.com/TheRawStory/ 1380 Left

facebook.com/nytimes/ 1198 Left

facebook.com/nytopinion/ 1185 Left

facebook.com/TheBabylonBee/ 1178 Right

facebook.com/washingtonpost/ 1138 Left

facebook.com/georgehtakei/ 1003 Left

facebook.com/cameron.kelley.75 1001 Right

facebook.com/wjhlTV11/ 904 Center

facebook.com/WJTV12/ 900 Center

facebook.com/thescarymommy/ 833 Left

facebook.com/WRBL3/ 821 Center

facebook.com/GoodMorningAmerica/ 790 Center

facebook.com/NewsOn6/ 763 Center

facebook.com/TheOnion/ 738 Center
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Table 8. The top 20 frequently visited domains with partisanship.

Domain Frequency Partisanship

yahoo.com 19974 Center

sports.yahoo.com 9213 Center

finance.yahoo.com 4609 Center

nytimes.com 2431 Left

cnn.com 2251 Left

espn.com 2220 Center

quora.com 2030 –

dailykos.com 1999 Left

247sports.com 1681 Center

healthline.com 1681 Center

msn.com 1679 Center

telemundo.com 1159 Left

news.google.com 940 Center

buzzfeed.com 933 Left

washingtonpost.com 892 Left

cnbc.com 836 Left

people.com 802 Left

medium.com 771 Left

businessinsider.com 695 Left

ncbi.nlm.nih.gov 666 Center

C Tested models

Table 9. Characteristics of the tested models.

Dependent variable Distribution AIC Breusch-
Pagan

KS test Dispersion
test

Outlier
test

Exposure:
fraction mis-
information

Gaussian -63 p=0.67 p=0.29 p=0.98 p=0.73

Beta -1068 p=0.20 p=0.12 p=0.10 p=0.73

Beta Binomial 1566 p=0.07 p=0.03 p=0.62 p=0.38

Zero inflated Beta -198 p=0.20 p=0.04 p=0.05 p=0.47
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Table 10. Characteristics of the tested models .

Dependent variable AIC Breusch-
Pagan

KS test Dispersion
test

Outlier
test

Exposure: fraction misin-
formation

-1068 p=0.20 p=0.12 p=0.10 p=0.73

Consumption: fraction
misinformation

-337 p=0 p=0.06 p=0.26 p=0.01

Exposure: political balance 238 p=0.20 p=0.72 p=0.97 p=1

Misinformation: political
balance

183 p=0.46 p=0.29 p=0.78 p=1

Time on misinformation
on Facebook

473 p=0.35 p=0.14 p=0.22 p=0.73

Time on misinformation
off Facebook

-302 p=0 p=0.06 p=0.26 p=0.45

Exposure: fraction misin-
formation (from consump-
tion)

-260 p=0.29 p=0.95 p=0.87 p=0.35
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Fig. 8. Diagnostic plots from DHARMa residual analysis for misinformation consumption off Facebook and
misinformation exposure on Facebook. The left panel shows a QQ plot of scaled residuals, indicating no
significant deviation from uniformity based on the Kolmogorov-Smirnov, dispersion, and outlier tests. The
right panel plots DHARMa residuals against model predictions (rank-transformed), with no substantial
deviation patterns, suggesting no major violations of model assumptions.

D Predictors of misinformation using website scores
NewsGuard provides trust and credibility ratings for news and information websites, assigning each

site a score ranging from 0 to 100. This score reflects the overall trustworthiness and transparency

of the news source, based on a set of journalistic criteria. A potential limitation of our approach lies

in the application of misinformation labels at the source level rather than at the level of individual

news items. This choice is primarily due to the lack of a widely accepted, scalable methodology for

reliably identifying misinformation at the article level. To address this limitation, we incorporate

website-level ratings fromNewsGuard into our dataset. Rather than categorically labeling all content

from a particular website as misinformation, we use NewsGuard’s credibility score to assign a

probabilistic measure. Specifically, for each data entry, we define the likelihood of misinformation

as 1 − NewsGuard Score

100
.

When considering the classification of misinformation at a content level, using NewsGuard

ratings in Table 11, we find that most statistically significant predictors remain consistent with

those identified using source-level classification in Table 2, though the strength of the associations

varies. Republican partisanship, high school education level, and authoritarian attitudes continue

to significantly predict exposure to misinformation on Facebook across both approaches. However,

two notable differences emerge. First, being aged 25–34, which was a significant predictor of
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Table 11. Coefficients for correlates of the prevalence of content from sources known for spreading misinfor-
mation on and off Facebook.

On Facebook:
misinformation

Off Facebook:
misinformation

Ethnicity
White 0.04(0.12) 0.27* (0.11)

Religion
Non-religious 0.10(0.11) -0.12 (0.11)

Other religion -0.05(0.15) -0.02(0.15)

Partisanship
Republican 0.43**(0.17) 0.41*(0.19)

Other 0.21(0.22) 0.07(0.17)

Community
Suburban 0.14(0.10) -0.07(0.12)

Rural 0.27†(0.14) -0.07(0.14)

Education
Undergraduate 0.31**(0.11) 0.05(0.11)

High school 0.48**(0.15) -0.08(0.17)

Community

college

0.04(0.18) 0.24(0.22)

Age
[25-34] 0.19(0.13) -0.26(0.15)

[35-44] 0.10(0.16) -0.06(0.18)

[45-54] 0.23(0.18) 0.002(0.23)

More than 55 0.09(0.20) -0.15(0.24)

Gender
Male -0.05(0.10) 0.06(0.11)

Psychological
Authoritarian -0.17*(0.09) -0.08(0.09)

Need for closure 0.06(0.10) 0.04(0.11)

Stress -0.29(0.20) -0.30(0.22)

Threat manag 0.07(0.10) 0.05(0.13)

R2 score 17% 19%

*** p<0.001; ** p<0.01; * p<0.05; † p<0.10

misinformation exposure under source-level classification (β = 0.50*, SE = 0.29), is no longer signifi-

cant when misinformation is measured at the content level. Second, suburban community status,

previously significant in the source-level model (β = 0.34*, SE = 0.14), also loses significance under

the content-based approach. For misinformation consumption off Facebook, the set of significant

predictors remains the same across both classification strategies. However, the coefficients are

larger when using the content-level method.
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