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Abstract
Due to online sharing, false and misleading information
spreads at an alarming rate. In response, social media sites
have begun to append credibility warnings to articles that hu-
man fact-checkers have deemed unreliable. However, infor-
mation spreads at rates exceeding that at which humans are
capable of fact-checking. This has lead to a boom in compu-
tational fact-checking with artificial intelligence (AI). While
the computational assessment of credibility is becoming more
accurate, users’ perceptions of computational fact-checking
as a trustworthy supplement for humans and the impact of
computational fact-checking on users’ abilities to correctly
decide on the credibility of an article are not well studied.
We conducted a cross-sectional survey in which 204 survey
respondents rated the credibility of four news articles, each
randomly assigned a credibility warning (i.e., an assessment
of the article’s credibility determined by either an AI agent
or human journalist, or no assessment at all). We found that
AI warnings were as successful, if not more so, than warn-
ings provided by a journalist, at influencing participants’ as-
sessments of a news article’s credibility (regardless of the
warning’s accuracy). Additionally, our results show that an
article’s magnitude of sentiment, along with the user’s un-
derstanding of AI, both play a vital role in determining the
effectiveness of AI warnings.

1 Introduction
Information on the web is in great abundance. However, due
to freedom of speech, anonymity, and lack of standardiza-
tion, there is no clear indication of whether or not some-
thing read on the internet is credible. Although this has been
a widely recognized issue, the modern political landscape
has brought it to the forefront of our collective conversa-
tion, especially in the United States (Berghel 2017; Lazer
et al. 2018; Allen et al. 2020). There have been various
studies which aim to identify the means by which inter-
net users interpret, clarify, and remember information, as
well as how misinformation can be mitigated against (Pin-
gree, Hill, and Mcleod 2013; Pingree, Brossard, and Mcleod
2014; Winneg et al. 2014; Lewandowsky, Ecker, and Cook
2017). Studies have found that preexposure warnings - ex-
plicit warnings that precede the article content - are effec-
tive at mitigating the impact of misinformation on an indi-
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vidual (Lewandowsky et al. 2012). However, the responsible
party for generating these warnings is not well established.

Fact-checking in the form of easily interpretable and
widely available warnings requires comprehensive analysis.
For human journalists, fact-checking can be time-consuming
(and incredibly slow compared to the time by which misin-
formation spreads (Vosoughi, Roy, and Aral 2018)), leading
to inconsistencies, bias, and manipulation (Birdwatch 2021)
in human reviews (Nieminen and Rapeli 2019). These issues
have spurred the growth of computational fact-checking (Wu
et al. 2014; Ciampaglia et al. 2015; Ciampaglia 2018). Nu-
merous approaches and early prototypes for computation-
ally fact-checking online information, including stance de-
tection (Hanselowski et al. 2018; Bhatt et al. 2018), framing-
bias detection (Morstatter et al. 2018), online network anal-
ysis (Pérez-Rosas et al. 2017), and the application of adver-
sarial neural networks (Wang et al. 2018), have emerged.
For instance, Popat et al. (2016) demonstrated the use of ar-
tificial intelligence (AI) at classifying the credibility of text
samples, achieving over 70% accuracy.

Considering the significant effort by psychologists and
computer scientists to understand and prevent the spread of
misinformation (Shu et al. 2017; Lazer et al. 2018; Ruths
2019), connecting the psychological understanding of mis-
information with the computational methods meant to con-
trol its spread remains an open problem. Specifically, an im-
proved understanding of how internet users might respond to
computational fact-checking, particularly as a substitute (or
supplement) for human fact-checkers, is necessary to truly
gauge 1) if users will trust that an AI is providing them with
an accurate assessment of the credibility of online informa-
tion, and 2) if so, will users generally agree with an assess-
ment of credibility offered by an AI agent? In addition, be-
cause AI is largely a buzzword to much of the general public
(Livingston 2018), it is also important to understand user’s
perception of AI in general, and how their perceptions are
influenced by their knowledge of AI. Together, these com-
ponents will help measure the potential impact of compu-
tational fact-checking, especially in comparison to human
journalists, before such AI applications reach the broader
population. As such, we conducted a cross-sectional survey
(N = 204) to probe how different internet users assess the
credibility of various articles, each labelled with a credibil-
ity warning seemingly made by either an AI agent or human



journalist, to answer the following research questions:
RQ1. Are users more persuaded by credibility assess-
ments offered by an AI agent in comparison to a human
journalists?
RQ2. What factors, article- or user-dependent, correlate
with the influence of AI credibility warnings?
Our results show that users generally trust an AI agent’s

assessment of credibility. We also found that this trust may
be dependent on the user’s general perception of AI as an
effective problem-solving tool. In addition, we found evi-
dence suggesting that the article’s level of sentiment impacts
the influence of credibility warnings on users’ likelihood to
agree with the warning. To our knowledge, this is the first
study to compare the responses of internet users to human
and AI credibility warnings.

This paper is outlined as follows: Section 2 summarizes
related literature on computational fact-checking and psy-
chological contributors to misinformation assimilation. Sec-
tion 3 details the experimental setup and overviews the sur-
vey design. Section 4 provides our research findings and
analyses. Section 5 summarizes the paper, notes study lim-
itations, and details future work. Finally, Section 6 lists the
articles presented to the study participants.

2 Background
Credibility is defined as being believable, trustworthy, and
having some quality of expertise (Metzger and Flanagin
2013). The question of how a user determines if something
they read online is credible is attributed to a great num-
ber of variables; source and receiver characteristics, mes-
sage content and style, as well as the presentation medium
have all been identified as potential variables that can in-
fluence a user (Wathen and Burkell 2002). This complex
determination can therefore be naturally flawed on the re-
ceiving end, or worse, intentionally manipulated by the pur-
veyor of information (Volkova and Jang 2018). In the mod-
ern age, the barriers to entry that existed in traditional media
have effectively vanished leaving a proverbial “wild-west”
of information propagation. Consequently, researchers have
been searching for effective methods to combat the spread of
misinformation (Figueira and Oliveira 2017; Vosoughi, Roy,
and Aral 2018).

Journalistic fact-checking is the most obvious and
straightforward method for addressing the credibility of a
claim; a non-biased journalist or team of journalists re-
searches a claim, addressing specific standards for cred-
ibility, and comes to an ultimate conclusion (Nieminen
and Rapeli 2019). While this is a noble service, its issues
are two-fold. First, it is time consuming to fact-check a
claim, as there are thousands being circulated every sec-
ond. Some research focuses on computational methods to
make this work easier for journalists. For instance, Vlachos
and Riedel (2014), Adler and Boscaini-Gilroy (2019), and
Shaar et al. (2020) have all proposed natural language pro-
cessing (NLP) solutions for comparing new claims to ex-
isting fact-checks to prevent repetitive credibility reviews.
Additionally, Shiralkar et al. (2017) designed algorithms to
exploit knowledge graphs to help increase the productivity

of fact-checkers. These methods may prove useful, however
they still result in a fact-check after the original presentation
of information. This raises the second issue: studies have
shown that retractions and corrections to misinformation are
relatively ineffective (Ecker, Lewandowsky, and Apai 2011;
Lewandowsky et al. 2012). For example, Johnson and Seifert
(1994) found that retractions had no effect in reducing the
reliance on misinformation. These outcomes have been at-
tributed to the way a user creates a mental model of a claim
(Johnson-Laird, Gawronski, and Strack 2012). Because a
user creates a coherent story of an occurrence, the inaccurate
claim gets incorporated as a foundational and logical part of
the story. Therefore, although the claim may be debunked,
the misinformation remains as an artifact in the user’s mind.

Thus far, there are three solutions that have been proposed
to increase the effectiveness of retractions: 1) corrections
that tell an alternative, coherent story, 2) consistent repeti-
tion of the retraction, and 3) warnings at the time of initial
exposure (Lewandowsky et al. 2012). Unfortunately, the first
two options attempt to correct for misinformation that has
already been consumed by a user – resulting in the user po-
tentially contributing to the spread of misinformation them-
selves by propagating it further. This leaves the general ap-
proach of the third option: cut off the misinformation at the
source. However, this remains difficult, primarily since it is
difficult to check a claim before it reaches the user (Budak,
Agrawal, and Abbadi 2011).

One possible solution, that of using NLP and AI, has been
proposed to recognize the style and patterns of misinforma-
tion such that misinformation can be flagged as it is being
presented to the user (Hanselowski et al. 2018; Bhatt et al.
2018; Morstatter et al. 2018). This would allow for the spon-
taneous nature of web information to be tagged, increasing
skepticism, which has been noted as a keystone in encour-
aging readers to tread carefully (Lewandowsky et al. 2012).
Long-term trends in public perception of AI have improved,
with the majority of user’s optimistic about its place in so-
ciety (Fast and Horvitz 2017). However, there is increasing
evidence of human error in the form of bias (Ciampaglia
2018; Yapo and Weiss 2018), which may lead to skepticism
of an AI model to accurately assess the credibility of a news
source. Consequently, as this technology continues to be de-
veloped, it is important to determine how, why, and to what
extent a user is willing to trust AI to analyze their news.

To our knowledge, only one study has explored the inter-
play of automated fact-checking and end users’ interpreta-
tion of the credibility of news articles. In a qualitative survey,
Horne et al. (2019) asked users (N = 654) to rank various
news sources according to their reliability and bias. The goal
of their study was to determine how algorithmic assistance
could improve users’ perception of these two factors. Their
findings were that AI assistance improved human percep-
tions, but feature-based explanations of the decision-making
process are needed to improve “participants’ ratings on un-
reliable and biased articles” (Horne et al. 2019). They also
found that those who were more adept news readers tended
to be more successful in making determinations of reliabil-
ity and bias, as opposed to those who relied on social me-
dia sharing for their news. Our study builds upon these find-



ings by comparing the effectiveness of AI at improving user
perceptions of credibility to what they are meant to replace
- journalists. Further, Pennycook et al. (2020) and Clayton
et al. (2019) also explored the effectiveness of credibility
warnings when applied to news headlines on Facebook and
coined the “implied truth” effect. This phenomenon occurs
when the absence of a credibility warning implies to the user
that it has been fact-checked and is valid, although the truth
is that it simply hasn’t been checked at all. This reflects a
current trend in these AI solutions to only flag information
that has been deemed to be untrustworthy that needs to be
accounted for. Our study begins to address this behavior by
simulating an environment where all information is tagged
with a credibility warning, indicating whether it was deemed
to be credible or not explicitly. Untagged articles were re-
served for the control group.

3 Method
3.1 Demographics
We conducted a cross-sectional survey of adult internet users
(N = 204) recruited through email, Reddit ads, social media
posts, and university newsletters to complete an anonymous
survey on Qualtrics. Participants ranged from 18 to 74 years
old, with an average age of 30 years old (SD = 13.5 years).
Most respondents were male (50.8%); 44.2% self-identified
as female, while all others declined to answer. The majority
of respondents identified as White (79%), with 9.7% iden-
tifying as Asian, 6.6% as Black, and the remaining 3.4%
as Native American, Hawaiian or Pacific Islander; 7.7% of
participants identified as Hispanic. Participants indicated a
range of educational backgrounds: about one-third (33.5%)
have a 4-year degree, 27.4% reported some college educa-
tion, 17.3% have a professional degree, 11.2% completed
high school only, 7.6% have a Doctorate degree, with the
remaining 3% declining to answer. Our Institutional Ethics
Board approved the research plan and participants gave in-
formed consent to complete the survey.

3.2 Overview of Survey
General Assessment We first asked participants a series
of questions to gain a general assessment of their under-
standing and trust in AI to solve problems and to use var-
ious AI agents in their daily lives, such as in their homes or
for automated driving. Similarly, we gauged users’ trust in
journalists to deliver accurate reporting, in addition to ask-
ing users to report how they stay up to date on current events
and what factors they deem important when determining the
credibility of a news source. The specifics of these questions
can be found in Table 1.

Overview of Articles We compiled a total of six articles
(175 average words/article, SD=31 words) all having a topic
within the scope of politics for the purpose of consistency;
half presented true information while half were false (see
Section 6 for article content). Each participant was randomly
assigned four of the six articles. Each article was labeled
with one of three warnings: 1) an AI model’s assessment
of credibility (AI warning), 2) a journalist’s assessment of

Survey Question [Possible Responses]
How knowledgeable are you about artificial intelligence? [5-
point Likert scale of knowledge]
How comfortable would you be using a self-driving car? [5-
point Likert scale of comfort]
How comfortable are you using smart home devices (Ama-
zon Alexa, Google Home, etc.) [5-point Likert scale of com-
fort]
How effective do you think artificial intelligence is at solv-
ing problems? [5-point Likert scale of effectiveness]
How do you stay up to date on current events? (Select all that
apply) [Options: Print, Social Media, Online News Sites,
Online Forums, Television, Youtube, Radio, Word of Mouth,
Other]
How engaged are you in politics? [5-point Likert scale of
engagement]
Please rank from most important to least important the fac-
tors you look for when determining if something you read
online is credible. [Options: Domain name, News organiza-
tion, Quality of written content, Believable argument, Web-
site presentation, Authorship, Number of external links or
citations]
Journalists can be trusted to deliver accurate reporting. [5-
point Likert scale of agreement]

Table 1: Survey questions on participants’ understanding
and trust in AI and journalism, news-seeking habits, and
fact-checking.

credibility (Journalist warning), or 3) no assessment (Con-
trol warning) (see Figures 1 and 2). These warnings used
color-coded tags analogous to traffic light colors to serve as
a strong visual marker. With three possible warnings applied
to each article, there were 18 (6 articles x 3 warnings) total
possibilities of warning/article combinations (≈ 35 partici-
pants assigned to each article).

Figure 1: Article Warnings

For each article, participants were provided information
as if an AI agent or journalist had already assessed the cred-
ibility of the article, and rated it as credible, indicated by
a green label (with a confidence level for the AI), or not
credible, indicated by a red label. Further, since Horne et al.
(2019) found that explanations of the decision on credibility
were important in helping users make accurate decisions, ex-



Figure 2: Example Participant View

planations were also included on both the journalist and AI
warnings. Further, warnings were intentionally misleading
in two of the six cases (Table 2). Participants were asked to
read the article, rate (5-point scale for familiarity) whether
they had any prior knowledge of the article’s content, and
whether they found the article to be credible (7-point scale
for credibility). After judging four articles, participants were
provided the correct information about the articles they read
to lessen the likelihood that misinformation would be spread
as a result of this study.

Article # True? Pre-exposure Warning
1 Yes Correct
2 Yes Incorrect
3 Yes Correct
4 No Correct
5 No Correct
6 No Incorrect

Table 2: Breakdown of the qualities of the articles presented
to participants

Finally, we note that AI and journalist warnings were fake
- there was no such determination made by a third-party.
Fake articles were intentionally written by human volunteers
to mimic credible news publications; by using fabricated
articles rather than sourcing unreliable ones, we sought to
eliminate any room for error on the credibility of the ‘false’
articles. Credible articles were extracted from Reuters, The
Bipartisan Press, and the Bellingham Herald. Included ar-
ticles were purposefully selected to cover recent current
events, and to reflect a range of viewpoints of both the left-
and right-wing political ideologies.

4 Results and Analysis
4.1 Participant Views Toward AI and Journalism
Most participants self-reported some knowledge of AI sys-
tems. Specifically, 40.1% of participants reported as slightly
knowledgeable, 38.5% reported as moderately knowledge-
able, 10.4% reported as very knowledgeable, and 3.13% re-
ported as extremely knowledgeable. Only 7.8% reported no
prior knowledge. In addition, nearly half of all participants
(46.02%) considered AI to be moderately effective at prob-
lem solving, while overall, participants had a positive view
of AI as a problem solving tool. Only 2.27% of the sample
felt that AI is ineffective for problem solving. We also found
that the more knowledge a user has about AI, the more likely
they are to believe it to be an effective problem solving tool
(Table 3). However, participants’ views of AI-powered tech-
nologies such as self-driving cars and smart home devices
were not as favorable. Specifically, higher percentages of
subjects reported some level of discomfort with self-driving
cars and smart home devices (45.84% and 46.35%, respec-
tively) in comparison to those comfortable with these tech-
nologies (41.67% and 40.1%, respectively).

As shown in Figure 3, over half of participants (59.74%)
use online resources to receive their news. About one-fifth
of participants receive their news from online news sites,
while 17.04% rely on social media. Only 8% of participants
reported staying up to date through printed media (newspa-
pers, magazines, etc.).

Over one-third of participants somewhat or strongly
agreed that journalists can be trusted to deliver accurate re-
porting (3.26% and 38.59%, respectively), while one-third
somewhat or strongly disagreed (23.91% and 9.78%, respec-
tively). The remaining 24.46% were indifferent.

Figure 3: Survey participants mostly receive news from on-
line news sites.

4.2 Credibility and Political Involvement
Recent findings have suggested that those on the extremes
of the political spectrum are more likely to share fake news
(Guess, Nagler, and Tucker 2019; Hopp, Ferrucci, and Vargo
2020), and for that reason we gathered self-reported politi-
cal leaning in case any trends emerged. A majority of partici-
pants (70%) identified as liberal in their political views, 12%
identified as centrist, and 18% identified as conservative.



How effective is artificial intelligence at solving problems?
AI Knowledge Extremely effec-

tive
Very Effective Moderately effec-

tive
Slightly effective Not effective

Extremely Knowledgeable 16.67% 66.67% 16.67% 0.00% 0.00%
Very Knowledgeable 15.00% 40.00% 35.00% 10.00% 0.00%
Moderately Knowledgeable 4.05% 36.49% 45.95% 10.81% 2.70%
Slightly Knowledgeable 2.63% 27.63% 51.32% 15.79% 2.63%

Table 3: Participants knowledgeable of AI were more likely to view AI as an effective problem solving tool.

Liberal-leaning individuals typically believe that the gov-
ernment should be active in supporting social and political
change (Conover and Feldman 1981), while conservative-
leaning individuals seek to preserve a range of institutions
such as religion, parliamentary government, and property
rights, with the aim of emphasizing social stability and con-
tinuity (Conover and Feldman 1981). Centrists hold a mod-
erate view. Figure 4 shows an almost even split between
trust and distrust of journalists’ reporting; however, liberal-
leaning participants were much more likely to trust journal-
ists (65%) than conservative-leaning participants (38%).

Figure 4: Participants self-declared trust in journalists
to provide accurate reporting. Liberal-leaning participants
were almost twice as likely to trust journalists when com-
pared to conservative-leaning participants.

4.3 Effects of AI and Journalist Warnings
To assess if AI or journalist warnings were effective at per-
suading the user to correctly determine the credibility of an
article, we conducted six one-way ANOVA tests correspond-
ing with the six different articles presented (See Table 4 for
results). For each test, we used the user ratings of credibil-
ity as the dependent variable, and the article treatments (i.e.,
the AI warning, journalist warning, or no warning (control
group)) as the independent variables to determine if the dif-
ferences in the users’ responses in comparison to the control
group were statistically significant.

ANOVA tests for articles #1, #4, and #6 revealed no sta-
tistically significant difference between the users’ ratings of
credibility for those articles, despite the articles’ treatments.
However, ANOVA tests on articles #2, #3, and #5 did show
a statistically significant difference in the users’ ratings of
credibility between the three treatments. Specifically, the
ANOVA test for articles #2 and #3 showed a statistically
significant difference between the control group’s ratings of

credibility and both the journalist and AI warning-treated ar-
ticles, although a post hoc test showed no significant differ-
ence between the AI and journalist warning-treated articles.
The ANOVA test for article #5 showed a statistically sig-
nificant difference in user ratings of credibility between the
AI warning-treated articles and both the control and jour-
nalist warning-treated groups, with no significant difference
between the latter two.

Art. # F -score p-value Explanation
1 0.5447 0.5818 -
2 6.3330 0.0026 AI and journalist warnings resulted in

statistically significant differences in
user ratings of credibility compared to
the control group.

3 4.107 0.0194 AI and journalist warnings resulted in
statistically significant differences in
user ratings of credibility compared to
the control group.

4 0.4018 0.6702 -
5 3.8970 0.0236 AI warnings resulted in statistically

significant differences in user ratings of
credibility compared to the journalist
warning and control groups.

6 0.4642 0.6300 -

Table 4: One-way ANOVA (α < 0.05) results for participant
assessments of credibility per article across treatments (i.e.,
AI warnings, journalist warnings, and no warnings).

To identify the factors that may have resulted in the statis-
tically significant impact on users’ ratings of credibility (ar-
ticles #2, #3, and #5), we analyzed the positive and negative
sentiment of each article using the VADER sentiment ana-
lyzer (Hutto and Gilbert 2014); sentiment being defined as
an opinion regarding a situation or event. As shown in Figure
5, when articles contained language consistent with strong
sentiment (i.e., |VADER positive sentiment score
- VADER negative sentiment score| > 0.10),
participants were less likely to be persuaded by the pre-
exposure warnings (regardless of whether the sentiment
was positive or negative). This insight is strengthened by
the observation of the inverse; article #2, which was rated
as the most neutral, saw the largest change in participant
perception of credibility from the control group. In short, a
reader of an emotional or opinionated article is less likely
to be influenced by a credibility warning. Additionally, we
also found that the more likely a user is to think of AI as an
effective problem solving tool, the more likely they were to
be in agreement with the AI warning (Table 5).

In summary, Figure 6 shows the impact of AI and journal-
ist warnings across the six articles. AI warnings proved as



How effective is artificial intelligence at solving problems?
Extremely
effective

Very Effective Moderate
effective

Slightly effec-
tive

Not effective

Agreed with AI Assessment 75.00% 60.00% 60.98% 45.45% 0.00%
Disagreed with AI Assessment 25.00% 40.00% 39.02% 54.55% 100%

Table 5: Participants more likely to view AI as a problem solving tool were also more likely to align their opinion of an article’s
credibility with that of the AI warning.

Figure 5: Warnings were less effective at swaying partici-
pants when there was strong sentiment (> 0.09). Below this
threshold, lower sentiment led to a increasingly significant
impact of warnings.

effective as journalist warnings in influencing users to cor-
rectly determine the credibility of an article in comparison to
the control group which received no warnings. For 4 of 6 ar-
ticles (articles 2 through 5), AI warnings were more effective
than journalist warnings in assisting users in correctly as-
sessing the credibility of the article. These findings indicate
that AI-generated ratings of credibility may effectively re-
place a journalist’s ratings. Our results showed that not only
did the AI warning influence our participants to shift their
perception of an article’s credibility, but it did so to a similar
degree of the journalist’s warning. In all articles excluding
article #5, the journalist’s warning and AI’s warning showed

no significant difference in their influence on users. Addi-
tionally, in regard to article #5, there is some indication that
AI can be more effective at influencing a user’s opinion than
a journalist, although the contributors to this require further
investigation.

5 Conclusion
This study provides insight into the efficacy of using cred-
ibility warnings to influence internet users’ perception of
news credibility. We conducted a cross-sectional survey ask-
ing internet users to rate the credibility of news articles when
given preexposure warnings of credibility attributed to jour-
nalists and an AI algorithm. In doing so, we found evidence
that AI may be effective at influencing a user’s perception of
an article’s credibility. More importantly, we found that AI
may be at least as effective as a journalist in doing so, and
in some cases, more effective. This influence worked to in-
crease the accuracy of a user’s rating of credibility. We also
found that language sentiment may influence the degree to
which a user perceives and believes preexposure warnings.
Heavily sentimental language may indicate bias or strong
emotional appeal. This kind of language has the tendency to
elicit emotion in the reader and solidify their own beliefs in
the information presented (Zhang et al. 2011), potentially
suggesting that sentimental language is counterproductive
in the fight against misinformation. Overall, consistent with
Horne et al. (2019), we found evidence that “AI assistance
improves human perceptions about reliability...in news arti-
cles” and “political leaning has little impact on rating relia-
bility.” Finally, our results suggests that AI could potentially
deceive a user into thinking an article is credible (articles #2
and #6). If a preexposure warning is incorrect, it could in-
crease the spread of misinformation, leading to severe con-
sequences (Yapo and Weiss 2018). As such, it is important
to continue improving the accuracy of such algorithms.

When considering AI as a support for human decision-
making, having a perfectly accurate algorithm is only a par-
tial success. It is also necessary to convince your target audi-
ence that it actually will work for them. The findings noted
in Table 5 show a positive relationship between AI under-
standing and success of the AI credibility warnings. In other
words, the more a user understands about AI, the more effec-
tive they believe it to be. This increased belief leads to more
trust in AI systems, and allows for an artificially-generated
fact-checking to be more successful in moving public opin-
ion.

Finally, we note that this study has the following limi-
tations. First, our study did not have a diverse participant



Figure 6: AI warnings prove as effective as journalist warnings in influencing users to correctly determine the credibility of an
article in comparison to the control group which received no warnings. For 4 of 6 articles (articles 2 through 5), AI warnings
were more effective than journalist warnings in assisting users in correctly assessing the credibility of the article.

pool, and thus may not generalize to the broader population.
We also did not define credibility for participants, such that
users may have had various understandings and definitions
of the term. Additionally, our articles were topically focused
on current events and politics; although these are ripe top-
ics for misinformation, different findings may emerge across
different topics. In regard to the survey design, we did not
evaluate the change of users’ trust in AI over time, which
could evolve as the relevance of current events in their per-
sonal lives change. We also did not monitor users engage-
ment level with each article; much of news consumption
takes the form of scrolling headlines and news blurbs, so the
effectiveness of AI as a function of different levels of en-
gagement and article lengths is left for future work. In addi-
tion to this, future work will also need to determine how dif-
ferent presentation styles of credibility warnings influence

users perception of credibility.
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6 Appendix
6.1 Article 1 Content
A man in Bellingham was recently arrested in the murder of
his wife and their two pets, both of who he shot using a gun.
After he killed them, he went on Twitter to brag about it and
thank the NRA, as well as give his address to be arrested.
He claims that it would not have been possible without an
AR-15, apparently advocating for stricter gun control. The
liberal apparently felt the need to shoot and kill his entire
family to prove his point on gun control.

An account appearing to be his on Twitter tweeted a few
hours before he was arrested and around the estimated time
of the killing, ”Guns don’t kill people, people do. Guns just
make it a lot easier. AR-15 makes it super easy. I jst killed
my whole family, and i couldnt have done it without a gun!
I’m too much of a coward, a knife would have been waaay
too hard. So, thanks to everyone at the NRA.”

While the link between the account and killer has not
yet been confirmed, the account most likely belonged to the
killer, using both the same phone number and email as him,
as well as name. The killer also replied to tweets by Presi-
dent Trump and the NRA saying similar things, and had a
history of anti-Trump and anti-gun sentiment.

6.2 Article 2 Content
New York Governor Andrew Cuomo on Friday threatened
to sue the Trump administration over its decision to restrict
New Yorkers’ access to some programs that allow faster se-
curity checks at ports of entry, part of a dispute about the
state’s limits on cooperation with current U.S. immigration
policy.

President Donald Trump, a Republican who was born and
raised in New York, has criticized the state and other states
and cities his administration deems “sanctuary jurisdictions”
because of their policies limiting information sharing be-
tween local law enforcement and federal immigration au-
thorities.

“It’s an abuse of power. It is extortion. And it’s exactly
what you did at Ukraine,” Cuomo said in a reference to an
impeachment charge that Trump pressured Ukraine to in-
vestigate a political rival, former Vice President Joe Biden.
“You didn’t learn the lesson.”

The Department of Homeland Security said on Thursday
that it would bar New York residents from both new passes
and renewals of a program known as Global Entry, as well
as three other programs that allow faster travel between the
United States, Canada and Mexico.

6.3 Article 3 Content
Trump strikes again, going on Twitter to boldly announce
that he believed that vaccines are linked to autism. Autism is

a serious developmental disorder that impacts the ability to
socialize and communicate.

In a stunning display of misinformation, Trump said
that“Healthy young child goes to doctor, gets pumped
with massive shot of many vaccines, doesn’t feel good...–
AUTISM.”

The tweet has since been retweeted almost twenty thou-
sand times with many pointing out that the connection is
obviously false, and has been debunked by experts in the
CDC, World Health Organization, and various peer-reviews
publications and journals, yet Trump still denies those facts.

Trump has been an avid believer in conspiracy stories,
from calling climate change a hoax to saying that he would
“date” Ivanka Trump if she wasn’t his daughter.

6.4 Article 4 Content
The left is at it again, this time with a new video that’s gotten
the attention of the right wing media. On the video, a woman
standing in a crowd of people on a college campus is shown
saying “we should start a race war” and “we should start a
war with Russia.”

The video appears to have been uploaded to YouTube
in January. The footage was posted on The Daily Wire on
Monday by author and political commentator Tanya Rivero,
who says she took the video down because “the video was
not meant to be shared. I apologize for any offense it has
caused.”

The Daily Wire also reported that the previous video of
the woman’s speech was removed from YouTube for violat-
ing a rule requiring the removal of content “that advocates
for violence or hatred against an identifiable group.”

Rivero posted the video at the far-right site, Gateway Pun-
dit, on Monday. The Gateway Pundit posted an article titled
“Here is the video that proves liberal campus activists are
plotting to start a war with Russia.”

6.5 Article 5 Content
Rumors that Trump doubts FBI data that China is censor-
ing citizens’ social media posts have been circulating for
months. But the report from the Washington Post, which
cited “current and former officials” and was based on doc-
uments provided by a “former senior U.S. intelligence offi-
cial,” provides the most detailed view yet of the president’s
thinking.

The rumors first appeared on the Facebook page “Occupy
Democrats” where an anonymous source claiming to hold a
position close to Trump wrote about Trump’s apparent dis-
belief that China censor’s its internet.

The Washington Post report chronicles a recent analysis
conducted by the Office of the Director of National Intel-
ligence, which concluded that the Chinese government is
running a “massive censorship campaign” against Chinese-
language websites and social media.

The official, however, claimed that Trump saw China as
a potential ally and Communist Party leader Xi Jiping as a
“good friend.” Trump, according to him, fails to believe that
someone like Xi would censor his people.



6.6 Article 6
On January 23, 2018, the Trump administration announced
the opening of the first offshore leasing program in U.S. his-
tory, in the Gulf of Mexico.

It was the first major expansion of U.S. oil production in
decades. The U.S. had previously leased less than 10 percent
of the U.S. Outer Continental Shelf.

The country’s offshore oil production had increased
rapidly since the 1970s, but production remained low com-
pared to other countries like Russia and Saudi Arabia.

In the oil-rich Gulf, the U.S. is now the largest oil pro-
ducer. In 2014, the U.S. had about 1.7 billion barrels of oil
reserves, but only about 1.1 billion were fully employed or
commercially producible.

Total U.S. oil production during 2017 was 9.78 million
barrels of oil equivalent per day (BOE/d). This is a signif-
icant increase from the 7.84 BBOE/d in 2016. The U.S. is
currently the world’s largest oil producer. To be clear, the
U.S. is also the world’s largest settler of oil. The U.S. had
about 2.1 million barrels of oil per day in 2016, which is
more than any other country in the world. The U.S. is also
the world’s largest producer of natural gas.

The U.S. produced about 35% of the world’s natural gas in
2016, but the country only produced about 10% of its natural
gas reserves.


