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Abstract

As the growing capabilities of generative AI models have enabled information
creation and dissemination at increased scale and speed, labeling AI-generated
content has emerged as a policy proposal to increase transparency to users and
reduce risks of misinformation and deception. While prior work has investigated
the persuasiveness of AI-generated political messaging without notifying people
of the information author, it is still unclear whether the authorship of information
affects its persuasiveness. It is critical to understand this impact, given the proposed
policy regarding labeling AI-generated content. In this study, we conduct a survey
of U.S. respondents to investigate the persuasiveness of information labeled as
AI-generated, human-written, or unlabeled across four policy issues. We find that
the disclosure of AI authorship does not significantly affect persuasiveness. Further,
this relationship holds even when controlling for respondents’ prior knowledge
about the policy, political party, education level, age, and prior experience with AI
tools. These results suggest that labeling content as AI-generated may have only a
weak effect and may minimally diminish its persuasive impact. Thus, this calls for
other solutions to address the pressing issue.

Figure 1: In this study, we measure the persuasiveness of information with different authorship
labels across four different policy proposals. We find that the authorship label of the message as
AI-generated, human-written, or unlabeled does not significantly affect its persuasiveness.

1 Introduction

Generative artificial intelligence (AI) tools can now write persuasive content with scale and speed that
exceeds human-written information [2, 9, 12, 16]. With these advancing capabilities have emerged
new concerns about AI-powered influence operations [16, 15], misinformation campaigns [27], and
other deceptive political activities. Even when not intentionally misleading, AI-generated political
content can exacerbate bias [5] and disrupt the information ecosystem with personalized, targeted
materials that require no professional expertise or manual effort [12]. Complicating matters, people
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struggle to detect AI-generated content, often using flawed heuristics [23], leading to an inability to
distinguish it from human-written messages [7, 34].

A common policy response has been to identify AI-generated content with an authorship label [41].
U.S. Executive Order 14110 on Safe, Secure, and Trustworthy Development and Use of Artificial
Intelligence [11], for instance, calls for “steps to watermark or otherwise label output from generative
AI,” with companies like OpenAI, Alphabet, and Meta committing to such measures [3]. The
EU AI Act requires that deployers of AI-generated or manipulated content provide AI disclosure
labels, and the AI Labeling Act of 2023 [38], introduced in the U.S. Senate, and the AI Disclosure
Act of 2023 [37], introduced in the U.S. House of Representatives, call for similar provisions.
Techniques like generative text watermarking may enable persistent traceability for such disclosure
requirements [8].

Still, the influx of these labeling policy proposals opens up a critical question: do authorship labels
change people’s utilization of information? In this study, we examine political persuasion, one
of the most pressing concerns in policy debates around AI’s ability to influence people’s political
beliefs, attitudes, and behaviors. In a pre-registered survey experiment, we test the extent to which
different authorship labels change participants’ level of support for four different policy proposals. To
do so, we compare the persuasive effects of messages labeled as AI-generated to messages labeled as
human-written or unlabeled, keeping the message content fixed and manipulating only the authorship
disclosure. We seek to answer the following research questions:

• RQ1: Are messages labeled as human-written more persuasive than those labeled as AI-generated?
• RQ2: Are messages labeled as AI-generated more persuasive than unlabeled messages?
• RQ3: How do AI authorship labels affect people’s level of confidence in their support, sharing

intentions of information, and accuracy judgments of information?

We hypothesize that messages labeled as AI-generated will be less persuasive than those labeled as
human-written, and that messages labeled as AI-generated will be more persuasive than messages
with no label.

While prior work has focused on either the persuasiveness of AI-generated content without authorship
labels [2, 9, 14, 18, 19, 31], or the perceptions of labeled information such as credibility, reliability, or
quality [1, 4, 6, 17, 28, 20–22, 24–26, 29, 30, 33, 36, 39, 43], our contribution lies in investigating the
utilization – not just perception – of labeled information, namely the persuasiveness of information
under source identification, given the same content. We find that the notification of AI authorship
does not significantly affect the persuasiveness of policy proposal messages, but may potentially
have a small effect. These results suggest a possible inefficacy of authorship labels to meaningfully
change perceptions of information content, and highlight a need for both further investigation of
labeling policies, as well as more thorough policy interventions that can have stronger mitigations
against AI-powered information campaigns.

2 Methodology

2.1 Experimental Design

In our study, we measure the persuasiveness of information with different authorship labels across
four policy proposals. Following the study design of Bai et al. [2], we measure persuasiveness by
the change in support before and after reading a persuasive message. The study has a 2 (Time:
Pre-intervention vs. Post-intervention) x 4 (Policy: Geoengineering vs. Drug Importation vs. College
Athlete Salaries vs. Social Media Platform Liability) x 3 (Authorship Label: AI Label vs. Human
Label vs. No Label) within-between-between-subject design. As illustrated in Figure 1, participants
read the exact same message about their assigned policy but are either told that it is generated by an
expert AI model, written by a policy expert, or given no authorship details. The No Label condition
represents a scenario where the information source is unspecified, a common instance in online
content, while the Human Label condition provides a direct contrast between two known sources.

We randomly sampled four policy proposals from Durmus et al. [9]’s Persuasion Dataset (CC BY-
NC-SA 4.0), which contains a set of 56 claims about emerging issues, such as geoengineering and
collegiate athlete salaries. Given the developing nature of the issues, people’s opinions are expected
to be less entrenched and more impressionable to persuasive arguments. In June 2024, we collected
one message generated by OpenAI’s GPT-4o model for each of the four policy proposals to persuade
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readers to support the policies, controlling for the persuasiveness technique [42]. We manually edited
the text only to correct any factual errors. For details, see Appendix A.

The study procedure has four stages. (1) In the pre-intervention stage, participants are told that they
are participating in a public opinion survey to ground their responses in a realistic scenario; they then
indicate their prior knowledge about the topic and provide the pre-intervention measures of support
and confidence. (2) In the intervention stage, participants receive information, labeled according
to their assigned authorship label condition. (3) In the post-intervention stage, participants provide
the post-intervention measure of support, confidence, sharing intention, and accuracy judgment. (4)
Finally, participants complete a post-task survey that asks for an attention check, their perceptions of
their assigned information source, and their demographic information. At the end of the survey, we
disclose the purpose of the study and the true authorship of the messages. The study was approved by
Stanford University’s Institutional Review Board, and all participants provided and confirmed their
informed consent.

With support as the primary measure of persuasion, we measure the following dependent variables on
a 0-100 scale, following Bai et al. [2]. For the complete set of measures, see Appendix B.

• Support. Please indicate your level of agreement with the following statement: [Policy Proposal].
• Confidence. How confident are you in your responses?
• Sharing Intention. How likely would you be to share this information with others if the topic

came up (for example, in conversation or on social media)?
• Accuracy Judgement. To the best of your knowledge, is the information accurate?

We conducted an a priori power analysis based on pilot data to determine the required sample size.
Assuming an effect size of 3 points on the raw 0-100 point scale for the support variable between the
AI Label and Human Label conditions, a sample size of 1,500 was required to achieve a power of 80
at a significance level of 0.05; though prior work has not examined persuasiveness of AI versus human
authorship labels, this effect size is based on prior literature that has found very small effects between
AI and human authorship disclosures along other perception measures [20, 24, 30, 33, 36]. We
recruited a total of 1,725 participants from Prolific between July 1-2, 2024. We excluded participants
who failed the attention check question, as well as participants who failed two manipulation check
questions that checked if they believed the author was the same as their assigned condition. This
exclusion ensured that we retained only those participants who were successfully influenced by the
manipulation. Our final sample was 1,515 participants. For participant details, see Appendix C.

2.2 Analysis

We estimate several regression models, following the method of Bai et al. [2], to model multiple
control variables and interaction effects. To answer RQ1, we regress the post-intervention dependent
variable of support on the dummy-coded variables for the AI Label and No Label conditions (con-
trasted with the Human Label condition) while controlling for the policy (dummy-coded, contrasted
with Geoengineering); we additionally control for the pre-intervention measure of support. We
consider all policies within a single regression model (as opposed to modeling each policy condition
separately) following Fong and Grimmer [13]’s recommendation and Bai et al. [2]’s methodology
to improve causal inference compared to a single policy. To address RQ2, we again regress the
post-intervention dependent variable of support on the dummy-coded variables for the AI Label and
Human Label conditions (contrasted with the No Label condition), again controlling for the policy
and the pre-intervention measure.

We additionally perform two equivalence tests with two one-sided tests (TOST) with Welch’s test
statistic, which assumes unequal variance [40]. In the first TOST equivalence test, we compare the
mean difference between the post-intervention and the pre-intervention support variables in the AI
Label condition to that of the Human Label condition to test the alternative hypothesis that the means
do not differ by more than a small amount, defined by the equivalence bounds. In the second TOST
equivalence test, we instead compare the means between the AI Label and the No Label condition.
These tests allow us to understand within what interval the differences between conditions lie.

Finally, to understand RQ3, we repeat the regression analyses used for RQ1 and RQ2, but interchange
the dependent variable of support. We only control for the pre-intervention measure when the
dependent variable is confidence.
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Figure 2: Mean and 95% confidence intervals for the difference between the post-intervention and
pre-intervention support variables for the AI Label, Human Label, and No Label conditions.

3 Results

Across all policies, we find no evidence that AI authorship notifications significantly change
the persuasiveness of the political messaging. We show the mean differences and 95% confidence
intervals between the post-intervention and pre-intervention support variables across all policies
in Figure 2. Turning first to RQ1, we find that, even though participants assigned to the Human
Label condition tended to increase their support more than participants assigned to the AI Label
condition across every policy, the difference between conditions was not significant when analyzing
our combined regression model that includes all topics (b=-1.82, CI=[-3.74, 0.10], p=0.063), nor when
analyzing each topic individually. Comparing the AI Label condition and the No Label condition
for RQ2, we again see no statistically significant difference (b=-0.088, CI=[-1.96, 1.78], p=0.92).
Finally, for RQ3, we do not observe any significant differences between labeling conditions for the
confidence, sharing, and accuracy dependent variables. For full regression results, see Appendix D.

Given the similarity in the persuasiveness of the messages across the conditions, we use the TOST
equivalence tests to determine the equivalence bounds at which the authorship labeling conditions
are statistically equivalent with respect to the difference between the post-intervention and pre-
intervention support variables, illustrated in Figure 10 in Appendix D. We find that the AI Label
condition is statistically equivalent to the Human Label condition at equivalence bounds of 3.86
points or more on the 0-100 scale, and is equivalent to the No Label condition at 1.68 points or more.

We also examine if other variables moderate the persuasive effect of each of the authorship label
conditions by separately adding interaction terms between the pre-intervention support and each of
the dummy variables for the following possible moderators: political party identity, prior knowledge
about the topic, prior experience with AI tools, education level, and age. We find no evidence that
any of these variables moderated the effect of the authorship label.

These results suggest that authorship labels may not meaningfully change the persuasiveness of
political information content, even across several potential moderating factors. These findings come
in light of strong policy pushes to require such labels to change information perceptions and point to
a need for stronger mitigations against AI-generated information, beyond an authorship label alone.

4 Limitations

Even though we do not find significant effects between labeling conditions, we do observe that the
Human Label condition tends to be more persuasive than the AI Label condition. Despite conducting
an a priori power analysis based on pilot data, it is possible that our sample size was unable to
detect this small effect. Future work can build on our results to better characterize this difference.
However, even if significant, such a small effect likely leaves the policy implications unchanged.
This work also only investigates one setting of persuasion, which simplifies theories that suggest that
people leverage many heuristics beyond the information content alone to make judgments [32, 35].
Additionally, we consider a small number of messages with only three possible labels for information,
but the possibilities of authorship notification can be much broader [10]. Future work can consider
other content types and misinformation settings. Finally, we do not consider people’s acceptance
or aversion to AI in general, which may be an important moderating factor. Ultimately, trust in AI
information sources is context-dependent [6], and persuasiveness of AI-mediated information may be
no different.
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5 Conclusions

We have presented one of the first investigations of the impact of AI disclosures on the persuasiveness
of information and have shown that the persuasive effect is nearly equivalent when information is
labeled as AI-generated as when it is labeled as human-written or has no label. Given the growing
call for AI disclosures in emerging AI regulation and governance, these findings suggest that these
policies may only have a weak effect on people’s perceptions and utilization of labeled content. These
findings highlight a need for further investigation into the efficacy of AI disclosure policies,
while also emphasizing the importance of alternative and additional interventions, including media
literacy education for the public, more informative cues about the trustworthiness and reliability of
AI-generated content, and deamplification of AI-generated content when appropriate [12].
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A Information Content

We use the following prompt to generate the information content from GPT-4o, employing techniques
of evidence-based persuasion and expert endorsement described in Zeng et al. [42]’s taxonomy to
control for persuasiveness:

Persuade a reader to agree with the following proposal: "[POLICY]". To do
so, write a persuasive statement of 100 words that contains two TRUE domain
expert sources of TRUE empirical data, statistics, or facts in support of the
proposal, as well as one TRUE quotation from a TRUE domain expert.

The generated information contents, with factual errors manually corrected, are shown in Table 1.

Geoengineering poses too many risks and should not be considered.
Geoengineering poses too many risks and should not be considered. According to several scientific studies,
large-scale geoengineering could deplete ozone in the atmosphere, damage ecosystems, and even accelerate
global warming. Additionally, a report from the Intergovernmental Panel on Climate Change (IPCC) notes
that the consequences cannot yet be anticipated as the level of scientific understanding about geoengineering
is low. Dr. Alan Robock, a renowned climate scientist, warns, “Scientists cannot possibly account for all of
the complex climate interactions or predict all of the impacts of geoengineering. With so much at stake, there
is reason to worry about what we don’t know.” These credible sources underscore the significant dangers
associated with geoengineering, making it an unviable solution.

Drug importation jeopardizes safety controls and the domestic pharma industry.
Drug importation jeopardizes safety controls and the domestic pharma industry. According to the Food and
Drug Administration (FDA), 72% of active pharmaceutical ingredients are sourced from abroad, raising
concerns about quality control and safety. A study by the National Association of Boards of Pharmacy found
that the sale of counterfeit drugs used for chronic conditions, health maintenance, and infections is lucrative,
generating over $200 billion a year in profit for global criminal networks. Dr. Janet Woodcock, Director of
the FDA’s Center for Drug Evaluation and Research, warns that the “use of foreign-sourced materials creates
vulnerabilities in the U.S. drug supply.” Protecting our domestic pharma industry is crucial for maintaining
rigorous safety standards.

College athletes should be paid salaries.
College athletes should be paid salaries because they generate significant revenue for their institutions.
According to the NCAA, college sports brought in $18.9 billion in 2019 alone. Furthermore, a study
conducted by Drexel University and the National College Players Association found that the annual fair
market value of an average college football player is $178,000. As Jay Bilas, a former Duke basketball player
and ESPN analyst, stated, “In my view, there is no legitimate justification to limit the compensation of an
athlete, just as there is no legitimate justification to limit the compensation of coaches, administrators, or
staff.” Paying college athletes would ensure fair compensation for their contributions and help address the
financial disparities they face.

Social media platforms should be liable for harmful content posted by users.
Social media platforms should be liable for harmful content posted by users. According to a 2021 Pew
Research Center study, 64% of Americans believe social media has a mostly negative effect on the way
things are going in the country today. Additionally, a 2020 report by the Anti-Defamation League found that
44% of Americans experienced online harassment, with 77% of Americans wanting companies to make it
easier to report hateful content and behavior. As cybersecurity expert Bruce Schneier states, “The biggest
mistake we made with social media was leaving it as an unregulated space. Even now – after all the studies
and revelations of social media’s negative effects – social media in the US remains largely an unregulated
‘weapon of mass destruction.”’

Table 1: Policy proposals and information content. Each of these employs the persuasion strategies
of evidence-based persuasion and expert endorsement, taxonomized in Zeng et al. [42], in order to
control for the level and type of persuasiveness.

B Measures

In the following survey questions, [Policy Proposal] denotes one of the policy proposals listed in
Table 1, while [Topic] denotes one of the following phrases, based on the participants’ assigned
conditions: geoengineering, drug importation, college athlete salaries, or social media platform
liability.
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Figure 3: Example pre-intervention instructions for a participant assigned to the AI Label and
Geoengineering conditions.

Figure 4: Example pre-intervention policy information for a participant assigned to the AI Label and
Geoengineering conditions.

B.1 Pre-Intervention

Participants are first presented with instructions shown in Figure 3, and then are presented with a
policy, as shown in Figure 4.

1. How knowledgeable do you feel about [Topic]?
• I am an expert on this topic.
• I am very knowledgeable about this topic.
• I am moderately knowledgeable about this topic.
• I am slightly knowledgeable about this topic.
• I have little to no knowledge about this topic.

2. Please indicate your level of agreement with the following statement: [Policy Proposal].
• 0 = Strongly disagree
• 50 = Neither agree nor disagree
• 100 = Strongly agree

3. How confident are you in your responses?
• 0 = Very unconfident
• 50 = Neither confident nor unconfident
• 100 = Very confident

B.2 Intervention

In the AI Label condition, participants receive the following, with examples shown in Figures 5 and 6:

1. You will now receive information generated by an expert AI model trained in U.S. policy.
We have collected a set of opinions about the topic from multiple expert AI models. Select
the AI model that will provide the perspective you will read. (Participants select a number
from 1 to 10.)

2. Consider the following information provided by expert AI model #[Selection]. [Information
Content]

9



Figure 5: Example intervention instructions for a participant assigned to the AI Label and Geoengi-
neering conditions.

□ I have read this information carefully.

In the Human Label condition, participants receive the following:

1. You will now receive information generated by a policy expert trained in U.S. policy. We
have collected a set of opinions about the topic from multiple policy experts. Select the
person who will provide the perspective you will read. (Participants select a number from 1
to 10.)

2. Consider the following information provided by policy expert #[Selection]. [Information
Content]

□ I have read this information carefully.

In the No Label condition, participants receive the following:

1. You will now receive information. We have collected a set of opinions about the topic. Select
the message that you will read. (Participants select a number from 1 to 10.)

2. Consider the following information provided by Message #[Selection]. [Information Con-
tent]

□ I have read this information carefully.

B.3 Post-Intervention

After reading the information, participants respond to the following:

1. Please indicate your level of agreement with the following statement: [Policy Proposal].
You previously selected [Pre-Intervention Selection].

• 0 = Strongly disagree
• 50 = Neither agree nor disagree
• 100 = Strongly agree

2. How confident are you in your responses? You previously selected [Pre-Intervention
Selection].

• 0 = Very unconfident
• 50 = Neither confident nor unconfident
• 100 = Very confident

3. How likely would you be to share this information with others if the topic came up (for
example, in conversation or on social media)?

• 0 = Very unlikely
• 50 = Neither likely nor unlikely
• 100 = Very likely

4. To the best of your knowledge, is the information accurate?
• 0 = Very inaccurate
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Figure 6: Example intervention message for a participant assigned to the AI Label and Geoengineering
conditions.

• 50 = Neither accurate nor inaccurate
• 100 = Very accurate

B.4 Post-Task

Participants pass the attention check if they select the first and third answers:

People get their news from a variety of sources, and in today’s world reliance on
online news sources is increasingly common. We also want to know if people are
paying attention to the question. To show that you’ve read this much, please ignore
the question and select both "online sources only" and "about half online sources"
as your two answers.
About how much of your news consumption comes from online sources? Please
include print newspapers that you read online (e.g., washingtonpost.com) as online
sources.

• Online sources only
• Mostly online sources
• About half online sources
• Mostly television or print news, with some online sources
• Television or print news only

We then ask about participants’ perceptions of the information source, which includes two manip-
ulation check questions (2 and 3, listed below). Participants pass the manipulation check if they
are assigned to the AI Label and Human Label condition and believe the author is the same as their
assigned condition or do not question the author’s identity before we ask, or if they are assigned to
the No Label condition.

Thank you for providing your perspective on the policy proposals. We would now
like to understand your experience and interactions with the information. Click the
button to continue to a short questionnaire about your experience.
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The following questions are asked only for survey completeness to understand the
clarity, relevance, tone, and other qualities of the information you read.

1. (Optional) How, if at all, did the information or its author affect your opinions
about the policy?

2. Do you think that this information was written by a human, or do you think
that it was generated by an artificial intelligence (AI) model?

• Definitely human-written
• Possibly human-written
• Not sure
• Possibly AI-generated
• Definitely AI-generated

3. Did you question whether this information was generated by a human or AI
before we specifically asked you this?

• Yes
• No

4. Please rate your prior experience with conversational artificial intelligence (AI)
models or large language model (LLM) tools. Examples include: ChatGPT
(OpenAI), Claude (Anthropic), Gemini (Google), and Bing AI or Copilot
(Microsoft).

• I use conversational AI or LLMs more than once a week.
• I use conversational AI or LLMs about once a week.
• I use conversational AI or LLMs about once a month.
• I use conversational AI or LLMs less than once a month.
• I never use conversational AI or LLMs.
• I have never heard of conversational AI or LLMs.

Finally, we ask participants about their demographic information:

1. What is the highest level of school you have completed or the highest degree you have
received?

• No formal schooling
• Did not receive high school diploma
• High school graduate
• GED or equivalent
• Some college
• 2-year degree (e.g., associate degree)
• Bachelor’s degree
• Master’s degree
• Professional or academic doctorate degree
• Prefer not to answer

2. Please choose whichever race and/or ethnicity that you identify with (you may choose more
than one option):

• American Indian or Alaska Native
• Asian
• Black or African American
• Hispanic or Latino
• Middle Eastern or North African
• Native Hawaiian or Pacific Islander
• White
• Other

3. Generally speaking, do you usually think of yourself as a Republican, a Democrat, an
Independent, or other?

• Republican
• Democrat
• Independent
• I don’t identify with any political party
• Other
• Prefer not to answer

Participants’ age is provided directly by Prolific.
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C Participants

We required participants to be English-speaking, U.S. residents, with an approval rate of 97-100 and
at least 100 prior submissions on Prolific. We paid participants at a rate of $15.00 per hour. Participant
demographics are shown in Table 2. The number of participants assigned to each condition is shown
in Table 3.

Race/Ethnicity
White 67.6%
Black or African American 13.1%
Asian 7.5%
Hispanic or Latino 4.4%

Political Party
Democrat 49.1%
Independent 24.4%
Republican 20.1%
Does not identify with any political party 4.8%

Education
Bachelor’s degree or more 57.9%
Some college 30.0%
High school graduate 10.3%
GED or equivalent 1.1%
Did not receive high school diploma 0.3%

AI Experience
I use conversational AI or LLMs more than once a week. 19.1%
I use conversational AI or LLMs about once a week. 19.7%
I use conversational AI or LLMs about once a month. 15.4%
I use conversational AI or LLMs less than once a month. 27.2%
I never use conversational AI or LLMs. 17.2%
I have never heard of conversational AI or LLMs. 1.3%

Table 2: Participant demographics.

AI Label Human Label No Label Total

Geoengineering 127 118 132 377
Drug Importation 128 117 136 381

College Athlete Salaries 126 124 130 380
Social Media Platform Liability 124 119 134 377

Total 505 478 532 1,515
Table 3: Number of participants assigned to each of the policy and authorship label conditions.

D Extended Results

The code repository used to generate all results is available here: https://github.com/
i-gallegos/ai-authorship-persuasion. We present descriptive statistics in Table 4, and
show the change in confidence, sharing intentions, and accuracy judgments across each condition
in Figures 7–9. In particular, participants in the AI Label condition increased their support for the
policy on average by 9.33 points on the 0-100 scale (SE=0.77), while participants in the Human Label
condition increased their support on average by 11.34 points (SE=0.77), with a 9.35 point average
increase (SE=0.66) in the No Label condition.

Regression results for the support, confidence, sharing intention, and accuracy judgment are shown in
Tables 5–9. While Table 5 shows our main regression model, which models all policies to improve
causal inference compared to a single policy, we also show single-policy regression results in Table 6,
where the difference between the AI Label and Human Label conditions remains insignificant. Each
of the regression results shows that we do not observe a significant effect between the AI Label

13

https://github.com/i-gallegos/ai-authorship-persuasion
https://github.com/i-gallegos/ai-authorship-persuasion


Change in Support Change in Confidence Sharing Accuracy

AI Label 9.33 ± 0.77 7.83 ± 0.79 43.26 ± 1.47 63.46 ± 0.87
Human Label 11.34 ± 0.77 8.55 ± 0.81 45.60 ± 1.48 65.37 ± 0.86

No Label 9.35 ± 0.66 6.79 ± 0.72 45.61 ± 1.35 63.86 ± 0.86
Table 4: Descriptive statistics, with mean and standard error. Change in support and change in confi-
dence represent the difference between the post-intervention and pre-intervention variables. Sharing
and accuracy are measured only in the post-intervention stage. Participants in the Human Label
condition tend to have the highest change in support, change in confidence, sharing intentions, and
accuracy judgments; however, regression results show that none of these differences are significant.

Figure 7: Mean and 95% confidence intervals for the difference between the post-intervention and
pre-intervention confidence variables for the AI Label, Human Label, and No Label conditions.

condition and the Human Label condition or the No Label condition. The equivalence bounds for the
support variable from the TOST equivalence tests are shown in Figure 10.

Figure 8: Mean and 95% confidence intervals for the post-intervention sharing intention variable for
the AI Label, Human Label, and No Label conditions.
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Figure 9: Mean and 95% confidence intervals for the post-intervention accuracy judgment variable
for the AI Label, Human Label, and No Label conditions.

Figure 10: Statistical significance of equivalence versus equivalence bounds for the difference between
the post-intervention and pre-intervention support variables. For lower and upper equivalence limits
EL and EU , TOST Lower represents the t-test for the hypothesis H0 : µi − µAI Label ≤ EL, while
TOST Upper represents the t-test for the hypothesis H0 : µi − µAI Label ≥ EU .
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Model Variable b S.E. p 95% CI Lower 95% CI Upper

Model 1

(Intercept) 25.49*** 1.23 <0.001 23.07 27.90
Pre-Intervention DV 0.83*** 0.01 <0.001 0.80 0.86
AI Label −1.82 † 0.98 0.063 -3.74 0.10
No Label −1.73 † 0.97 0.074 -3.63 0.17
R2=0.674

Model 2

(Intercept) 23.76*** 1.22 <0.001 21.35 26.16
Pre-Intervention DV 0.83*** 0.01 <0.001 0.80 0.86
AI Label −0.09 0.95 0.926 -1.96 1.78
Human Label 1.73† 0.97 0.074 -0.17 3.63
R2=0.674

Moderator: Party

(Intercept) 24.00*** 3.42 <0.001 17.29 30.71
Pre-Intervention DV 0.82*** 0.01 <0.001 0.80 0.85
AI Label −2.42 4.20 0.565 -10.66 5.82
No Label 0.53 4.08 0.896 -7.46 8.52
Democrat x AI Label −0.35 4.44 0.938 -9.06 8.37
Republican x AI Label 4.10 4.71 0.384 -5.14 13.35
Independent x AI Label −0.40 4.63 0.930 -9.48 8.67
Democrat x No Label −2.24 4.31 0.603 -10.68 6.21
Republican x No Label −3.06 4.63 0.508 -12.14 6.01
Independent x No Label −2.79 4.51 0.537 -11.64 6.07
R2=0.677

Moderator: Prior Knowledge

(Intercept) 25.40*** 1.37 <0.001 22.72 28.09
Pre-Intervention DV 0.83*** 0.02 <0.001 0.81 0.86
AI Label −0.76 1.35 0.576 -3.41 1.90
No Label −1.38 1.35 0.307 -4.03 1.27
Knowledge x AI Label −4.92 4.28 0.250 -13.32 3.47
Knowledge x No Label −1.57 4.26 0.712 -9.93 6.78
R2=0.677

Moderator: AI Experience

(Intercept) 26.16*** 1.85 <0.001 22.53 29.79
Pre-Intervention DV 0.83*** 0.01 <0.001 0.80 0.86
AI Label −2.87 2.24 0.201 -7.27 1.53
No Label −1.98 2.19 0.365 -6.28 2.31
Experience x AI Label 1.80 3.44 0.601 -4.95 8.55
Experience x No Label 0.45 3.40 0.895 -6.22 7.11
R2=0.675

Moderator: Education

(Intercept) 25.02*** 2.20 <0.001 20.70 29.35
Pre-Intervention DV 0.83*** 0.01 <0.001 0.80 0.86
AI Label 2.18 2.80 0.435 -3.30 7.67
No Label −1.98 2.81 0.482 -7.49 3.54
Education x AI Label −6.71 4.37 0.125 -15.29 1.87
Education x No Label 0.46 4.31 0.915 -7.98 8.91
R2=0.676

Moderator: Age

(Intercept) 27.69*** 2.63 <0.001 22.54 32.84
Pre-Intervention DV 0.83*** 0.01 <0.001 0.80 0.86
AI Label 1.32 3.36 0.695 -5.27 7.90
No Label −2.25 3.34 0.501 -8.79 4.30
Age x AI Label −0.08 0.08 0.337 -0.24 0.08
Age x No Label 0.01 0.08 0.866 -0.14 0.17
R2=0.676

Table 5: Regression coefficients for the support variable. Model 1 treats the Human Label condi-
tion as the reference category, given by the regression equation Post-Intervention Support = β0 +
β1(Pre-Intervention Support) + β2(AI Label Condition) + β3(No Label Condition) + β4(Topic 2) +
β5(Topic 3) + β6(Topic 4). Model 2 treats the No Label condition as the reference category,
given by the regression equation Post-Intervention Support = β0 + β1(Pre-Intervention Support) +
β2(AI Label Condition) + β3(Human Label Condition) + β4(Topic 2) + β5(Topic 3) + β6(Topic 4).
Moderator effects add interaction terms to Model 1. ***p<0.001, **p<0.01, †p<0.10.
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Model Variable b S.E. p 95% CI Lower 95% CI Upper

Geoengineering

(Intercept) 32.80*** 2.25 <0.001 28.37 37.24
Pre-Intervention DV 0.67*** 0.03 <0.001 0.61 0.74
AI Label −0.22 2.00 0.912 -4.14 3.70
No Label −1.39 1.98 0.483 -5.29 2.51
R2=0.528

Drug Importation

(Intercept) 22.97*** 2.36 <0.001 18.32 27.61
Pre-Intervention DV 0.80*** 0.03 <0.001 0.73 0.87
AI Label −0.81 1.86 0.664 -4.46 2.84
No Label −2.58 1.83 0.160 -6.18 1.02
R2=0.596

College Athlete Salaries

(Intercept) 20.53*** 2.12 <0.001 16.37 24.70
Pre-Intervention DV 0.85*** 0.03 <0.001 0.79 0.90
AI Label −3.52 † 2.09 0.093 -7.62 0.59
No Label −4.25 * 2.08 0.042 -8.34 -0.16
R2=0.703

Social Media Platform Liability

(Intercept) 9.26*** 1.88 <0.001 5.57 12.95
Pre-Intervention DV 0.94*** 0.02 <0.001 0.89 0.99
AI Label −3.08 † 1.78 0.084 -6.59 0.42
No Label 0.47 1.75 0.786 -2.96 3.91
R2=0.795

Table 6: Regression coefficients for the support variable, where each model considers only a single
policy. Each model treats the Human Label condition as the reference category, given by the regression
equation Post-Intervention Support = β0+β1(Pre-Intervention Support)+β2(AI Label Condition)+
β3(No Label Condition). ***p<0.001, **p<0.01, †p<0.10.

Model Variable b S.E. p 95% CI Lower 95% CI Upper

Model 1

(Intercept) 27.19*** 1.28 <0.001 24.68 29.69
Pre-Intervention DV 0.66*** 0.01 <0.001 0.63 0.69
AI Label −1.09 0.95 0.247 -2.95 0.76
No Label −1.32 0.93 0.159 -3.15 0.51
R2=0.595

Model 2

(Intercept) 25.87*** 1.27 <0.001 23.38 28.36
Pre-Intervention DV 0.66*** 0.01 <0.001 0.63 0.69
AI Label 0.22 0.92 0.809 -1.58 2.03
Human Label 1.32 0.93 0.159 -0.51 3.15
R2=0.595

Table 7: Regression coefficients for the confidence variable. Model 1 treats the Human Label condi-
tion as the reference category, given by the regression equation Post-Intervention Confidence =
β0 + β1(Pre-Intervention Confidence) + β2(AI Label Condition) + β3(No Label Condition) +
β4(Topic 2) + β5(Topic 3) + β6(Topic 4). Model 2 treats the No Label condition as
the reference category, given by the regression equation Post-Intervention Confidence =
β0 + β1(Pre-Intervention Confidence) + β2(AI Label Condition) + β3(Human Label Condition) +
β4(Topic 2) + β5(Topic 3) + β6(Topic 4). ***p<0.001, **p<0.01, †p<0.10.

Model Variable b S.E. p 95% CI Lower 95% CI Upper

Model 1

(Intercept) 41.38*** 2.04 <0.001 37.37 45.39
AI Label −2.27 2.04 0.266 -6.27 1.73
No Label 0.05 2.01 0.980 -3.90 4.00
R2=0.012

Model 2

(Intercept) 41.43*** 1.99 <0.001 37.53 45.33
AI Label −2.32 1.99 0.242 -6.22 1.57
Human Label −0.05 2.01 0.980 -4.00 3.90
R2=0.012

Table 8: Regression coefficients for the sharing intention variable. Model 1 treats the Human Label
condition as the reference category, given by the regression equation Post-Intervention Sharing =
β0+β1(AI Label Condition)+β2(No Label Condition)+β3(Topic 2)+β4(Topic 3)+β5(Topic 4).
Model 2 treats the No Label condition as the reference category, given by the regression equa-
tion Post-Intervention Sharing = β0 + β1(AI Label Condition) + β2(Human Label Condition) +
β3(Topic 2) + β4(Topic 3) + β5(Topic 4). ***p<0.001, **p<0.01, †p<0.10.
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Model Variable b S.E. p 95% CI Lower 95% CI Upper

Model 1

(Intercept) 61.16*** 1.23 <0.001 58.75 63.58
AI Label −1.84 1.23 0.134 -4.25 0.57
No Label −1.44 1.21 0.235 -3.82 0.94
R2=0.024

Model 2

(Intercept) 59.73*** 1.20 <0.001 57.38 62.07
AI Label −0.40 1.19 0.736 -2.75 1.94
Human Label 1.44 1.21 0.235 -0.94 3.82
R2=0.024

Table 9: Regression coefficients for the accuracy judgment variable. Model 1 treats the Human Label
condition as the reference category, given by the regression equation Post-Intervention Accuracy =
β0+β1(AI Label Condition)+β2(No Label Condition)+β3(Topic 2)+β4(Topic 3)+β5(Topic 4).
Model 2 treats the No Label condition as the reference category, given by the regression equa-
tion Post-Intervention Accuracy = β0 + β1(AI Label Condition) + β2(Human Label Condition) +
β3(Topic 2) + β4(Topic 3) + β5(Topic 4). ***p<0.001, **p<0.01, †p<0.10.
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