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Abstract

Introduction. The rise of Al-generated content challenges adolescents’ ability to
evaluate information and calibrate trust. This study explores how Al disclosure
influences high school students’ attention, trust, and interaction with Al-generated
news and comments.

Method. A field experiment was conducted at a county-level high school in Henan
with 60 students. Participants were randomly assigned to a control group (no
disclosure) or one of two experimental groups (simple vs. detailed disclosure),
enabling examination of group-level effects. Data collection combined eye-tracking,
post-test questionnaires, and interviews.

Analysis. Eye-tracking metrics and survey data were analysed quantitatively to
examine the main and moderating effects of Al disclosure, while interview
transcripts were thematically coded to provide qualitative insights.

Results. Simple disclosure increased attention and trust in Al bots but reduced trust
and sharing for news content. Detailed disclosure lowered engagement overall,
slightly reducing trust in conversational settings and strongly reducing news-
sharing. Individual differences moderated these effects: light internet users
benefited most from simple labels, whereas heavy users showed stronger gains from
detailed explanations in Al trust and technical understanding.

Conclusion. Al disclosure produces context-dependent effects. Effective design
should align label complexity with content type and user experience to provide
guidance for ethical Al integration in education and social media.
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Introduction

The rapid development of artificial intelligence has permeated nearly every aspect of our lives,
profoundly shaping the digital landscape. The rise of AlI-Generated Content (AIGC) is one of the
most transformative advancements, with Al-generated images, videos, comments, and news
reports now filling our online world. Therefore, it has become crucial to accurately understand
and measure user trust in AIGC, and the various factors that shape it.

While the academic community has increasingly focused on human-AI trust and interaction, most
studies have been conducted with users from Western, urban or university populations, leaving a
significant gap in our understanding of how trust is formed and impacted in other cultural and
social contexts. This cultural divergence is underscored by the 2025 Edelman Trust Barometer,
which found that 87% of the Chinese public trusts Al compared to just 32% in the U.S.. Our study
aims to address this gap by focusing on a previously under-examined but crucial demographic:
high school students in Chinese county towns. As China’s most populous inland province with
nearly 100 million inhabitants, Henan provides a representative case; it maintains a high total GDP
while its per-capita disposable income (~42,027 RMB) remains in the lower-middle tier, offering a
micro-model of the vast digital ecosystems within Chinese county-level regions. Specifically, these
students operate within high-stakes academic environments where Al is gradually adopted as a
pragmatic efficiency tool for learning, yet they often lack systematic Al literacy—which
fundamentally shapes their perceptions of and interactions with Al-generated content.

For high school students, Al-generated content (AIGC) has become a double-edged sword: a
powerful tool for creativity and learning, but also a source of significant risk. Unlabelled and
unchecked Al-generated deepfakes pose a unique threat to students, as the spread of such content
is known to compromise a student’s ability to discern truth, impacting their critical thinking skills
and even their mental well-being (Hancock & Bailenson, 2021). Furthermore, despite a global push
for Al transparency, findings on the impact of Al disclosure on user trust are mixed, as some studies
suggest a positive relationship (Lee & Cha, 2024) while others report no clear impact (Rossner et
al.,, 2024). However, little is known about how Al disclosure strategies impact users’ cognitive
processing of trust and their intention to interact. This is especially important in China, which
introduced its own AIGC labeling regulations in March, 2025, with implementation taking effect in
September.

Furthermore, despite a global push for Al transparency, findings on the impact of Al disclosure on
user trust are mixed, as some studies suggest a positive relationship (Lee & Cha, 2024) while others
report no clear impact (Rossner et al., 2024). However, little is known about how Al disclosure
strategies impact users’ cognitive processing of trust and their intention to interact. This is
especially important in China, which introduced its own AIGC labeling regulations in March, 2025,
with implementation taking effect in September.

To address these significant gaps, we conducted a controlled field experiment in a county-level
high school in Henan, China in June, 2025. We employed a multi-modal approach to investigate
how AI disclosure strategies influence high school students' trust in and interactions with AIGC.
Our methodology combined objective behavioral data from eye-tracking with subjective self-
reports from questionnaires, providing a comprehensive view of how students cognitively process
trust in real-time.

Based on our review of the literature, we propose the following research questions and hypotheses:

RQ1: How do different Al disclosure strategies affect high school students’ visual attention, explicit
trust in Al-generated content, and their intention to interact with it?

Hla: A simple Al disclosure strategy will positively influence high school students’ visual attention
to Al-generated content, their trust in it, and their intention to interact with it.
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Hib: A technical and cautionary Al disclosure strategy will negatively influence high school
students' visual attention to Al-generated content, their trust in it, and their intention to interact
with it.

Hlc: Al disclosure strategies will enhance high school students' Al literacy.

RQ2: How do differences in AIGC format (e.g., bots comments vs. images) and content type
influence high school students’ trust and interaction intentions?

H2a: The effect of Al disclosure strategies on user trust and interaction intention will differ
across AIGC formats (e.g., Al bot comments vs. Al-generated images).

H2b: Within the same AIGC format, the perceived topic and truthfulness of Al-generated content
will influence high school students' trust and interaction intention.

RQ3: Do individual differences among high school students moderate their trust in and interaction
intention with AIGC?

H3a: Students' individual demographic factors (e.g., age and gender) and academic performance
will moderate their trust in and interaction intention with AIGC.

H3b: Students' prior digital experience and skills (e.g., internet usage experience and digital
literacy) will moderate their trust in and interaction intention with AIGC.

The findings of this research offer both theoretical and practical contributions. Theoretically, our
study will provide empirical evidence for human-Al interaction models within a previously
unexplored cultural and demographic context. Practically, the results will offer actionable insights
for technology developers, educators, and policymakers to create ethical and trustworthy Al
systems that promote positive learning outcomes and protect the well-being of young users.

Literature review

Understanding trust in human-AI interaction

Trust is a foundational element in human-technology interaction, widely defined as a user's
willingness to be vulnerable to a system's actions based on positive expectations (Mayer et al., 1995).
This definition highlights core elements of vulnerability, risk, and reliance, which are central to
how users engage with and rely on Al-driven systems (Ueno et al., 2022).

Recent research has explored the evolving, bidirectional nature of this relationship and the various
factors that influence it (Jarrahi, 2018; Liao & MacDonald, 2021). Trust is a dynamic process,
evolving from initial judgments to sustainable confidence built through repeated interactions (Gao
& Waechter, 2017). This trajectory is influenced by a range of factors, including individual
differences, situational contexts, information transparency and system-related elements such as
perceived competence and predictability (Hoff & Bashir, 2015; Naiseh et al., 2021; Oleson et al.,
2011). Specially, Lewis and Marsh (2022) built on the three-factor model of human-machine trust
(Schaefer et al., 2016) to propose an integrated model for human-AlI trust, suggesting that trust is
determined by four key factors: the Al's capability, the predictability of its behavior, its perceived
honesty and integrity, and its benevolence or willingness to meet human needs.

HCI studies further highlight the significance of interactional cues, ranging from explanations and
feedback (Ehsan et al., 2019) to anthropomorphic design elements (de Visser et al., 2018), in shaping
users’ trust judgments. The ideal state for human-Al collaboration is trust calibration, which
ensures a user's trust level is appropriately aligned with the Al's actual capabilities (Robinette et
al., 2016). Both under-trust (failing to use a capable Al) and over-trust (relying on a flawed Al) can
lead to negative outcomes in interaction (Lee & See, 2004). Ultimately, trust level has a significant
impact on interaction behavior. Low trust can lead to reduced usage, while increasing trust can
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significantly boost user satisfaction with Al interaction and raise users' expectation threshold for
the Al (Shin, 2021).

As Al technologies and Al-generated content become increasingly integrated into educational
settings, researchers have also begun to analyze students' trust in Al and the factors that influence
it. Students generally exhibit a moderate or neutral level of trust in Al, encompassing both GenAI
and digital assistants (Samonte et al., 2023; Amoozadeh et al., 2024; Ramirez et al., 2024; Kozak &
Fel, 2024). Sociodemographically, trust varies by grade, gender, nationality, and religion (Kozak &
Fel, 2024; Amoozadeh et al., 2024). Male students typically display higher trust than females, and
students in higher years of study and those with higher frequencies of religious practices tend to
show greater trust (Kozak & Fel, 2024). Regarding perception and interaction, students generally
trust Al's functionality and usefulness (Ramirez et al., 2024; Kozak & Fel, 2024), yet concerns about
biases, errors, and the necessity for human supervision contribute to distrust (Bochniarz et al.,
2022; Amoozadeh et al., 2024; Samonte et al., 2023). Many students also mistakenly perceive GenAl
as transparent, indicating a need for calibrated trust (Amoozadeh et al.,, 2024). Furthermore,
confidence in one's Al literacy positively correlates with trust and a more positive attitude towards
Al (Ramirez et al., 2024; Kozak & Fel, 2024).

While research has explored this topic generally, it has largely overlooked marginalized and
underrepresented populations such as rural adolescents—a group uniquely vulnerable due to high
social media use and still-developing cognitive schemas. This study addresses these key gaps by
focusing on this specific population and investigating how specific disclosure strategies affect the
formation of trust in the context of AIGC.

Al transparency and disclosure strategies

Transparency is a cornerstone of trustworthy human-Al interaction, defined broadly as the clear
communication of information in regulations like the European Union’s General Data Protection
Regulation (GDPR) (European Commission, 2018).Within the Al context, this concept has evolved
from a focus on an Al's ability to explain its actions (Kim & Hinds, 2006) to a broader principle
encompassing the communication of an Al's goals and status (Chen & Barnes, 2014). More
specifically, algorithmic transparency has been defined as the degree to which users can
understand an Al's predictions or decisions (Shin & Park, 2019). This study adopts a disclosure-
centric view of Al transparency, focusing on the explicit communication of information to users.
This includes revealing technical details, rights descriptions, and privacy policies (Chan, 2023), with
a particular emphasis on the disclosure of Al contribution and warning labels, which are most
common in social media contexts (Lund et al., 2023).

While early research suggested a simple, positive relationship between transparency and user trust
(Ribeiro et al., 2016; Linegang et al., 2006; Sinha & Swearingen, 2002), more recent findings reveal
a complex and often contradictory picture. Excessive transparency can lead to information
overload and decreased trust (Kizilcec, 2016), and in some cases, can even reduce a user's
willingness to engage with the system (Poursabzi-Sangdeh et al., 2021; Schmidt et al., 2020). These
complexities are particularly evident in the AIGC domain. While some studies show that detailed
disclosure can increase user trust (Lee & Cha, 2024; Sunnie, 2024), others demonstrate a more
negative response. For example, disclosing an Al's identity may reduce a user's likelihood of making
a purchase (Luo et al., 2019) or have no effect on trust in news content (Rossner et al., 2024). These
conflicting results suggest that the impact of Al disclosure is not universal and is likely dependent
on the content category and topic of the AIGC material.

The effectiveness of transparency is highly dependent on its implementation, which is complicated
by a significant gap between the ideals of algorithmic transparency and its practical application in
user interfaces. This is compounded by the fact that users, particularly on social media, often
struggle to identify or correctly interpret credibility indicators, leading to a state of opaque
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transparency (Chang et al., 2025). A critical factor in this complexity is the type of disclosure. A
study on Al-generated social media images found that while labels reduced user trust, their
specific wording mattered. A simple "Al-generated" label had a less negative impact on trust than
a label implying the content was "manipulated” or "false” (Wittenberg et al., 2024). This shows that
a disclosure about an Al's contribution is perceived differently than one that implies a negative
quality.

While prior research has demonstrated that algorithmic transparency can meaningfully shift user
perceptions, it remains unclear how specific disclosure strategies operate within the complex and
fast-paced social media environment in Al era. Addressing this gap is crucial not only for refining
theoretical models of how users trust digital information but also for informing the design of
platforms that foster appropriate user trust and engagement with Al-generated content.

Challenges of measuring human-AI trust

Quantifying trust in human-Al interaction is a significant challenge in empirical research. The most
common approach is self-report, relying on questionnaires and structured scales. These
instruments, often adapted from established interpersonal trust scales like the one from McKnight
et al. (2002), have evolved to capture the unique nuances of Al. More recently, researchers have
developed new scales involving perceived usefulness (Choudhury & Shamszare, 2024), perceived
risk (Liao & MacDonald, 2021), workload (Choudhury & Shamszare, 2023) and Al literacy (Hwang et
al., 2023) specifically for generative Al. Among these, the Multi-Dimensional Measure of Trust
(MDMT) is a widely cited scale that quantifies user trust across four key dimensions—reliability,
competence, ethics, and integrity—and offers a comprehensive view of how users perceive an Al
system (Ullman & Malle, 2019). Researchers also use qualitative methods like interviews to gain
rich insights into how users form trust (Tossell et al., 2024). However, these self-report methods
are known to interfere with user interaction and are prone to subjective bias, making it difficult to
capture real-time changes in trust dynamics (Bindewald et al., 2018; Tossell et al., 2024).

To address the limitations of self-report, researchers have increasingly turned to observable
behavioral measures as a proxy for trust. While the academic definitions of trust and trust behavior
can be nuanced (Mayer et al.,1995; Thielmann & Hilbig, 2014), empirical studies often focus on two
key indicators: compliance (the degree to which a user follows an Al's advice) and reliance (the
extent to which a user depends on an Al system). For example, Compliance is often measured by
observing whether users override automated commands in high-risk scenarios, such as taking over
control of an autonomous vehicle (Bindewald et al., 2018; Ajenaghughrure et al., 2020), or by
whether they correct errors after a task is completed. Reliance is quantified by the proportion of
time a user allows an Al to operate autonomously (Gremillion et al., 2016) or the speed at which a
user takes control from a system when they perceive a risk (Molnar et al., 2018). Specially, in the
context of user-generated content (UGC) or artificial intelligence, scholars have used behaviors of
content engagement like liking, sharing, or posting content to infer trust (Jiang et al., 2024).

Despite the utility of these methods, the existing trust measurement landscape presents a dual
challenge of methodological innovation and real-world applicability. While both self-report and
behavioral methods provide valuable insights (Balakrishnan & Dwivedi, 2021; Chattaraman et al.,
2019), they are often confined to controlled lab settings and struggle to capture trust in complex,
naturalistic environments (Akash et al., 2018). Furthermore, psychophysiological measures remain
largely underutilized in the AIGC domain. This study addresses these gaps by employing a multi-
modal data collection approach that integrates objective eye-tracking for real-time behavioral
analysis with a post-task questionnaire to assess subjective trust. This methodology enables the
creation of a more valid and reliable trust assessment system, aiming to bridge the divide between
theoretical frameworks and practical applications by providing a more comprehensive
understanding of human-Al trust dynamics.
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Method

Research design
This research employs a mixed-methods design to comprehensively investigate the impact of Al
information disclosure on human-Al trust and interaction. The workflow is demonstrated in Figure

{ Method Data Analysis Results
Material:
Control Group + 6 social bots interaction screenshots
(no Al disclosure) + 6 news with Al generated image Visual Heatmap
Experimental Group 1 Eye-Tracking Experiment Tobii Pro Lab Al disclosure’s effects on
(with simple Al disclosure) (N — 60) I Python visual attention distribution

Experimental Group 2
(with detailed AI disclosure) Questionnaire:
* Intention to engage with AIGC
+ Attitude toward social bots
+ Attitude toward the platform

Normalized AOI Attention Duration

. le—
AIGC Literacy . Al disclosure’s effects on user
5 OLS Analysis trust and interaction intention
AIGC Attitude
Post-test Survey R
AIGC Privacy & Security
AIGC Trust Heterogeneity Analysis The moderating effect of
demographic variables

Demographics —

Trust and Cognition

Al Interaction Intention

emi-structure Interview ———»  Thematic Analysi
S SHTucHy e ematic Analysts The mechanism of how AL

Attitudes toward AI Disclosure . disclosure strategies influence users’
MaxQDA cognitive processing of trust

Suggestions for Platform

Figure 1. Research design workflow

Participants

A total of 60 high school students from a county-level high school in Henan, China, took part in
the study. To ensure a broad and representative sample, students were recruited using a stratified
sampling method, with one student selected from each class across the first and second high
school years. This approach ensured a diverse range of academic subjects and performance levels
were reflected in the sample.

The sample consisted of 23 females and 37 males, with ages ranging from 15 to 18 (M = 16.85 years).
As digital natives, participants reported an average of 8.17 years of internet usage experience. While
their overall online experience was relatively rich, their weekly discretionary internet time varied
significantly, ranging from less than 1 hour to over 10 hours.

Mixed-method eye-tracking experiment

Eye-tracking experimental design

To investigate the research questions, we adopted a mixed-design experimental approach. The
between-subjects variable was the Al disclosure strategy, with 60 participants randomly assigned
to one of three conditions: an unlabelled control group and two experimental groups with distinct
Al labels.

Information Research, Vol. 31 No. iConf (2026)

1104



The experiment also featured within-subjects manipulations of the material types and their
content. All participants viewed a total of 12 Al-generated content (AIGC) materials, divided equally
between two types. The first type included Al-driven social bot replies and the second type
featured Al-generated images as news post visuals.

Within-subjects manipulation
Our experiment materials were designed across two primary formats with manipulations:

(1) Al-driven social bot replies: These materials included a social media user's original post and
an Al bot's reply to it. Post topics were equally distributed between two types: personal
emotional discussions and social event discussions. This allowed us to observe if the topic of
the Al-generated content affected user trust and interaction intentions.

(2) Al-generated images: These images were integrated into social media news posts. For the Al-
generated images, the corresponding news text was equally divided between real news and
fake news to examine if the veracity of the information had an impact on how students
engaged with the Al-generated visuals.

Between-subjects manipulation

The core of this experiment was the systematic manipulation of Al disclosure strategies. While
disclosure is regarded as generally beneficial for user trust and interaction with technological
systems (Linegang et al., 2006; Sinha & Swearingen, 2002; Wang & Benbasat, 2007), excessive or
poorly designed disclosure may lead to negative effects (Kizilcec, 2016; Poursabzi-Sangdeh et al.,
2021; Schmidt et al., 2020). Besides, recent research confirms that varying Al disclosure strategies
on social media platforms influence users' trust in Al-generated content (Wittenberg et al., 2024).

To investigate this nuanced impact, participants were randomly assigned to one of three groups
with distinct disclosure treatments. These strategies were designed to reflect real-world practices,
based on a summary of Al disclosure in global and local social media platforms. The control group
viewed all content without any Al disclosure, while the two experimental groups were exposed to
different types of disclosures: one received a simple disclosure, and the other revealed more
technical details.

For Al social bots materials, the color and font size of the Al label were kept constant, while its
content and format was manipulated to simulate different points of disclosure:

(1) Control group: No Al labels.

(2) Experimental Group 1(simple disclosure): A simple disclosure that identified the Al bot account
as ‘Al social bots,” with the label positioned directly after the account's username in the
comments section.

(3) Experimental group 2 (detailed disclosure): This group built upon the simple disclosure from
Experimental group 1 by adding a second, more detailed layer of disclosure. When participants
hovered over the simple ‘Al social bots’ label, a text box would appear, revealing: ‘Powered by a
large language model to enable automated responses.’

For the Al-generated image materials, while the color, font size, location, and format of the Al label
were kept constant, the two types of disclosure differed in both their technical specificity and their
advisory nature.:

(1) Control group: No Al labels.

(2) Experimental group 1 (simple disclosure): A simple Al label was positioned at the bottom of the
news post, stating: ‘Image is Al-generated.’
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(3) Experimental group 2 (detailed disclosure): The label for this group was placed in the same
location. However, it was more detailed and designed to be cautionary, reading: Image is
generated by Al that learned from a large number of images. Please carefully discern.’

Procedures
The eye-tracking experiment consisted of three main phases.

Eye-tracking task

During the eye-tracking task, participants viewed the materials on a computer monitor while their
gaze was recorded using a Tobii Pro Spark eye tracker. The device captured gaze order, fixation
duration, saccade count, and pupil diameter, enabling a moment-by-moment assessment of visual
attention. Unlike self-report measures that rely on conscious responses, eye tracking provides
objective, real-time indicators of cognitive processing and meaning construction (Rayner, 1998).

Participants viewed 12 AIGC materials presented in two sets of six. After viewing the first set of Al
bot replies, they completed a questionnaire assessing attitudes toward the bot accounts and the
platform. They then viewed a second set of Al-generated news posts and completed a follow-up
questionnaire measuring trust in the content and interaction intentions.

Post-test survey

Following the eye-tracking task, participants filled out a post-test questionnaire measuring their
Al literacy, Al skills, Al trust, Al attitudes, and sociodemographic information. The questionnaires
utilized in this study were designed to measure a comprehensive set of variables (Table 1). They
incorporated established scales and self-developed measures to assess key dimensions such as
digital skills (van Deursen & van Dijk, 2010), AIGC literacy (Lintner, 2024; Lee & Park, 2024), and Al
privacy and security (Kozyreva et al., 2021; Zhou & Lu, 2025). A central measure was AIGC trust,
which was adapted from the literature to evaluate five dimensions: competence,
anthropomorphism, integrity, transparency, and benevolence (De Freitas et al., 2023; Hu et al., 2021;
Koo et al., 2015; Lee & See, 2004). Beyond, we included a dedicated survey item to analyze whether
Al labels affect trust in human-original or human-Al co-created content (Wittenberg et al., 2024).

Construct Variables Reference

Digital Skills (TotalSkills) Different network usage skills van Deursen & van Dijk, 2010

Privacy Awareness Sensitivity to the privacy of different  [OxIS-Questionnaire-2019

(TotalPrivacy) types of personal information (Modified)

AT Access (AI_ACCESS) Familiarity with and usage of different [OxIS-Questionnaire-2019
Al-generated content platforms and (Modified) and self-
applications developed scale

AIGC Literacy [Technical Proficiency Lintner, 2024; Lee & Park,

(AIGC_LITERACY) Communication Proficiency 2024
Creative Application
AIGC usage experience

AIGC Trust (AIGC_TRUST) Competence Hu et al., 2021
Anthropomorphism De Freitas et al., 2023
Integrity Hu et al., 2021
[Transparency Lee & see, 2004; Koo et al,,

2015
Benevolence Hu et al., 2021

IAIGC Trust 2(AIGC_TRUST2) Views on different types of Al- Wittenberg et al., 2024
generated content

Al Privacy and Security Personal privacy and security Kozyreva et al., 2021

(TotalSecurity) Societal responsibility and security Zhou & Lu, 2025
Societal regulation
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Variables Reference

DEMOGRAPHICS Age, gender, education (grade, scores), [CFPS, 2024
ousehold income, parents' occupation
and educational background, internet
sage experience, average weekly
internet usage time, etc.

Table 1. The structure of the post-test survey.
Semi-structured interview

The final phase involved a semi-structured interview, which focused on the user's overall
experience during the experiment and their attitudes and trust toward AIGC. Participants were
asked to elaborate on their prior exposure to and attitudes toward Al labels online. Additionally,
we explored their expectations for platforms, with the goal of providing insights for both platform
and policy design.

Data analysis

Quantitative analysis: eye-tracking measures

Before analysing the eye-tracking data, we performed a quality control to ensure its reliability. We
excluded one participant whose eye-tracking error was outside the acceptable threshold.
Additionally, during areas of interests (AOIs) processing, we removed three data points due to
insufficient fixation durations or device measurement errors. This strict protocol resulted in a final
data retention rate of 97.9%.

Our analysis focused on two levels of eye-tracking data to assess the impact of the Al disclosure
intervention. First, we examined overall visual attention using the spatial distribution of eye-
movement paths across regions of interest. Eye-tracking heat maps were also generated to
visualize these patterns, which helped us understand which types of content and specific areas of
the materials garnered the most attention.

Next, we conducted a more fine-grained AOI-based analysis. Using Tobii Pro Lab, we defined AOIs
for key interface elements in both Al bot replies and Al-generated news posts, including the avatar,
username, timestamp, text, and interaction buttons of the original posts and comments. Most
critically, we defined a dedicated AOI for the Al disclosure label itself. Normalized fixation duration
within this AOI served as a direct and objective measure of participants’ attention to the disclosure.
The defined AOQIs are illustrated in Figures 2 and 3.
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Figure 2. Al label design and AOI divisions for the Al social bots material category, shown for the control
group, experimental group 1, and experimental group 2. (The example material shows a user stating, ‘As we
grow older, we increasingly realize that courage is a truly precious quality.’ The social bot replies, ‘Exactly.
When we were young, we treated courage as everyday sustenance; only when we grow up do we realize it
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Figure 3. Al label design and AOI divisions for the Al-generated news images category, shown for the
control group, experimental group 1, and experimental group 2. (The example material shows a user post
stating, ‘The wildfire in the Hollywood Hills of Southern California—life is truly unpredictable.
#CaliforniaWildfires #GlobalPerspective #SeeingTheWorldAuthentically’)
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Quantitative analysis: survey

Our data analysis began by ensuring the quality of our collected data. Of the 60 questionnaires, 54
were deemed valid, resulting in a high validity rate of 90%. The validity of the questionnaires
ensured that each of the three groups had a sample size of at least 15 participants, a number
sufficient to ensure adequate statistical power for our analysis. The data were then coded and
cleaned using Excel and R for preliminary processing. We performed regression analyses with
control variables to explore the effect of our intervention on the post-test variables (trust,
interaction intention, and Al literacy). A moderation analysis is conducted to investigate any
potential interaction effects as well. We also processed the short, in-experiment Likert-scale data
to derive scores for trust and interaction with the content.

Qualitative analysis: thematic analysis of interview

For the qualitative analysis, we conducted a thematic analysis of the semi-structured interview
transcripts. Thematic analysis systematically identifies and interprets patterns within qualitative
data, offering contextual insight that complements quantitative findings (Braun & Clarke, 2006).
Interview transcripts were first coded into meaning units, which were then analyzed to identify
recurring themes and concepts. This process enabled us to synthesize participants’ experiences
and attitudes, providing a more nuanced understanding of their cognitive processes and
expectations.

Results and analysis

Eye-tracking results

Overall visual attention distribution

To visually demonstrate how the different experimental groups allocated their attention to the
materials, we generated eye-tracking heat maps that included the AOI divisions. We also calculated
the average total attention duration for each material category. Figure 4 and Figure 5 illustrate the
eye-tracking heat maps for each intervention.

The heat map analysis revealed that for the Al social bots materials, the presence of an Al label
significantly increased participants' attention to the comments posted by the Al account. However,
this effect was less pronounced in experimental group 2 compared to experimental group 1 (Figure
4). These findings suggest that users naturally dedicate more attention and cognitive resources to
interactions with Al bots than human. They also indicate that the perceived identity of the poster,
even for a seemingly ordinary comment, has a significant influence on user perception.

For the Al-generated news images, Experimental Group 1 dedicated more attention to the post's
image and text compared to the control group. In stark contrast, this effect was absent in
Experimental Group 2(Figure 5). This group's diminished attention to the Al label AOI—compared
to the first experimental group—suggests a possible negative consequence of over-disclosure
(Schmidt et al., 2020).

Information Research, Vol. 31 No. iConf (2026)

1109



WEK

o o e

8- .

==

detail disclosure

L inrctons =0
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Figure 5. Eye-tracking heatmap of the Al-generated news images category, shown for the control group,
experimental group 1, and experimental group 2.
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In addition, we looked at the average attention time for each set of materials. We found that users
spent more time looking at the Al-generated news images materials than the Al social bots
materials. Besides, it is noteworthy that adding Al disclosures had different effects on the
materials. For the social bot materials, we observed an inverse relationship: the more detailed and
technical the Al disclosure was, the less time participants spent on the materials. However, for the
Al-generated news image posts, the intervention effects were more complex. The first
experimental group's intervention (experiment group 1) significantly increased the time
participants spent observing the posts. Conversely, the second experimental group's intervention
(experiment group 2), which included more technical details, reduced participants' attention
duration. These findings are consistent with our heatmap analysis results.

Experiment Groups Material Types Average 1;:2:;31: Fixation
Control Group Al social bots 1701.56
Al-generated news images 2516.94
Experiment Group 1 Al social bots 1346.57
Al-generated news images 2808.74
Experiment Group 2 Al social bots 1166.15
Al-generated news images 2259.06

Table 2. The structure of the post-test survey.

However, given that overall attention duration is influenced by factors such as the richness of
material content and the size of the AOIs, we conducted a more detailed analysis.

Differences in fixation on key areas of interest (AOISs)

In this section, we investigated the differences in AOI attention distribution across our
experimental interventions and material types. We first defined a new variable: normalized AQOI
attention duration, calculated as the attention duration per square pixel within each AOI. This was
done to mitigate the influence of an AOI's area and word count on attention distribution. We then
separately analysed the Al social bots and Al-generated image materials, conducting a Kruskal-
Wallis H-test to identify between-group differences for all common AOIs. This process allowed us
to extract the AOIs where attention significantly changed due to the different Al disclosure
strategies.

Additionally, we performed a comparative analysis of the Al label AOI attention between
experimental groups 1 and 2 to examine how different disclosure strategies influenced user
attention and perception. The specific analysis results are as follows:

Materials of Al social bots

For this set of materials, many of the AOIs showed significant between-group differences. These
included the basic features of the original poster (such as the avatar and IP address) as well as the
fundamental features of the Al bot account.

Notably, experimental group 1 paid significantly more attention to the Al bots' metadata than both
the control group and experimental group 2. This suggests that an appropriate level of disclosure
can increase a user's attentiveness to an Al bot interaction, a finding that aligns with the
conclusions drawn from the eye-tracking heat maps. Furthermore, while the Al bot comments
themselves did not show significant between-group differences, participants in experimental
group 2 demonstrated a distinctively high level of attention to the content of the original post. This
suggests an interest in the overall topic and content of human-Al interaction (Figure 6).

In our analysis of the Al label AOI, experimental group 2 showed a higher average fixation duration
on the simple disclosure information than experimental group 1 (Figure 7). This group also paid
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attention to the detailed information in the hover-over window, suggesting a heightened
perception of more technical and complex disclosures. However, this increased attention to the
disclosure did not translate into a positive impact on attention to the Al bot's reply, highlighting
the potential negative effect of over-disclosure on user interaction.
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Figure 6. Fixation time of Al disclosure AOIs in experiment groups (Al social bots materials)
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Figure 7. Fixation time of Al disclosure AOIs in experiment groups (Al social bots materials)

Materials of Al-generated news images

For news posts with Al-generated images, the disclosure in experimental group 1 significantly
increased attention to both the image and the text, while the more technical and cautionary
disclosure in experimental group 2 showed a weaker but still positive effect (Figure 8). Despite
being informed that the images were Al-generated, participants continued to attend closely to the
accompanying text, indicating a degree of fact-checking awareness when processing AIGC content.

Under the same disclosure location and format, the simple label in experimental group 1 attracted
a longer average fixation duration than the technical disclosure in experimental group 2,
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suggesting that simpler disclosure designs may be more effective in capturing attention and
communicating disclosure information (Figure 9).

Fixation Time of Significant AOIs of Al-generated News Images Materials
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Figure 8. Fixation time of Al disclosure AOIs in experiment groups (Al-generated news images materials).
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Figure 9. Fixation time of Al disclosure AOIs in experiment groups (Al-generated news images materials).

Overall, disclosing Al information effectively altered users' attention distribution across all AIGC
material types. Specifically, simple Al disclosure increased user attention to and verification of Al-
generated content. Conversely, over-disclosure diminished interest in both the disclosure
information and the AIGC content itself. However, the influence of specific Al disclosure strategies
and material types on user attention warrants further, more in-depth investigation.

Survey

Measures, sample, and balance checks
After data cleaning, the analytic sample included 54 high school students from Henan, China (mean
age = 16.85; 37% female). Random assignment yielded broadly comparable groups; minor
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imbalances in internet/mobile experience, adjusted scores, and course track were controlled for
in all regression models. All scales demonstrated acceptable to good reliability and validity,
including Al trust (o = 0.82), Al literacy (a = 0.80), internet skills (o = 0.69), and Al privacy/security
concerns (o = 0.75). The in-task measures for bot comments and Al-generated news images also
showed high internal consistency (o = 0.85 and 0.88). The detailed descriptive statistics for all post-
test variables and the comprehensive results of the scale validation are provided in Appendix Al
and A2.

Figure 10 provides a preliminary descriptive picture of how disclosure conditions shaped key
outcomes. As illustrated in Figure 4-a, levels of Al trust and literacy vary across the three disclosure
groups (A = control group without Al labels, B = experiment group 1 with simple disclosure, C =
experiment group 2 with detailed disclosure), hinting at initial differences that are further
examined in the regression models. Figures 10-b and 10-c show boxplots of interaction-related
outcomes for the bots comments and news-image tasks, respectively. The group-level contrasts
are visible: while labels appear to raise engagement and trust in conversational settings, they tend
to lower trust and sharing in news-like contexts. These descriptive patterns offer an intuitive first
look at the intervention effects, with exact statistics reported in Appendix A1-A2.
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Figure 10-a. Boxplots of Al trust and literacy scores across disclosure conditions.
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Figure 10-c. Boxplots of trust and interaction intention scores in the news-image condition.

The effect of Al disclosure on trust: labels help in conversation, caution in news

Turning to trust outcomes, OLS regression analyses of the in-task main effects reveal how different
disclosure strategies specifically influenced immediate trust and interaction intentions across both
social bot and news-image scenarios (detailed coefficients are provided in Appendix A3).

Figure 11-a illustrates treatment effects in the bots comments condition. Adding a simple Al label
(B vs. A) significantly increased trust in the interlocutor (B = 0.654, p < .01) and willingness to
interact (B = 0.836, p < .01). By contrast, the more detailed disclosure (C vs. A) produced
directionally positive but statistically insignificant coefficients. Interestingly, when compared
directly to B, condition C slightly reduced platform trust (B = -0.791, p < .01), suggesting that
additional technical detail may trigger caution about the platform, even as interpersonal rapport
remains intact.

Figure 11-b presents treatment effects in the news-image condition. Here, disclosure cues had the
opposite impact: B vs. A reduced trust in the content and material (both p < .05), while C vs. A
significantly lowered the intention to share (3 = -0.53, p <.05). In other words, labels and especially
explanatory cues dampen trust and diffusion in news-like tasks. This contrast points to a context-
dependent dynamic: students are permissive in conversational settings but adopt a more sceptical
stance when credibility is at stake, is consistent with the observed distribution of visual attention.
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Figure 11b presents treatment effects in the news-image condition. Disclosure cues had the
opposite effect: relative to the control group, simple disclosure reduced trust in the content and
material (both p <.05), while detailed disclosure significantly lowered sharing intention ( = -0.53,
p <.05). Overall, disclosure—especially explanatory cues—dampened trust and diffusion in news-
like tasks. This context-dependent pattern aligns with the observed distribution of visual attention.

Survey-level results, summarized in Figure 11-c, show that disclosure did not erode generalized Al
trust. Treatment effects on the post-test trust composite were modest, and there is no evidence
of spillover distrust once covariates were accounted for.

Control variables also yield meaningful insights: higher academic scores predicted slightly lower
platform trust (B = -0.003 to -0.005, p < .05), indicating more critical stances among high
achievers. Heavier internet users reported lower platform trust and reduced posting willingness
(B = -0.11, p < .05), consistent with greater awareness of online risks. Detailed baseline and

controlled regression models for post-test outcomes are provided in Appendix A4.
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Figure 11-a. Forest plots of treatment effects (B vs. A, C vs. A, C vs. B) on trust and interaction variables in
the bots comments condition.
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Figure 11-b. Forest plots of treatment effects (B vs. A, C vs. A, C vs. B) on trust and interaction variables in
the news-image condition.
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Figure 11-c. Forest plots of treatment effects (B vs. A, C vs. A, C vs. B) on survey-based trust and literacy
scales.
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The effect of Al disclosure on interaction intention: talk more, share less

Figure 11-a also highlights that in the bots comments condition, disclosure influenced interaction
intention. B vs. A significantly increased willingness to interact (8 = 0.836, p <.01). At the same time,
effects on posting to the platform were mixed once covariates were included, with more
experienced internet users less likely to post (3 = -0.108, p <.05). Together, these results suggest
that simple Al labels lower uncertainty costs and encourage private dialogue, but do not
necessarily translate into greater public sharing.

In the news-image condition, Figure 11-b shows that C vs. A reduced sharing likelihood (p < .05).
Effects on likes and comments were smaller and less consistent, indicating that disclosure
especially tempers outward diffusion rather than all forms of engagement. Post-test results further
confirm that disclosure did not generate wholesale preferences for Al-only interactions; instead,
students continued to prefer human or mixed sources, consistent with their cautious stance
toward news credibility.

Heterogeneity analysis: detailed explanations win with heavy internet users

Finally, moderation analyses demonstrate that internet-use time conditions the effectiveness of
disclosure. Figure 5 shows that the B vs. A x internet-time interaction was negative on outcomes
such as Al trust (B = -1.868, p < .05), anthropomorphism (B = -0.457, p < .01), literacy (B = -1.195, p
<.05), communication proficiency (B = -0.258, p <.05) and creative application (B = -0.513, p < .05),
indicating that the simple label worked best for light users but attenuated for heavy users. In direct
contrasts, C vs. B x internet-time was positive and significant for overall Al trust (8 = 1.387, p <.05),
anthropomorphism (B = 0.264, p<.05) and technical proficiency (8 = 0.371, p < .05), meaning that
adding a one-sentence explanation increasingly outperformed the simple label among more
experienced students. This pattern suggests that simple labels are newcomer-friendly, while brief
explanations are more effective for heavy internet users. Full regression tables for these
interactions are provided in Appendix A5.

Robustness and diagnostics

All OLS regressions were estimated with robust standard errors and controls for gender,
urban/rural background, adjusted scores, course track, and internet/mobile experience.
Multicollinearity diagnostics confirmed that all VIF values were below 5. Although Breusch-Pagan
and White tests indicated heteroskedasticity for some variables, the issue was addressed by using
heteroskedasticity-robust standard errors, ensuring that the reported estimates remain valid.

Reading across the findings

Taken together, these results highlight that disclosure has asymmetric consequences. For high-
school students, Al labels promote conversational trust and willingness to interact, while
simultaneously discouraging uncritical sharing of Al-generated news. Explanatory disclosures
carry additional benefits for students with greater digital experience. For educators, this implies
that disclosure design should be context- and cohort-sensitive: simple Al-generated labels are
sufficient for classroom chat activities, while Al-generated plus ‘how’ explanations better support
verification in news-evaluation and advanced literacy tasks.

Thematic analysis

We conducted a thematic analysis of 60 interview transcripts. Beginning with open coding, we
progressively grouped the data into four overarching themes regarding rural high school students'
trust and interaction with AIGC.

Trust and cognition: contextual and conditional evaluation of AIGC

Interview results show that adolescents’ trust in Al-generated content is highly conditional and
context-dependent. In comment-based interactions, Al disclosure was commonly perceived as a
transparency cue that reduced uncertainty and facilitated trust. As one respondent noted,
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‘Labeling can enhance trust between Al and people in some fields’ (Respondent 025), consistent with
the survey finding that disclosure increased trust in Al-generated comments.

In contrast, news-related scenarios elicited greater scepticism. Respondents frequently associated
Al-generated news with risks of exaggeration or misinformation, and disclosure cues further
amplified these concerns. As Respondent 022 stated, ‘Al-generated news can be misleading,
especially when the facts are exaggerated.’ Here, disclosure functioned primarily as a warning signal,
leading to trust withdrawal rather than analytical evaluation, indicating that trust calibration
occurred without deeper understanding of Al generation processes.

Cognitively, most adolescents relied on intuitive judgments when assessing AIGC, with only a few
engaging in analytical strategies such as checking sources or cross-verifying information. As
Respondent 027 explained, ‘T would look at whether the content cites any sources; otherwise, it’s hard
to tell.” This heuristic processing led to two recurring errors: mistaking unlabeled Al-generated
content for human-produced material and over-doubting labelled Al content. Together, these
patterns help explain why Al disclosure did not significantly improve Al literacy.

Al interaction behavior: practicality as the core, with boundaries in emotional needs

Participants described their interactions with Al as primarily pragmatic and goal-oriented. Many
reported using Al for information retrieval, homework assistance, and efficiency-driven tasks. In
addition, some participants engaged with Al for casual entertainment or emotional relief during
boredom. As one respondent noted, ‘I was really bored, so I played with Al'(Respondent 022). These
accounts suggest that Al is integrated into everyday practices as a convenient and functional tool.

However, the interviews also revealed clear emotional boundaries in Al interaction. Explicit Al
disclosure sometimes disrupted emotional engagement by emphasizing the non-human nature of
the interaction. One participant remarked, ‘There’s no real person responding, only robots, which
makes the experience worse’ (Respondent 043). In social contexts, several respondents perceived
Al-generated comments as inauthentic or strategically designed to boost engagement. These
perceptions undermined trust and interaction, indicating that disclosure can suppress emotional
resonance without promoting deeper cognitive understanding of Al systems.

Perception of disclosure mechanisms: labeling is necessary but requires moderation
Participants consensus that AIGC needs labelling, as it guides discernment: ‘Without labels, people
won't distinguish true from false’ (Respondent 008). They favour ‘simple, clear text prompts’ for low
cognitive load and prominent placement: ‘Labels should be in content's eye-catching spot, not page
corners.’

Overly complex disclosures divert focus from content to Al identity, heightening cognitive and
emotional burdens and causing trust/interaction countereffects, matching questionnaire results.

Platform responsibility: necessity of supervision and preferences for supervision methods
Participants broadly agreed that platforms should take responsibility for supervising Al-generated
content to protect authenticity and user experience. Several respondents emphasized the need to
prevent exaggerated or misleading outputs, particularly in visual content. As Respondent 022
noted, ‘Al images shouldn’t be exaggerated; otherwise, people won't trust them.” Others suggested
platform-level accountability mechanisms, such as reporting functions for Al accounts
(Respondent 023).

While attitudes toward large-scale deployment of Al bots were generally neutral, respondents
exposed to more detailed disclosures expressed stronger concerns about emotional discomfort,
spam, and excessive Al presence. Respondent 049 mentioned that ‘too many Al bots can generate
negative emotions,” while Respondent 048 emphasized the need to ‘avoid disputes’ caused by Al
participation. A small number of participants suggested that Al accounts should eventually be
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treated similarly to human users, with reduced disclosure intensity once norms stabilize. As
Respondent 024 explained, ‘At the beginning it’s necessary, but after many years, spending too much
effort on supervision may be unnecessary.” These views reinforce adolescents’ preference for
moderation and further illustrate that excessive emphasis on Al identity may undermine trust
without contributing to Al literacy development.

Conclusion and discussion

This study investigated how different Al disclosure mechanisms influence the cognitive processing
and interaction of high school students in Chinese county towns when encountering Al-generated
news and comments. By conducting a mixed-methods field experiment, we aimed to address the
research gap concerning non-Western, non-urban, and non-university populations. Our multi-
dimensional data, derived from eye-tracking, questionnaires, and interviews, offered a
comprehensive understanding of Al disclosure strategies' impact on adolescent trust and
interaction behaviors.

Summary of key findings

Firstly, Al disclosure significantly influenced attention to Al-generated content (AIGC). Eye-
tracking data indicated that simple disclosure (experimental group 1) increased participants’ focus
on Al metadata and content in both social bot and news scenarios, whereas overly detailed
disclosure (experimental group 2) reduced engagement with both the label and the content,
suggesting that moderate disclosure helps avoid cognitive overload.

Secondly, the effects of disclosure on trust and interaction were context-dependent. In
conversational contexts (Al social bot replies), simple labels enhanced trust and interaction
willingness, supported by interview reports that labels clarified content sources and reduced
uncertainty. Detailed disclosure slightly decreased platform trust. In contrast, for Al-generated
news images, simple labels lowered content trust, while detailed disclosure significantly reduced
sharing intention, as participants cited potential misleading risks. Overall, Hla (positive effect of
simple disclosure) was supported only in conversational contexts, whereas H1b (negative effect of
detailed disclosure) was evident in news contexts and partially in platform trust for social bots.

Thirdly, Al disclosure did not universally enhance Al literacy (H1c). However, individual differences
moderated these effects (H3b): simple labels were more effective for light internet users, whereas
brief explanations were more beneficial for heavy users in fostering Al trust and technical
understanding. Academic performance and internet experience also shaped critical engagement,
with higher achievers and heavier users exhibiting lower platform trust and reduced sharing.

Finally, while perceived topic and truthfulness (H2b) appeared relevant—participants often
rejected Al news due to ‘misleading risks'—quantitative evidence directly supporting this effect
was not observed.

Discussions

Theoretical contributions

This research contributes empirical evidence to human-Al interaction models, particularly within
an underexplored demographic and cultural context: high school students in Chinese county
towns. By revealing the context-dependent impact of Al disclosure on adolescent trust and
interaction, our findings help explain the mixed results in previous Al transparency research. The
study demonstrates that disclosure's effect is not uniform, varying with content type, disclosure
detail, and user individual differences. The multi-modal data collection (eye-tracking, surveys,
interviews) offers a comprehensive view of cognitive processing and real-time trust dynamics,
advancing methodological innovation in trust measurement.
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In addition, our findings extend prior student-focused research by revealing a different pattern of
individual differences. Unlike studies conducted mainly in urban or university settings (Kozak &
Fel, 2024), demographic factors such as gender and grade level did not significantly moderate the
effects of Al disclosure. Instead, internet use experience emerged as a key moderator shaping how
disclosure influenced trust. Students with more extensive internet experience were better able to
interpret relatively detailed and technical disclosure cues, demonstrating stronger capacities for
Al identification and adaptive judgment. This pattern highlights a theoretically meaningful
distinction in how disclosure operates among adolescents in county-level cities in China, where
uneven digital exposure makes experiential factors more consequential than basic demographics.

Practical contributions
The findings provide actionable insights for technology developers, educators, and policymakers
to create ethical and trustworthy Al systems.

For developers: Al disclosure design should be context- and user-sensitive. Simple Al labels are
sufficient for casual chat interactions, promoting trust, while news evaluation and advanced
literacy tasks require more explanatory disclosures (e.g., ‘how it was generated’) to support
verification. Overly complex disclosures can be counterproductive, leading to cognitive and
emotional burden.

For educators: Acknowledge students' context-dependent trust in AIGC and design teaching
activities that foster critical thinking and information discernment based on content type and
disclosure strategies. Moreover, participants frequently highlighted their emotional needs for Al
bots. Given media reports, including from Bloomberg, that interactions with Al bots (e.g., Replika,
Character Al) can lead to addictive behaviors or even encouragement of self-harm, educators must
guide students in developing healthy emotional engagement with these systems, preventing
excessive trust or dependency that could result in tragic outcomes.

For policymakers: Support mandatory, but concise and prominently placed Al labeling for AIGC
content. Platforms should supervise Al-generated content for authenticity and user experience,
considering feedback channels. A long-term perspective might involve reducing oversight as Al
technology matures, avoiding excessive intervention that could lead to negative user sentiment.
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Appendix Al. Descriptive statistics (post-test factor scores)

Mean SDs Min Max ‘
Total Skills 0 1.79 -4.14 4.16
Operation Skills 0 0.32 -0.64 0.66
Informational Skills 0 0.98 -2.57 143
Participation Skills 0 1.01 -1.93 2.07
Total Trust 0 2.30 -5.36 4.10
Competence 0 0.72 -1.64 1.25
Benevolence 0 0.48 -1.18 1.01
Anthropomorphism 0 0.47 -0.96 0.86
Integrity 0 0.62 -1.47 1.09
Transparency 0 0.74 -1.43 0.57
Total Literacy 0 1.52 -2.98 3.55
Technical Proficiency 0 0.70 -1.23 1.68
Communication Proficiency 0 0.32 -0.72 0.60
Creative Application 0 0.62 -1.35 1.27
Total Security 0 1.37 -2.95 2.59
Privacy 0 0.78 -1.88 1.32
Security 0 0.65 -1.28 1.27

Table Al. Descriptive statistics for post-test factor scores

Appendix A2. Scale validation

Factor | Item Std. Std. 95% CI | 95% CI
Loading Error Lower | Upper
OP skills_operational_1 0.549 0.126 4.359 0 0.302 | 0.797
OP skills_operational_2 0.641 0.118 5.451 0 0.410 0.871
OP skills_operational _3 0.633 0.118 5.357 0 0.401 0.865
INF skills_informational _2 1.000 0.000 | NA NA 1.000 1.000
PAR skills_participation_1 1.000 0.000 | NA NA 1.000 1.000

Table A2-1. Standardized factor loadings for the internet skills scale validation
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Chi_square df p-value CFI RMSEA SRMR

4.341 4 0.362 0.99 0.975 0.04 0.044

Table A2-2. Model fit indices for the internet skills scale validation

Factor @ Item Std. Std. z-value

Loading Error

com trust_competencel 0.879 0.069 | 12.791 | 0.000 | 0.744 | 1.013
com trust_competence?2 0.686 0.088 | 7.784 0.000 | 0.513 | 0.859
com trust_competence3 0.430 0.123 | 3.493 0.000 | 0.189 | 0.671
bene trust_benevolencel 0.556 0.102 | 5.479 0.000 | 0.357 | 0.755
bene trust_benevolence2 0.338 0.112 | 3.008 0.003 | 0.118 | 0.558
bene trust_benevolence3 0.650 0.093 | 6.972 0.000 | 0.467 | 0.833

anthro | trust anthropomorphisml 0.338 0.135 | 2.508 0.012 | 0.074 | 0.601
anthro | trust anthropomorphism3 0.671 0.141 | 4.773 0.000 | 0.395 | 0.946

inte trust_integrity1 0.778 0.109 | 7.112 0.000 | 0.563 | 0.992
inte trust_integrity2 0.581 0.115 | 5.063 0.000 | 0.356 | 0.806
trans trust_transparency3 1.000 0.000 | NA NA 1.000 | 1.000

Table A2-3. Standardized factor loadings for the trust scale validation

Chi_square df p-value CFI RMSEA SRMR

51.954 35 0.032 0.897 0.839 0.095 0.091

Table A2-4. Model fit Iidices for the trust scale validation

Factor Std. Std. Error = z-value p-value 95% CI 95% CI
Loading Lower Upper
tp tpl 0.736 0.112 6.587 0.000 0.517 0.955
tp tp2 0.553 0.124 4.440 0.000 0.309 0.796
tp tp4 0.637 0.117 5.442 0.000 0.408 0.866
cp cpl 0.370 0.131 2.825 0.005 0.113 0.627
cp cp3 0.664 0.095 6.992 0.000 0.478 0.850
cp cp4 0.744 0.087 8.590 0.000 0.574 0.913
ca cal 0.718 0.082 8.761 0.000 0.557 0.879
ca ca2 0.761 0.076 9.989 0.000 0.611 0.910
ca ca3 0.532 0.110 4.848 0.000 0.317 0.748

Table A2-5. Standardized factor loadings for the Al literacy scale validation
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Chi_square df p-value CFI | TLI RMSEA‘ SRMR‘

40.795 24 | 0.018 0.874 | 0.811 | 0.114 0.085

Table A2-6. Model fit indices for the Al literacy scale validation

Factor Std. Std. z-value | p- 95% CI 95% CI

Loading Error value Lower Upper

privacy security_willing 0.592 0.118 5.034 0 0.361 0.822

privacy security_breach 0.896 0.120 7.439 0 0.660 1132

security | security_rumor 0.760 0.093 8.132 0 0.577 0.943
security | security_fairness 0.511 0.121 4.205 0 0.273 0.749
security | security_bias 0.720 0.097 7.445 0 0.530 0.910

Table A2-7. Standardized factor loadings for the privacy and security scale validation

Chi_square df p-value CFI TLI RMSEA SRMR

6.517 4 | 0.164 0.962 | 0.904 | 0.108 0.05

Table A2-8. Model fit indices for the privacy & security scale validation

Appendix A3. In-task regressions (main effects)

trust  interaction = share trust use use
user willing willing | platform | platform platform
browse post
Model1l | Model2 | Model3 | Model4 | Model5 | Model 6
B_vs_A 0.699™ 0.885™ 0.538 0.442 0.372 0.410
(0.205) (0.261) (0.270) | (0.202) (0.186) (0.256)
C_vs_A 0.485" 0.612" 0.419 0.025 0.206 0.576"
(0.190) (0.244) (0.273) (0.217) (0.212) (0.232)
Constant 3.158"™ 3.079"™ 3.105™" | 3.737™ | 3.842"" | 3.447
(0.128) (0.166) (0.195) (0.140) (0.144) (0.180)
Observations 108 108 108 108 108 108
R? 0.104 0.101 0.038 0.040 0.027 0.060
Adjusted R? 0.086 0.084 0.019 0.022 0.009 0.042
F Statistic (df = 2;105) | 6.064™ 5.921™ 2.060 2.203 1.473 3.344"
Note: “p<0.05; "p<0.01; *p<0.001

Table A3-1. OLS baseline regression results for in-task main effects in the bots comments condition
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trust

interaction

share

trust

use

use

user willing willing | platform platform platform
browse post
Modell | Model2 | Model 3 | Model4 | Model 5 | Model 6
B_vs_A 0.654™ 0.836™ 0.370 0.433 0.323 0.413
(0.223) (0.277) (0.281) (0.232) (0.199) (0.258)
C_vs_A 0.354 0.380 -0.055 -0.358 -0.140 0.207
(0.246) (0.285) (0.301) | (0.248) (0.253) | (0.260)
gender -0.056 0.111 0.122 -0.094 0.096 -0.160
(0.173) (0.251) (0.229) | (0.203) (0.173) (0.242)
urban_rural 0.164 0.258 0.294 0.300 0.212 0.200
(0.180) (0.262) (0.227) | (0.224) (0.191) (0.242)
scores_adjusted -0.001 -0.003 -0.004" | -0.003" | -0.002 -0.001
(0.001) (0.001) (0.002) | (0.001) (0.001) (0.001)
internet_exp -0.019 -0.042 -0.020 | -0.114" -0.058 -0.108"
(0.039) (0.043) (0.046) | (0.036) | (0.036) | (0.039)
course_dir 0.096 -0.172 0.625 0.010 0.423 0.488
(0.255) (0.338) (0.322) | (0.237) (0.234) (0.287)
Constant 3.917™ 4.907™ 5167™ | 6.591™ | 5.035"" | 5.082""
(1.062) (1.029) (1.170) (0.908) | (0.855) | (0.920)
Observations 108 108 108 108 108 108
R? 0.119 0.151 0.166 0.172 0.120 0.145
Adjusted R? 0.057 0.091 0.108 0.114 0.058 0.085
F Statistic (df =7;100) | 1.928 2.537" 2.847" 2.957" 1.949 2.415"

Note:

“p<0.05; “p<0.01; **p<0.001

Table A3-2. OLS controlled regression results for in-task main effects in the bots comments condition

trust trust like likelihood | likelihood | likelihood
content | material | content like comment share
Model1 | Model 2 | Model 3 | Model 4 Model 5 Model 6
B_vs_A -0.506" | -0.553" 0.098 -0.038 0.282 -0.179
(0.235) | (0.272) (0.243) (0.294) (0.287) (0.303)
C_vs_A -0.113 -0.124 0.217 0.034 -0.147 -0.167
(0.212) (0.241) (0.213) (0.269) (0.238) (0.295)
Constant 3.684 | 3.553™" | 3.474™ 3.395" 2.789 3.000"
(0.126) | (0163) | (0.154) | (0.183) (0.174) (0.210)
Observations 108 108 108 108 108 108
R? 0.041 0.039 0.010 0.001 0.024 0.004
Adjusted R? 0.023 0.021 -0.009 -0.018 0.005 -0.015
F Statistic (df =2;105) | 2.245 2.153 0.509 0.029 1.274 0.222
Note: “p<0.05; "p<0.01; **p<0.001

Table A3-3. OLS baseline regression results for in-task main effects in the news-image condition
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trust trust like likelihood | likelihood | likelihood
content | material | content like comment share
Model1 | Model 2 | Model 3 | Model 4 Model 5 Model 6
B_vs_A -0.545" -0.726" 0.094 -0.111 0.196 -0.304
(0.266) | (0.289) | (0.242) | (0.316) (0.278) (0.301)
C_vs_A -0.264 -0.237 -0.005 -0.280 -0.408 -0.769"
(0.253) | (0.280) | (0.281) | (0.322) (0.277) (0.308)
gender -0.033 0.217 -0.217 -0.360 -0.129 -0.284
(0.224) | (0.235) (0.214) (0.261) (0.245) (0.279)
urban_rural 0.186 0.461 0.073 0.396 0.328 0.344
(0.236) | (0.245) (0.211) (0.266) (0.255) (0.279)
scores_adjusted -0.003" | -0.003 | -0.002 -0.005" -0.003 -0.007™
(0.001) | (0.001) | (0.002) (0.002) (0.002) (0.002)
internet_exp -0.032 0.047 -0.066 -0.084 -0.044 -0.105"
(0.049) | (0.044) | (0.043) | (0.051) (0.049) | (0.056)
course_dir -0.314 -0.256 0.096 -0.185 0.078 0.293
(0.331) | (0.341) | (0.305) | (0.385) (0.324) | (0.360)
Constant 5.781" 4228 5.610™ 6.952 4.693™ 8.014™
(0.936) | (1.029) | (1.469) | (1.264) (1.386) (1.390)
Observations 108 108 108 108 108 108
R? 0.097 0.125 0.053 0.102 0.070 0.163
Adjusted R? 0.034 0.064 -0.013 0.039 0.005 0.105
F Statistic (df = 7;100) | 1.539 2.040 0.800 1.614 1.079 2.788"

Note:

“p<0.05; “p<0.01; **p<0.001

Table A3-4. OLS controlled regression results for in-task main effects in the news-image condition

interaction share trust use use
willing willing platform | platform platform
browse post
Model 1 Model 2 Model 3 | Model4 | Model 5 | Model 6
A_vs_B -0.699™ -0.885" -0.538 -0.442 -0.372 -0.410
(0.205) (0.261) (0.270) (0.202) (0.186) (0.256)
C_vs_B -0.214 -0.274 -0.119 -0.417 -0.167 0.167
(0.212) (0.270) (0.267) (0.221) (0.196) (0.234)
Constant 3.857" 3.964™" 3.643" | 4179 4.214™ 3.857""
(0.160) (0.202) (0.186) (0.145) (0.119) (0.183)
Observations 108 108 108 108 108 108
R? 0.104 0.101 0.038 0.040 0.027 0.060
Adjusted R? 0.086 0.084 0.019 0.022 0.009 0.042
F Statistic (df = 2;105) | 6.064™ 5.921™ 2.060 2.203 1.473 3.344"

Note:

“p<0.05; "p<0.01; **p<0.001
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Table A3-5. OLS baseline regression results for in-task main effects in the bots comments condition (vs. B)




interaction | share trust use use
willing willing  platform | platform @ platform
browse post
Model 1 Model 2 | Model 3 | Model4 | Model 5 | Model 6
A_vs_B -0.654" | -0.836™ -0.370 -0.433 -0.323 -0.413
(0.223) (0.277) (0.281) (0.232) (0.199) (0.258)
C_vs_B -0.300 -0.456 -0.425 | -0.791" -0.462 -0.206
(0.289) (0.352) (0.326) | (0.285) (0.267) (0.299)
gender -0.056 0.111 0.122 -0.094 0.096 -0.160
(0.173) (0.251) (0.229) | (0.203) (0.173) (0.242)
urban_rural 0.164 0.258 0.294 0.300 0.212 0.200
(0.180) (0.262) (0.227) (0.224) (0.197) (0.242)
scores_adjusted -0.001 -0.003 -0.004" | -0.003" | -0.002 -0.001
(0.001) (0.001) (0.002) | (0.001) (0.001) (0.001)
internet_exp -0.019 -0.042 -0.020 | -0.114" -0.058 -0.108"
(0.039) (0.043) (0.046) | (0.036) | (0.036) | (0.039)
course_dir 0.096 -0.172 0.625 0.010 0.423 0.488
(0.255) (0.338) (0.322) | (0.237) (0.234) (0.287)
Constant 4.571™ 5.743™ 5.537" | 7.024™ | 5.358™ | 5.496™
(1.081) (1.139) (1.226) (0.997) (0.899) (0.981)
Observations 108 108 108 108 108 108
R? 0.119 0.151 0.166 0.172 0.120 0.145
Adjusted R? 0.057 0.091 0.108 0.114 0.058 0.085
F Statistic (df =7;100) | 1.928 2.537" 2.847" 2.957" 1.949 2.415"

Note:

“p<0.05; "p<0.01; **p<0.001

Table A3-6. OLS controlled regression results for in-task main effects in the bots comments condition (vs.

B)
trust trust like likelihood | likelihood | likelihood
content | material | content like comment share
Model1 | Model 2 | Model 3 | Model 4 Model 5 Model 6
A_vs_B 0.506" 0.553" -0.098 0.038 -0.282 0.179
(0.235) | (0.272) (0.243) (0.294) (0.287) (0.303)
C_vs_B 0.393 0.429 0.119 0.071 -0.429 0.012
(0.262) (0.281) (0.238) (0.303) (0.281) (0.301)
Constant 3.179"* | 3.000™* | 3.571"" 3.357" 3.071™ 2.821™
(0.199) | (0.217) | (0.188) | (0.230) (0.229) (0.218)
Observations 108 108 108 108 108 108
R? 0.041 0.039 0.010 0.001 0.024 0.004
Adjusted R? 0.023 0.021 -0.009 -0.018 0.005 -0.015
F Statistic (df =2;105) | 2.245 2.153 0.509 0.029 1.274 0.222
Note: “p<0.05; "p<0.01; **p<0.001
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Table A3-7. OLS baseline regression results for in-task main effects in the news-image condition (vs. B)




trust trust like likelihood | likelihood | likelihood

content | material | content like comment share
Model1 | Model 2 | Model 3 | Model 4 Model 5 Model 6
A_vs_B 0.545" 0.726" -0.094 0.111 -0.196 0.304
(0.266) | (0.289) | (0.242) | (0.316) (0.278) (0.301)
C_vs_B 0.281 0.489 -0.100 -0.168 -0.605 -0.465
(0.292) | (0.324) | (0.279) | (0.362) (0.326) | (0.300)
gender -0.033 0.217 -0.217 -0.360 -0.129 -0.284
(0.224) | (0.235) (0.214) (0.261) (0.245) (0.279)
urban_rural 0.186 0.461 0.073 0.396 0.328 0.344
(0.236) | (0.245) (0.211) (0.266) (0.255) (0.279)
scores_adjusted -0.003" | -0.003 | -0.002 -0.005" -0.003 -0.007™
(0.001) | (0.001) | (0.002) (0.002) (0.002) (0.002)
internet_exp -0.032 0.047 -0.066 -0.084 -0.044 -0.105"
(0.049) | (0.044) | (0.043) | (0.051) (0.049) | (0.056)
course_dir -0.314 -0.256 0.096 -0.185 0.078 0.293
(0.331) | (0.341) | (0.305) | (0.385) (0.324) | (0.360)
Constant 5.236"" 3.501" 5.704™ 6.841"" 4,889 7.710""
(1.026) | (1.098) | (1.422) | (1.309) (1.411) (1.397)
Observations 108 108 108 108 108 108
R? 0.097 0.125 0.053 0.102 0.070 0.163
Adjusted R? 0.034 0.064 -0.013 0.039 0.005 0.105
F Statistic (df = 7;100) | 1.539 2.040 0.800 1.614 1.079 2.788"
Note: “p<0.05; “p<0.01; **p<0.001

Table A3-8. OLS controlled regression results for in-task main effects in the news-image condition (vs. B)

Appendix A4. Post-test outcome models.
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s § ZEr g3 §E5¢E 5
) = & = 5 3 3 &
: 5 FES 5 537 R :
ol ol o 2| 2| 2 el ol | ) o2 2
—_ ™o w N w1 o N o0 © = =0 o
B_vs_A - 0.0 - - - - 0.67 - - - 00 | - -0.058
0.57 | 45 0.0 | 0.01 | 014 | 0.3 3" 040 | 0.07 | 0.0 52 | 0.
0 75 7 0 83 2 9 42 0
3
6
08 ©2]@©1]@1]©2]@©2]@©3]@©3]@©2]@©4]@©2]@© (0.197)
27) | 59) | 78) | 49) | 20) | 59) | 37) | 10) | 71) | 54) | 07) | 1
0
6)
C_vs_A - - - - - - - 0.0 - 1.04 | 0.63 | O. 0.297
015| 0.0 | 0.0 | 0.0 | 0.0 | 0.0 | 0.06 | 03 0.19 5" 27 |1
9 20 43 35 58 03 5 8 6
07 ] ©2]@1]@©1]@©1]@©2]@©2]@©2]@©3]@©4]@©2](© (0.198)
36) | 34) | 57) | 57) | 97) | 29) | 98) | 63) | 01) | 79) | 09) | 1
0
4)
Constan | 0.21 - 0.0 | 0.01 | 0.0 | 0.10 | 2.68 | 3.47 | 2.57 - - - -0.100
t 0 0.0 36 8 59 0 4™ 1 4™ | 9™ | 03 | 025 ] 0.
04 95 9 0
3
6
o5 @©1l©1]@©1]@©1]@©1]@©2]©1]@©2]@©3]@©1](@© (0.131)
38) | 74) | 25) | 03) | 37) | 60) | 30) | 93) | 34) | 19) | 43) | .0
6
9)
Observa | 54 54 54 | 54 54 54 54 54 54 54 54 | 5 54
tions 4
R? 0.01| 00 | 00| 00| 00 | 0.0 | 010 | 0.04 | 0.01 | 0.11 | 0.18 | O. 0.066
0 01 04 | o1 08 52 6 4 1 9 7 0
41
Adjuste - - - - - 0.01 | 0.07 | 0.0 - 0.0 | 015 | 0. 0.030
dR? 00 | 00 | 0.0 | 0.0 | 0.0 5 1 06 | 0.02| 85 5 0
29 38 | 35 | 38 31 8 0
4
F 025| 00 | 01 | 0.0 | 019 | 1.39 | 3.011 | 1.167 | 0.27 | 3.44 | 5.86 | 1. 1.808
Statistic | 0O 34 | 00 | 27 9 5 3 8" 4 11
(daf = 2; 0
51) 3
Note: *p<0.05; "p<0.01;

**p<0.001

Table A4-1. OLS baseline regression results for post-test outcomes
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s & g8z = §£4¢ g
g & =8 88 & 3 8V % g
S| E| §| §| 5| 5| 5| 5| 5| 5| §| §| &
S| 8| B 8| 8| B 2| B 2| & &| B8] 8
— N w N 331 o N 0 © = = I ]
B_vs_A - 0.17 - - - - 0.84 - - - 0.05 - -
0.51 2 0.05 | 0.04 | 0.21 | 0.37 3" 0.47 | 0.05 | 0.12 0 0.06 | 0.112
6 0 9 5 3 6 0 9 7
(09 | (0.3 | (018 | (0.16 | (0.2 | (0.2 | (0.31| (0.3 | (0.31| (0.4 | (0.2 | (0.10 | (0.19
59) 04) 9) 3) 47) 87) 4) 50) 9) 63) 29) 4) 6)
C_vs_A - 0.02 - - - 0.07 | 0.22 | 0.05 - 0.61 | 0.53 - 0.08
0.30 9 0.121 | 0.08 | 0.20 7 1 7 0.21 6 3" 0.00 8
9 7 6 9 5
(0.8 | (0.2 | (017 | (018 | (0.2 | (0.2 | (0.3 | (0.2 | (0.3 | (0.6 | (0.2 | (013 | (0.2
59) 56) 2) 4) 41) 69) 85) 82) 37) 24) 67) 9) 63)
gender - 0.07 - - - - 0.05 | 0.00 | 0.01 - - - -
0.37 1 0.03 | 0.14 | 0.21 | 0.04 3 8 9 0.60 | 0.111 | 0.17 | 0.31
1 7 6 6 4 3 4 8
(0.7 | (0.2 | (0.16 | (0.14 | (0.21 | (0.21 | (0.31 | (0.2 | (0.3 | (0.4 | (0.18 | (0.0 | (0.18
83) 21) 4) 4) 9) 5) 4) 31) 09) 32) 3) 98) 5)
urban_rur | 0.115 - - 0.20 | 0.22 - - - - 0.25 | 0.05 | 0.07 | 0.12
al 0.19 | 0.07 0 6 0.04 | 0.65 | 0.21 | 0.18 8 7 2 9
2 2 7 1" 3 2
(0.8 | (0.2 | (0.16 | (015 | (0.21 | (0.2 | (0.31 | (0.2 | (0.27 | (O.5 | (0.2 | (0.11 | (0.2
50) 51) 7) 0) 0) 63) 3) 40) 9) 56) 44) 5) 26)
scores_adj | 0.00 | 0.00 | 0.00 - - 0.00 | 0.00 | 0.00 - - - - -
usted 1 1 1 0.00 | 0.00 1 1 1 0.00 | 0.00 | 0.00 | 0.00 | 0.00
1 04 3 1 02 04 1
(0.0 | (0.0 | (0O | (0.0 | (0.0 | (0.0 | (0O | (0.0 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0
05) 01) 01) 01) 01) 02) 02) 02) 02) 03) 01) 01) 01)
internet_e - - - - - 0.01 | 0.02 | 0.08 - - - - -
Xp 0.09 | 0.04 | 0.02 | 0.01 | 0.01 3 0 1 0.00 | 0.09 | 0.03 | 0.02 | 0.03
5 6 6 9 7 8 2 1 2 9
(011 | (0.0 | (0O | (0.0 | (0.0 | (0O | (OO | (OO | (0.0 | (0.0 | (0.0 | (0.0 | (0.0
4) 36) 23) 22) 34) 39) 54 37) 52) 98) 41 20) 40)
course_di | 0.37 - 0.30 - 0.37 - - 0.47 - 0.98 | 0.171 | 0.29 | 0.51
r 1 0.22 4 0.04 1 0.03 | 0.54 1 0.36 0 8" 2"
5 9 0 2 2
(0.9 | (0.27 | (017 | (019 | (0.2 | (0.3 | (0.3 | (041 | (0.3 | (0.5 | (0.27 | (0.11 | (0.2
94) 6) 1) 8) 52 68) 41) 0) 32) 89) 8) 6) 31
Constant 0.72 | 0.02 | 0.01 | 0.54 | 047 - 2.89 | 257 | 436 | 1.70 | 0.23 | 0.54 | 0.93
6 7 6 1 2 0.33 0 6 4 8 2 3 4
1
(36 | 115 | (0.6 | (0.7 | (0.9 | (114 | (1.75 | (1.27 | (1.68 | (2.07 | (0.7 | (0.5 | (0.9
50) 0) 97) 86) 87) 8) 7) 1) 4) 8) 87) 38) 71)
Observatio | 54 54 54 54 54 54 54 54 54 54 54 54 54
ns
R? 0.02 | 0.06 | 0.07 | 0.06 | 0.07 | 0.06 | 0.21 | 0.17 | 0.06 | 0.19 | 0.20 | 0.17 | 0.181
5 3 4 8 3 0 2 0 3 4 4 9
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Adjusted - - - - - - 0.09 | 0.04 - 0.07 | 0.08 | 0.05 | 0.05
R? 0.12 | 0.08 | 0.06 | 0.07 | 0.06 | 0.08 2 4 0.07 1 3 4 7

3 0 7 4 8 3 9
F Statistic | 0.16 | 0.43 | 0.52 | 048 | 0.51 | 042 | 176 | 1.347 | 044 | 1.577 | 1.68 | 1.431 | 145
(df =7; 46) 8 9 2 0 5 0 6 5 5 6
Note: “p<0.05; "p<0.01; **p<0.001

Table A4-2. OLS controlled regression results for post-test outcomes
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2| 2| E£| E| & £] 8| & & 8] 2] & 2
o, e o e e, LR o o, o o @ o e,
(N o w N wl o) N ® © =) = ] )
A_vs_B 0.57 - 0.07 | 0.01 | 0.14 | 0.38 - 040 | 0.07 | 0.04 - 0.03 | 0.05
0 0.04 5 7 0 3 0.67 2 9 2 0.05 6 8
5 3" 2
(0.82 | (0.2 | (0.17 | (0.14 | (0.22 | (0.25 | (0.33 | (0.31 | (0.27 | (0.4 | (0.2 | (0.10 | (0.19
7) 59) 8) 9) 0) 9) 7) 0) 1) 54) 07) 6) 7)

C_vs_B | 0411 0.03 - 0.08 | 0.38 - 0.40 1.08 | 0.58 | 0.15

0.06 2 0.01 2 1 0.73 5 0.119 6" 0" 2

o
SLRet
a1

0.8 | (02 | (015 | (015 | (0.22 | (02 | (031 | (0.3 | (023 | (0.4 | (0.21 | (011 | (0.21
05) |48 | Dl 9| 9 62| » oy | 49 | 8] 49 |2 |0
Constant | - | 004 | - [000| - - | 3357]3071| 250 | - - - -
036 | 1 |[003| 1 [008|028| = | * | 0" | 043|020 |0.07 | 015

(0.6 | (019 | (012 | (01 | (017 | (0.2 | (0.24 | (0.24 | (013 | (0.3 | (0.15 | (0.0 | (0.14
28) 2) 6) 07) 3) 04) 6) 3) 8) 23) 0) 81) 8)
Observat 54 54 54 54 54 54 54 54 54 54 54 54 54
ions

R? 0.01 | 0.00 | 0.0 | 0.00 | 0.00 | 0.05 | 0.10 | 0.04 | 0.011 | 0.119 | 0.18 | 0.04 | 0.06
0 1 04 1 8 2 6 4 7 1 6

Adjusted - - - - - 0.01 | 0.071 | 0.00 - 0.08 | 015 | 0.00 | 0.03

R? 0.02 | 0.03 | 0.03 | 0.03 | 0.03 5 6 0.02 5 5 4 0
9 8 5 8 1 8

F 0.25 | 0.03 | 010 | 0.02 | 019 | 1.39 | 3.011 | 1167 | 0.273 | 3.44 | 5.86 | 1.103 | 1.80

Statistic 0 4 0 7 9 5 8 4 8

(df=2;51)

Note: “p<0.05; “p<0.01; **p<0.001

Table A4-3. OLS baseline regression results for post-test outcomes (vs. B)
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s & g8z = §£4¢ g
g & =8 88 & 3 8V % g
= 5| £ 5| 5| £l 5 5| 5| 8| 5| %8¢
&l &| & &| &B| &| 8| &| &| 2| &| & =
— N w N 331 o N 0 © = = I ]
A_vs_B 0.51 - 0.05 | 0.04 | 0.21 | 0.37 - 0.47 | 0.05 | 0.12 - 0.06 | 0.112
6 0.17 0 9 5 3 0.84 6 0 9 0.05 7
2 3" 0
(0.9 | (0.3 | (0.18 | (0.16 | (0.2 | (0.2 | (0.31 | (0.3 | (0.31| (04 | (0.2 | (0.10 | (0.19
59) 04) 9) 3) 47) 87) 4) 50) 9) 63) 29) 4) 6)
C_vs_B 0.20 - - - 0.00 | 045 - 0.53 - 0.74 | 048 | 0.06 | 0.19
7 0.14 | 0.07 | 0.03 9 0 0.62 3 0.16 4 3 2 9
3 1 8 2 9
(0.9 | (0.31| (017 | (017 | (0.2 | (0.31 | (0.3 | (0.3 | (0.27 | (0.6 | (0.2 | (0.15 | (0.2
92) 0) 8) 8) 65) 8) 82) 09) 4) 79) 90) 0) 86)
gender - 0.07 - - - - 0.05 | 0.00 | 0.01 - - - -
0.37 1 0.03 | 014 | 0.21 | 0.04 3 8 9 0.60 | 0.111 | 0.17 | 0.31
1 7 6 6 4 3 4 8
(0.7 | (0.2 | (0.16 | (0.14 | (0.21 | (0.21 | (0.31 | (0.2 | (0.3 | (0.4 | (0.18 | (0.0 | (0.18
83) 21) 4) 4) 9) 5) 4) 31) 09) 32) 3) 98) 5)
urban_rur | 0.115 - - 0.20 | 0.22 - - - - 0.25 | 0.05 | 0.07 | 0.12
al 0.19 | 0.07 0 6 0.04 | 0.65 | 0.21 | 0.18 8 7 2 9
2 2 7 1" 3 2
(0.8 | (0.2 | (0.16 | (015 | (0.21 | (0.2 | (0.31 | (0.2 | (0.27 | (O.5 | (0.2 | (0.11 | (0.2
50) 51) 7) 0) 0) 63) 3) 40) 9) 56) 44) 5) 26)
scores_adj | 0.00 | 0.00 | 0.00 - - 0.00 | 0.00 | 0.00 - - - - -
usted 1 1 1 0.00 | 0.00 1 1 1 0.00 | 0.00 | 0.00 | 0.00 | 0.00
1 04 3 1 02 04 1
(0.0 | (0.0 | (0O | (0.0 | (0.0 | (0.0 | (0O | (0.0 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0
05) 01) 01) 01) 01) 02) 02) 02) 02) 03) 01) 01) 01)
internet_e - - - - - 0.01 | 0.02 | 0.08 - - - - -
Xp 0.09 | 0.04 | 0.02 | 0.01 | 0.01 3 0 1 0.00 | 0.09 | 0.03 | 0.02 | 0.03
5 6 6 9 7 8 2 1 2 9
(011 | (0.0 | (0O | (0.0 | (0.0 | (0O | (OO | (OO | (0.0 | (0.0 | (0.0 | (0.0 | (0.0
4) 36) 23) 22) 34) 39) 54 37) 52) 98) 41 20) 40)
course_di | 0.37 - 0.30 - 0.37 - - 0.47 - 0.98 | 0.171 | 0.29 | 0.51
r 1 0.22 4 0.04 1 0.03 | 0.54 1 0.36 0 8" 2"
5 9 0 2 2
(0.9 | (0.27 | (017 | (019 | (0.2 | (0.3 | (0.3 | (041 | (0.3 | (0.5 | (0.27 | (0.11 | (0.2
94) 6) 1) 8) 52) 68) 41) 0) 32) 89) 8) 6) 31)
Constant 0.21 | 0.19 - 0.49 | 0.25 - 373 | 2.09 | 431 | 1.58 | 0.28 | 0.47 | 0.82
0 9 0.03 2 7 0.70 3" 9 4 0 3 5 2
4 4
(3.87 | (1.22 | (0.7 | (0.77 | (1.O3 | (125 | (1.71 | (1.42 | (1.63 | (2.07 | (0.77 | (0.5 | (0.9
9) 7) 28) 2) 7) 4) 9) 0) 0) 0) 8) 36) 68)
Observatio | 54 54 54 54 54 54 54 54 54 54 54 54 54
ns
R? 0.02 | 0.06 | 0.07 | 0.06 | 0.07 | 0.06 | 0.21 | 0.17 | 0.06 | 0.19 | 0.20 | 0.17 | 0.181
5 3 4 8 3 0 2 0 3 4 4 9
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Adjusted - - - - - - 0.09 | 0.04 - 0.07 | 0.08 | 0.05 | 0.05

R? 0.12 | 0.08 | 0.06 | 0.07 | 0.06 | 0.08 2 4 0.07 1 3 4 7
3 0 7 4 8 3 9

F Statistic | 0.16 | 043 | 0.52 | 048 | 051 | 042 | 1.76 | 1.347 | 0.44 | 1.577 | 1.68 | 1431 | 145

(df =7; 46) 8 9 2 0 5 0 6 5 5 6

Note:

“p<0.05; “p<0.01; **p<0.001

Table A4-4. OLS controlled regression results for post-test outcomes (vs. B)
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Appendix A5. Heterogeneity models

— o o3 —_ =< =

5888325 © 8% g g =

= = S 73 = £ 3 = =

28 5 5 B ©° =< o B o e

gl el el a| || e|la|a| a2l o

(N [\ w N 31 o N ) © =) = e} )
B_vs_A 6.0 | 1.63 | 0.2 | 1.53 | 1.196 | 142 | 0.9 0.0 0.5 3.9 151 | 0.81 | 1.64

50 8 64 3" 0 22 90 29 67" 4 3" 0*

21| (08| (05| (04 | (073 [ (07 | 10 | @3 | (L0 | (14 | (0.8 | (0.3 | (0.6

99) | 05) | 98) | o1) | 0) | 37 | 80) | 53) | 09) | 47) | 25) | 53) | 33)
C_vs_A 1.30 | 04 - 0.5 | 0.08 | 05 0.6 - 00 | 214 | 0.6 04 0.9

8 55 0.3 57 7 53 27 0.3 72 3 98 89 55

44 94

24 | (©07]@©5]©04]©6 ] ©07] @0 ] @ |@©9]| @8] @©8]©3] 07
32) | 84) | 75) | 67) | 95) | 10) | 33) | 46) | 97) | 39) | 64) | 65) | 14)
internet_using_t | 0.6 | 0.0 | 0.0 | 02 [ 0191 | 014 | 02 | - [027]074| 02 | 017 | 0.3
ime 62 | 93 | 02 | 32 4 [ 27 |013| 8 | 4 | 32| 7 |35

(05] (1] (01| (01| (@©15]| (01| (2] (03] (©2] (03] (©2](0.0] (01
42) | 97 | 39) | 01) 6) 65) | 58) | 13) | 60) | 77) | 06) | 67 33)
gender - 0.0 - - - - 0.0 | 0.0 | 0.0 - - - -
0.3 47 | 0.0 | 015 | 0.18 | 0.0 77 24 78 05 | 0.0 | 017 | 0.31
49 04 0 6 56 44 48 9 7
(0.8 1 (0.2 | (01| (01 | (023 | (0.2 | (0.3 | (0.2 | (0.3 | (0.5 (0.2 | (01 | (0.2
53) | 39) | 79) | 45 1) 35) | 24) | 56) | 06) | 13) | 28) | 07) | 07)
urban_rural 0.0 - - 0.21 | 0.23 - - - - 03 | 0.0 | 0.0 | 0.16
76 | 0.21 | 0.0 3 2 00 | 05 | 027|011 | 35 74 94 7

(0.8 ]1(.2] (1| (01| (0.21] (0.2 (03] (02 ] (02] (5] (0.2]| (11| (0.2
48) | 62) | 75) | 46) 6) 64) | 20) | 49) | 73) | 48) | 37) 7) 27)
scores_adjusted | 0.0 | 0.0 | 0.0 - 0.00 | 0.0 | 0.0 | 0.0 - 0.0 | 0.0 - -
02 01 01 | 0.0 | 004 | oO1 01 | 004 | 0.0 | 002 | 01 | 0.0 | 0.0
003 02 002 | 002
(0.0 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0
05 | 02) | 01) | 01) 01 | 02) | 02 02) | 02) | 03) | O | 01) | O1)
internet_exp - - - - - 0.0 | 0.0 | 0.0 - - - - -
011 | 0.0 | 0.0 | 0.0 | 0.01 | 05 26 77 | 00 | 0.0 | 0.0 | 0.0 | 0.0
6 55 24 24 9 001 | 95 29 24 43
(01 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0 | (0.0
23) | 37) | 25 | 2)) 33) | 42) | 53) | 39) | 48) | 93) | 39) | 20) | 38)
course_dir 0.21 - 0.3 - 0.36 - - 04 - 09 | 018 | 0.2 | 0.51
2 02 | 01 | 0.0 0 0.0 | 047 | 09 | 0.2 | 91 2 98" 1
87 71 91 4 92
(10 | (0.2 | (0.1 | (0.2 | (0.26 | (0.3 | (0.3 | (0.4 | (0.3 | (0.5 | (0.2 | (0.11 | (0.2
08) | 76) | 79) | 01) 0) 79) | 53) | 13) | 76) | 84) | 85) 2) 24)
B_vs_A:internet - - - - - - - - - - - - -
_using_time 1.86 | 041 | 00 | 04 | 040 | 05 | 0.0 | 014 | 018 | 119 | 04 | 0.2 | 0.51
8 2 86 | 57" 6 07 42 3 4 5 24 | 58 3
(06 | (0.2 | (01 | (011 | (019 | (0.2 | (0.3 | (0.4 | (0.2 | (04 | (0.2 | (0.0 | (01
15) | 23) | 62) | 2) 5) 10) | 07) | 07) | 85) | 25 | 37) | 93 72)
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C_vs_Aiinternet - - 0.0 - - - - 0.13 - - - - -
_using_time 04 [ 012 | 66 | 019 | 0.08 | 0.14 | 0.12 8 00 | 04 | 0.0 | 014 | 0.2
81 5 3 9 0 6 93 63 53 9 61
(0.6 | (0.2 | (0.1 | (0.1 | (018 | (0.1 | (0.2 | (0.3 | (0.2 | (0.5 | (0.2 | (0.0 | (01
67) | 19) | 56) | 27) 6) 91) | 82) | 29) | 87) M) | 48) | 99) | 95)
Constant - - - - - - 161 | 3.25 | 2.6 - - - -
179 | 0.0 | 015 | 0.37 | 0.46 | 0.72 0 8 83 | 180 | 1112 | 0.18 | 0.5
6 82 2 0 7 5 2 8 01
41| (13 |(08]| (8| 117 | 14 | 1.8 | (1.6 | 1.7 | (26 | 112 | (0.6 | (112
68) | 7) | 79) | 54 8) 62) | 94) | 02) | 38) | 48) 4) 02) 1)
Observations 54 54 54 54 54 54 54 54 54 54 54 54 54
R? 014 | 013 | 010 | 021 | 0161 | 014 | 0.2 | 021 | 013 | 0.31 | 031 | 0.2 | 0.2
1 1 3 3 7 47 2 8 5 9 81 95
Adjusted R? - - - 0.0 - - 0.0 | 0.0 - 015 | 016 | 0.11 | 0.13
00 | 0.0 | 010 | 30 | 0.03 | 0.0 72 28 | 0.0 6 1 4 1
58 71 6 5 52 62
F Statistic (df=10; | 0.7 | 0.6 | 04 | 116 | 0.82 | 0.73 | 1411 | 115 | 0.6 | 1.98 | 2.01 | 1.68 | 1.79
43) 07 51 92 2 2 8 4 91 1 4 1 8
Note: *p<0.05; "p<0.01; **p<0.001

Table A5-1. Interaction effects of internet usage on treatment effects-controlled model (vs. A)
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Sa2 0235 gigz £g 2 5

5 %2 S 23 ZRFE 38 2 2

z 5 & 809 < ¢ 2 7 g
= £| 5| 5| 5| 5|5 5|58 5|5|¢
| &E| E| B| Bl &E| | &8 &l 8] a| a8
— N w N Ul o N 0 © = = 5 ]
A_vs_B - - - - - - - - - - - - -
6.0 | 163 | 0.2 | 1.53 | 1196 | 142 | 09 | 0.0 | 0.5 | 3.9 | 151 | 0.81 | 1.64
50 8 64 3 0 22 | 90 | 29 | 67T 4 3 0"
21| (8| (@©5|@©4]|@©73] 07| @0 | (13| @10 | (14 | 08| (03] (0.6
99) | 05 | 98 | 01 0) 37) 1 80) | 53) | 09) | 47) | 25) | 53) | 33
C_vs_B - - - - - - - - - - - - -
474 | 118 | 06 | 097 | 1108 | 0.8 | 0.2 | 04 | 04 | 182 | 081 | 03 | 0.6
2 3 08 6 66 | 94 | 84 | 56 4 6 23 85
(20 | (06 | (04 | (03 | (06 | (0.7 | (0.7 | (09 | (06 | (15 | (0.7 | (0.3 | (0.6
13) | 16) | 50) | 55) | 31 | 38) | 79) | 64) | 99) | 68) | 85) | 70) | 83)
internet_using_t - - - - - - 0.18 - 0.0 - - - -
ime 120 | 031 | 0.0 | 0.2 | 0.21 | 0.3 5 02| 94 | 04 | 019 | 00 | 017
6" 9 85 | 24 5 62 82 51 2 82 8
(0.2 | (01| (0.0 | (0.0 | (012 | (01 | (0.1 | (0.2 | (01 | (0.1 | (011 (0.0 | (01
94) | 2) | 84) | 5)) 3) 46) | 58) | 48) | 21) | 81 6) | 63) | 04)
gender - 0.0 - - - - 0.0 | 0.0 | 0.0 - - - -
03| 47 | 00 | 015 | 018 | 0.0 | 77 24 | 78 | 05 | 0.0 | 017 | 0.31
49 04 0 6 56 44 | 48 9 7
(0.8 | (0.2 ] (01| (01 | (023 | (0.2 | (0.3 ] (0.2 ] (03| (0.5] (0.2 (01 ] (0.2
53) | 39) | 79) | 45) 1) 35) | 24) | 56) | 06) | 13) | 28) | 07) | O7)
urban_rural 0.0 - - 021 023 - - - - 03 | 00| 0.0 | 016
76 | 0.21 | 0.0 3 2 0.0 | 05 | 027 | 011 | 35 74 94 7

8 84 68 | 84 7 9
(0.8 | (02 ] (1] (01 | (021 | (0.2 | (0.3 | (0.2 | (0.2 | (0.5 ] (0.2 | (0.11] (0.2
48) | 62) | 75) | 46) 6) 64) | 20) | 49) | 73) | 48) | 3 | ) 27
scores_adjusted | 0.0 | 0.0 | 0.0 - 0.00 | 0.0 | 0.0 | 0.0 - 0.0 | 0.0 - -
02 01 01 | 0.0 | 004 | o1 01 | 004 | 0.0 | 002 | O1 | 0.0 | 0.0
003 02 002 | 002
(0.0 | (0.0 | (0.0 | (0.0 | (0O | (0.0 | (0.0 | (0.0 | (0.0 | (0.0 (0.0 (0.0 (0.0
05) 1 02 | 0y | 0) | O1) | 02) | 02) | 02) | 02) | 03) | O | O) | 0O
internet_exp - - - - - 0.0 | 0.0 | 0.0 - - - - -
011 | 00| 00| 00| O001]| 05 | 26 77 1 00| 00 | 00| 00 | 0.0
6 55 | 24 | 24 9 001 | 95 | 29 | 24 | 43
(0100 | (00| (@O (0O |(©O| (00| (0]|(.0O]|(@©0O](©.0](.0]C¢0.0
23) | 37) | 25) | 21) | 33) | 42) | 53) | 39) | 48) | 93) | 39) | 20) | 38
course_dir 021 | - 0.3 - 0.36 - - 04 - 09 | 018 | 0.2 | 0.51
2 02| o1 | 0.0 0 0.0 [047] 09 | 0.2 | 91 2 98" 1"
87 7 91 4 92

(10 | (02| (01 | (0.2 | (0.26 | (0.3 | (0.3 | (0.4 | (0.3 | (0.5 ] (0.2 | (0.11| (0.2
08) | 76) | 79) | 0O1) 0) 79) [ 53) | 13) | 76) | 84) | 85) | 2) | 24)
A_vs_B:internet | 1.86 | 041 | 0.0 | 04 | 040 | 05 | 0.0 | 014 | 018 | 119 | 04 | 0.2 | 0.51
_using_time 8 2 86 | 577 6 07 | 42 3 4 5 24 | 58" | 3"
(06 | (0.2 ]| (01| (11|19 | (02| (03| (04| (@©2]|(0O4](0.2](.0]| (01
15) | 23) | 62) | 2) 5) 10) | 07) | 07) | 85) | 25 | 37) | 93) | 72)
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C_vs_B:internet | 1.38 | 0.2 | 015 | 0.2 | 031 | 0.3 - 02 | 00 [073]037| 011 | 0.2
_using_time 7 88 2 64" 6 66 | 0.0 81 91 2 1 0 52
84
(04| (01| (01 | (.0 (15| (0.1 | (01 | (0.2 | (01 | (0.3 | (0.1 | (0.0 | (01
53) | 39) | 04) | 84) 2) 75) | 82) | 65) | 65) | 93) | 83) | 93) | 72)
Constant 4251155 | 011 | 116 | 0.72 | 0.6 | 253 | 3.34 | 3.21 | 216 | 04 0.6 | 113
4 5 2 3 9 94 2 9 1 5 01 25 9
@42 |41 ©08[©8]@23]@a | @7 q@as5| @5 | @3] @o]©06] (L0
77 | 6) | 64) | 47 | 2) | 80) | 64) | 02) | 66) | 52) | 07) | 05) | 89)
Observations 54 54 54 54 54 54 54 54 54 54 54 54 54
R? 014 | 013 | 010 | 0.21 | 0161 | 0.14 | 0.2 | 0.21 | 013 | 0.31 | 0.31 | 0.2 0.2
1 1 3 3 7 47 2 8 5 9 81 95
Adjusted R? - - - 0.0 - - 0.0 | 0.0 - 015 | 016 | 0.11 | 0.13
0.0 | 0.0 | 010 | 30 0.03 | 0.0 72 28 0.0 6 1 4 1
58 71 6 5 52 62
F Statistic (df=10; | 0.7 | 0.6 | 04 | 116 | 0.82 | 0.73 | 1411 | 115 | 0.6 | 1.98 | 2.01 | 1.68 | 1.79
43) 07 51 92 2 2 8 4 91 1 4 1 8
Note: *p<0.05; "p<0.01; **p<0.001

Table A5-2. Interaction effects of internet usage on treatment effects-controlled model (vs. B)
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Appendix B. Interview theme analysis

Core Theme

Sub-theme

Initial Code

Data Example

Data
Source

Perception
and Cognitive
Attitudes
towards
Content

‘I always felt the first
three were a bit

Can recognize Al- strange, the first three Participant
generated news A003
were the fake news
ones.’
Cannot recognize Al- ‘I didn't think those Participant
Al Content : : )
o generated images pictures looked real. A001
Recognition :
o . I felt those comments L
Ability and Cannot recognize Al- Participant
Y were pretty real, not
Criteria generated comments . ) A015
like a robot.
‘I felt that the comment
Sense of res?)f)ll?sv,\e,: Kgiﬁ;;&i in Participant
unreality /inauthenticity his heart, so it wasn't A010
very real.’
‘However, there are
many feasibility issues
with robots on social Participant
Low trust in AIGC platforms, so my trust co 4%
in some robots on
Al Content . .
social platforms is
Trust Levels . )
relatively low.
. ‘If it's a 5-point scale, | Participant
Moderate trust in AIGC I'd give it 3 points. A001
. . Participant
3 o/’
High trust in AIGC For Al, 85%. BO22
‘I think this Al is well-
trained, it can already
simulate a real state.
Because before, it
might have been fed a
certain set of values, Participant
Reasons for Trust and could only co 4%
generate the most top-
level content. But now
it can generate things
that blur the line, it's
Influencing more like a regular
Factors of Al person.’
Trust ‘I think the edges of the
Evaluation image are not well-
processed. For
example, I can feel
there's a thin film
between the mother Participant
Reasons for Doubt and daughter, I don't C 05%

know if it's real or if the
image processing didn't
make it very real, and
the edges are a bit
blurred, so it doesn't
look like a real photo.’
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‘It's fine, I don't care if
it's areal person or a

A Al ial Partici
ccepts bo'Fs on socia robot, as long as the articipant
media A006
response makes me
happy.’
‘In terms of news, some
Accgptanoe Does not accept AIGC creations mlght deviate .
of Different . from the original real Participant
images and news on L
Types of Al . . scene. The original C055
social media . "
Content scene isn't real, and it's
easy to mislead people.’
‘It's best if robots don't
Acceptance of AIGC news appear In the news,.but Participant
. in all other non-serious
depends on its nature . B026
contexts, like for
entertainment, it's fine.’
‘In that case, I would
Multi-source verification usually take a multi- Participant
. tool approach to
behavior . C048
. . synthesize and analyze
Interviewees )
I the content.
Critical : —
. But it might also cause
Thinking and
Stratecies me to rely too much on
8 Self-reflection Al, and I might not Participant
want to think about C057
many difficult problems
after I get home.’
Willing to interact Wl.t h "It's acceptable, it's Participant
AIGC content on social p
. acceptable. B021
Interaction media
Willingness | Unwilling to interact with Generally, if it does'n t Participant
look for me, I won't
and Al bots . AO019
. look for it.
Tendencies = —
I'm more inclined to -
Preference for human interact with a real Participant
interaction over Al bots , B038
person.
. . ‘Because I'm more Participant
Driven by curiosity .
. curious. A003
Interaction B I feel it
Behavior and Emotional re;ﬁgsz(;e aTlevérs;/ Participant
Willingness i
g resonance,/Psychological positive and uplifting, A020
. pleasure : o ,
Interaction so I'm willing to reply.
Motivations ‘Because [ might know
and that it's not a real
Emotional person and can't stand
Experience Lack of emotional in a person's shoes or -
. . . Participant
resonance with Al interact with me based Co51
interaction on a person's
experience. [ just feel
that this might not be
very necessary.’
Necessity and AIGC content needs ‘For news, I think it Participant
y The disclosure should have a label.’ B022
Preferences Necessity of ‘There's no special
for Al . Y Al bots do not need 10 spedt Participant
. Disclosure - need to differentiate
Disclosure disclosure A013

them.
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‘In some areas, labeling
Al can increase trust
between Al and people,
but in some ways, in

Al bot disclosure depends | personal conversations, | Participant
on the situation if the Al label is shown, B025
it may affect some
communication and
interaction between Al
and people.’
Preferred Text Drompt ‘A text prompt, I think | Participant
Disclosure promp that's pretty good.’ A008
Forms and . ‘For example, its avatar | Participant
Locations Visual effects is a robot.’ A017
‘If you show that it's Al,
people might verify the
authenticity of the
content, especially for
news. If there's no Participant
The Impact of Impacts trust label, p(.eo.ple mlgh‘F be A008
. more willing to believe
Disclosure on
what they see on TV
User .
. news and won't go and
Behavior e i
verify if it's true or
false.’
‘If it's disclosed, it
. won't provide people Participant
Loss of emotional value with that sense of A004
identity and belonging.’
Usage Scenario: ‘Using this Al to help Participant
Current Learning/Homework me polish my essays.’ B028
Usagfz Usage Scenario: Using Al to genergte Participant
Scenarios : ) what I want... chatting...
Emotional /Entertainment . . s A018
and just playing with it.
Frequency Usage Frequency: ‘I've used it, but I don't | Participant
Infrequent use it very often.’ B030
‘If it fabricates some
AlU d . .
PlZ?E)errin Platform needs to fact- facts, I think the Participant
- check AIGC content platform needs to be A001
Responsibility S
responsible.
Platform Platform needs to ensure
Responsibility Al bots are friendly and ‘Not those that are Participant
and Ethical Y malicious.’ B032
Awareness neutral
. ‘There should be an
Platform needs to provide . -
option for feedback... | Participant
feedback channels for s e
using 'report' isn't quite B023
AIGC e
right.

Table B-1. Interview theme analysis with codes and data examples

Information Research, Vol. 31 No. iConf (2026)

1145




	Introduction
	Literature review
	Understanding trust in human-AI interaction
	AI transparency and disclosure strategies
	Challenges of measuring human-AI trust

	Method
	Research design
	Participants
	Mixed-method eye-tracking experiment
	Eye-tracking experimental design
	Within-subjects manipulation
	Between-subjects manipulation
	Procedures

	Data analysis
	Quantitative analysis: eye-tracking measures
	Quantitative analysis: survey
	Qualitative analysis: thematic analysis of interview


	Results and analysis
	Eye-tracking results
	Overall visual attention distribution
	Differences in fixation on key areas of interest (AOIs)
	Materials of AI social bots
	Materials of AI-generated news images

	Survey
	Measures, sample, and balance checks
	The effect of AI disclosure on trust: labels help in conversation, caution in news
	The effect of AI disclosure on interaction intention: talk more, share less
	Heterogeneity analysis: detailed explanations win with heavy internet users
	Robustness and diagnostics
	Reading across the findings

	Thematic analysis
	Trust and cognition: contextual and conditional evaluation of AIGC
	AI interaction behavior: practicality as the core, with boundaries in emotional needs
	Perception of disclosure mechanisms: labeling is necessary but requires moderation
	Platform responsibility: necessity of supervision and preferences for supervision methods


	Conclusion and discussion
	Summary of key findings
	Discussions
	Theoretical contributions
	Practical contributions


	Acknowledgements
	About the authors
	References
	Appendix A1. Descriptive statistics (post-test factor scores)
	Appendix A2. Scale validation
	Appendix A3. In-task regressions (main effects)
	Appendix A5. Heterogeneity models
	Appendix B. Interview theme analysis

