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Abstract

Al-generated images are increasingly prevalent on social media,
raising concerns about trust and authenticity. This study investi-
gates how di Lerknt levels of label detail (basic, moderate, maximum)
and content stakes (high vs. low) in [uénce user engagement with
and perceptions of Al-generated images through a within-subjects
experimental study with 105 participants. Our [ndings reveal that
increasing label detail enhances user perceptions of label trans-
parency but does not a [edt user engagement. However, content
stakes signi [cantly impact user engagement and perceptions, with
users demonstrating higher engagement and trust in low-stakes
images. These results suggest that social media platforms can adopt
detailed labels to improve transparency without compromising user
engagement, o [ering insights for e [edtive labeling strategies for
Al-generated content.
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1 Background

The rise of generative Al has transformed digital interactions, espe-
cially on social media, where Al-generated content (AIGC) ranges
from photorealistic images to deepfakes, blurring the line between
real and synthetic media [8, 15, 26]. This proliferation raises signif-
icant concerns about trust, credibility, and misinformation, making
transparency and labeling essential for mitigating risks [8]. How-
ever, current labeling practices lack standardization, often failing
to meet user expectations across di [erent contexts [4].

Previous research underscores the impact of labeling on user
perceptions. Rae showed that labels like "Al-assisted" or "human-
created" a [edt user satisfaction and creator credibility but not per-
ceived originality or trustworthiness [18]. Burrus et al. found that
the e [edtiveness of the label varies with the stakes of the con-
tent: users are more critical of high-stakes content (e.g. news) than
low-stakes scenarios (e.g. marketing)[4]. Additionally, Feng et al.
highlighted that detailed attributions, such as provenance infor-
mation, lowered user trust, particularly for potentially deceptive
media [7]. In addition to trust, perceptions of Al-generated content
may be shaped by evolving expectations of creativity and labor in
algorithmically mediated platforms. Prior work shows that social
media norms, driven by visibility algorithms and audience feed-
back, shape how users and creators evaluate originality, authorship,
and creative value [6, 22]. These expectations may also in [uénce
whether Al-generated content is seen as requiring meaningful ef-
fort. To examine this, our study asks participants to evaluate the
perceived e [art and manual work involved in creating each image.

Theoretical foundations like Explainable Al (XAl) and the Situ-
ation Awareness-based Agent Transparency (SAT) model [5] pro-
vide theoretical foundations for enhancing user understanding of
Al-generated content. XAl emphasizes making Al processes un-
derstandable [2, 20], while SAT outlines three transparency levels:
Goals and Actions, Reasoning Process, and Projections [12]. These
principles are helpful for labeling clarity, as user perceptions are
shaped by the depth of transparency [23, 24]. In addition, user feed-
back is important for assessing labeling e [edtiveness. Clear, detailed
labels can boost trust but may also trigger skepticism if seen as
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manipulative [21, 25]. Our study extends this by collecting quali-
tative insights on user concerns and preferences for Al-generated
content.

Our study explores how labeling strategies a [edt user percep-
tions through a 2 (Al Image Content: Low Stake vs. High Stake) x
3 (Label Detail Level: Basic, Moderate, Maximum) within-subjects
experiment with 105 participants. Participants viewed images and
rated their engagement intention, perceptions of images, and label
helpfulness. We also collected open-ended feedback on user con-
cerns, preferences, and expectations for labeling. This study aims
to address three research questions:

RQ1: How do di Cerknt levels of label detail (basic, moderate,
maximum) in [uénce user engagement, perceptions of Al-
generated images, and label helpfulness?

RQ2: How do the stakes of Al-generated image content (high
vs. low) impact user engagement and perceptions?

RQ3: What are the user preferences regarding labeling for
Al-generated images on social media?

Our [ndings show that more detailed labels for AIGC enhance
label clarity, informativeness, and trustworthiness without reduc-
ing user engagement. Additionally, users engage more with and
trust low-stakes content, while high-stakes content prompts greater
scrutiny and skepticism. This suggests that platforms can enhance
transparency with detailed labels without negatively impacting
user engagement, supporting the responsible presentation of Al-
generated content.

2 Method

We conducted an online, within-subjects experimental study on
Qualtrics between November and December 2024, following ap-
proval from the Institutional Review Board (IRB). Participants were
recruited through the SONA system, which o [erk research credit
for university students.

2.1 Participants

A total of 105 participants completed the study. Most participants
(92%, = = 96) aged 18-22 (33% male and 65% female). Participants
were primarily undergraduate students (96%), with 62% in STEM
[eltls. Most (96%) had encountered Al-generated content on social
media, with exposure primarily through short videos (77%), im-
age posts (72%), advertisements (42%), and pro Oelpictures (23%).
Participants’ sentiments were mixed, with 57% viewing Al’s preva-
lence negatively. Although 70% had experimented with Al image
generators primarily for entertainment or education, usage was
infrequent, with 42% using them 1-2 times.

2.2 Materials

2.2.1 Image Selection. Images were selected through a multi-step
process. First, a pool of Al-generated images was created using
DALL-E 3, Stable Di [1dion, and MidJourneyl, maintaining a con-
sistent visual style. Second, images were categorized as low-stakes
(e.g., scenery) or high-stakes (e.g., protests), re [edting benign versus
socially or politically sensitive contexts known to in [uénce user
attention, credibility, and responses [1, 14]. Third, six researchers

IDALL-E 3: https://openai.com/dall-e; Stable Di [iSion: https://stability.ai/; MidJourney:
https://www.midjourney.com/
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re [ndd the pool for clarity, quality, and stake alignment, yielding
three low-stakes (mountains, animals, portraits) and three high-
stakes Al-generated images (protests, police, robot troops). Finally,
each Al-generated image was paired with a matching real image
from copyright-free sources (e.g., Shutterstock?), selected through
the same consensus process to ensure content and style similarity.
These real images served as [I8rs to mimic real-world social media
but were not analyzed separately. All images are listed in Appendix
A Figure 2.

2.2.2 Label Design. Labels for the Al-generated images were de-
signed according to the Situation Awareness-Based Agent Trans-
parency (SAT) model [5]. In the basic condition (SAT Level 1), labels
indicated that the image was "Al-generated" without further elabo-
ration. The moderate condition expanded this by providing a brief
description of the image content and specifying the Al model used
to generate it (SAT Level 1+2). The maximum condition further
included a disclaimer stating that the image may not accurately
represent real-world events (SAT Level 1+2+3). This progressive
design enabled a systematic examination of how increasing label
detail in [u@nced user perceptions (Figure 1).

2.3 Procedure

Participants provided informed consent before viewing images in
random order. Six Al-generated images were assigned to one of
three labeling conditions (basic, moderate, maximum), with each
condition applied to two images. Two real images from the curated
pool (Section 2.2.1) were shown without labels as [Idrs. After each
image, participants rated engagement intentions (liking, sharing,
commenting, seeking information), believability, manipulation, and
creation e [ort. For Al-generated images, they also assessed label
helpfulness, clarity, informativeness, and trustworthiness. Finally,
participants completed a survey on demographics, familiarity with
Al-generated content, and general attitudes toward Al, followed
by four open-ended questions about their understanding of "Al-
generated," related concerns, and label preferences.

2.4 Measures

Quantitative data were collected via Likert scales measuring engage-
ment intentions (liking, sharing, commenting, seeking information;
1= Not at all likely, 5 = Extremely likely), perceptions of believabil-
ity and manipulation (1 = Not at all, 5 = Extremely), and creation
e [oft/manual work (1 = Very little e [ant, 7 = A great deal). La-
bel helpfulness was assessed through informativeness, clarity, and
trustworthiness (1 = Not at all, 5 = Extremely), adapted from vali-
dated scales [24]. Qualitative data came from open-ended questions
on participants’ understanding of “Al-generated,” related concerns,
label design preferences, and traits considered trustworthy. Full
survey questions appear in Appendix A.

2.5 Data Analysis

We used a mixed-methods approach to examine how label detail (ba-
sic, moderate, maximum) and image stakes (high vs. low) in [uénced
user engagement (likes, shares, comments, seeking information),

2Shutterstock: https://www.shutterstock.com/
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Figure 1: Three Al image label levels based on the SAT transparency model: Basic describes Al tool use (Level 1: Goals & Actions),
Moderate adds content reasoning and model used (Level 2: Reasoning), and Maximum includes broader implications (Level 3:

Projections).

perceptions (believability, manipulation), and label helpfulness (clar-
ity, informativeness, helpfulness, trustworthiness). Quantitative
data were analyzed with a two-way mixed ANOVA, with label type
and stake as independent variables and participant ID as a ran-
dom e [edt; signi [cant e Cedts were followed by Tukey’s HSD tests.
Qualitative data from open-ended responses underwent thematic
analysis [3], with three researchers conducting iterative coding and
theme re [n@ment to ensure reliability.

3 Findings
3.1 RQIL: Impact of Di Lerént Levels of Label
Detail

Maximum-detail labels consistently outperform both moderate and
basic labels in label helpfulness. Maximum labels were clearer
( ,2506"=23907 ? 0001) than moderate (estimate = -0.583, SE
=0.168, ? =0 0017) and basic labels (estimate = -0.697, SE = 0.169,
? =00001). They were more informative ( ,2 505" =47 88 ?
0001) than moderate (estimate = -0.451, SE = 0.177, ? = 0 0298)
and basic (estimate = -1.147, SE = 0.178,? 0 001). For helpful-
ness ( ,2 507" =36689 ? 0 001), maximum labels were better
than basic (estimate = -0.980, SE = 0.178,? 0 001) but not sig-
ni [cantly di Cerknt from moderate (estimate = -0.377, SE = 0.177,
? =00832). In trustworthiness ( ,2 506" =16902 ?  0001),
maximum labels outperformed basic (estimate = -0.5475, SE = 0.175,
? = 00054) but were similar to moderate. Label types did not
aledt engagement (shares: ,2 506" = 0567 ? = 05674; likes:

.2 506" = 0181 ? = 0835, comments: ,2 506" = 0097 ? =
0907; info seeking: ,2 506" = 0187 ? = 08299) or image per-
ceptions (believable: ,2 506" = 1864 ? = 0 156; manipulated:

»2 506" = 0195 ? = 0823; elodt: ,2 507" = 0288 ? = 0750;
manual work: ,2 507" =0 176 ? =0 839).

3.2 RQ2: Impact of Di Lerént Contents (High
stake v.s. Low stake) of Al-generated Images

User engagement and image believability varied signi [cantly by
image stakes. Low-stake images received more likes ( ,1 507" =
62286 ? 0001; estimate = 0.391, SE = 0.0704,? 0 001), while
high-stake images led to more seeking of information ( ,1 506" =
11080 ? 0001; estimate = -0.188, SE = 0.0714, ? = 0 0086). Low-
stake images appeared more believable ( ,1 508" = 36 456 ?

0 001; estimate = 0.447, SE = 0.0916, ? 0 001), whereas high-stake
images seemed more manipulated ( ,1 507" =15592 ? 0 001;
estimate = -0.306, SE = 0.0965, ? = 0 0016). For shares, stakes had
a signi [cant main e [edt ( ,1 507" = 4 958 ? = 0 0264), but post-
hoc tests showed no signi [cant di Cerknce (estimate = 0.105, SE
= 0.0697, ? = 01309). Stake did not signi [cantly in [uénce per-
ceptions of label clarity ( ,1 506" = 0095 ? = 0 758), informa-
tiveness ( ,1 506" = 0288 ? = 0592), helpfulness ( ,1 507" =
0001 ? = 0973), trustworthiness ( ,1 506" = 2 177 ? = 0 141),
elont ( ,1 507" =0957 ? =0 328), or manual work ( ,1 507" =
0002 ? =0 967).

3.3 RQ3: User Preferences regarding labeling
for Al-generated Images

Users were mainly concerned about Al-generated images spreading
fake news and deepfakes (61%), with 33% struggling to distinguish
them from real content. Other concerns included reputational harm,
exploitation, and explicit fakes (16%), risks to vulnerable groups
(10%), and creativity erosion (7%). Transparency was critical for
trust: 40% emphasized disclosing technical details (e.g., tools or
models used). As one user noted, “If | can Google the model that a
user used, | can better understand the creation of the image, which
makes it less scary”” Clear Al indicators were preferred by 36%, while
24% wanted clarity on whether an image was fully or partially Al-
generated, saying, “Whether the image was entirely made by Al or
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Table 1: ANOVA Results for User Engagement, Image Perceptions, and Label Clarity

Dependent Variable Source SS df MS F p-value Signi[cance
Share Label Type 0.47 2 0233 0567 0.5674
Stake 2.03 1 2033 4958 0.0264 *
Label Type x Stake 152 2 0759 1850 0.1583
Error 207.85 507  0.410
Like or Favourite Label Type 0.15 2 0073 0181 0.835
Stake 25.15 1 2515 62286 <0.001 ok
Label Type x Stake 1.03 0514 1273 0.281
Error 20468 507  0.404
Comment Label Type 0.04 2 0019 0.097 0.907
Stake 0.23 1 0228 1199 0.274
Label Type x Stake 0.58 2 0292 1535 0.216
Error 96.03 505  0.190
Seek Additional Info Label Type 0.17 2 0.087 0187 0.8299
Stake 5.14 1 5138 11.080 <0.001 ok
Label Type x Stake 0.58 2 0290  0.626 0.535
Error 23464 506  0.464
Believable Label Type 33 2 165  1.864 0.156
Stake 322 1 3221 36.456 <0.001 ok
Label Type x Stake 04 2 018  0.207 0.813
Error 448.8 508 0.88
Manipulated Label Type 04 2 0187 019 0.823
Stake 14.9 1 1491 15592 <0.001 ok
Label Type x Stake 36 2 1822 1905 0.150
Error 4849 507  0.956
E [ont Label Type 0.5 2 0251 0288 0.750
Stake 0.8 1 083 0957 0.328
Label Type x Stake 33 2 1632 1871 0.155
Error 4424 507 0872
Label Clarity Label Type 54.6 2 27.317  23.907 <0.001 ik
Stake 0.1 1 0109 0.095 0.758
Label Type x Stake 01 2 0033 0029 0.972
Error 5782 506  1.143

Signif. codes: 0 “**** 0.001 “*** 0.01 **’ 0.05*’ 0.1°" 1

Al only played a part in modifying it” Additionally, 15% emphasized
understanding the image’s intent (e.g., satire, education).

4 Discussion

Our [ndings demonstrate that while label type does not signi [
cantly impact user engagement, it strongly in [uénces user percep-
tions. Maximum-detail labels consistently outperformed moderate
and basic labels in terms of informativeness and trustworthiness,
emphasizing transparency as crucial for user trust in Al [16]. How-
ever, this enhanced cognitive understanding did not translate into
increased engagement, consistent with previous [ndings [9]. This
suggests that while users cognitively recognize and value trans-
parency, engagement may be more strongly driven by emotional
relevance or social motivations than by informational clarity alone.
Content stakes also in [ugnced perceptions: low-stakes images were
seen as more believable and less manipulated, re [edting greater
skepticism toward Al-generated content in high-stakes contexts
like news [14, 19]. This may stem from reduced perceived risk [13],
increased familiarity [11], and lower emotional investment [27]
in low-stakes content. Finally, the lack of signi [cant e [edts on
perceived e [art suggests that transparency does not undermine
perceptions of creator skill, consistent with studies indicating that

transparency can enhance rather than undermine perceptions of
expertise [17].

4.1 Design Implications

Our [ndings provide actionable guidance for platforms and cre-
ators. First, platforms can use maximum-detail labels to enhance
transparency without fearing reduced engagement, especially in
critical contexts like news, education, or health. For example, plat-
forms may provide speci [Cinformation on the Al model used, the
generation method, any human modi [cations involved, and a real-
ity warning, conveying the nature of the content. Second, labeling
strategies should adapt based on content stakes, as detailed labels
may be more critical for high-stakes content. Third, creators can
specify the creation process of their content without risking lower
engagement or perceptions of e [art.

4.2 Limitations and Future Research

This study has several limitations. Our participant pool primarily
comprised undergraduate STEM students (96%), who may have
higher-than-average familiarity with Al technologies, potentially
limiting the generalizability of our [ndings. Additionally, our study
used a small, [xdd set of six Al-generated images, which may have
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constrained variability in user responses. Moreover, the forced-
exposure design does not fully re [edt real-world conditions, where
labels can be subtle or easily ignored. Prior research suggests that
label e [ectiveness may decrease over time as users become ha-
bituated [10]. Future studies should address these limitations by
including diverse populations, testing labeling strategies in natu-
ralistic settings, and exploring adaptive labeling approaches that
can respond to user behavior over time. Future work should also
examine how label design performs across di [erknt placements and
saliency levels (e.g., captions, overlays, or metadata) in attention-
limited contexts like mobile feeds. Expanding the scope of content
to include emotionally charged or misleading images, such as satiri-
cal memes or synthetic political content, would further clarify how
users interpret and act on Al transparency signals.
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A Survey Questions and Image Presented

Image Evaluation

(1) If you saw this content on a social media platform, how likely
would you be to:

Share this content

Like or favorite this content

Comment on or reply to this content

Seek out additional information about this content’s topic
(Not at all likely — Slightly likely — Moderately likely — Very
likely — Extremely likely)

(2) To what extent do you agree with the following statements
about this content?

This content is believable
This content appears to be manipulated
(Not at all — Slightly — Moderately — Very — Extremely)

(3) How much e [ort do you think it took to create this content?
(1: Very little e [ont — 7: A great deal of e [arit)

(4) Do you perceive the creation of this content to be mostly au-
tomated or requiring signi [cant manual work? (1: Entirely
automated — 7: Entirely manual)

(5) Inyour opinion, to what extent is this Al-Generated label and
its information:

Clear
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Figure 2: Al-generated and real image stimuli by content stakes. Al-generated images included low-stakes (pets, mountains,
portraits) and high-stakes (protests, law enforcement, futuristic scenes); corresponding real-image [Iédrs reduced priming and

preserved ecological validity.

Informative
Helpful
Trustworthy
(Not at all — Slightly — Moderately — Very — Extremely)
General Attitudes towards Al
(1) Do you think the increasing prevalence of Al-generated images
on social media is a positive or negative development? (1: Very
negative — 7: Very positive)
(2) How familiar are you with the concept of Al and how it is used
to create images? (1: Not familiar at all — 7: Extremely familiar)
(3) Have you ever personally used an Al image generator? (Yes /
No)
(4) If yes, approximately how many times have you used an Al
image generator? (1-2 times, 3-5 times, 6-10 times, 10+ times)
(5) What are your primary purposes for using the Al image gener-
ator? (Artistic Creation, Entertainment, Educational Purposes,
Professional Use, Other)
Social Media Usage
(1) Which social media platforms do you use at least 2—3 times a
week? (Instagram, Facebook, Twitter, YouTube, TikTok, Other)

(2) How often do you notice or encounter images on social media
that you believe were generated by AI? (1. Never — 7: Very
often)

(3) On which platforms do you encounter Al-generated images
most frequently? (Carried-forward choices)

(4) Inwhat types of social media content have you seen Al-generated
images? (Short Videos, Image Posts, Advertisements, Pro [el
Pictures, Other)

Demographics

(1) What is your age? (Under 18, 18—22, 23-27, 28-32, 33-37, 38—42,
4347, 48-52, 52+)

(2) What is your gender identity? (Male, Female, Non-binary/Third
gender, Prefer not to say, Other)

(3) What is the highest degree or level of school you have com-
pleted? (High School Diploma/GED, Bachelor’s Degree, Mas-
ter’s Degree, Ph.D. or higher, Prefer not to say)

(4) What is your major/area? (Arts and Humanities, Business, Health
and Medicine, STEM, Social Sciences, Other)
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