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"It says AI-generated content, but we cannot see it.": Practices & Challenges of
Navigating Indicators for AI-Generated Content for Sighted and Blind
Individuals

ANONYMOUS

AI-Generated content (AIGC) has become increasingly widespread by recent advances in generative models and the easy-to-use
tools that have significantly lowered the technical barriers for producing highly realistic audio, images, and videos through simple
natural language prompts. In response, platforms are adopting provable provenance by recommending AIGC to be disclosed and
signaled to users. However, these indicators may often be missed, especially when they rely solely on visual cues, making them
ineffective for users with different sensory abilities. To address the gap, we conducted semi-structured interviews (N=28) with 15
sighted and 13 blind and low-vision (BLV) participants to examine their interactions with AIGC and AI disclosure indicators. Our
findings reveal diverse mental models and practices, highlighting different strengths and weaknesses of content-based (e.g., title,
description) and AIGC-specific (e.g., AI labels) indicators. While sighted participants leveraged visual and audio cues, BLV participants
primarily relied on audio and existing assistive tools, limiting their ability to identify AIGC. Across both groups, they frequently
overlooked AIGC-specific indicators and more often interacted with content-based indicators such as title, description, and comments.
We uncovered usability challenges stemming from inconsistent indicator placement, unclear (unstructured) metadata, and cognitive
overload. These challenges are further amplified for BLV individuals due to the insufficient accessibility of interface elements. We
provide practical recommendations and design implications for future AIGC indicators across several dimensions.
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1 INTRODUCTION

AI-Generated content (AIGC)1 has become increasingly widespread by recent advances in generative models and
the easy-to-use tools such as ChatGPT, Adobe Firefly, Midjourney, Synthesia, and ElevenLabs. These increasingly
public-facing tools have significantly lowered the technical barrier to producing highly realistic text, images, and videos
through simple natural language prompts. Historically, prior forms of media alteration, such as photo retouching,
airbrushing, or Photoshop-based editing, were often normalized and culturally accepted as part of established media
production practices [54, 74]; however, as AIGC has significantly decreased the technical skills and effort needed to
1AI-generated content refers to content created or manipulated by algorithms, for example, videos that swap one person’s face onto another’s face,
photorealistic synthetic images, cloning of a person’s voice [27, 102, 120, 157]
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2 Anonymous

generate synthetic content, a significant amount of AIGC now exists on social media platforms [103, 136]. Futhermore,
while AIGC expands expressive and collaborative possibilities [69, 77, 139], it also exhausts the existing frameworks for
assessing authorship, credibility, intent, accountability, and trust in digital environments [49, 87, 95, 117, 150] due to
its unprecedented scale, speed, and automation. As a result, AIGC is becoming increasingly indistinguishable from
human-generated [106, 107], with evident harms enabled by fabricated political messaging [12], AI-driven sexual
harassment [59], and targeted financial scams [123], among others.

To combat these risks, there is a large body of literature focused on reliably distinguishing AIGC content from
non-AI-originating content. AIGC detection methods automatically determine whether content, such as audio, video, and
images, has been manipulated either by humans or generative AI [24, 125, 155]; unfortunately, this largely has resulted
in a cat-and-mouse game with no end in sight [88]. Consequently, defenses are shifting toward media provenance, in
which standards, such as C2PA [3, 53, 119], embed cryptographically verifiable metadata alongside media to track the
content’s origin and modifications.

Once information about AI generation or manipulation is available, it is typically communicated to users via
AIGC indicators. These indicators fall into two broad categories: (1) AIGC-specific Indicators: Platforms may explicitly
label content as AI-generated via visual overlays (e.g., icons), warnings, or standardized tags embedded in the media
description [10, 15] uniquely made to convey this information. While standardized within a platform, these indicators
often vary between platforms. (2) Content-based Indicators: Content creators may voluntarily disclose AI generation
through informal signals within their posted media. For instance, creators may use a title, a hashtag, or embedded text
in their media to indicate that their content is AIGC; however, because these are informal and non-standardized, they
may vary across creators.

However, even with regulatory and technical progress, significant usability challenges persist. Users still encounter
AIGC, as many instances go undetected and several are not intentionally deceptive [6]. Prior work suggests that users
often conflate provenance metadata with the truthfulness of content and confuse the credibility of the provenance
with that of the content itself [51]. Furthermore, issues in indicator usability are often exacerbated for underserved
populations within unique accessibility requirements, for instance, Blind and Low-Vision (BLV) users [144]. Historically,
BLV users and their interface requirements (e.g., screen reader accessibility, non-visual sensory modalities) are often
not considered when designing computer interfaces [134, pg. 24-39], leading to events like 70% of BLV users being
unable to access misinformation warnings due to poor accessibility and interface design [131]. This is particularly
concerning in sensitive contexts, where deceptive AIGC of public figures can spread misinformation and shape public
perception [13, 14, 30]. Thus, while AIGC indicators are becoming common [8, 9, 16], we know little about how well
sighted users or BLV users navigate environments saturated with potentially deceptive media, or whether current
indicator-based mitigations meaningfully support their needs.

To fill this gap, we follow best practices of inclusive security [144] and universal usability [134, pg. 24-39] and ask
for both sighted and BLV stakeholders:

RQ1: How do sighted and BLV individuals conceptualize AI-generated content?
RQ2: What do sighted and BLV individuals anticipate as the benefits and harms of AI-generated content?
RQ3: How do sighted and BLV individuals interpret and engage with AI-generated content indicators?
RQ4: What improvements do sighted and BLV individuals recommend for AI-generated content indicators?

To address the research questions, we conducted semi-structured interviews with 15 sighted and 13 BLV participants
to investigate their conceptual understandings of AIGC. To ground participants’ reflections in concrete encounters, we
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incorporated an interactive screen-sharing session using 12 pre-selected AI-generated content samples that vary by
platforms (e.g., YouTube, TikTok, Instagram), formats (e.g., video, audio, image), categories (e.g., Politics, Entertainment,
Commercial, Music, Religion) and indicator types (AIGC-specific indicators, content-based indicators). We leveraged
these samples, not to be exhaustive, but to serve as probes that allow participants to articulate their understanding and
key pain points in informing design recommendations among a set of exemplars AIGC indicators.

Main findings. Our study highlighted mental models among participants constructed based on their current under-
standing, practices, and risk-benefit trade-offs. These models include conceptions of AIGC as either user-led creation or
algorithmic production, approaches to AIGC identification which juxtaposes perceived content reliability with the need
for external verification, sensory modality in varying level of AIGC assessment and a risk–benefit framing shaped by
differential dependence on AI-mediated infrastructures, in which BLV participants emphasized functional reliance on
AI-powered accessibility technologies, while sighted participants more frequently expressed concern about long-term
creative degradation and authenticity erosion. We find participants leveraging their own tactics and various cues to
discern AIGC, including voice (e.g., tone, pitch, monotone, breathing), content quality (e.g., too polished, too unrealistic,
too perfect to be human-made), face and scene movement, distortion, etc, in addition to common AI indicators in the
title, description, etc.

Our interactive session with participants highlighted the strengths and weaknesses of both content-based indicators
(e.g., title, description, hashtag, comments, and creator watermark) and AIGC-specific indicators (e.g., AI labels).
Participants tend to interact more with content-based indicators than the AIGC-specific indicators due to visibility
and prior familiarity with that content. Our findings highlight participants’ preferences for the future design and
development of indicators across several dimensions, including content, time, placement, modality, and creation-platform
responsibility.

2 RELATEDWORK
2.1 Evolution of AI-generated Content & Deepfake

The rapid progress of generative AI has enabled the development of text, images, audio, and video [73, 122]. While these
tools offer creative and automation benefits, they also may lead to the creation and dissemination of deceptive content,
such as deepfakes, which can raise political and social concerns [50, 116]. For instance, political generative content may
increase distrust in media [39, 140], while can spread disinformation, cause psychological harm, and erode public trust
[22, 29]. Non-consensual AI-generated intimate imagery harms reputations [101], while cloned voices are increasingly
exploited in scams to impersonate family members [11]. In entertainment and advertising, AI is used to recreate deceased
actors and deploy virtual influencers, raising concerns about consent and deception [28, 108]. In music, generative
tools intensify copyright disputes over unauthorized voice cloning [127]. People misclassified deepfake videos and
overestimated their abilities [84, 138], listeners identified synthetic speech slightly better than chance [99], and neither
humans nor AI systems achieved high accuracy in detecting fake images [64]. These findings highlight alternatives in
which provenance indicators are used [149]. While prior work has examined detection and labeling [23, 149], less is
known about how users interpret and act on provenance indicators in everyday media consumption.

2.2 Emerging Media Provenance and Indicators for AI-Generated Content

With the proliferation of AI-generated content, much prior work has developed techniques to assess content authenticity.
The core technology of media provenance comprises three categories: metadata, fingerprinting, and watermarking [41].
In the following, we outline recent advancements and representative techniques in each category.
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AIGC Detection. Fingerprinting techniques extract distinctive features from media content itself, such as patterns
or noise artifacts. Prior work shows that GANs and diffusion models leave model-specific fingerprints that enable
attribution [55, 94, 152, 154], GAN artifacts [154], 3D head-pose inconsistencies [152], and hybrid camera–synthetic
fingerprints [91] that can be used to identify and distinguish AI-generated or manipulated images. For audio, recent
studies have proposed detecting fake audio by identifying unique fingerprints left by the tools that create it [121, 151].
AIGC Provenance. Broadly, provenance systems for AI-generated content differ based on where provenance informa-
tion is stored and how it is verified. Existing approaches fall into three categories, including embedded provenance
which binds origin and editing histories directly to media files. One prominent industry standard is Coalition for Content
Provenance and Authenticity (C2PA) [4], which uses cryptographic hashes and signatures to ensure that any alteration
to asset provenance can be detected. Its “content credentials” are being integrated into cameras, creative tools, and
generative models such as Adobe Firefly and OpenAI DALL·E, with adoption supported by the Content Authenticity
Initiative (CAI) [17]. Another category is ledger-based provenance where signed provenance records are maintained
in external infrastructures. For example, AMP [48] proposed using distributed ledgers to track the origin and authenticity
of AI-generated media, while VerITAS [45] extends C2PA with zero-knowledge proofs to verify that only permissible
edits were applied. A complementary class of provenance techniques relies on signal-based approaches, such as
watermarking that embeds invisible signals into media to verify origin or detect tampering. Traditional watermarking
methods, such as spread-spectrum watermarking [43] and quantization index modulation [38], laid the foundation for
robust techniques resilient to compression and minor edits. Recent work embeds watermarks directly into generative
models [66, 75, 76, 96, 146], including diffusion-based approaches that preserve quality and resist advanced edits.
Human Perception of AIGC Indicators. Recent work has increasingly discussed how to label AIGC and how these
indicators influence users’ judgments and interpretation of content [37, 57, 143, 148, 149]. Prior work [148] categorized
the labeling of AIGC into two strategies: "process-based" and "impact-based", each focusing on technical processes
of content generation and potential harm. More recently, they found that different labeling strategies for AIGC may
affect viewers’ likelihood of engagement [149]. In a study examining viewers and creators’ perceptions of content
authenticity and AI labeling solutions, the authors emphasized that labels must align with viewers’ mental models
and information needs [37]. Research shows that labels shape users’ beliefs about content, with label design affecting
users’ trust in the label [57]. However, there remains a lack of evidence on how BLV users experience the process of
establishing provenance. Recent work on AI virtual assistance technologies underscored the importance of valuing
blind epistemologies, recognizing that blind users develop unique verification strategies to AI outputs [23].

2.3 BLV Users Interaction with AI- Generated Content

Previous research indicates that BLV individuals interact with visual and audio media aimed at enhancing self-expression
and social involvement [19, 33, 62, 71, 78, 142]. Nevertheless, there is little focus on how they interact with the content’s
authenticity.

Challenges of BLVs in Navigating AIGC. Recent studies have shown that most users struggle to detect AI-
generated voices [32, 72, 110], and often users rely on linguistic cues and intuition to classify but are often misled
by preconceptions about generated audio, such as assuming accents or background sounds indicate human speech
[145]. Blind and low-vision (BLV) individuals, in particular, face challenges in detecting audio deepfakes, including
manipulated conversational speech and impersonation attacks, where studies show the audio deepfake discernment
accuracy for BLV users is at approximately 50%, and may decrease further as generative AI continues to rapidly
improve [130]. Han et al. [68] observed differences between sighted and BLV users in detection strategies and accuracy
Manuscript submitted to ACM
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when identifying real and spoofed audio. While sighted users can rely on visual cues, such as forensic labels [133],
BLV users must rely on alternative cues, such as alt text, which are often inaccessible or incomplete [18, 44]. Although
assistive technologies and automated image descriptions offer basic content information [98, 128], they rarely include
provenance details.

Challenges of BLV with AIGC Indicators. Inaccessibility for BLV users is not a new phenomenon introduced
by AIGC indicators, but rather traces historical challenges in security warning design, including phishing warnings,
misinformation labels, HTTPS encryption information, and SSL certificates [82, 112, 131, 156]. Empirical evidence
demonstrates that the effectiveness of warning design often depends on its implementation, given existing accessibility
guidelines [111]. Thus, a well-intended warning can still be ineffective if it is not delivered through accessible channels
and is incompatible with assistive technologies. Early work on automatic alt-text for social networks is directly situated
within media usage and interaction patterns [61, 97]. Particularly, BLV users experience an underserved interpretation
of visual descriptions on mainstream platforms [70]. Current AI-generated content indicators share similar design
challenges [5, 6, 16, 34], relying largely on visual watermarks or poorly surfaced textual labels with new standards
increasingly embedding provenance metadata with visually oriented cues such as the C2PA “CR” logo [7]. Drawing
on literature [82, 131], design choices can render AI indicators effectively non-actionable, where information exists
technically but not functionally in practice.

2.4 Platform Policy on AI-Generated Content

To understand the current norms and expectations surrounding AI-generated content disclosures, we examined platform
policies across major media platforms where AI-generated content is prevalent and widely consumed by everyday
users. We outline the current governance of labeling practices and the enforcement of AI content disclosures (Table 4)
across platforms, which inform our study design (section 3).

YouTube. YouTube requires creators to disclose with a label when content is generated or significantly altered by AI,
particularly if it involves “the likeness of a realistic person, alters footage of real events or places, or generates realistic
scenes” [15]. YouTube’s Creator Studio facilitates this disclosure if the content is AI-generated. With their current
mandates, “creators who consistently choose not to disclose this information may be subject to content removal,
suspension from the YouTube Partner Program, or other penalties” [10]. Furthermore, YouTube requires content to
comply with broader community guidelines that prohibit impersonation, harmful content, scams, and misinformation.
Additionally, viewers can submit privacy requests to remove synthetic content that simulates identifiable individuals,
including face or voice likenesses [10].

TikTok. TikTok’s Edited Media and AI-Generated Content’ policy similarly encourages creators to [1] to disclose if
their content is AI-generated, with synthetic media replicating realistic-looking images, audio, and videos falling under
misinformation, subject to removal under its community guidelines. TikTok supplements creator labeling with Content
Credentials from the Coalition for Content Provenance and Authenticity (C2PA) [1]. In this case, once labeled either
manually or automatically, the AI tag is permanent.

Meta. Instagram also shares the goal to establish “transparency and trust” [6]. To support this, Meta identifies AI-
generated content if a creator uses a Meta AI tool or if the content includes detectable AI signals. This means that after
using an AI generator, the image may add a signal showing that “content was modified using AI” [6] Unlike YouTube
and TikTok, Instagram doesn’t require the creator to label images with the AI info label because the AI info label is
automatically applied if Meta detects those signals. However, this approach is technically limited, as Meta acknowledges
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its inability to detect AI-generated audio or video content that lacks such signals, especially from third-party tools [8].
While Instagram notes that “there may be penalties if you do not label content as required”[6], there is a lack of clarity
on the policy’s effectiveness. Moreover, Instagram states that AI-generated content will only be removed in high-risk
scenarios, given that generative AI is becoming a mainstream tool for creative expression [34] t

3 METHOD

We conducted semi-structured interviews to understand the practices and challenges of sighted and BLV users with
AI-generated content across different platforms. Our main goal is to ➀ construct the mental models people hold of
AI-generated content, and ➁ understand how people interact with existing indicators in navigating AI-generated
content. The study was approved by the Institutional Review Board (IRB). The interviews took place remotely via Zoom.
Each interview session took approximately one hour.

Why Include Both Sighted and BLV Perspectives? Our goal is to improve the usability of the AIGC indicator for all
users. To do so, we follow best recommended practices in inclusive security [144] and universal usability [134, pg. 24-39]
and, like other works [85], not only include recruits from the general population, but also intentionally include BLV
persons, a marginalized, minority group that is often not included in general research. We do this for two reasons: First,
BLV persons are not only active users of social media, but before our study we suspected that current indicators may
differ in usability for this population; indeed, we find and highlight such results. Second, designs that are universally
usable, and thus informed by the inclusion of minority populations, often benefit all users [134, pg. 24-39] (e.g., curb
cuts in sidewalks not only benefit). For these reasons, we include both sighted and BLV users in our study.

3.1 Study Protocol

The session is divided into three sections (in Appendix A). In the first section, we sought participants’ understandings
of AI-generated content (AIGC). For instance, we asked -“How would you define AI-generated content?” We then asked
participants about their experiences encountering AIGC and how they identify it. While describing how they identified
AIGC, we avoided any technical jargon or terminology around “indicators”; however, once described by the participant,
we then referred to those signals as “indicators” for the rest of the interview. To further investigate how their perception
and lived experience with AIGC shape their trust, benefits, and concerns towards AIGC across diverse media platforms,
we asked “Have you noticed any positive aspects of AI-generated content? Have you observed any harmful uses of AI-

generated content?” For both groups, we asked open-ended questions to elicit participants’ own framings of potential
harms, positive aspects, and risks related to AIGC. When BLV participants described initial perceived risks or benefits,
we followed up by asking whether, based on their experience, AI-generated content might present different or additional
risks for people with visual impairments.

In the second section, we investigated participants’ navigation practices through an interactive screen-sharing
think-aloud session on their desktop device. 2 We asked participants to engage with pre-selected AIGC (e.g., images,
videos, and audio) across multiple platforms such as YouTube, TikTok, and Instagram (section 3.2 includes content
selection criteria). We informed participants that the interview focused on AI-generated content; however, we did not
inform if particular items were AI-generated. We designed this session to observe not only how participants identified
and interpreted AIGC but also how their behaviors and judgments unfolded during active engagement. We designed
this session to examine how participants identified and interpreted AIGC during active engagement. We instruct them
2While one participant (Q9) unexpectedly joined the interview via a mobile device (due to lack of access to a computer), this response was otherwise
successfully complete and thus kept in this study. Future work should more fully investigate mobile-device interfaces.
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to visit the AIGC URLs on various platforms (Appendix Table 6 and Figure 7) To ensure diversity, we curated 12 AIGC
examples spanning platforms (YouTube, TikTok, Instagram), formats (video, audio, image), categories (e.g., politics,
entertainment, commercial, music, religion), and indicator types. The examples were organized into three groups of four,
each covering all platforms and varied categories (G1: 1,4,5,9; G2: 2,6,8,11; G3: 3,7,10,12). Each participant was assigned
one group, viewed all four stimuli in randomized order. We used the samples as probes rather than an exhaustive set.
During the session, we asked questions to observe their processes and challenges navigating AIGC and its indicators.

(1) HowUsers Detect AI-generated Content. Example questions: "What are your initial impressions of the video?",

"How did you determine this video/image/audio might be AI-generated or authentic?"

(2) What Users Think of the Existing AI-generated Content Indicators. Example questions: "When you see

[this indicator (the cue participants mentioned)], what’s the first thing that comes to mind?", "Do you feel [these

indicators (the cues participants mentioned)] help you make sense of whether a video/image/audio is AI-generated

or real?"

(3) How AI-generated Content Indicators Can Be Improved. Example questions: "Was it clear where [the

indicators (the cues participants mentioned)] were located? Where would you place [the indicators (the cues

participants mentioned)] to make them more noticeable?", "When do you think is the best time to show [the

indicators (the cues participants mentioned)]?"

When participants didn’t explicitly interact with the indicators or explain their thoughts on the indicators, or shared
their judgments solely on content (e.g., speakers’ tone and pitch, content types, visual cues), we nudged them to check
the AI indicators (e.g., descriptions, comments, AI labels) and encouraged them to review those indicators. For instance,
we prompted them to check on-screen information (e.g., title, description) and asked them to describe what they found
(e.g., “Could you go to the description? What information is provided there?”). (interview protocol in Appendix A.)

In the third section, we explored how participants would like AIGC indicators to be improved based on their needs
and experiences. We began with open-ended questions to capture their initial thoughts, then guided the discussion
using themes identified during pilot sessions. During the pilot sessions, participants reported challenges across several
design dimensions, including placement, timing, and modality, which motivated us to include a set of questions focused
on design improvements. For example, when a participant identified challenges related to indicator placement, we
followed up with questions to elicit design-improvement suggestions within that dimension. For screen reader users,
we avoided the phrase ”where on the screen” and asked how they encountered the information and how noticeable or
discoverable it was with their current accessibility channel. From this, we collect participants’ (1) interview responses,
(2) observational notes taken during the interview, and (3) a screen recording of participants’ interaction with AIGC.

3.2 AI-generated Content Selection

Our goal is to capture the diversity of the current AI-generated content to investigate user perceptions across a range
of contexts, modalities, and disclosure practices, building on prevalent use cases from prior work [36, 40, 83, 86, 100,
105, 115, 118, 153]. To ensure the diversity and relevance of stimuli, we selected 12 AI-generated content samples
that vary by platforms (e.g., YouTube, TikTok, Instagram), formats (e.g., video, audio, image), categories (e.g., Politics,
Entertainment, Commercial, Music, Religion) and AI indicators types (content-based indicators, AIGC-specific AI labels),
as illustrated in Table 63 This selection was intended to elicit difficulties that would likely be encountered by all users

3We excluded X due to differences in mechanism design, as it focuses mainly on account-level AI disclosure [2], with content-level fact-checking handled
via Community Notes [135]. Our pilot also showed that a few participants (no BLV participants) used X
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Platform Content-based Indicators AIGC-specific AI Indicators
Title Description Hashtag Comments Watermarks Single-line Description Info Rotating Label

YouTube ◗ ◗ ◗ ◗ ◗ ● ● ❍
TikTok ❍ ◗ ◗ ◗ ◗ ● ❍ ❍
Instagram ❍ ◗ ◗ ◗ ◗ ❍ ● ●

Table 1. AI-Generated Content Indicators. We conducted the experiment across platforms where ●= platform-required, ◗= available,
but not required, ❍=not supported

(e.g., content knowledge) as well as users with varying vision-ability (e.g., reliance on visual inconsistencies vs. audio
cues). Our team carefully reviewed multiple media samples and discussed the relevance of each item for sighted and
BLV participants, as well as the anticipated difficulties for each group. This process was conducted through a group
discussion among researchers with expertise in HCI, security/privacy, and deepfake/ML. We reached our conclusions
through consensus and selected a final set with the highest relevance while ensuring diversity. The outcome of this
discussion regarding the final set of samples is summarized in Table 7. Each media item contains several AIGC indicators.
We classify them into two categories (Table 1)
(a) Content-based Indicators refer to AI-related information that appears within existing post fields, such as titles,
descriptions, hashtags, or comments. These fields are not explicitly designed for AI disclosure, but creators and users
can voluntarily include such information there.
(b) AIGC-specific Indicators are explicitly designed for AI disclosure. Platforms may explicitly label content as
AI-generated via visual overlays (e.g., icons), warnings, or standardized tags embedded in the media description [10, 15]
uniquely made to convey this information.
This classification reflects both the diversity of disclosure practices across platforms and the varying levels of visibility
and user effort required to access provenance information. By distinguishing between organic indicators embedded in
general post fields and explicit labels designed for AI disclosure, we aim to capture the range of user experiences with
AIGC interventions.

3.3 Recruitment and Participants

We recruited participants through (1) mailing list of National Federation of the Blind4 to recruit BLV participants; (2)
online platforms (Prolific) to recruit sighted participants. We invited respondents to our study if they met the selection
criteria: a) 18 years or older and b) living in the US. Prior to each interview, participants were informed that the session
would involve screen and audio recording. Only participants who agreed to the consent form were invited to the
interview. Participation was voluntary, and participants could withdraw at any time. To reduce the risk of potential
harm, researchers examined all video materials included in the study to ensure that they did not contain any harmful
content. Each participant received a $20 Amazon e-gift card upon completing an hour-long interview. We continued
recruitment until we observed conceptual saturation [56, 113] in our interviews (e.g., when additional interviews yielded
no new insights). All participants have previously encountered or interacted with AIGC. Among 28 participants, 15 are
sighted, seven have some light perception, two are legally blind, and four are completely blind. Table 5 presents the
demographics of our participants. We refer to BLV participants as P1,. . . , P13 and sighted participants as Q1,. . . , Q15.
Our participant pool reflected a wide spectrum of demographics as follows. The majority of participants (39%) were in
the 25–34 age range, followed by 25% in the 35–44 range, and 4% in the 45–54 range. A few participants were aged
18–24 (11%), and only two were over 65. Participants had diverse educational backgrounds: 43% held a postgraduate
degree, 32% held a bachelor’s degree, and the remainder had associate degrees, vocational training, or high school
4NFB: https://nfb.org/
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education. About 29% of participants reported having an AI/ML background. All participants had prior exposure to
AIGC, with the majority (56%) having encountered all four types: text, image, audio, and video.

3.4 Data Analysis

We analyze participant responses, screen recordings, and our notes from the interview using thematic analysis [35].
Specifically, we first applied a combination of inductive and deductive coding to our recorded data [52]. For instance,
deductive coding focused on expected a priori, such as audio cues (e.g., voice tone) and visual cues (e.g., facial or
body movements) for what content indicator was mentioned for detecting AIGC, whereas inductive coding captured
unanticipated challenges, how experiences differed or conflicted between visual and nonvisual interaction practices,
including incompatibilities between AIGC indicators and screen reader technologies. Using this hybrid strategy, we
began with an initial codebook derived from our deductive codes, which described 6 interviews. Using this codebook,
we randomly selected 3 interviews and two coders independently coded each, resolved disagreements, and introduced
new codes to each other’s codebooks. Furthermore, the entire research team held regular meetings to discuss the
codes under deliberation and reach a consensus. This was repeated for 3 rounds, with 3 interviews per round, until the
codebook stabilized (see Table 8). Using this codebook, a single-coder then independently coded the rest of dataset (10
interviews). Upon coding, we then perform a reflexive thematic analysis, constructing themes and insights from the
experiences participants had with AIGC indicators; the resulting themes are reported in our findings.

3.5 Positionality

Our team strongly agrees with community-originating calls [144] for the promotion of universal usability and par-
ticipatory design principles [134, pg. 24-39]; this heavily informs our study design. Given decades of long-standing
historic inequities around multi-media accessibility for BLV users in software and security-specific design [144], and
calls for explicit inclusion among the community [144], we explicitly include them as stakeholders in our assessment to
promote inclusive access. Furthermore, given the inconsistent design AIGC indicators, we suspected that screenreader
accessibility may prove difficult; however, to the best of our ability, we did not let this influence our interpretation or
analysis; indeed, when reported in our work, BLV users who were not made aware of the suspicions, note the difficulty
of existing indicators which drives our analysis, and to the best of our ability, we transparently present in our results.
Our team also has over half a decade of experience conducting research on inclusive security and privacy with the BLV
community, as well as on user perceptions of AIG media. Notably, however, our team does not contain any individuals
who identify as part of the BLV community, and as such, we acknowledge the limitations in our perspective.

3.6 Ethics and Participant Protections

To mitigate potential harm, researchers reviewed all video materials included in the study to ensure they did not contain
harmful content. Our IRB submission included the final study protocol, all URLs used in this study, and the study
scripts to assess risks. Prior to the interview, we provided a brief of the study procedures, including how data would be
collected, stored, and retained in compliance with Institutional Review Board (IRB) guidelines. We also explained the
potential risks of participation, which are minimal, as they are typically encountered during everyday internet use. We
believe the potential benefits of informing safer, more accessible AIGC disclosure design outweigh the minimal risks,
consistent with prior literature on user exposure to targeted ads for informing privacy-setting design [31, 90, 132]. Prior
to each interview, participants were informed that the session would involve a screen recording and would explore the
pre-selected content. We instructed participants that participation was voluntary and that they could withdraw at any
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Fig. 1. Participants’ Mental Model for AI-generated Content - three dimensions derived from our qualitative results.

time. Finally, after the study, we debriefed on the selected AI-generated content used. We also acknowledge that IRB
processes may not keep pace with evolving media. Within the scope of existing standards, we took feasible steps to
conduct this research responsibly. We view respect for persons and a robust informed consent process as foundational
principles guiding this type of study.

3.7 Limitations

While we find clear instances of usability issues in current AIGC indicators, there are several limitations to our
findings. First, our stimuli were not constructed to span all combinations of platform labeling and comment signals; the
generalizability of our observations across this full space remains limited. Future studies should vary these dimensions
to examine their independent and interactive effects. Similarly, while we evaluate desktop-based indicators, it is unclear
how these findings translate to mobile devices, their indicators, and their users. Second, we acknowledge that platforms
frequently update their interfaces, including the presentation of AI labels; regardless, our findings address higher-level
design implications for AI indicators that are not tied to specific implementations, and therefore the insights remain
applicable even as platforms continue to evolve. Third, as a first investigation into the usability issues of AIGC indicators,
we opt for depth through qualitative interviews and do not make any claims about quantifying or measuring these
issues at scale; future work would do well to conduct a systematic, larger-scale estimate of these issues. Lastly, while
we do our best to contextualize and properly interpret the experiences of BLV users during our study, we acknowledge
that none of the research team members identify as part of the BLV community, and thus, as much as possible, we
grounded our analysis closely in participants’ own accounts and leveraged team discussion to surface assumptions and
limit overgeneralization.

4 Participants’ Mental Model of AI-Generated Content and Their Impact (RQ1 & RQ2)

In this section, we present participants’ “mental model” of AIGC to describe recurring frameworks participants drew
upon when reasoning about AIGC [147] While a spectrum of beliefs exists, we present these mental models through two
extremes to highlight variations in the mental models. Notably, participants often navigated multiple models depending
on context, prior experience, and perceived risks [114].
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Conceptualizations of AIGC: User-controlled vs. Autonomous Agent. Many participants conceptualized AIGC
along a spectrum between user-led creation and autonomous, data-driven agency. Some participants emphasized AIGC
as a tool controlled by users, as P10 states, "I can think of it as these AI tools that can generate text, media like audio, images

based on the user input as you ask it to do it." while others highlighted the autonomous nature of it. Building on these
conceptualizations, participants’ concerns often centered on the perceptual boundaries between machine-generated
content and agency around generation. Some also distinguished between earlier forms of AI-driven content that were
detectable, mechanical, monotone, and emotionally flat, and the newer forms that exhibit likeliness, expressiveness
based on the data, and advanced algorithms. Q3 reported “I can say this [an experienced video] was AI-generated,[...] flat

and monotone. This one [another experience]. It had all the inflections, emotional cues of a real person. It wasn’t just a voice

clone anymore; it sounded fully human. And that’s where I set boundary makes, risky.” BLV users differentiate between a
user-directed tool and AIGC as an autonomous where concern does not arise from AI-generated content itself, but from
the moment it extends users’ intent “I use AI to [..] read something out loud for accessibility, that’s a tool. But when it

starts generating voices[...] it starts to rely on its own data and judgments, which can be odd.”.
Implications of AIGC: Benefits vs. Risks. This mental model reveals a utilitarian framing of AIGC among BLV
individuals; they did not lack concern; rather, they focused on utility, accessibility, and informational reliability over
concerns related to deceptive content. Unlike sighted participants, who frequently were concerned over whether content
appeared genuine, BLV participants were not often concerned with whether the audio was faked. For instance, P10
shared “I do not judge [a voice] by how human it sounds...I am a screen reader user, which always sounded artificial.” .
In contrast, we found that sighted users often assess the benefit and risk of AIGC through a multisensory lens. For
instance, Q11 described a heightened sense of suspicion- “If I saw a video before, I assumed it was real. Now, even if it

looks and sounds authentic, I am suspicious. I feel compelled to double-check so many things with all the scams going on.”

Similarly, P13, blind users expressed the heightened risk related to high-profile individuals: “Is Donald Trump really

saying that, or is that a fake? You see them doing or saying something they did not.” Participants also expressed the
creative potential of AIGC but discussed the risk that it may homogenize media and standardize expression, Q15 note
“everything becomes almost homogeneous. . . dooming society in the long run.”

Identification Behaviors for AIGC: Intuition vs Indicators. In this model, participants conceptualized AIGC based
on their practice of assessing AIGC. Participants often relied on multiple strategies. They described a layered process in
which content-based sensemaking, including intuition, perceptual cues, and prior knowledge often served as an initial
filter. We observed a range of cues leveraged by participants as initial judgments, some of which were grounded in
content-level cues, including audio clues such as autotune effects, unnatural voice tone, or sound artifacts (e.g., cracks
or inconsistencies), and visual clues such as distortions, irregular facial movements, and intuition, such as skepticism
toward overly polished content. For instance, P3 discusses how his prior insights of a public figure (Biden) let him
deduce the origin of media and thus reliability. In the same line, P10 shared “I generally can catch voice clone, it’s hard to

explain, it’s like wrinkled paper, but in voice with background noise or undertone.”

Participants mentioned content-level triggers them to navigate additional indicators and seek explicit markers, such
as, hashtags, or machine-driven authenticity checks. Their ability to use these AIGC indicators was often shaped by their
sensory modalities and related information (e.g., visual, auditory, etc) they had access to. Sighted participants typically
employed a multisensory model, which combines visual inspection with close listening and turning to indicators. Q7
noted on illustrating how multisensory is crucial in navigating AIGC saying “seeing is no longer believing. I would

first see artificial eye reflections in manipulated photos in this video and then closely hear the audio.” By contrast, BLV
participants relied primarily on auditory interaction through assistive technologies. For example, P13 described scanning
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Group Title Comments Descriptions Hashtags Watermarks Single-line Hidden Desc. Rotating Label

BLV 5 1 3 4 0 0 1 0

Sighted 4 6 8 4 8 5 1 1
Table 2. Observation on the number of participants who interacted with existing different types of indicators when in Navigating
AI-Generated Content (AIGC) without nudging. The numbers reflect qualitative observations from transcripts and are not intended
as statistical evidence or generalizable prevalence.

the interface when the audio is high-quality and potentially deceitful, then “I start with JAWS and arrow to explore, scan

the information that comes up first, sometimes it’s like ‘this doctor said this or that,’ and that makes me suspicious, so I

explore a bit more if I’m interested” while P10 emphasized that they did not trust voices alone but instead evaluated the
content and looked for reliable indicators.

In these mental models, we describe function as situated interpretive resources that participants moved between
depending on context, media format, perceived stakes, and prior experience rather than representing stable or mutually
exclusive belief systems. For instance, BLV participant describes the generation of AIGC as a controllable tool in
accessibility contexts, however express risk of AIGC content dissemination in political or impersonation scenarios.

5 Practices in Navigating AI-Generated Content (RQ3)

In this section, we present participants’ practices and challenges when engaging with both content-based and AIGC-
specific indicators across various platforms, including TikTok, YouTube, Instagram.

5.1 Content-based Indicators

We present participants’ interaction and challenges with content-based indicators, including title, hashtag, description,
comments, overlay texts as watermarks, etc.

Titles - Clear, but Often Overlooked Participants from both the sighted and BLV groups shared that titles are
often easily noticed and commonly used indicators, typically serving as the first source of information. For instance,
Q8 mentioned “I do think it was more obvious that it was AI-generated from the title, and then the hashtag, saying

Deepfake/AI. It made it very upfront, obvious in the same screen as the video being played. You can’t avoid the title.”

However, some participants directly dive into the content itself, particularly when interacting with reel-type video
media; Q10 mentioned that once the video started, they became too focused on the content to notice other information
until it ended. We also found that this tendency was more pronounced for BLV participants. When we asked whether
they had seen the title, P12 described the difficulty of engaging with on-screen elements while watching a video: “I
do not engage with the screen. To engage with the screen, you have to split your focus and listen to two different kinds of

audio. You have to listen to the screen reader reading the screen and the person or whatever is happening in the video.” This
suggests intentional engagement strategies rather an inability to access or interpret descriptive information, however,
this may limit their awareness of other indicators

Comments - Useful for Investigating, but Incoherent and Difficult to Surface. Participants discussed comment
as a secondary, socially mediated layer of sensemaking that interacted with (and sometimes contradicted) platform
or creator-level disclosure. Participants found helpful cues in comments which prompted them to investigate further.
However, many mentioned that making sense of comments could be sometimes difficult, as the information was often
ambiguous or contradictory. As Q8 described, noted that these conflicting opinions of whether content is indeed
AI-generated not only generate ambiguity, but toxic discussions: “it’s like arguing back and forth. No one can really agree
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Fig. 2. Example screenshots of title and comments that participants accessed during interviews. (Left) The title is positioned very
close to the content, making it easily accessible without the need to scroll. (Right) Comments offer nuanced insights, but they are not
always clear or straightforward.

Fig. 3. Example screenshots of interface with accessibility challenges. (Left) Automatically generated alt texts describing visual
components of the image. The current alt text provides detailed information about the image, but it does not include any provenance
information about whether it is AI-generated.; (Right) Screen reader navigation when accessing video content. The screen reader
reads information about the video (such as the title) while the video is starting, which causes overlapping audio.

on AI-generated or not.” Furthermore, accessing the comments often proved difficult for all users, but especially BLV. As
a sighted user, Q8 explained that their interaction with comments was not consistent across media, and often varied
depending on how much they cared about the content: Furthermore, even when the comments were investigated, they
often had to be triaged, and not all were used. For instance, to avoid both the length and potential toxicity of comment
sections , Q7 only viewed the top comments to get a quick sense of the discussion. We observed that BLV participants
spent considerable time navigating only the top of the screen, indicating that reaching the comment section via a screen
reader hierarchy requires step-by-step action and is unlikely without strong motivation. As P2 reported “I can not skip

or scroll through. Before comment headlines, there are others.”
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Descriptions - Detailed, but Often Hidden Among Irrelevant Info. Several participants quickly scanned the
beginning of the description as Q5 stated "I have just read out the title and some of the description, not entirely just one

line, like [] who made this video.” Participants often did not notice the description. due to their focus on the media itself.
Q13 noted- “it will always be overlooked, human mind is always conditioned to have a center of gravity whenever it is

visualizing something. So it’s just like you’re watching a movie, [...] They forget the very little details. And they focus on the

big picture. And that is what happened. I wasn’t paying attention to all that. I was more focused on the big picture.” Q9
further highlighted a risk in this context: although descriptions are meant to inform, participants often ignored them
due to distraction and information overload.

BLV participants shared their experiences often shaped by how they access and prioritize metadata through their
accessibility channel. We found that they faced difficulties locating specific information using screen readers. For
instance, P13 reported difficulty due to automatic playback (right side of Figure 3). The overlapping audio from the
video and the screen reader created a confusing soundscape that interfered with navigation, as P13 explained “Both

the sound of the video and the screen reader. . . come through at the same time I don’t know which information to focus.”

Participants also emphasized that AI-related metadata is often poorly structured, which requires more effort to locate
and interpret it. In particular, P12 noted that AI indicators embedded in descriptions are hard to discover because they
lack clear headings. As a result, they must scan entire sections to find this information. “It’s not in an easy-to-find setup.

If I were designing this, there should be a heading that says that it’s AI-generated content. And the ‘how this was made’

should be beneath the heading. Because otherwise, unless you’re prepared to skim the whole description, you’re not going

to find it.” This highlights that BLV participants expect a certain structure and order of presenting new AI-related
metadata to fit within this familiar hierarchy.

Hashtags - Clear But Viewed with Suspicion Participants appreciated the visibility, hashtags offered, yet they were
wary of their promotional intent to boost reach. As Q2 explained hashtags to naturally draw attention: “First thing
that’s took my attention was the hashtags... So it would be better if they also mentioned it in a hashtag.” In contrast P8
remarked hashtags as promotional rather than informative,“In grand scheme of things, it might be the person that put the

description in the hashtags for reachability, not particularly for informational purposes.” Some uses of hashtags raised
suspicion, especially when numerous unrelated hashtags were listed simply to increase visibility: Q6 stating “To me this

looks like how bots do stuff... using those hashtags to try to generate views. So it seems suspicious to me.” For BLV users,
placement issues presented further challenges. P12 who using JAWS, mentioned the inconsistent semantic HTML
hierarchy where the hashtag is coded as headings (<h1>) for short videos and that was the only thing she had access
to: “Hashtags are the 1st thing that the screen reader encounters because they are coded as sort of the title of the page”.
However, she explained that the main heading (H1) should describe the video or page content where hashtags end up
taking that place, meaning that she couldn’t traverse through meaningful information about the video itself. While
hashtags can enhance visibility and aid discovery, their promotional nature and semantic web encoding can limit access
to other information about the content.

Watermarks- Intuitive but Not Equally Accessible.Watermarks were among the most easily understood AIGC
indicators for sighted participants. Q7, familiar with AI-generated music, immediately identified the content from the
Suno watermark “I recognized the Suno structure right away” However, watermark visibility varied: some noticed them
quickly, while others noted they were faint or peripheral and easily overlooked, as Q6 observed in the examples in
Figure 5. In contrast, BLV participant expressed concerns about their accessibility. P8 explained “If there is a video, it has
a watermark, and we cannot really see it. It says the AI-generated content, but we cannot see it.” Some examples (Media ID
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Fig. 4. Example screenshots of descriptions and hashtags that participants accessed during interviews. (Left) Descriptions are placed
in highly visible areas but are sometimes overlooked because users focus on the main content. (Center, Right) Hashtags are easy to
notice but can be unreliable, as they are sometimes used with unrelated tags to increase reach.

Fig. 5. Example screenshots of watermark and overlay texts that participants accessed during interviews. (Left two) Watermarks are
placed in the top left corner and displayed in small white text. (Right two) Creators embedded captions directly into the video/image
content itself.

4,7 in Figure 7) include overlay texts such as “AI commercial”, “AI Cover”, which were explicitly presented within the
content itself. Screen readers did not support reading captions embedded within videos, and BLV participants were
generally unaware of the presence of such disclaimers.

5.2 AIGC-specific Indicators

Single-line Label - Clarity and Unobtrusiveness but Structural Barriers. Participants valued the single-line AI
label for its simplicity and ease of understanding. For instance, Q10 highlighted that more information does not always
lead to better comprehension by comparing YouTube’s hidden description and TikTok’s single-line label [at the time of
the interviews, YouTube’s single-line label did not appear on web browsers], remarking: “Despite the fact that Youtube
gives a more detailed explanation about the video itself and what it actually involves, I think it is better on Tiktok because it
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is actually detailed than it is in bold. It is easier to understand as opposed to on Youtube, because on Tiktok, the video is

flagged by the creator themselves.” Q8 valued the unobtrusive nature of the label, stating “I like this version because it’s

telling you the information you need it. It has been bolded so your eye is going to gravitate more toward it, but it’s also not

obtrusive. So it’s just visually appealing without being too much.”

However, BLV users often missed these labels. P8 emphasized that the issue was not just about label placement but
inaccessibility of the interface. They pointed out that the lack of proper heading structure made navigation difficult,
stating “It’s not accessible. It doesn’t have a proper heading structure and stuff. Top of the page, I am clicking right to

navigate, it’s not saying label.” This raises critical issues in designing with accessibility in mind, where labels embedded
within poorly structured and screen readers cannot provide users with a meaningful context of AI labels.

Hidden Description - Inaccessible Placement and Explanations. BLV participant for instance, P6 accessed the
hidden description noted that clicking “More” revealed unexpected information not visible upfront and described the
wording as unclear and possibly tampered with. Because most participants did not expand the description, we prompted
those who missed the indicator to review it. Several sighted participants said they rarely click descriptions, criticizing
the placement and depth of the information (e.g., “Information is buried if there are too many steps to get to it.” (Q6)).
Participants also found YouTube’s label language (“Altered or synthetic content,” “Sound or visuals were edited or
digitally generated”) overly technical.

This inaccessibility was amplified for BLV participants, who emphasized that descriptions function as critical
metadata. P12 explained that multimedia content often lacks alt text, and they rely on other proxy metadata in
description “Currently in platform, Alt text is only for describing images, not videos. so other tools [metadata] (like captions,

transcripts, or audio descriptions) are needed for that.”. P12 also raised concerns for people with cognitive disabilities,
noting that the wording was not in plain language and felt like “legalese.” Overall, hidden AI-label descriptions were
perceived as inaccessible to both sighted and BLV participants because they are hard to find and difficult to understand.

Rotating Label - Confusion and Mismatch with Expectations.Majority of participants completed the study on
laptops., Q9 joined the interview via a mobile device (due to lack of access to a computer), accessed the link through a
mobile app, and noted that the rotating label hindered consistent visibility of the AI information: "I think not make it

rotating if it just stayed still. I think it was the rotating cause if you look at it, it might say AI info. But then you look at it

again. It might say New York, but it depends on when you’re looking at it." Other participants using computers did not
encounter this feature, as the rotating label was only available on the mobile app at the time of the study. To gather
additional perspectives, we asked participants to view the post on their smartphones (in addition to their primary
device, desktop/computer)if they were comfortable. . Q4 noted that rotating labels can cause users to assume they
have already seen all the information: "I see New York when I glance at it, I’m not going to look back up again, because I

thought I already read it. If it’s flipping with location, it is misleading." Participant noted that the placement conflicted
with learned visual heuristics, since they expect AI indicators near the bottom of posts and location tags at the top "As a

user, I am trained in the behavior of looking to that spot for AI information. [...] when I see on Tiktok, for example, the tag

is in the bottom left corner, or near the description. I’m not looking at the top." This reflects a mismatch of participants’
expectations of how inconsistent label behavior breaks familiar viewing patterns. However, this observation is limited
to the three participants who explored the feature on mobile.

Missing AI Provenance in Alternative Texts. When navigating AIGC, participants noted that Instagram’s
alternative text (alt text) offered a thorough description of the image, but lacked information about AI generation
as shown in the left side of Figure. 3. P11 highlighted that platforms like Facebook and Instagram provide alt text
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Fig. 6. Example screenshots of AIGC-specific AI indicators that participants accessed during interviews. (Left) YouTube’s AI label
"How this content was made" was hidden under the description. (Center) TikTok’s AI label appears as a single-line design. (Right)
Instagram’s AI information is located below the account name, but it rotates with location data.

descriptions of images (e.g., “an influencer model stands confidently against a black pillar in an urban subway station” ).
However, participants cautioned against using alt text for AI disclosure. P12 emphasized that alt text should focus on
describing visual content and noted both the inaccuracy of auto-generated descriptions and the lack of video support.
“You should never rely on those automatically generated descriptions. . . alt text doesn’t work on videos [..]so that’s not the

job of alt text.” Given these limitations, alt text is not yet a reliable or comprehensive channel for communicating AI
provenance.

6 Design Preference for AI-generated Content Indicator (RQ4)

In this section, we present participants’ recommendations to improve AIGC indicators, focusing on content, accessible
placement, and timing and shared responsibility between creators and platforms.

6.1 Contents - What information should be included in the indicators

Participants from both groups preferred concise indicators with clear context on the extent of AI use, the original
source, and the creation tools to better assess content credibility, while we found sighted participants placed more
emphasis, perhaps because other accessibility issues exist for BLV users. First, participants expressed the need for plain
language, brief, easy-to-scan indicators. Q13 explained that on fast-paced, video-heavy platforms like Instagram, users
skim quickly and are unlikely to read long explanations. Second, participants wanted clarity about the extent of AI
use and alteration (e.g., voice, image, background). Participants, like Q4, criticized vague labels that left them unsure
whether a person was real or edited. Some participants also wanted indicators to distinguish benign uses (e.g., parody)
from deceptive ones (e.g., misinformation, impersonation). Participants expected contextual information such as
when and how content was created, and which tools were used. Q3 noted that knowing the tools behind AIGC would
help assess credibility, and P13 similarly said creator disclosures about specific tools (e.g., text-to-speech) increased her
trust.
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6.2 Placement - Where indicators should be located

Currently, AI indicators are positioned differently across platforms (e.g., beneath the description on YouTube, below the
account name on Instagram). Participants preferred the top area and consistent placement to improve visibility and
match screen navigation and attention habits.

Top of the Interface. Participants emphasized that AI indicators should be placed near the top of the interface to
ensure visibility. As Q9 recommended: “I think that’s near the top for Instagram.” Q13 expressed a clear preference
for placing indicators near the account name at the top, noting that elements placed lower are likely to be buried
and overlooked when navigating Instagram’s information-dense interface, In the same vein, BLV participant (P9) also
explained that placing indicators at the top of the page can significantly improve detectability for screen reader users
who rely on structured elements: “Unlike Instagram, it’s really easy to tell on Youtube, because they’re in the title again. So

as soon as the window opens it’ll announce the title, and hashtags and everything. And it’s like right at the top of the page.

So I can tell immediately that it’s AI.” Thus, placing indicators near the top was seen as an effective way to enhance
visibility for both sighted and BLV users.

Consistent Placement Across Platforms. One participant emphasized the need for consistent placement of AI
indicators across platforms to support recognition and ease cognitive effort. As quoted in Section 5.2,Q4 explained that
their experience on TikTok trained them to scan the bottom of posts for AI labels, and that mixing indicators with
other information (e.g., rotating labels) disrupts this behavior: “I think retraining that user behavior is a little bit of work.
I think it’s easier to just put it in a separate place and get them to get used to. This is where the information pieces then,

like, shove it in with a place that already has other information.” This perspective highlights the value of consistent and
dedicated placement of indicators to align with user expectations.

6.3 Timing - When users should notice the information

Participants emphasized that the timing of AI disclosure significantly impacts how effectively they can engage with
content, especially for BLV users who rely on screen readers.

Before content engagement. P13 noted that presenting the information early prevents conflicts between the video’s
audio and screen reader speech: “[Place the indicator] before the video runs. Because if it’s running when the video is

playing, you can’t hear it. put it before you have a disclaimer.” P10 stressed that users are most attentive at the start of a
video, making early disclosure crucial for effective communication, stating “The attention span is the most when you

start a video. So that you’re watching an AI content, this is the first thing [you see]. Secondly, if [the indicator] is throughout

the entire thing, it will be like too much because I want to focus [on] the content.” The discussion shows the importance of
early disclosure to avoid conflicts for screen reader users and align with users’ peak attention at the start of a video.

After content engagement. Although most opinions favored earlier disclosure, a few participants shared a different
perspective. Q13 argued that disclosing AI use beforehand could introduce some bias in interpreting contents, “It should
be after watching. Because if there’s any important information, if it was before watching people’s, there’s already a bias in

people’s mind, and they might not just listen.” This perspective reflects a desire to engage with content without prior
influence, but also underscores the risk of missing critical context when AI use is not disclosed upfront.

6.4 Modality - How the information should be communicated

Participants shared diverse preferences for how AIGC disclosures should be delivered, reflecting both accessibility
needs and practical concerns tied to different formats.
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Visual Labels. This is the common practice across AIGC-specific indicators on platforms. Sighted participants appre-
ciated visual indicators that are quick to read and minimally disruptive. Q8 favored this format with its unobtrusive
nature, commenting “I prefer visual labels because it just doesn’t take longer to get that information like with a pop-up,

you usually have to click out of it, or minimize it. And with the audio, that would just add more to the video versus just

having something right there. That doesn’t take any more time to watch that content.” Visual labels were preferred for
their efficiency and minimal disruption to the viewing experience.

Auditory Notification. BLV participants expressed a strong preference for the auditory modality in indicators. P11
expressed that audio formats, citing issues related to pop-up interruptions: "I think, an audio prompt, would be the best

option. Because pop-ups can sometimes be disturbing, and other times, if they’re not like being coded properly, it can pop

anywhere in the screen, and if you’re not able to close it then it’s there forever. So I think with the audio idea is actually

better than pop up." These insights underscore the BLV group’s preference for auditory notifications, which they found
more accessible and less disruptive than pop-ups.

Embedding within the content itself. Participants discussed this theme to express concern about indicators being
easily missed when buried in multiple layers of interactive interfaces or metadata. As alternatives, BLV participants
discussed their preference for non-visual modalities, such as pre-/post-play announcements and auto-generated AI
description labels. For instance, P13 explained the benefits for screen reader users, “Having the [AI] disclaimer within the

video itself, because the screen reader might not be able to get it.” P13 added that this idea was inspired by a well-known
content creator they follow, who begins videos with an audible disclaimer stating that the content was created using AI.
Similarly, P10 suggested leveraging automatically generated descriptions “Facebook now is trying to generate descriptions

automatically for images. Even Microsoft word and some applications are starting to give automatic descriptions to images

at the end. They say "AI-generated" or "automatically generated" the description of the image. So there could be some kind

of description that tells this video is AI, or this image is AI.” While pre/post-play audio announcements can improve
clarity and reduce reliance on interface-level indicators for BLV users, embedding AI disclosure directly into visual
descriptions (e.g.,“A dog playing in a park. Image generated by AI.”) risks conflicting with existing screen-reader
accessibility. We further discuss in section 7 on how separation and hierarchy (e.g., visual description, AI disclosure)
can better accommodate BLV users’ needs.

6.5 Responsibility - Who should take responsibility for the indicators

Participants presented a range of views regarding responsibility for the indicators. Some emphasized that platforms
should take primary responsibility, while others suggested that creators should be accountable. There were also opinions
supporting a shared, mutual responsibility between platforms and creators.

Platform’s Responsibility. Q12 suggested that platforms should take the lead in enforcing AI disclosure rules: "The
platform should enforce rules and tells creators if this isn’t the authentic video or artwork. [...] But at the end of the day, if

the platform is enforcing the rule, then it falls on the creators to make sure that they acknowledge that’s what’s going on."

This reflects that platforms should take primary responsibility for enforcing AI disclosure, followed by creators who
must acknowledge and comply with those rules, with the community playing a supporting role.

Creator’s Responsibility. Several participants identified creators as the primary party responsible for the content
they publish, for example, Q13 stressed that creators should be fully accountable for their content "Creator, because
ultimately you are responsible for whatever you put out there. So all the checks and balances should be with you." While Q7
argued the importance of creators acting in good faith, he also recognized that their behaviors may often driven by
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advertiser pressure and financial considerations. Participants saw creators as primarily responsible, but noted that both
internal ethics and external pressures shape their transparency.

Mutual responsibility. Some participants described AI content disclosure as a mutual responsibility shared across
creators and platforms. For example, Q8 acknowledged that not all creators will voluntarily disclose AI usage: "I think it
should be a mutual responsibility. I think creators should have the option to put it up, but there’s always dishonest people

out there that won’t. And I think then it should be the social media platform responsibility to flag that." P12 highlighted
that responsibility should not fall solely on the community and creators, given their limited ability to detect AI content.
Platforms should supplement automated detection with manual validation, while creators are expected to act ethically
P10 claimed that the disclosure of AIGC ought to be standardized in the same way as copyright enforcement, with shared
responsibilities among creators, platforms, and communities, stating "It should be treated like copyrights. Copyright

is the responsibility of everybody. When someone violates the copyright, platforms block the content and remove it, and

even punish the creator...The creator must disclose provenance, and platforms should monitor and enforce policies, and the

community should report violations." Ultimately, the preference for mutual responsibility reflects the idea that creators
may not always disclose, that platforms need to enforce beyond automation, and that community reporting alone is
insufficient.

7 DISCUSSION

Our study contextualizes the practices and challenges of existing self-disclosed AIGC indicators, accounting for people
with different abilities. We build on prior work [26, 57, 89] by emphasizing that the responsibility for designing
and presenting AIGC indicators must be shared between creators and platforms. Our findings also suggested that
standardized, heuristically recognizable indicators consistent in timing, placement, and modality are essential for both
visual and non-visual access. We now discuss the implications of our key findings for future AIGC indicators and
provide practical recommendations for future design. In Table 3, we summarize expressed preferences and tensions
considering both BLV and sighted participants. Several themes were raised by both BLV and sighted participants,
although their emphases differed.

7.1 AIGC Indicators as Socio-Technical Trust Infrastructure

Prior work has largely focused onAI-driven detection systems to defend against deepfakes [20, 47, 65, 67, 92, 129, 158], yet
these remain locked in a cat-and-mouse dynamic, as detection tools struggle to keep pacewith rapidly evolving generative
models [46, 81, 109, 141]. Parallel efforts have explored the use of content warnings, especially in misinformation
contexts [58, 93], but disclosure design for AIGC remains underdeveloped. As Generative AI tools become widespread
across users of varying abilities, AIGC is now more prevalent; thus, disclosure has become both more necessary. Our
study suggests that AIGC indicators function less as discrete interface elements and more as an emerging form of
epistemic infrastructure systems that shape how people come to know, verify, and contest [21] the origins of media.
Currently, users encounter various indicators embedded within platform architectures, creator-provided, or from
moderation pipelines; therefore, their effectiveness not only relies on visibility but also on how they integrate into users’
everyday practices [149]. Furthermore, BLV users often break down accessibility to participate in credibility assessment,
rendering this infrastructure selectively visible and exposing how epistemic power is unevenly distributed [42]. These
breakdowns directly shaped who could participate in authenticity judgments and under what conditions, highlighting
how provenance infrastructures can systematically privilege visual access while marginalizing nonvisual ways of
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Participant-Expressed Preferences Constraints & Tension Design goal

Content • Indicators using plain, concise language for
better understanding

• Explain the extent of AI generation, contex-
tual metadata (e.g., tools in AI generation) & to
clarify authenticity

Increased details on metadata
may create cognitive overload and
verbosity in assistive output.

Designing information with a layered
approach, with levels of importance, pri-
mary indicator followed by optional

Placement • Near the top to enhance visibility Sighted participants relied on ha-
bitual visual scanning while BLV
users on screen reader traversal

Considering placement as both a visual
and structural decision so design does
not contradict with accessibility tree

• Consistent location across platforms to sup-
port recognition.

Timing • Before content engagement to avoid audio
conflicts and align with peak attention. After
content engagement to reduce interpretive bias.

Timing of disclosure for AI-
generated content is often influ-
enced by group and individual
needs

To support both needs, a platform or any
in-situ tool may provide an option to cus-
tomize settings.

Modality • Visual labels were valued by sighted partici-
pants for being quick and non-intrusive. Audi-
tory notifications were preferred by BLV par-
ticipants to improve accessibility.

Current form of single modal indi-
cator do not meet of both groups;
however, if not designed well, can
have mismatched accessibility

For mainstream platform, routing in-
dicators through established tool (e.g.,
screen reader) rather than parallel sen-
sory. For add-on, solutions may design
parallel sensory channels

• Embedded within content (e.g., in the video
itself) ensures indicators are not missed

Some embedding technique (e.g.,
overlay, visual only) can increase
prominence for sighted users,
may exclude BLV users

Considering non-visual, programmatic
means (e.g., secondary AI description
within visual description, dio statement
on AI generation ).

Responsibility• Platforms should enforce AI disclosure and
supplement it through automated detection.

Design inconsistency across dif-
ferent platforms on indicators

Design of icon, color, labels consistent
with users’ mental model

• Creators hold primary ethical responsibility
as well as external pressures (e.g., advertisers)

Creator-only indicator can be in-
consistent unless platforms have
consistent requirements

Enforceable and guided disclosure flow
and incentive for disclosure

• Community should report violations of AI
disclosure like copyrights.

Community indicator can be too
exhaustive for end users

Participatory governance design and ac-
tionable role

Table 3. Summary of participant-expressed preferences regarding AI-generated content indicators, and the accessibility constraints
and tensions they raise. This table reflects user perspectives, not standalone design prescriptions.

knowing. For instance, our study reveals that BLV users primarily engage with content through linear screen reader
navigation and notice titles and descriptions that appear early in the content hierarchy. In contrast, provenance indicators
placed deeper often go unnoticed. This highlights a shift in how provenance cues are structured and surfaced across
interfaces to serve people with different abilities. Timing also plays a key role, while some users prefer post-consumption
disclosure to avoid bias, most BLV participants expressed a preference for pre-content indicators, reinforcing that early
placement can prevent complete oversight. These findings underscore the need for provenance indicators that are not
only accessible but also socially and contextually meaningful.

7.2 Policy Implications: Standardization and Enforcement

Our interview results highlighted a fundamental similarity between AI disclosure and copyright: both aim to protect
all stakeholders, including creators, audiences, and platforms, by clarifying the origins and authorship of content. As
copyright rests on a legal and policy framework to ensure consistent attribution and protection of creative works, AI
disclosure similarly requires regulatory standards. Thus, we recommend several policy implications: First, policymakers
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and industry consortia, such as Content Authenticity Initiative [5, 17], should collaborate to establish clear regulatory
standards for provenance disclosure. These standards should clarify current ambiguities in disclosure practices across
platforms. For example, some participants discussed the degree of AI involvement when interacting with AI-generated
content indicators, whether the content was fully generated or lightly edited. Such peripheral information is essential
for promoting transparency and establishing enforcement norms. Second, these regulatory standards should include
design guidelines for the presentation of indicators. As our study and previous work [124, 126] suggest, inconsistent
label formats across platforms cause confusion and reduce trust; well-defined design principles can mitigate user
confusion and foster trust in AIGC indicators. Third, content platforms should be legally required to integrate these
disclosure practices into their products’ interfaces, such as developing an onboarding module for creators to understand
provenance disclosure and providing a toggle to opt in to it. Disclosure practices should be embedded in content-posting
user workflows. Fourth, enforcement mechanisms for creators and platforms must be implemented through government
regulation or certified third-party audits. As AI technologies evolve rapidly, relying solely on voluntary compliance
or industry self-regulation is unlikely to ensure consistent and trustworthy disclosure practices. Government-backed
oversight can help ensure that provenance indicators are not only adopted but also maintained in ways that align with
evolving standards and user expectations.

7.3 Broader Ecosystem Implications: For Content Creators, Platforms, and Consumers

Our findings highlight how end users engage with AIGC within an ecosystem shaped by content creators and mediated
by platform infrastructures. We situate the implications in relation to the broader AIGC ecosystem with particular focus
on the roles, responsibilities, and interdependencies of various stakeholders involved.

Content creators hold a critical role in maintaining authenticity and trust in increasingly saturated AI-generated
content. Our findings consistently indicated that creator-driven metadata, such as description, title, and hashtag, play
an important role in distinguishing AIGC. In contrast, platform labels remain inconsistent, with many still transitioning
toward adopting verifiable standards such as C2PA [53]. Thus, when creators disclose the use of AI in their works, they
not only support informed and safe content consumption for internet users, but also engage in a form of boundary
work set forth by algorithmic contribution from human creativity [60, 63]. Prior work similarly stresses [95, 137] the
importance of human ownership and transparent AI disclosure to safeguard creative labor, particularly in platform
ecosystems where visibility and rewards are determined by engagement metrics such as likes, views, comments, etc.
At the same time, recent work has highlighted the productive potential of human–AI co-creation, in which AI can
augment creativity and productivity [104].

Considering both perspectives, our findings suggest that well-designed indicators can potentially mediate both trust
and transparency without overstating or diminishing the value of AIGC. Instead, our work focuses on informing the
design of AIGC indicators based on users’ preferences, with platforms that potentially take these into consideration
and support creators in communicating content provenance and intent more effectively. This further highlights the
importance of platform [79, 80] infrastructure in shaping responsible disclosure practices and in their long-term
sustainability. Our study indicates that platforms are uniquely positioned to introduce mechanisms that reward the
transparent disclosure of AIGC. As prior work demonstrates, incentive systems, such as badges, often steer users
in online communities [25]. Our study indicates that incorporating incentive mechanisms to encourage responsible
behavior among creators aligns with the community’s expectations.
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7.4 Design Implications

Below, we outline four design implications with technical suggestions.

Canonical AI Disclosure Schema: Decoupling Logic from Presentation. In the current design space, AIGC
indicators are tightly coupled with platform-specific UIs and rely heavily on visual rendering (e.g., watermarks, floating
labels). Our study also indicates that it’s not merely usability or accessibility bugs but rather a deeper design flaw: the
absence of standardization in AI indicator architecture. A potential approach could be a canonical AI disclosure schema
modeled after C2PA [53] but expanded for UI interoperability. This scheme can be further defined as a machine-readable
structure for attributes such as the generation type (e.g., voice synthesis, face swap, full video generation), disclosure
level (e.g., user-submitted vs. platform-detected), and event timestamp (e.g., when and where AI intervention occurred).
This approach will enable independent assistive tools (e.g., browser extensions, screen readers, CV apps) to access
disclosures without relying on only visual placement.

API-Driven Standardization to Reduce Cognitive Load and Friction. Platforms such as YouTube, TikTok, and
Instagram use different visual and interaction patterns for AI content indicators, forcing users to relearn where and
how to find disclosures on each platform and increasing cognitive load. For sighted users, this manifests as a search
cost, requiring them to scroll, click, or hover to locate provenance cues. For BLV users, inconsistent indicator placement
breaks screen reader workflows and requires them to scan entire pages, leading to navigation fatigue. An approach to
reduce this friction is to develop standardized APIs that enable consistent disclosure logic regardless of platform-specific
UI. Whether interfaced via TikTok or YouTube, users could make use of the same consistent disclosure logic. This will
also increase the flexibility of designers to innovate in UI while keeping the back-end provenance logic stable.

Governance Through Disclosure Registries. Current AI disclosure practices place the burden of labeling on content
creators or platforms. This often results in inconsistent, unverifiable, and a lack of systemic accountability since there is
no audit trail of changes or labeling actions, and no mechanism exists to incentivize honest disclosure. To address this,
we propose a public disclosure registry modeled after certificate transparency logs used in digital security. In this model,
each AI-generated content item would be cryptographically signed with provenance metadata (e.g., the tool used, the
type of modification, and the time of generation) and recorded in an immutable, append-only ledger. This registry,
accessible via open APIs, would allow users, watchdogs, and platforms to retrieve a verifiable history of AI content.

Disclosure Label Taxonomy and Visual-Audio Synchronization. We often found AI indicators’ language is
inconsistent, overly legalistic, for instance, (“altered or synthetic content”), and detached from user interpretation
needs. We proposed to create a controlled vocabulary and taxonomy of AI indicator labels with semantic hierarchy
and visual–aural synchronization, for instance, Level 1(explore): "AI-generated"; Level 2 (AI generation tool): "This
content includes AI-generated voice using XYZ tool" Level 3 (on-demand): Full generation log + modification audit. To
accommodate people, each level should be accessible via multimodal outputs (visual overlays, audio narration, haptic
vibrations). For instance, overlay text could synchronize with synthetic audio to narrate the disclosure.

8 Conclusion

This study provides a holistic understanding of how users with different vision abilities perceive AI-generated content
and interact with AIGC indicators. Our findings indicate that existing implementations are inadequate in meeting
users’ diverse needs due to inconsistent design approaches, limited accessibility, and a lack of standardization across
platforms. We propose several design directions for provenance disclosures that accommodate diverse interaction
patterns, including screen reader navigation and cognitive heuristics. Moreover, our findings support the need for policy
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interventions and standardized technical frameworks, such as canonical disclosure schemas and label taxonomy, to
ensure trustworthy and accessible disclosures. This study is among the first to examine users with varying abilities in the
design and governance of AIGC indicators, highlighting the urgent need to acknowledge them as crucial stakeholders
in shaping the future of content transparency.
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A Interview Protocol

A.1 Section 1: How do people conceptualize AI-generated content?

(1) Have you heard of Generative AI or AI-generated content?
(a) How would you define AI-generated content?
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(2) Have you encountered any AI-generated content before?
(a) Could you share your experience?

(i) How did you recognize that it was AI-generated rather than human-made?
(ii) Which media or platforms did you come across AI-generated content?
(iii) Does such media provide any indicators to distinguish AI-generated content from human-created?

(b) Have there ever been cases where you were unsure if AI was used?
(i) Could you share a specific example that stood out to you?
(ii) What made you unsure?
(iii) What ended up happening?

(c) Have you observed any harmful uses of AI-generated content?
(i) Do you have any personal experiences around these harmful use cases?
(ii) Have you ever heard of the term deepfakes? If so, how would you define it?
(iii) Do you have any concerns about deepfakes?
(iv) [for BLV participants] From your perspective, do you think AI-generated content might present

different risks for people with visual impairments?
(A) Have you ever had a personal experience where these risks became real for you?
(B) What would you like to see done to reduce those risks or make things safer?

(v) Have you noticed any positive aspects of AI-generated content?
(A) Could you share a specific example that stood out to you?
(B) What made that experience feel positive?

(vi) [for BLV participants] Do you feel people with visual impairment do or do not equally benefit from
AI-generated content?
(A) What do you think could be done to improve this?

A.2 Section 2: How do people leverage existing indicators to navigate AI-generated content?

Next, we’ll go through a few media examples to understand your perceptions. I will send the links one at a time via
Zoom chat or email. Once you receive the link, could you please share your screen and open the link so we can view it
together?

(1) Ask their initial impression about videos.

(a) What are your initial impressions of the video/image/sound?
(b) How did you determine this video might be AI-generated or real? Does anything stand out to you?
(c) Were there any parts of the video that made you feel it might be AI-generated/real?

(2) Ask them about AI-generated content indicators.

(a) (If the participant does not mention any AI indicators, then ask) Did you get any information about this
video on the screen? What is included?

(b) (If the participant still has not found any AI indicators, then guide) Could you go to the description? What
information is provided there?

(c) When you see an indicator like this, what’s the first thing that comes to mind?
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(d) (Give participants the correct interpretation of the indicators - e.g., this is a voluntary label placed by
creators to show that AI was used in the creation of this video) Does that match how you interpreted it?
Why or why not?

(e) Do you feel these indicators help you make sense of if a video is AI-generated or real? Why or why not?
(3) Ask them how these indicators could be improved to make them more helpful.

(a) [What/Content] Would you like more information to help you identify AI-generated content?
(b) [Where/Placement]Was it clear where the indicators were located?Where would you place the indicators

to make them more noticeable?
(c) [When/Timing]When do you think is the best time to show AI-generated indicators? (e.g., before the

video plays, while watching, or after watching)
(d) [How/Modality] How would you prefer to receive AI-generated content warnings? (e.g., visual labels,

pop-up messages, audio alerts, haptic feedback)
(e) [Who/Responsibility] Who do you think should be responsible for flagging AI-generated content? (e.g.,

the creator themselves, the platform through automated detection, or the community through user reports)
(4) [for BLV participants] Ask them about assistive technology

(a) Did the screen reader provide any information to help you identify AI-generated content?
(b) Do you think the screen reader will help you identify AI-generated content?
(c) Do you use any other assistive technologies to help you in these situations?
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Table 4. Platform Policies for AI-generated Content Labeling: Comparison Table of YouTube, TikTok, and Instagram]

YouTube TikTok Meta

Creator Responsibility Creators are required to
disclose AI-generated or
altered content using a
tool in Creator Studio.

Creators must disclose if
content is AI-generated,
especially if it simulates
realistic media.

Creators are required to
manually label
videos/audio not images.

What must be Labeled Content that uses the
likeness of real people,
alters real events or places,
or creates realistic scenes.

Synthetic content that
replicates realistic-looking
images, audio, or video.

Synthetic content that
replicates realistic-looking
audio or video.

Auto Labeling May label content
automatically if creators
fail to comply.

Automatically labels
content using detection
tools or "Content
Credentials" (C2PA).

Auto-labels AI-generated
content detected with
embedded signals or
created using Meta tools.

Consequences Content removal,
suspension from the
Partner Program, or other
penalties.

Content removal and
violations of community
guidelines may lead to
account penalties.

Penalties are mentioned
but not clearly defined. All
content must follow
community standards.

Label Visibility Appears in the video
description on mobile and
web. Clicking "Learn
More" links to the Help
Center.

Shown under the
username/description.
Click opens TikTok’s AI
content info page.

Found under the creator’s
name or via the options
(three-dot menu). Links to
AI content details.

Reporting Viewers can submit
privacy requests to
remove AI content
simulating a person’s
identity.

Users can report unlabeled
or misleading AI content.

Not explicitly mentioned,
but Meta handles flagged
content via community
standards enforcement.

Policy Enforcement AI content must comply
with all YouTube
Community Guidelines.
Violations (e.g.,
impersonation, scams)
lead to removal.

AI content spreading
misinformation is
removed per guidelines.
Labels are permanent once
applied.

Content must meet
community standards. AI
content is only removed in
high-risk, harm-related
cases.
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Table 5. Participant demographics and background

ID Vision Gender Age Education AI/ML background Self-reported exposure with
AI-generated contents

P1 Low-vision Male 25-34 Bachelor’s degree No Text, Audio, Video
P2 Some Light Perception Female 45-54 Post-Graduate degree No Text, Audio, Video
P3 Low-vision Female 55-64 Post-Graduate degree No Image, Video
P4 Some Light Perception Female 35-44 Post-Graduate degree No Audio
P5 Some Light Perception Female 25-34 Post-Graduate degree No Image, Audio, Video
P6 Some Light Perception Female 45-54 Associate degree No Text, Image, Audio, Video
P7 Totally Blind Male 35-44 Post-Graduate degree No Text, Audio
P8 Some Light Perception Male 25-34 Bachelor’s degree Yes Text, Audio, Video
P9 Some Light Perception Female 18-24 Vocational training No Text, Audio, Video
P10 Totally Blind Male 25-34 Bachelor’s degree No Text, Image, Audio, Video
P11 Some Light Perception Female 25-34 High school graduate No Text, Audio, Video
P12 Totally Blind Female 35-44 Bachelor’s degree Yes Text, Audio, Video
P13 Totally Blind Female 65+ Associate degree No Text, Audio, Video
Q1 Sighted Male 25-34 Post-Graduate degree Yes Text, Image, Audio, Video
Q2 Sighted Female 25-34 Post-Graduate degree Yes Text, Image, Audio, Video
Q3 Sighted Male 25-34 Post-Graduate degree Yes Text, Image, Audio, Video
Q4 Sighted Female 18-24 Bachelor’s degree Yes Text, Image, Audio, Video
Q5 Sighted Male 25-34 Bachelor’s degree Yes Text, Image, Audio, Video
Q6 Sighted Male 35-44 Bachelor’s degree No Text, Image, Audio, Video
Q7 Sighted Male 25-34 High school graduate No Text, Image, Audio, Video
Q8 Sighted Female 25-34 Bachelor’s degree No Text, Image, Audio, Video
Q9 Sighted Female 35-44 Post-Graduate degree No Text, Image, Audio, Video
Q10 Sighted Male 35-44 Post-Graduate degree No Text, Image, Video
Q11 Sighted Male 18-24 Associate degree No Text, Image, Audio, Video
Q12 Sighted Male 35-44 High school graduate No Text, Image, Audio, Video
Q13 Sighted Male 45-54 Post-Graduate degree No Text, Image, Audio, Video
Q14 Sighted Male 45-54 Bachelor’s degree No Text, Image, Audio, Video
Q15 Sighted Female 65+ Post-Graduate degree Yes Text, Image, Audio, Video
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Table 6. AI-generated content samples used in the study

ID Platform Format Category Audio AI indicator Contents

1 YouTube Video Politics AI-generated
voice

description,
comments, AI label,
watermark

AI-generated depiction of a
possible future scenario if Joe
Biden is re-elected

2 YouTube Video Entertainment AI-generated
voice

title, description,
comments

AI-assisted short film about a
future dominated by machines

3 YouTube Video Entertainment Original /
human voice

description,
watermark

Face-swapped version of scenes
from the movie: Great Gatsby

4 TikTok Video Commercial AI-generated
voice

description,
comments, overlay
texts

AI-generated commercial for
Toys“R”Us

5 TikTok Audio Music AI-generated
sound

account name, AI
label, watermark

AI-generated song created using
Suno AI.

6 TikTok Video Entertainment Original /
human voice

hashtags,
comments, AI label

Face swap of a Scarlet Witch
cosplay by swapping the original
actress, Elizabeth Olsen.

7 TikTok Audio Music AI-generated
sound

description,
hashtags,
comments, overlay
texts

AI-generated cover where Ariana
Grande’s voice is synthesized to
sing a song by NewJeans.

8 Instagram Video Politics AI-generated
voice

profile, description,
comments

AI-generated satirical political
speech advocating for legalizing
gambling for minors, parodying
American politics.

9 Instagram Video Commercial AI-generated
voice

comments Lil Miquela, a virtual influencer,
in a ’get ready with me’ style clip

10 Instagram Video Politics AI-generated
voice

description AI-generated satirical
conversation between Trump and
Biden, filled with internet memes

11 Instagram Image Religion hashtags AI-generated images of Will
Smith dressed as a Muslim,
accompanied by a fictional
sermon reflecting on inner peace.

12 Instagram Image Commercial profile, AI label Aitana Lopez, a virtual influencer,
posting her visit to NYC with
photos in the subway.
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Fig. 7. Screen captures of the AI-generated content samples used in the study.
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Table 7. Rationale for AI-generated content sample selection

Media ID Relevancy for Sighted Relevancy for BLV Difficulties for Sighted Difficulties for BLV
1 It’s a hypothetical future narrative

presented, potentially misleading po-
litical content. This example observes
how they interact with AI indicators
(especially comments) when they
may have skepticism.

It is a case that observes what people
rely on to make judgments and inter-
act with AI indicators when realistic
sound coexists with unrealistic con-
tent.

gray: Users are likely to realize unre-
alistic representations of future nar-
rative.

gray: A Highly accurate AI voice may
convince them initially that it’s an ac-
tual speech; however, users are likely
to realize unrealistic representations
of future narrative.

2 It is an example of semi AI-generated
content, created with AI assistance.
This example observes how users no-
tice or care about the "AI-assisted"
aspect.

It may be difficult to determine just
from the content alone, but the ti-
tle includes "A.I. Film," screen reader
users might notice in advance that
the video is AI-generated. This serves
as an example of how title informa-
tion can influence their judgment.

easy: Visually, users are likely to re-
alize unnatural connections between
dynamic facial movements and static
bodies or backgrounds.

difficult: Users are likely to realize the
content is fictional, but determining
whether it was AI-generated depends
on how realistic the voice sounds.

3 This serves as an example to observe
whether their judgment varies de-
pending on whether they have seen
an authentic version before.

This is an example which under-
scores a huge gap between sighted
and blind users in experience. This
serves as an example to observe how
users respond to AI indicators when
the audio sounds authentic, includ-
ing whether they notice or check AI
indicators.

gray: Users who have watched The
Great Gatsby may notice that the ac-
tor’s face in the scene is not the orig-
inal. If a user doesn’t know the origi-
nal film or the swap is very seamless,
they could potentially overlook it.

difficult: To a blind user, it sounds like
a regular clip from The Great Gatsby.

4 It represents a benign, creative use of
AI in marketing or commercial con-
tent. This serves as an example to ob-
serve how users interact with AI in-
dicators in non-misleading AI media.

This serves as an example to observe
how users respond to AI indicators
when the audio sounds reasonable, in-
cluding whether they notice or check
AI indicators.

gray: Person or mascot in the video
seems too flawless or a bit blurry,
which can be a clue to users.

difficult: There is nothing suspicious
in the audio content itself as a com-
mercial, and there is no reason to sus-
pect that it is AI-generated.

5 It represents a benign, creative use
of AI in entertainment. This serves
as an example to observe how users
interact with AI indicators in non-
misleading AI media.

This serves as an example to observe
how users respond to AI indicators
when the audio sounds unfamiliar
and no knowledge about authentic-
ity, including whether they notice or
check AI indicators.

difficult: If the song is unfamiliar
to users, it’s difficult to identify the
artist and even harder to detect if the
song was AI-generated.

difficult: If the song is unfamiliar, it’s
difficult to identify the artist and even
harder to detect if the song was AI-
generated.

6 It represents benign, creative use of
AI in entertainment. This serves as
an example to observe how users
interact with AI indicators in non-
misleading AI media.

This serves as an example to observe
how users respond to AI indicators
when the audio sounds authentic, in-
cluding whether they notice or check
AI indicators.

gray: Users may notice minor lip-
sync issues or unnatural facial expres-
sions typical of deepfakes.

difficult: There is nothing suspicious
in the audio content itself, and there
is no reason to suspect that it is AI-
generated.

7 This serves as an example of how
users discern authenticity in mu-
sic, particularly when the vocals
are AI-generated, well-known artists’
voices.

This serves as an example to observe
how users respond to AI indicators
when users are familiar with sounds
(either the artist or the song), includ-
ing whether they notice or check AI
indicators.

difficult: If the song is unfamiliar
to users, it’s difficult to identify the
artist and even harder to detect if
the song was AI-generated. However,
users familiar with the artist might
notice.

difficult: If the song is unfamiliar
to users, it’s difficult to identify the
artist and even harder to detect if
the song was AI-generated. However,
users familiar with the artist might
notice.

8 It’s a hypothetical future narrative
presented, potentially misleading po-
litical content. This example observes
how they interact with AI indicators
(especially comments) when they
may have skepticism.

It is a case that observes what people
rely on to make judgments and inter-
act with AI indicators when realistic
sound coexists with unrealistic con-
tent.

gray: Users may notice minor lip-
sync issues or unnatural facial expres-
sions typical of deepfakes.

gray: Highly accurate AI voice may
convince them initially that it’s an ac-
tual speech; however, users are likely
to realize an unrealistic narrative.

9 It represents a benign, creative use of
AI in marketing or commercial con-
tent. This serves as an example to ob-
serve how users interact with AI in-
dicators to virtual figures.

This serves as an example to ob-
serve how users respond to AI in-
dicators when users are unfamiliar
with people (virtual figures), includ-
ing whether they notice or check AI
indicators.

gray: Users may notice minor lip-
sync issues or unnatural facial expres-
sions typical of deepfakes.

difficult: There is nothing suspicious
in the audio content itself as an influ-
encer’s video, and there is no reason
to suspect that it is AI-generated.

10 It represents realistic synthetic de-
pictions of public figures in unreal-
istic discussions. This serves as an
example to observe how users inter-
act with AI indicators in misleading
AI media.

This serves as an example to observe
how users respond to AI indicators
when users are familiar with people
(public figures), including whether
they notice or check AI indicators.

easy: Visually, it’s obvious that the
image was pieced together, so users
are likely to notice that it’s synthetic.

gray: Highly accurate AI voice may
convince them initially that it’s an ac-
tual speech; however, users are likely
to realize an unrealistic narrative.

11 It represents realistic synthetic depic-
tions of public figures in unexpected
roles. This serves as an example to
observe how users interact with AI
indicators in misleading AI media.

This serves as an example to observe
how users respond to AI indicators
when users are familiar with people
(public figures), including whether
they notice or check AI indicators.

gray: Users may notice visual clues
(e.g., overly smooth skin, unnatural
facial expression).

gray: Users rely heavily on text de-
scriptions and are likely to realize the
content is fictional based on descrip-
tions.

12 It represents a benign, creative use of
AI in marketing or commercial con-
tent. This serves as an example to ob-
serve how users interact with AI in-
dicators to virtual figures.

This serves as an example to ob-
serve how users respond to AI in-
dicators when users are unfamiliar
with people (virtual figures), includ-
ing whether they notice or check AI
indicators.

difficult: The image looks highly re-
alistic, so it’s hard to tell from one
picture.

difficult: There is nothing suspicious
in the description, and there is no rea-
son to suspect that it is AI-generated.
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Table 8. Full Codebook

RQ1 RQ2 RQ3

Definition - generated based on users’ input Practice - title is obvious What - plain language
Definition - generated through algorithmic intervention Practice - glance only top comments What - extent of AI use
Prior experiences - political contents Practice - skim comments to get general consensus What - original source
Prior experiences - entertaining contents Practice - check comments for unsure/suspicious content What - contextual metadata
Prior experience - commercial contents Practice - hashtag is obvious Where - near the top
Benefits - AI complement human intelligence Practice - easy to notice watermarks Where - easily findable place
Benefits - entertaining media Practice - easy to understand single-line Where - without scrolling
Benefits - information access Practice - easy to overlook rotating label Where - consistent placement across platforms
Concerns - scam and fraud Challenges - overlook, out of focus When - before playing for attention span
Concerns - mislead public opinion Challenges - confuse with detailed information When - before playing to avoid audio overlap
Concerns - misinformation Challenges - information overload When - visible at all times
Concerns - unintentional misuse Challenges - irrelevant hashtags When - after watching to avoid bias
Audio clue - auto tune effect Challenges - low awareness of AI labels How - visual labels
Audio clue - voice tone Challenges - unclear explanation of AI labels How - watermark
Audio clue - sound crack Challenges - misaligned with expcted placement How - voiceover, alt text
Visual clue - distortions Challenges - incompatibility with screen readers How - audio announcement
Visual clue - facial or body movements Challenges - have alt text but lacking provenance info How - pop-up alerts
Intuition clue - skeptical to exaggerated contents Challenges - difficulties locating indicators How - disclaimer in the video itself
Intuition clue - too polished or proper Expectations - need for explicit AI labeling How - audio within the video itself
Intuition clue - too unrealistic to be true Expectations - unnecessary AI label for partial use of AI Who - should be like copyrights
Intuition clue - too perfect to be human-made Who - platform’s responsibility
Intuition clue - know authentic contents Who - creator’s responsibility
Indicator clue - tool name’s watermark Who - mutual responsibility
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