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Recent work in AI auditing has begun to explore the potential for non-expert users to be engaged in auditing. Crowdsourced
audits, everyday audits, and end-user audits are all types of user-engaged AI auditing in which one or more users (with varying
degrees of involvement and intention) investigate instances of harmful algorithm behavior. We extend this literature through a
case study of the AI Manga filter on TikTok, a generative AI-based filter on the platform that turns users’ photos into computer-
generated manga-style illustrations. We show that TikTok users’ everyday auditing behaviors in our descriptive generative AI
case study allow them to uncover algorithmic biases, including race and gender stereotypes, as well as problematic behaviors
including anthropomorphization of inanimate objects and hypersexualization of human figures. We also analyze their methods
for doing so; while most prior audits explicitly focus on identifying harms, here we found that users were largely motivated
by fun and curiosity. We discuss the implications of these everyday generative AI audits for the field, including the need to
consider alternative (and possibly unconventional) frameworks and methods for auditing non-deterministic technologies,
and to move beyond normative ideas of harm. We argue for collaboratively co-engaging community users, auditors, and
researchers in their conceptions of harm to guide future evaluations of generative AI systems.
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1 Introduction
AI auditing, also called algorithm auditing, is a method developed in the past decade to “draw conclusions about
[black-box algorithmic systems’] opaque inner workings and possible external impacts” [33]. Initially, audits
were almost wholly conducted by experts [2], but recent research has expanded auditing to include non-experts,
conceptualizing and studying types of user-engaged audits such as everyday audits [45]. In many of these cases,
users participate in parts of the audit process with experts (professional auditors or researchers) initiating the
process, structuring the audit, and/or drawing final conclusions. In others, expert auditors are not involved at all.
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In this paper, we document a case study of users’ everyday auditing of a generative AI filter on TikTok, the AI
Manga filter, which uses a generative AI model to transform users’ photographs into manga-style illustrations.
At the time of data collection, the filter was widely popular on TikTok, with large numbers of everyday users
producing videos using the generative AI feature [17]. The author team’s observations of this widespread activity
prompted our investigation, guided by an interest in understanding users’ everyday auditing behaviors as they
appeared in the context of generative AI. To examine these behaviors, we collected and analyzed a dataset of 375
videos that used the AI Manga filter; about half were selected for popularity, and the other half were collected
randomly using TikTok’s API to represent a broader set of users’ behaviors with the filter.

We conducted an exploratory thematic analysis of these videos and found users surfaced several patterns
in the generative AI filter’s behavior, including race and gender biases, hypersexualization of human figures,
and anthropomorphization of inanimate objects. Users’ everyday auditing behaviors were frequently inspired
by other users’ explorations, unfolding organically without expert guidance or direction. While some users
displayed concern or negative emotional responses in response to some filter outputs (e.g., frustration at repeatedly
encountering racial biases), we found that many users also reacted with amusement to the same algorithmic
patterns, and were largely engaged in exploration and play to probe the filter.

Through this work, we contribute a case study of everyday audits of generative AI on an increasingly popular
form of technology on a growing social media platform: a generative AI image-to-image filter on the TikTok social
media platform. Additionally, we explore the implications of everyday users’ creative, playful, and exploratory
approaches to auditing generative AI, and suggest that these user-driven forms of investigation can contribute a
range of insights that can complement those generated by researchers and expert auditors.

2 Background & Related Work
In this section, we provide a brief background on expert-led AI auditing before situating this research within
the context of a more relevant offshoot: everyday users engaged in AI auditing. Finally, we describe prior work
involving everyday users auditing generative AI systems; the focus of this case study.

2.1 Expert-Led AI Auditing
AI auditing, also called algorithm auditing, is a method for systematically querying an otherwise black-box
system [33]. Introduced a decade ago by Sandvig et al. [42], AI audits typically involve an individual or team of
expert auditors who plan and execute these highly organized and formalized studies. These expert-led audits
include scraping audits, in which auditors write software to automatically collect and analyze data from an
online source, and sock puppet audits, in which researchers create “sock puppets”, or researcher-controlled
accounts that imitate real users to collect data. Expert-only methods are the most popular style of published audits
according to a 2021 meta-review of the field [2]. One highly-cited audit conducted by Sweeney [49] identified
racial discrimination in Google ads; another led by researchers Buolamwini and Gebru [7] demonstrated race and
gender biases in commercial computer vision models. The focus of these expert-led audits is generally determined
by the individual or team of experts conducting the audit study, and may not represent the wide range of issues
encountered by users. More recently, a related body of work has emerged to address this limitation by including
non-expert perspectives in AI audits; we discuss this research next.

2.2 Everyday Users in AI Auditing
Since the inception of AI auditing, some AI audits have included non-experts. The earliest style of ‘user-engaged’
audits involving non-experts in any capacity is crowdsourced auditing [42]. In these audits, experts use the power
of crowds to collect data in a centralized and distributed manner from a group of end users [13] and collect real
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data reflective of people’s lived experiences [41] with a tool or platform. Although non-experts are involved in
this style of auditing, the effort is ultimately designed and led by a team of expert auditors.

More recent work has expanded the role of non-experts beyond providing crowdsourced data, with the goal
of centering users’ own opinions and perspectives under the label “user-driven auditing” [14]. Research in this
vein has investigated the different roles that naturally arise among users when an audit lacks the traditional
expert lead [28]. Still, other work under the label “end-user auditing” involves experts designing systems to
recruit end-users, enabling those users to plan and conduct explorations of an existing dataset, adding insights to
findings identified solely by experts [25].

Tangential to that line of work, researchers have identified examples in which platform users with varying levels
of expertise have instigated or become involved with auditing through their day-to-day experiences interacting
with AI systems. These cases in which users conduct investigations into “problematic machine behaviors via their
day-to-day interactions with algorithmic systems” (emphasis ours) are termed “everyday algorithm audits” [45].
Everyday auditing includes cases where everyday users interrogate the behavior of an AI system encountered in
their daily lives. Sweeney [49]’s study of racism in Google Ads referenced above, the Gender Shades study of
race and gender bias in facial recognition systems [7], Apple Card credit card holders’ collective data-sharing
on Twitter to determine whether the card provided higher credit limits to men relative to women [54], and a
user’s realization that Google Photos’ AI image labeling had offensively mislabeled Black people in his photos as
“gorillas” [16] are all cited examples of everyday audits. These documented examples of everyday audits have not
examined cases of this everyday auditing behavior on TikTok, a social short-video sharing platform.

Our study’s goal is to document and analyze other examples of users’ everyday auditing—interrogations
inspired by users’ own day-to-day experiences— on an understudied social media platform and generative AI
tool: TikTok’s generative AI filters.

2.3 Users Auditing Generative AI
Due to their non-determinism and lack of explainability [47], generative AI models present additional challenges
for auditing, as their open-ended inputs and outputs makes it difficult to anticipate which prompts could lead to
problematic outputs. Even so, experts have already shown that this technology can replicate social biases [36, 37]
and stereotypes [5, 31, 48, 61] outside of TikTok. In a case study of an AI face-feminizing filter on the Snapchat
platform, the GAN-based model was found to frequently lighten the skin tone of users of color [20]. This is
concerning since biased AI-generated face modification on both Snapchat [9, 40] and TikTok [39, 44] have
been linked to negative self-image in users. Furthering this line of research, our paper contributes a study of a
highly-used TikTok filter’s behaviors through the perspective of the users interacting with it and what they find
and don’t find problematic.

Outside of expert assessments of generative AI, everyday users are able to find creative ways of probing
generative AI. The often stochastic nature of generative AI tools lends itself to open-ended user exploration for
exposing systemic failures and harms, since generative models can produce an indeterminate number of possible
outputs to the same inputs [23]. This in turn creates a space for users to uncover a range of unexpected system
behaviors. As a close example to the filter we present in this study, teenagers in a participatory design workshop
study explored the following researcher-proposed hypothesis from the teens’ own proposals: TikTok’s image
model software for generating filters “reinforces gender and race stereotypes about different occupations” [35].The
youth participants collaboratively worked on different inputs and occupations to test this hypothesis on specific
prompts. They found that TikTok filters produced stereotypical gender representations of occupations such as
carpenter, priest, and nail technician. In a different study, teen participants were able to identify incorrect, harmful,
or concerning outputs in visual generative AI models using open-ended inputs without any hypotheses [46].
Some teens drew on their lived experiences with marginalized identities to develop different inputs, while others
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designed detailed, creative scenarios to challenge the AI tool. Motivated by curiosity, the participants’ creative
auditing approaches helped them to uncover stereotypes and biases related to marginalized races, genders, or
occupations.

This area of work primarily focuses on researcher-facilitated user auditing of non-discriminative systems
that produce AI-generated content. However, little is known about the ways in which everyday users might
independently investigate behaviors of generative AI systems in organic, everyday contexts. Our study addresses
this gap by analyzing the insights that emerge from fully user-driven everyday auditing of TikTok’s generative
AI Manga filter and what these insights could contribute to the broader AI auditing community.

3 Method
In this section, we describe our three-part data collection and the steps in our thematic analysis of the TikTok
videos we collected that used the AI Manga filter.

3.1 Data Collection
We used three complementary data collection approaches to gather a broad set of videos that used the AI Manga
filter on TikTok: (1) exploratory searching, (2) web scraping popular videos, and (3) chronological sampling using
the recently released TikTok Research API. This process resulted in 375 videos with a range of views, users, and
other characteristics.

3.1.1 Exploratory Searching. We began with 75 videos collected by the author team during the course of their
free-form exploration of TikTok. These videos were generally found while searching through TikTok tag pages of
tags such as “#AIManga”, and popular audio and music sounds that were often paired with videos using the AI
Manga filter (e.g., an audio snippet of the song Tabun by YOASOBI).

3.1.2 Web Scraping. After initial review of the videos collected through exploratory search, we scraped an
additional set of videos from TikTok’s search page (which was speculated to be a popularity-ranked measure
by viewcount [27]) to understand what type of content using this filter was receiving the most attention. The
first author used Link Gopher [62], a Firefox browser extension, to scrape the first 200 video URLs appearing on
TikTok’s search page (tiktok.com/search) when querying with “#AIMangaFilter” on November 1, 2023 in the
order TikTok listed them.

3.1.3 Chronological Sampling. To balance the dataset with a non-popularity-ordered sample of videos, an
additional 100 videos were collected by querying the TikTok Research API [51]. We initially intended to query the
API using the AI Manga filter’s effect_ID, but found that videos using the filter were not always labeled with
the same effect_ID. (We reached out to TikTok for support with this apparent inconsistency, but did not receive
a response.) Instead, we queried the API for videos using the “#AIMangaFilter” and “#AIManga” hashtags 1

that were created in the United States (for reasons of language and cultural specificity) and authored between
November 1 and November 30, 2023.

3.2 Thematic Analysis of TikTok Videos
To examine users’ behaviors with the AI Manga filter and the everyday auditing practices they reflected, we
conducted an exploratory, inductive thematic analysis [6] of the videos in our dataset. This approach allowed
patterns in user behavior to surface inductively from the data, rather than from predefined questions. We focus
our analysis on users’ experimentation with the filter and their reactions to the patterns they observed.
1We initially began collecting videos tagged with only “#AIMangaFilter” as we had done in the web scraping data collection step, but found
that most of these did not use the filter. Supplementing with another tag, “#AIManga”, we were able to collect 100 videos that used the AI
Manga filter.
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3.2.1 Data Familiarization and Open Coding. In the data familiarization phase, the first author reviewed the first
set of 75 videos collected via exploratory search and added a short description of what she observed in the videos.
The first author then proceeded with open coding. In the open coding phase, the first author developed initial
codes based on patterns noted in the description of the videos during the familiarization phase, and applied the
codes to the full set of 375 videos. Codes included whether the user expressed a desired outcome at the outset of
the video, whether this outcome was achieved, whether the user used props in their prompting of the filter, and
whether the video was part of a trend. Videos were also tagged with the specific outcome of the filter informed
by prior work [20, 31, 48, 61], and by users’ own explicit statements about patterns they were noticing. These
included changes in complexion, gender presentation, hair texture, sexualization, and other outcomes generated
by TikTok’s AI Manga filter. Videos were also tagged with the overall valence of the creator’s emotional response
to the filter (positive, negative, neutral, or unknown when it was not possible to determine).

3.2.2 Codebook Development. After the first author applied the initial codes, the preliminary results codes were
discussed and iteratively revised by the author team while collaboratively analyzing subsets of the dataset. This
effort included several all-teammeetings for consensus-seeking and code-clustering, and led to the development of
the final codebook. For example, “hair different texture” and “skin lightening” were clustered into a “misracialized”
code, creating a broader theme that encompassed various aspects of cultural and racial misrepresentation. Finally,
the codes were grouped into parent themes based on the relationships between different codes and were used to
develop seven main themes (see Appendix 1) across three categories (user behaviors, system outputs, and trends).

3.2.3 Axial Coding. After the codebook was finalized, the full dataset was divided among the author team, with
each author coding an independent share of the videos using the codebook finalized in the previous step.2 When
users used the filter multiple times in a row in the span of the same video, we coded each use as an individual
“round”, for a total of 999 rounds across all 375 videos. We did not collect or code the comments under each video,
but when selecting the examples we describe in the next section, we reviewed the top comments and sometimes
quote from them to demonstrate other users’ reactions to the original video.

4 Case Study Results

4.1 Problematic Generative AI Filter Outputs Everyday Users Identified
Among the many collective understandings emerging from the use of this filter, we focus on four main pat-
terns users probed and identified in our dataset: (1) racial bias, (2) gender bias, (3) hypersexualization, and (4)
anthropomorphization.

4.1.1 Misracialization. 71 video rounds (7.1%) in our dataset produced outputs where users were misracialized.
In 22 of these rounds, users visibly expressed discomfort and/or dissatisfaction in response to the filter’s output.
Notably, all the users who exhibited frustration or dissatisfaction when the filter that failed to faithfully capture
their skin color and hair texturewere people of color.Therewere also videos inwhichwe, the researchers, perceived
this kind of biased output, but the user in the video did not seem aware of or bothered by the misracialization —
though this is not a guarantee they were not. Some users who had dark complexions or textured hair noticed
that the filter would lighten their skin tone and straighten their hair texture. User anicossensei 3, pictured in
Figure 1 (left) with a dark complexion and short, afro-textured hair, posted a video in which she used the filter six
times in a row in a seemingly frustrated attempt to get the filter to recognize her hair and skin color. After each
attempt, the filter produced a character that appeared racially White.
2In keeping with best practices, we did not seek or calculate inter-rater reliability due to exploratory nature of this study and the context-
dependent qualities of the videos [32].
3For images of TikTok users depicted in this paper, handles and anonymized photos are included only with explicit consent. For more details,
see our section on Ethical Considerations.
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Fig. 1. Users anicossensei (left), pablo_rastobar (center), and callmetochi (right), all shared how the filter turned their
skin tones, hair texture, and even gender into manga characters that were more racially White and/or feminine than their
original photos. They captioned their videos with “ai manga filter effect [n]eed[s] more colors”, “This filter hates me so
much”, and “These filters never work properly for [B]lack people”, respectively.

Textured hair was another feature that users, and Black users in particular, noticed the filter had difficulty
rendering accurately. For user pablo_rastobar, pictured at right in Figure 1, the filter not only replaced his loc’d
hair with a veil and his facial hair with a mask, but it also turned him into a fair-skinned woman with blue eyes.
Some users expressed explicit acknowledgment and frustration with this filter behavior. in one case, a user made
20 repeated attempts across 6 different videos to have the filter capture her curly afro, the first one captioned
translated from Spanish), “Using the filter until my hair becomes an afro”. The creator made playful followup
videos incorporating suggestions from several commenters of different poses, places, or lighting she could try to
achieve her desired outcome.

User callmetochi pictured on the right in Figure 1 shared a video of himself using the filter with the caption,
“These filters never work properly for [B]lack people”. In the video, the user showed how his image went from a
Black man with facial hair and short locs to a pale-skinned male manga character with straight, chin-length hair.

The filter did not always produce misracialized outputs in in all cases. Under some circumstances, the filter did
appear able to accurately reflect the input photo, even for users with darker complexions. Although this pattern
of misracialization was explored by many users in our data set, it was not labeled by users with a specific hashtag
or “trend” as with some of the examples we see below.

4.1.2 Misgendering. Similar to the racial biases users observed, a small subset of users who did not identify as
men found that the filter misgendered them by turning them into male manga characters. In 57 of the video
rounds we annotated (5% of all 999 rounds of filter use), the visible sex of the user was changed. Of those rounds,
13 of them featured users that acknowledged and were upset with the outcome.

Like the Black users above, these users showed through their video descriptions and facial expressions that
they were dissatisfied with these outcomes. A user who is a White trans woman attempted various poses using
the filter and, in a final attempt, posed in a sports bra but was still unsuccessful in prompting the filter to illustrate
her as a woman. In the beginning of the video, she says, “help, this[…] filter keeps misgendering me!”.

In another example, a cisgender Black woman with hair pulled back posted a video trying the filter several
times, with the filter producing a masculine image each time. The first round of filter use produced a male manga
character; the second a character with more feminine features but large, muscular arms. The user’s expression
each time was stoic, making their emotions difficult to determine. Although we did not systematically analyze
the comments on these videos, the top comments we scanned in this case were from commenters (whose videos
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