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Abstract

The KeepA(n)I platform facilitates the auditing of computer
vision systems that tag images, which aid visual communi-
cation on the Web and social media, from content modera-
tion to the development of new apps and tools. In particular,
KeepA(n)I enables a broad set of stakeholders to scrutinize
a process of interest that embeds an image tagger for issues
of social stereotyping, while also examining the social norms
that humans apply to the observed Al behaviors. KeepA(n)I's
approach, and its use of the power of the crowd, can aid the
stakeholders in receiving responses to both descriptive and
normative questions (i.e., which stereotyping behaviors are
observed and if they are considered problematic by a given
“crowd” for an intended context). We provide an overview of
the platform, its key features, and a discussion via a use case
on the diverse set of stakeholders that can benefit from it.

Introduction

There has been a rapid democratization of Al tools and ser-
vices, which can benefit stakeholders in Web and social me-
dia communication, including those who analyze commu-
nication, moderate content, or develop new processes and
applications. However, Al can inadvertently perpetuate or
amplify biases, leading to outcomes that may reinforce dis-
crimination or unfair treatment (Ntoutsi et al. 2020; Ferrara
2024, Baldassarre et al. 2023). Thus, there is a need for
constant monitoring (Barlas et al. 2022). In the near future,
regular audits of Al systems are likely to become legal re-
quirements, ensuring that they are used responsibly and eth-
ically. However, in light of the rise of Al systems with more
unpredictable, ‘human-like” behaviors, researchers have de-
scribed a need for an ecosystem of Al evaluation techniques
(Weidinger et al. 2023) to involve diverse stakeholders.
When auditing an Al system that exhibits “human-like”
behaviors, one must consider how to measure the possible
expression of social stereotypes (Steed and Caliskan 2021;
Papakyriakopoulos et al. 2020). Stereotypes concern the be-
liefs that people hold about others, usually based on their
social categorization (Judd and Park 1993) (e.g., gender,
age, race, ethnicity). As social stereotypes are transmitted
between people, they can also be propagated by Al (Bar-
las et al. 2021; Marinucci, Mazzuca, and Gangemi 2023).
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Whereas stereotypes concern beliefs about how people are
or what they “should be,” social norms are the beliefs or
standards that people hold about behaviors, i.e., what is ac-
ceptable behavior and what is not. This includes what one
should (not) say about others (Zlatev and Blomberg 2019).
Thus, taken as a whole, the social norms of a community de-
fine its “socially acceptable way of living” (Kandori 1992).
In the same way, Al systems deployed in a certain commu-
nity must, through their output, align with the acceptable be-
havior(s) for that community (Otterbacher 2023).

KeepA(n)I examines the expression of stereotypes and
how they are reflected in biases shared by groups of peo-
ple interacting with the system (i.e., social norms). It is a
human-in-the-loop approach, engaging people in the evalu-
ation process, via paid or volunteer crowdsourcing. It facili-
tates diverse (e.g., across cultures) and dynamic (e.g., across
contexts and time) evaluation of social norms.

The KeepA(n)I Platform

The KeepA(n)I platform: (1) identifies social stereotypes ex-
pressed by image taggers when analyzing people images;
(2) determines social norms for the tagger’s behaviors, using
crowd input; (3) promotes fairness by supporting non-expert
developers and researchers in auditing Al systems; (4) raises
awareness of computer vision stereotypes through dynamic
empirical evidence.

Currently, the platform is configured to support stakehold-
ers in understanding the behaviors of Al image taggers be-
fore they embed them into a process or system of their inter-
est (hereon: “System”), to create an enhanced “Al-enabled
System.” The platform offers a user mode and an admin
mode, allowing administrators to review and approach the
launch of a crowdsourcing campaign. In this demo, we fo-
cus on the user mode.!

Input and Output of the Opaque Al Tagger

We assume that the System feeds part of its input through
the Al tagger, and that in turn, the output of the Al tagger
affects the decisions made and the output of the resulting
Al-enabled System. For the platform to audit the input and
output of the Al tagger with regards to the System at hand, it
introduces a set of functionalities as described below.

'An account can be created via: https:/keepani.algolysis.com.
A demo video can be found at: https://youtu.be/TUw6XfLfFkA
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Figure 1: (Left) Image Uploading feature. (Right) Dynamic reporting on social norms after crowdsourcing evaluation.

Image Uploading: Through My Images, a user uploads an
image to the platform (see Figure 1), and can label the image
with values specified in My Image Filters .

Image Labeling: My Image Filters offers two key func-
tions: defining image demographics (e.g., gender, race, age)
and grouping images with labels for easier access and eval-
vation. The platform includes two global filters for Gender
and Race and the option to create custom filters.

Image Processing: KeepA(n)I currently features two tag-
gers: Clarifai (Clarifai 2025) and Imagga (Imagga 2025),
calling their APIs and importing all generated tags into the
platform (see Figure 1). Additionally, through the option
Custom Tags, the platform allows the user to upload and tag
the selected image with tags generated or collected through
other means, which relate to their specific problem. Thus,
KeepA(n)I allows not only the evaluation of Systems en-
hanced by Imagga and Clarifai, but also, other image taggers
and annotation means (e.g., crowdsourcing).

Social Stereotype Identification

The AI-Tagger Report feature allows users to evaluate social
stereotypes expressed via image descriptions generated by
the selected image tagger. Users can filter images by crite-
ria and tags, then request a report on potential stereotypes
detected. The generated report provides statistics on the de-
mographics of the selected images and the tag frequencies
over all images. Heat-maps illustrate word pair frequencies,
exposing potential biases in tagger behavior. This process
can reveal patterns such as stereotypical tag pairings (e.g.,
“sexy” and “young” describing images of women but “seri-
ous” and “fine-looking” describing men). Additionally, the
report details error rates in gender tagging (where ground
truth is available) and tracks specific word usage across de-
mographic combinations. This information can aid users in
assessing the impact of tag usage on system development.

Social Norms for an Al-enabled System

Under the feature My Experiments, the user provides details
about the System’s objectives and target audience. This is
used to generate the use scenario under which social norms
will be determined, as well as the crowdsourcing parameters.
In particular, when selecting a crowd over a crowdsourcing
platform, KeepA(n)I’s protocol will also aim to collect the
perception of users who match the demographics of the tar-
get users of the System, as described by the developer. The

user also specifies the image tagger to be used by the System,
together with a set of evaluation images.

Once a New Experiment request is placed by the user,
the platform will generate one or more crowdsourcing cam-
paigns to facilitate the identification of social norms to
which the System should adhere. Following KeepA(n)I’s
crowdsourcing protocol, created campaigns will target spe-
cific demographic groups of the population, who will be
asked to judge, through the crowdsourcing task presented
to them, the tags’ appropriateness when describing a spe-
cific image and System scenario of use. Furthermore, the
KeepA(n)I platform will adjust the various crowdsourcing
parameters, such as the task duration (i.e., how many images
workers should evaluate in a single task) and the reliability
of results (i.e., how many unique responses should be col-
lected per image). Under My Campaigns, users can view the
status of campaigns generated within an experiment.

Once all campaigns under an experiment are completed,
areport is generated under My Experiments. The report pro-
vides an overview of the recruited crowdworkers’ demo-
graphics (as collected by the crowdsourcing platform and a
self-reporting questionnaire). An overview of their percep-
tions of which tags are (in)appropriate for a specific System
scenario of use, per image gender and race, is provided. This
information accompanies the crowdworkers’ perception of
the category the specific tag falls under, when perceived as
appropriate or not, i.e., tags relating to race, gender, age,
emotions, traits, occupation/social role, physical attractive-
ness, inflammatory and other (Barlas et al. 2019). Further-
more, the user is provided the flexibility to view the social
norms (i.e., appropriateness perceptions) grouped by image
and crowdworker demographics (see Figure 1).

Applications and Impact
KeepA(n)I is useful to developers wanting to audit an Al-
enabled system’s behavior in target cultural and geographi-
cal contexts. KeepA(n)I not only identifies possible stereo-
types in the image dataset on which the system is being de-
veloped, but also, with the aid of crowdworkers, determines
the (in)appropriate use of image tags in the whole process,
according to the involved crowd. For example, in a scenario
involving image tagging within a dating app, it could be the
case that workers of diverse genders or regions view the ap-
propriateness of tags relating to “attractiveness” differently.
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Furthermore, KeepA(n)I is a valuable tool for researchers
and educators examining the behavior of social media appli-
cations that rely on image tagging functionalities. It enables
the auditing of tags applied to specific image sets for stereo-
typical patterns. Additionally, KeepA(n)I offers easy access
to popular image taggers, facilitating the reverse engineering
of applications that use these taggers for decision-making.

Limitations & Future Work

The KeepA(n)I platform is built as a proof-of-concept aiding
stakeholders in auditing Al-enabled Systems, via descriptive
and normative questions on potential stereotypes resulting
from the incorporation of an image tagger in the System in
question. As such, we recognize that this tool has the po-
tential to be used with malice, aiding someone in promoting
biases in the developed System. In the exploitation phase of
the KeepA(n)I project, appropriate Terms of Service will be
developed to prohibit such malicious uses of the platform.
An essential part of the platform is the evaluation of social
norms that the System should respect, achieved by aggregat-
ing the perceptions of crowdworkers. We acknowledge that
crowdworkers might suffer from cognitive biases (Draws
et al. 2021) and through the design of the crowdsourcing
task, as well as our cleaning and aggregation process, we
aimed at minimizing this effect. Additionally, crowdsourced
data can suffer from temporal variation (Christoforou, Bar-
las, and Otterbacher 2021), meaning that the perceptions on
what tags are (in)appropriate might change over time and
thus, the evaluation of social norms is not a “one-off”. In this
respect, the cost of evaluating the System for social norms is
linked to many factors. As a future direction, we envision
the inclusion of a consultation service within the KeepA(n)I
platform, aimed at helping users strike a balance between
cost-efficiency and accuracy in the auditing process.
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Paper Checklist
1. For most authors...

(a) Would answering this research question advance sci-
ence without violating social contracts, such as vi-
olating privacy norms, perpetuating unfair profiling,
exacerbating the socio-economic divide, or implying
disrespect to societies or cultures? Yes, in fact the
KeepA(n)I approach promotes fairness by supporting
non-expert developers and researchers in auditing Al
systems.

Do your main claims in the abstract and introduction
accurately reflect the paper’s contributions and scope?
Yes

(c) Do you clarify how the proposed methodological ap-
proach is appropriate for the claims made? Yes

(d) Do you clarify what are possible artifacts in the data
used, given population-specific distributions? NA

(e) Did you describe the limitations of your work? No,
because this is a demo paper and due to limited space
it had to be omitted.

(f) Did you discuss any potential negative societal im-
pacts of your work? No, because this is a demo paper
and due to limited space it had to be omitted.

(g) Did you discuss any potential misuse of your work?
No, because this is a demo paper and due to limited
space it had to be omitted.

Did you describe steps taken to prevent or mitigate po-
tential negative outcomes of the research, such as data
and model documentation, data anonymization, re-
sponsible release, access control, and the reproducibil-
ity of findings? NA

Have you read the ethics review guidelines and en-
sured that your paper conforms to them? Yes

(b)

(h)

®

2. Additionally, if your study involves hypotheses testing...

(a) Did you clearly state the assumptions underlying all
theoretical results? NA

(b) Have you provided justifications for all theoretical re-
sults? NA

(c) Did you discuss competing hypotheses or theories that
might challenge or complement your theoretical re-
sults? NA

(d) Have you considered alternative mechanisms or expla-
nations that might account for the same outcomes ob-
served in your study? NA

(e) Did you address potential biases or limitations in your
theoretical framework? NA

(f) Have you related your theoretical results to the existing
literature in social science? NA

(g) Did you discuss the implications of your theoretical
results for policy, practice, or further research in the
social science domain? NA

3. Additionally, if you are including theoretical proofs...

(a) Did you state the full set of assumptions of all theoret-
ical results? NA
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(b) Did you include complete proofs of all theoretical re-
sults? NA

4. Additionally, if you ran machine learning experiments...

(a) Did you include the code, data, and instructions
needed to reproduce the main experimental results (ei-
ther in the supplemental material or as a URL)? NA

(b) Did you specify all the training details (e.g., data splits,
hyperparameters, how they were chosen)? NA

(c) Did you report error bars (e.g., with respect to the ran-
dom seed after running experiments multiple times)?
NA

(d) Did you include the total amount of compute and the
type of resources used (e.g., type of GPUs, internal
cluster, or cloud provider)? NA

(e) Do you justify how the proposed evaluation is suffi-
cient and appropriate to the claims made? NA

(f) Do you discuss what is “the cost* of misclassification
and fault (in)tolerance? NA

5. Additionally, if you are using existing assets (e.g., code,
data, models) or curating/releasing new assets, without
compromising anonymity...

(a) If your work uses existing assets, did you cite the cre-
ators? NA

(b) Did you mention the license of the assets? NA

(c) Did you include any new assets in the supplemental
material or as a URL? NA

(d) Did you discuss whether and how consent was ob-
tained from people whose data you’re using/curating?
NA

(e) Did you discuss whether the data you are using/cu-
rating contains personally identifiable information or
offensive content? NA

(f) If you are curating or releasing new datasets, did you
discuss how you intend to make your datasets FAIR?
NA

(g) If you are curating or releasing new datasets, did you
create a Datasheet for the Dataset? NA

6. Additionally, if you used crowdsourcing or conducted
research with human subjects, without compromising
anonymity...

(a) Did you include the full text of instructions given to
participants and screenshots? No, due to limited space
in this demo paper. We have provided a URL to the
platform. In the platform under the My Campaigns
feature, selecting Actions and then preview survey the
user can view the crowdsourcing campaign shown to
participants including the set of instructions given.
Did you describe any potential participant risks, with
mentions of Institutional Review Board (IRB) ap-
provals? Yes, all crowdsourcing experiments designed
for the KeepA(n)I platform have received approval
from the Cyprus National Bioethics Commitee. An in-
formation sheet together with an informed concent is
presented to the participants and can be viewed in the
platform (under the My Campaigns feature, selecting
Actions and then preview survey).

(b)



(©)

(d)

Did you include the estimated hourly wage paid to
participants and the total amount spent on participant
compensation? No, since according to the specific re-
quests of a user, a crowdsouring campaign will be
created dynamically and can have different durations.
However, every campaign run in the KeepA(n)I plat-
form rewards participants fairly providing at least the
average hourly wage per country of residence of the
participant and according to the crowdsourcing plat-
form’s suggestions.

Did you discuss how data is stored, shared, and dei-
dentified? Yes, we briefly discuss how collected data,
from a set of crowdsourcing campaigns, are presented
to the user of the platform in section ” Social Norms
for an Al-enabled System”. Additionally, we provide
an image of how data are represented (see right image,
Figure 1.)
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