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Abstract

Non-experts increasingly engage in user-driven algorithm audit-
ing, interacting directly with Al systems to probe, document, and
reflect on biased behavior. Yet, auditing remains challenging due to
model opacity and limited support for navigating and interpreting
outputs. This paper explores the design and evaluation of interfaces
grounded in the sensemaking framework to support non-experts
in auditing gender bias in image captioning. In a between-subjects
study, 60 participants audited an image captioning model using
one of three interface conditions: a Baseline interface, a Masking
Tool for image manipulation, or a Filtering Tool for organizing
captions. Our findings show that interface design shaped what
participants noticed, how they interpreted model behavior, and
supported their hypotheses. The Image Masking Tool enabled fine-
grained testing of visual cues and context, while the Text Filtering
Tool revealed broader asymmetries in gendered language. We argue
that incorporating sensemaking into auditing practices can advance
accountability and transparency in machine learning systems.
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1 Introduction

People increasingly encounter machine learning (ML) systems in
everyday life, from search and recommendation engines to acces-
sibility tools and creative applications. As these systems assume
roles with greater social implications, their outputs can shape what
users see, do, and believe, often without transparency into how
those outputs are generated. In response, users are left to interpret
algorithmic behavior through direct interaction, typically without
support or explanation. This interpretive work becomes critical
when users encounter outputs that appear biased, inaccurate, or
otherwise problematic. In recent years, non-experts have brought
widespread attention to such issues through everyday engagement
with deployed systems. For example, people uncovered racial bias
in Twitter’s image-cropping algorithm [17] and documented dis-
criminatory search results that exposed systemic profiling [41].

Building on these examples, recent research in HCI and STS
has investigated user-driven algorithm auditing, an approach where
non-experts engage with opaque systems to understand model
behavior and surface harms [10, 39]. Unlike expert-led audits, these
practices focus on the perspectives of laypeople, revealing issues
that can go unnoticed in technical evaluations. At the center of
such practices is the interpretive effort users undertake as they
probe outputs, compare examples, and generate hypotheses about
what the system is doing. This iterative process is referred to as
sensemaking [10, 34]: an effort to identify patterns, test assumptions,
and refine understandings of model behavior.

However, a core challenge lies in how to support this interpre-
tive work. Prior tools have offered new ways for users to engage
in auditing, but much of this support has remained oriented to-
ward performance evaluation or guided explanation [21, 33, 46]. In
contrast, sensemaking requires more open-ended support: users
need ways to notice patterns, compare outputs, and test hypotheses
without having their agency constrained or attention biased [8, 33].
Yet, the role of interface design in shaping these processes has not
been systematically studied, raising the central research question of
this work: how do interface design choices driven by sensemaking
processes impact audits by non-expert users?

To investigate this question, we study auditing of profession-
related gender bias in an image captioning model by non-expert
users. Technical evaluations in this domain have already shown


https://orcid.org/0009-0009-7719-5487
https://orcid.org/0000-0003-0461-4010
https://orcid.org/0000-0002-7152-4640
https://orcid.org/0000-0002-4590-106X
https://doi.org/10.1145/3772318.3790784
https://creativecommons.org/licenses/by/4.0
https://creativecommons.org/licenses/by/4.0
https://doi.org/10.1145/3772318.3790784
https://baptiste.caramiaux@sorbonne-universite.fr
https://jules.francoise@lisn.fr
https://michele.gouiffes@lisn.fr
https://behnoosh.mohammadzadeh@universite-paris-saclay.fr

CHI *26, April 13-17, 2026, Barcelona, Spain

gender biases, such as models tending to associate certain occu-
pations with specific genders, thereby reinforcing harmful stereo-
types [28, 50]. Given the societal impact of how gender and pro-
fessions are represented, image captioning offers a compelling use
case for examining user-driven algorithm auditing through a sense-
making lens. We conducted a between-subjects online study with
60 participants, who were asked to audit the Salesforce BLIP [23]
model for occupational gender bias. Participants were assigned to
one of three conditions. A Baseline interface allowed open-ended ex-
ploration of an image dataset and its generated captions. An Image
Masking Tool extended this by letting users draw masks over spe-
cific image regions to test how visual content influenced captions. A
Text Filtering Tool enabled participants to query the dataset based
on words present in the output captions, supporting comparisons
across similar instances. We performed a mixed-methods analysis
of the audit outcomes. Our findings show that non-expert partici-
pants uncovered a range of gender biases in the model’s behavior,
including the reinforcement of gendered professional stereotypes,
a tendency to prioritize gender over profession, a biased reliance
on visual cues, and the use of gendered language. Their audits re-
vealed that these biases often emerge through complex interactions
between visual and linguistic modalities. The types of hypothe-
ses participants developed were shaped by the auditing tools: the
Image Masking Tool enabled fine-grained testing of visual and con-
textual cues, while the Text Filtering Tool helped reveal broader
asymmetries in how men and women were described. This work
demonstrates that the design of auditing interfaces influences what
patterns of bias users identify, how they interpret model behavior
and support their hypotheses.

2 Related Work

This section begins by reviewing sensemaking as a key interpretive
process through which users engage with algorithmic outputs, then
situates this within the broader shift from expert-led to user-driven
algorithm auditing, and finally reviews documented patterns of
gender bias in image captioning systems.

2.1 Background on Sensemaking of Algorithmic
Behavior

The Sensemaking framework models how people interpret and
organize complex information during exploratory analysis [34]. De-
veloped through cognitive task analyses with intelligence analysts,
Pirolli and Card’s model identifies four key phases: gathering raw
information, representing it in structured ways, manipulating these
representations to generate insights, and ultimately producing a
knowledge artifact or decision.

In HCI and CSCW, sensemaking was used to guide the design
of systems that support exploration and interpretation of complex
data. For example, it has informed tools for navigating computa-
tional notebooks [5], multilevel exploration of large language model
outputs [40], and online research platforms that combine machine
assistance with user inquiry [36]. Sensemaking also underpins work
in interactive machine teaching, where it helps decompose complex
concepts into teachable components [32]. More recently, the frame-
work has been applied to the design of human-AI collaborative
auditing systems for large language models. AdaTest++ [37], for
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example, scaffolds both expert and non-expert investigations by
helping users organize test cases, use prompt templates to probe
outputs, and iteratively refine mental models of failure patterns.

Building on this earlier work, Cabrera et al.[4] adapted Pirolli and
Card’s [34] framework to describe how Al practitioners make sense
of model behavior. Model behavior refers to the patterns, tendencies,
or failures exhibited by an Al system, as perceived and understood
by practitioners through a process of sensemaking. Their frame-
work characterizes sensemaking as a non-linear, iterative process
comprising four stages: Instances and Outputs, Schemas, Hypotheses,
and Assessment (Figure 1).

organize describe summarize
instances behaviors findings
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Figure 1: Adapted from Cabrera et al. [4]. Sensemaking of
model behavior is iterative and non-linear: practitioners may
enter at any stage, revisit previous steps, and shift between
organizing, hypothesizing, and evaluating model behaviors.

Practitioners begin with Instances and Outputs, collecting sys-
tem outputs from various sources. These are then grouped into
semantically meaningful categories in the Schemas stage. In the
Hypotheses stage, they define expectations about model behavior
and gather evidence to evaluate them. Finally, the Assessment stage
involves organizing and reporting findings. Importantly, the frame-
work emphasizes that practitioners may enter at any point, for
instance starting with pre-existing hypotheses rather than gather-
ing instances. In addition, practitioners frequently revisit schemas
as they refine and update their understanding. Schemas evolve dy-
namically in response to new outputs and observations, reflecting
how practitioners build mental models of model behavior over time.

To evaluate their sensemaking framework, Cabrera et al.[4] de-
signed an analysis tool and conducted a think-aloud study in which
data scientists explored, tested, and compared the behavior of two
image captioning models.

We are interested in applying the sensemaking framework to
the design of interfaces in the context of user-driven Al-based
algorithm auditing.

2.2 Algorithm Auditing: From Expert-Led to
User-Driven Approaches

Algorithm audits involve systematically querying an algorithmic
system to observe its outputs and draw conclusions about its func-
tionality, thereby uncovering insights into its opaque inner work-
ings and external impacts [29]. Auditing has been central to diag-
nosing harmful algorithmic behaviors in real-world contexts, with
systematic reviews confirming that discrimination and bias consis-
tently emerge as dominant themes [2, 3, 11, 35, 38, 48]. For example,
key studies such as Gender Shades [3] revealed that commercial
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facial recognition systems performed far worse on darker-skinned
women, while Kay et al. [18] documented the under-representation
of women in Google image search. However, most audits remain
expert-driven, conducted by researchers and developers with the
technical skills required to interrogate systems [10]. This expert
focus risks overlooking the lived experiences of end-users, who
often encounter harms in everyday contexts [33, 39].

Recent research and online discussions have highlighted how
non-expert users can uncover harmful algorithmic behaviors through
direct interaction with systems [11, 19, 24, 26, 39]. User-driven au-
dits have the potential to empower non-experts to challenge al-
gorithmic behavior and contribute to broader accountability ef-
forts [7, 22, 27, 39]. Researchers have therefore proposed interac-
tive tools to better support users in auditing algorithms, such as
Recast [46] or IndieLabel [21] for content moderation. Closer to our
interest, WeAudit [9] was recently introduced as a workflow and
platform co-designed with end-users and practitioners to scaffold
user engagement in auditing while ensuring findings are inter-
pretable and actionable.

Researchers have also proposed models outlining the cognitive
and behavioral processes involved. Shen et al. [39] described ‘ev-
eryday algorithm auditing’ as a process through which users or-
ganically detect, document, and share problematic behaviors, often
through social media or online communities. Their work highlights
a recurring pattern: users notice a biased output, raise awareness,
form hypotheses, test responses across examples, and sometimes
suggest remediations. Building on this, DeVos et al. [10] offered a
three-stage model that formalizes the cognitive processes of audit-
ing into: noticing patterns in outputs (search inspiration), interpret-
ing those outputs to understand possible bias (sensemaking), and
considering actions or responses (remediation). Beyond outlining
these stages, their model also emphasizes how users’ prior knowl-
edge and platform affordances, such as autocomplete, filtering, or
search result layouts, influence what users can observe, explore,
and compare. Crucially, prior literature observed that sensemaking
is not only a point of deep engagement with affordances, but also
a site where users’ understanding evolves. For example, two main
sensemaking strategies in user-led audits have been observed: (1)
manipulating single inputs to compare how outputs change, and (2)
comparing multiple outputs in parallel to detect broader patterns
of bias [17, 41].

While these works have identified the sensemaking strategies
non-expert users employ when auditing algorithms, a key chal-
lenge remains: how to design tools that effectively support this
iterative, interpretive process. In this paper, we examine how dif-
ferent tool designs, grounded in observed sensemaking strategies,
shape how non-expert users interpret algorithmic behavior and
affect the outcomes of audits.

2.3 Gender Bias in Image Captioning Models

This article focuses on the case of auditing gender bias in automatic
image description algorithms. Image captioning models often ex-
hibit gender bias, as documented in expert-led evaluations [16, 43].
Here, we propose to present the literature on gender bias in im-
age captions, structuring it around the patterns of bias that these
previous studies have identified.

CHI *26, April 13-17, 2026, Barcelona, Spain

Stereotype reinforcement is a recurring pattern wherein models
amplify gender associations, such as describing snowboarders as
“men” or individuals in kitchens as “women,” even when gender evi-
dence is unclear or absent [16, 49]. Mandal et al. [28] further showed
that occupations like “beautician” or “housekeeper” are dispropor-
tionately associated with women, while roles such as “engineer”
are linked to men, correlations that mirror real-world disparities
in workforce participation and pay gaps. Nakashima et al. [31] fur-
ther identified context-to-gender bias, where background cues such
as kitchens trigger female predictions, and gender-to-context bias,
where perceived gender leads to hallucinated objects, such as a suit
for men. Such behaviors are prevalent in captioning models [31, 43]
and become even more pronounced in TTI systems [25].

Other studies reveal deeper structural mechanisms. Abdollahi
et al. [1] describe gender—activity binding, where changing only
the gender of a subject systematically alters predicted roles, even
with identical visual inputs. Using the GAB dataset, they show that
models perform worse when confronted with role—gender pairings
that contradict stereotypical expectations. Xiao et al. [47] extended
this with the GenderBias-VL benchmark, demonstrating that occu-
pational inferences can shift solely based on gender perturbations,
despite identical visual and contextual cues.

Wolfe and Caliskan [45] identified markedness bias, whereby
male-presenting individuals are more often labeled with neutral
terms such as “person,” while female-presenting individuals are ex-
plicitly marked with gendered labels like “woman.” This asymmetry,
visible in models such as CLIP, also shapes downstream generative
outputs.

In addition, the persistent use of binary gender framing rein-
forces misgendering. Models trained on binary gender classification
frequently rely on stereotypical cues from appearance, context,
or role, leading to systematic errors [15, 16, 42] and erasing non-
binary identities that remain underrepresented in datasets and
benchmarks [42].

Finally, the VisoGender benchmark highlights resolution bias,
where models systematically default to masculine labels when re-
solving gender in ambiguous contexts. Masculine pronouns are
predicted more reliably than feminine ones, and in multi-person
images, contextual stereotypes further skew resolution toward men,
leading to systematic misclassification [15].

While previous work has identified critical patterns of gender
bias in vision-language models, most analyses are based on bench-
mark experiments and do not result from algorithm audits by users.
As a result, little is known about how effectively users can identify
such bias patterns. Using gender bias in image captioning model as
use case, our study investigates whether interactive auditing sys-
tems, grounded in the concept of sensemaking, can support users
in detecting these patterns.

3 Methods

We conducted an experimental study in which participants audited
an image captioning model for gender bias. This section details the
study design and experimental conditions, participant recruitment,
procedure, and the methods used for data collection and analysis.
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3.1 Participants

We recruited 60 participants through the Prolific platform!. We
screened for individuals with no prior experience in algorithm au-
diting and no formal education in machine learning. Participants
ranged in age from 22 to 65 years (M = 36.4), with a balanced gender
distribution (31 male, 29 female). The sample was internationally
diverse, with participants primarily residing in South Africa, the
United Kingdom, Poland, and the United States. Educational back-
grounds varied: 22 participants held a Bachelor’s degree, 18 held
a Master’s degree, and the remainder had completed college-level,
high school, or other forms of education. Participants reported
moderate familiarity with machine learning and image captioning,
most frequently rating themselves at 2 or 3 on a 5-point Likert scale,
confirming that they were not domain experts.

3.2 Image Captioning Model and Dataset

The main task of the study was the auditing of a specific image
captioning model. For this study, we selected the Salesforce BLIP
model [23], a widely used image captioning system known for
its rich, descriptive outputs and relevance in applications such as
digital accessibility.

To further frame the task, we focused on gender bias in occu-
pational settings using the Visogender dataset [15], a collection
specifically curated to support the study and measure of gender bias
in visual-language models. The dataset includes 230 images in the
single-person set and 460 images in the two-persons set, covering
23 occupations. It was built with specific inclusion criteria: each
image features one or two individuals; images exclude children,
stock photo watermarks, and non-safe-for-work content; and all
images are publicly available under Creative Commons licenses.
Images are either in color or black and white and depict people
engaging in occupational or contextual activities. These properties
ensured both ethical use and conceptual clarity for participants
evaluating the model’s outputs.

For this study, we selected a subset of 80 images from the medical
sector, where preliminary testing revealed particularly salient exam-
ples of gender bias in model-generated captions. Images of medical
professionals, such as doctors and nurses, consistently elicited cap-
tions that reflected entrenched gender stereotypes across cultural
contexts. Figure 2 (left) depicts examples of images from the dataset
used in the study.

3.3 Auditing interfaces

We designed a web-based interface that scaffolds the key stages
of the sensemaking process as described in Cabrera et al. [4] (and
depicted in Figure 1), including interpreting instances and outputs,
aggregating them into schemas and generating hypotheses, and
organizing evidence.

3.3.1 Auditing interface design. The interface, displayed in Figure 2,
consists of three main components: an image dataset explorer, an
image-caption viewer, and a structured documentation panel for
reporting biases. The Dataset Explorer and Model’s Captions
panels support the Instances & Outputs stage by allowing users to
scroll through and select images from the dataset, which opens a

Thttps://www.prolific.com/
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larger preview in the center, accompanied by its model-generated
caption, enabling close reading and comparison of outputs.

On the right, users can create and manage Bias Cards, which
serve as structured units for supporting both the Hypotheses and
the Schemas stages of the framework. Each card includes a text
field where users describe a suspected bias and articulate their
hypothesis. Below this, a drag-and-drop area allows users to com-
pile supporting evidence by selecting relevant image-caption pairs.
This visual organization of related examples supports the creation
of Schemas, helping users iteratively group semantically similar
behaviors and refine their understanding. Users can revise cards
as their hypotheses evolve, and multiple cards can be created to
represent different observations.

At the end of each session, all cards are compiled into a final
audit report that reflects a user-generated Assessment of model
behavior.

3.3.2  Auditing tools. Because the audit task involves examining
the relationship between images and their textual descriptions, we
developed two additional tools specialized for each modality: an
Image Masking tool and a Text Filtering tool. The tools were
designed to support different sensemaking strategies identified by
DeVos et al. [10]: manipulating single inputs to compare changes
in the output, and grouping outputs to detect broader patterns of
bias.

The Image Masking Tool allows users to selectively occlude parts
of an image with a brush interface and observe how the
model-generated caption changes in response (see Figure 3).
This design enables users to go back to the Instances & Out-
puts stage [4] and create specific synthetic instances to test
their hypotheses. The design of this tool was inspired by
strategies observed in user-driven audits. For example, Twit-
ter users tested hypotheses about racial bias in the plat-
form’s image-cropping algorithm by altering features such
as background color or clothing [17], and Booking.com users
adjusted input ratings to uncover patterns of score infla-
tion [39].

The Text Filtering Tool enables users to input keywords and dy-
namically filter the dataset based on terms found in model-
generated captions (see Figure 4). Its design was inspired
by the Schemas stage of the sensemaking process [4], which
emphasizes grouping related instances to support broader
generalizations. Filtering provides a way for users to move
from isolated examples toward identifying recurring patterns
across the dataset. Similar strategies underpin prior audits
of representational bias: users analyzing Google Images, for
example, revealed gender imbalances in query results for
“doctor” versus “nurse” [10], while Sweeney’s audit of search
ads exposed racial discrimination by systematically compar-
ing names at scale [41]. In our interface, users can enter
one or more keywords (combined using AND logic) to nar-
row the dataset view to images whose captions contain all
specified terms.

3.3.3 Implementation. The auditing interface was developed using
Marcelle,? a JavaScript toolkit for building interactive machine

Zhttps://marcelle.dev/
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Figure 2: The Auditing Interface includes: a Dataset Explorer (left), Caption Viewer (center), and Bias Cards panel (right) where
users document a description of a the bias (hypothesis) and attach supporting examples by selecting relevant image-caption

pairs (evidence of bias)

learning applications [13]. Marcelle facilitates the integration of ML
data and models in web applications and the collection of user data.
Its Node.js backend provides user authentication and persistent data
storage using MongoDB, and the front-end was implemented using
SvelteKit 3. The auditing interface extends Marcelle with several
custom components designed specifically to scaffold user-driven
algorithm auditing. In particular, we implemented new modules
for the Bias Cards, the Image Masking Tool, and the Text Filtering
Tool. The source code for the auditing interface is available as open
source for reproducibility 4.

3.4 Study Design

The study follows a between-participants design with three condi-
tions:

baseline : auditing with the Baseline interface (original interface
design, Figure 2)

masking: auditing with the baseline interface augmented by the
Image Masking Tool (Figure 3)

filtering: auditing with the baseline interface augmented by the
Text Filtering Tool (Figure 4).

Participants were evenly assigned across the three experimental
conditions (n = 20 per condition). All participants were compensated
at an hourly rate of $11. This rate aligns with minimum wage in
France, is considered fair by Prolific, and helps maintain participant

Shttps://svelte.dev/
“https://github.com/13ehfar/VLM- Auditing-Interface

engagement and data quality. Participants were informed that their
audits would be reviewed for alignment with task instructions and
quality before approval. The study was reviewed and approved by
the institution’s Research Ethics Committee.

3.5 Procedure

Each session lasted approximately 60 minutes and followed a struc-
tured format. Participants began with a brief introduction outlining
the study’s goals, followed by a pre-study questionnaire that col-
lected demographic information and administered the Ambivalent
Sexism Inventory (ASI) [14]. The ASI is a validated instrument com-
monly used in studies of gender bias and was included to assess
participants’ underlying attitudes toward gender. Prior research
suggests that such attitudes may influence how individuals perceive
and report algorithmic biases [10]. All questionnaires are included
in the supplementary materials.

Participants were then introduced to the auditing interface through
a video tutorial and a step-by-step hands-on guide. The tutorial
covered the interface’s main components and demonstrated how to
use the Bias Cards to document findings. Depending on the experi-
mental condition to which they were randomly assigned (described
in Section 3.4), the tutorial also introduced either for the baseline,
masking, or filtering conditions.

Following the tutorial, participants completed a 30-minute audit-
ing task. They were instructed to explore the dataset, examine the
model-generated captions, identify potential examples of gender
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Figure 3: The Image Masking Tool allows users to test the
impact of visual features by selectively masking regions of
the image and observing changes in model output.

bias, and document as many biases as they found within the allotted
time using the Bias Cards, with each card representing a distinct
observation or hypothesis.

3.6 Data Collection

To investigate how interface design shaped participants’ sense-
making during user-driven algorithm auditing, we collected both
quantitative and qualitative data throughout the study.

3.6.1 Demographics and Background. We collected demographic
information (age, gender, country of residence) directly through
the Prolific platform. A pre-study questionnaire additionally cap-
tured participants’ education level, professional field, self-assessed
familiarity with artificial intelligence (AI) and image-captioning
models, and ASI responses.

3.6.2 Bias Cards as Sensemaking Artifacts. During the study, partic-
ipants created audit reports by organizing biased examples into Bias
Cards. These cards included a textual description of the bias they
identified (hypothesis), as well as a set of supporting image-caption
pairs selected as evidence. After submitting each card, participants
completed a brief self-assessment indicating how confident they
were in the validity of their hypothesis. We define confidence as
participants’ self-reported certainty in their interpretation of the
model’s behavior on a 5-point Likert scale. Participants could also
add optional comments to elaborate on their reasoning or reflect
on the card creation process.

Mohammadzadeh, et al.
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dataset based on keywords found in model-generated cap-
tions. The bottom row illustrates two examples of filtering
using multiple keywords with the AND operator, for instance,
filtering for images whose captions include both "woman"
and "doctor."

3.7 Data Analysis

Our analysis examines how interface design shaped participants’
auditing outcomes, combining quantitative comparisons with the-
matic analysis. We analyze how each tool influenced the number of
hypotheses, the amount of supporting evidence, and participants’
confidence, as well as the types of gender bias they identified and
how they framed visual, linguistic, and cross-modal patterns.

We analyzed a total of 274 valid bias cards, after discarding
51 cards (baseline: 18, masking: 20, filtering: 13) that were either
vague, unrelated to gender bias, or did not contain a clear hypothesis.
Across these, participants provided a total of 1,090 evidence items
(image—caption pairs) to support their hypotheses.

3.7.1 Quantitative Analysis. To evaluate the sensemaking outcomes,
we used the following indicators:

o Number of bias cards per participant. This served as a proxy
for the breadth of their bias identification efforts.

o Number of evidence items per hypothesis. For each bias card,
we counted the number of image-caption pairs that partici-
pants grouped as supporting evidence. This metric reflects
how thoroughly participants supported their hypotheses.

o Analysis of confidence and self-assessment questions. We an-
alyzed participants’ self-reported confidence ratings using
descriptive statistics and condition-level comparisons.
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o Correlation between confidence and evidence. This metric pro-
vides insight into how grounded participants’ certainty was
in empirical observations.

Given that most quantitative measures violated normality as-
sumptions (Shapiro-Wilk tests), we used non-parametric analyses
throughout. Differences across conditions were evaluated using
Kruskal-Wallis tests, for which we report effect sizes using }712{
together with 95% bootstrap confidence intervals. We then used
pairwise Dunn tests with Holm correction as post-hoc analysis.
Effect sizes for pairwise comparisons are reported using Cliff’s
d with 95% bootstrap confidence intervals. Associations between
confidence and evidence were examined using Pearson correla-
tions computed separately per condition; we report correlation
coefficients with 95% confidence intervals.

3.7.2  Qualitative Analysis of Bias Cards. We conducted a reflexive
thematic analysis of participants’ bias cards. The first author coded
the entire dataset, while the second and fourth authors each inde-
pendently coded half of the cards. We initially assigned descriptive
codes to capture the specific gender biases participants described in
their hypotheses (written descriptions: e.g., occupational stereotyp-
ing, gender misidentification, omission), using evidence items to
disambiguate or assist the interpretation. We aimed to understand
how participants made sense of the model’s behavior: what biases
they identified, how they described them, and how they tested hy-
potheses regarding the model’s behavior. From these initial codes,
we collaboratively developed a codebook that defined each code
and included example excerpts. The full dataset was then double-
coded by two researchers using the finalized codebook, and all four
authors participated in resolving disagreements through iterative
discussion until consensus was reached.

Eventually, we grouped related codes into broader inductive
themes that reflected recurring patterns in what participants iden-
tified and hypothesized about gender bias. These themes serve as
the basis for understanding how sensemaking outcomes differed
across interface conditions. When reporting results, we attribute
quotes to participants using anonymized identifiers in the format
P<condition>-<ID> (e.g., PB-13 for participant 13 in baseline con-
dition), to preserve anonymity while indicating their experimental
condition.

3.7.3  Comparative Analysis Across Conditions. To understand how
different interfaces shaped sensemaking outcomes, we conducted
both quantitative and qualitative comparisons across the three
experimental conditions.

e Quantitative comparisons assessed how many times each
theme and sub-theme appeared in bias cards related to each
condition. We used chi-square tests of independence to assess
whether the distribution of themes and sub-themes varied
significantly by interface condition. Chi-square analyses of
thematic distributions include Cramer’s V as the effect-size
estimate. This approach allowed us to determine whether
certain forms of gender bias were more likely to be identified
under specific interface conditions.

e Qualitative comparative analysis focused on understand-
ing how the design of the interfaces shaped the audit out-
comes. For each experimental condition, we examined the
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bias cards that participants generated across themes and
sub-themes. We then aggregated them to identify overarch-
ing sensemaking strategies, considering three key dimen-
sions: (1) the nature of the biases described, (2) whether
participants explicitly mentioned using the interface when
describing the bias, and (3) the evidence supporting their
hypotheses (including, in the masking condition, images
with manually drawn masks).

4 Results

Before presenting our results, we assess whether participants’ at-
titudes towards gender varied across conditions by analyzing ASI
scores collected prior to the audit task. One-way ANOVA tests did
not show any significant differences across groups for hostile sexism
(F(2,57) = 0.38, p = .69, 17}2, = .01, 90% CI [<.01, .05]), benevolent
sexism (F(2,57) = 0.38, p = .69, 17}2, =.01, 90% CI [<.01, .05]), and
total ASI score (F(2,57) = 0.33,p = .72, 7712, =.01,90% CI [<.01, .05]).
Thus, participants’ pre-audit ASI scores were comparable across
conditions and did not influence the observed differences in au-
diting outcomes. In this section, we start by reporting a thematic
analysis of participants’ bias cards. Then, we analyze how different
auditing tools influenced participants’ sensemaking outcomes, fo-
cusing on the distribution of themes across conditions, the quantity
of evidence and self-reported confidence.

4.1 Thematic Analysis of Participants’ Bias
Cards

Our thematic analysis of participants’ bias cards yielded four in-
terrelated themes that characterize how patterns of gender bias
manifested in the model’s captions: reinforcement of gendered pro-
fessional stereotypes, prioritization of gender over profession, biased
reliance on visual cues, and language that reflects gendered hierarchies.
These themes do not represent mutually exclusive categories, but
rather highlight distinct mechanisms that sometimes co-occurred
or built upon one another in participants’ audits.

Each theme is presented below with sub-themes and representa-
tive quotes from participants’ observations. The themes and sub-
themes are summarized in Table 1.

4.1.1 Theme 1 - The model reinforces gendered professional
stereotypes. Participants across all conditions identified patterns
in how the model assigned professional roles, often in ways that
reflected stereotypical gender norms and undermined women’s
professional identities.

T1.1: Men are doctors, Women are nurses: Across conditions,
participants observed that “women were rarely described as doctors
despite clear indicators of their roles” (PB-17), such as white coats
or stethoscopes, while men were labeled as doctors “although there
are no visual references of him being a doctor” (PM-5). Some linked
this pattern to broader gendered occupational norms: “It reflects
and reinforces the stereotype that nursing is a female-only profession,
which may contribute to ongoing gender inequality” (PB-10).

T1.2: Women’s Professional Identity Is Undermined or Re-
placed. Participants reported that women’s professional identities
were frequently omitted, labeled vaguely, or replaced with passive
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Table 1: Summary of themes resulting from the thematic analysis of participants’ bias cards.

Theme Subtheme

Example

Theme 1: Reinforcing gendered T1.1 Role labeling (e.g., doctor vs. nurse)

professional stereotypes

Men labeled as doctors, women as nurses despite identi-
cal context or attire

T1.2 Role replacement with domestic con- Woman in uniform labeled as being in a kitchen; visual

text

Theme 2: Gender foregrounded T2.1 Gendered labeling
over profession

context downplayed or misread

Women labeled as “female doctor” or “woman,” while
men are simply labeled “doctor”

T2.2 Gender misclassification from appear- Hair or legs lead to misgendering; when gender is oc-

ance

cluded, captions default to male

T2.3 Authority attributed to men in group In mixed-gender scenes, male is labeled doctor even

scenes

Theme 3: Visual cues reinforce T3.1 Same clothing, different roles

stereotypes

when woman performs caregiving task

Male and female in lab coats labeled as “doctor” and
“woman” respectively

T3.2 Removing cues changes role attribu- Removing uniform from woman leads to “patient”; man

tion

Theme 4: Language reinforces gen- T4.1 Role marked by gender

dered assumptions

retains “doctor” label without cues

Use of “female doctor” and occasional “male doctor”;
men as default for “doctor”

T4.2 / T4.3 Gendered descriptors diminish  “Smiling woman”: gendered and affective terms more

women’s authority

common for women

or domestic roles. As PF-2 noted: “There are women who are clearly
health care practitioners or doctors identified as patients or generi-
cally”. In some cases, captions assigned women unrelated domestic
contexts; for example, PM-6 observed: “Three very similar images,
but when there is a woman it provides the wrong role and also the
wrong context (kitchen)”.

4.1.2 Theme 2 - The model’s emphasis on gender leads to
and reinforces stereotypical role assignments. Participants
across all conditions reported that the model prioritized gender
over professional roles, particularly for women, often relying on
stereotypical visual cues. They noted that in mixed-gender scenes,
professional authority was disproportionately attributed to men.

T2.1: The Model Describes Women by Gender, Not by Pro-
fessional Role. Across all conditions, participants noted that the
model often prioritized gender over professional identity, particu-
larly for women, even when professional cues were visually present:
“Seeing a female doctor wearing her uniform and just calling her a
female and not acknowledging her work title is minimizing her po-
sition” (PB-20). Others described captions that “reduce women to
Jjust their gender,” while men were more often labeled by profession
(e.g., “doctor”). Several interpreted this asymmetry as more than a
technical oversight, suggesting deeper assumptions that "reinforces
real-world gender hierarchies" (PM-16).

T2.2: Gendering Is Error-Prone, Binary, and Relies on Visual
Stereotypes. Participants found that the model frequently inferred
gender inaccurately, relying on stereotypical cues: PM-20 wrote:
“Men and women are identified by hair, face and breasts”; and PM-
8 noted that: “Because of putting out their leg, the model think is
a woman’”. Some participants also critiqued the binary framings:

“Captions are not gender neutral” and “There is a possibility of the
people being part of LGBTQ” (PM-9).

T2.3: In Mixed-Gender Contexts, Authority Skews Toward
Men. Across all conditions, participants observed that when men
and women appeared in the same image, the model often failed
to attribute professional authority evenly. Groups of men were
frequently described as doctors regardless of context: PB-2 wrote:
“[The model] believes every man in the picture is a doctor, although
it is very clear that one of them isn’t”, while PB-18 commented:
“These captions reinforce male dominance in positions of authority or
expertise, particularly in the medical field”. Conversely, women were
misidentified or portrayed in passive roles, when alongside men:
“The model overlooks the professional role of the woman and assumes
she is a patient too” (PM-5). In some cases, the model reversed the
caregiving roles entirely: “A female doctor assisting a male patient
with a vaccine was captioned in reverse" (PM-8).

4.1.3 Theme 3 - The model’s use of visual cues reinforces
stereotypes. Participants across all conditions noted that the model
relied heavily on visual cues, such as clothing and perceived gen-
der markers, when assigning professional roles. These cues were
not interpreted consistently: the same visual signals often led to
different role labels depending on perceived gender.

T3.1: Visual Cues Are Interpreted Differently Based on Gen-
der. Across all conditions, participants found that identical visual
cues, such as lab coats, scrubs, or stethoscopes, led to different role
attributions depending on perceived gender. Women’s professional
attire was often downplayed or mischaracterized. For instance, ‘Tt is
implying that a woman’s uniform is belittled to a white shirt” (PM-13);
“The model described a lab coat worn by a woman as a ‘white gown’....
it sounds like it describes a lady who went to prom rather than a
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medical professional” (PF-14). In contrast, men’s non-professional
clothing was sometimes elevated: “[The model is] assuming that a
man is wearing a lab coat when it’s a shirt.” Some participants con-
ducted direct comparisons to confirm the discrepancy. PM-17 wrote:
“Two images of people dressed in the same uniform with stethoscopes,
male is referred to as doctor, female is noted as a woman”.

T3.2: Masking Gender and Context Changes Role Descrip-
tions. Participants in the masking condition tested how the model
inferred professional roles when gender or contextual cues were
obscured. Several reported hiding features such as faces or hair
shifted captions from passive or domestic to professional roles. One
masked a woman’s face and wrote: “When gender cannot be identi-
fied, [the model] changes caption to ‘doctor’” (PM-15). Participants
also tested how removing contextual cues like uniforms or instru-
ments influenced role attributions: “When you remove the uniform
from the female doctor it says that she is a patient but doesn’t do
that when the male has no uniform on” (PM-3). In a mixed-gender
scene, masking the woman’s face led the model to describe the male
patient as the doctor: “though he’s clearly the one being treated.”

4.1.4 Theme 4 - The model’s language reinforces gendered
assumptions. Across all conditions, participants hypothesized that
the model’s language reinforced gendered assumptions through spe-
cific word choices, tone and framing. Rather than merely flagging
problematic words, many reported how language framed certain
roles as default and subtly reinforced authority hierarchies.

T4.1: Gendered Adjectives Reinforce Professional Stereotypes.
Participants across all conditions frequently noted that gendered
adjectives (e.g., “female doctor,” “male nurse”) marked deviations
from stereotypical norms. “[The model] only specifies gender when
the doctor is a woman... This implies that being a doctor is inher-
ently male unless stated otherwise” (PB-10); “By emphasizing the
female doctor’s gender, the caption reinforces the notion that women
in medicine are exceptional, whereas men are the default” (PF-20).
Conversely, the term “male nurse” reinforced stereotypes of nursing
as a feminine role.

Some participants also noted that gendered adjectives elevated
male authority. “The model emphasizes ‘male doctor’ when ‘doctor’
would have sufficed,” suggesting this framing may “diminish the
perception of women as equally capable in medical roles” (PB-7).

T4.2: The language Used to Describe Women Lacks Profes-
sionalism. Participants reported that the model often described
women using vague or unprofessional terms rather than occupa-
tional titles. PF-8, PF-10, PF-16, and PB-13 listed labels such as “white
shirt, headphones, toy,” calling them “belittling when the woman is
clearly doing a professional job.” PB-5 linked this pattern to broader
societal expectations: “This bias suggests women should be at home
doing chores.”

In mixed-gender scenes, participants also noted that women
were often described in secondary or passive roles. PF-1 highlighted
sentence structures that minimized women’s agency: “The woman-
belittling sentence structure, men being treated or helped ‘by a woman’,
prioritizes a man as someone more important.” Others emphasized
how captions misrepresented women'’s professional presence: “The
caption seems to indicate that the man is far more involved or im-
portant in the image than is actually true. The woman is constantly

CHI *26, April 13-17, 2026, Barcelona, Spain

not given an accurate description of her position.” (PF-18); "it stated
that the woman was looking out of the window but she was clearly
examining something to do with her job" (PM-11); and “mistakes the
service that a professional provides based on gender” (PF-6).

T4.3: Women Are Described by Appearance, Men by Role or
Action. Participants observed that the model frequently described
women by their appearance, expression, or clothing, while men
were more often described by professional role or activity. “The
female doctors are labeled as ‘smiling female doctor’ while male
doctors are just stated as male doctors... makes it seem that female
doctors have to always have a pleasant expression” (PB-20).

Several participants hypothesized that in professional settings,
women were labeled by attire rather than role: “A woman in white
coat talking to a doctor reflects gender bias by implying that the
woman in the white coat is not a doctor herself” (PB-7). Comparing
two nearly identical images, PF-18 observed: “The one says ‘a male
doctor,’ and the other says ‘the woman with a robe’”. Others pointed
out a broader pattern: “More attention is being paid to what a woman
is wearing than what a man is wearing” (PF-13).

4.2 Effects of the Interface on Auditing
Outcomes

This section analyzes how interface design shaped participants’
auditing outcomes, combining quantitative comparisons with the-
matic analysis. We examine how different tools influenced the
number and patterns of gender bias participants identified, the
amount of supporting evidence they provided, how they framed vi-
sual, linguistic, and cross-modal patterns, along with their reported
confidence.

4.2.1 Effect of Interface on Identified Patterns of Bias. The distribu-
tion of bias cards across the four themes of our thematic analysis
according to the interface is depicted in Figure 5. A chi-square test
of independence revealed a significant association between inter-
face and theme distribution (y?(6) = 19.30, p < 0.01, Cramer’s
V =.19), with each tool scaffolding attention toward specific pat-
tern of bias. The masking condition supported visual testing of
model behavior, prompting more hypotheses related to Theme 3
(Visual cues reinforce stereotypes). The filtering condition enabled
linguistic comparison across cases, leading to more hypotheses
under Theme 4 (Language reinforces gendered assumptions). The
baseline condition also led to the highest number of cards in Theme
4 (Language reinforces gendered assumptions), as well as in Theme 1
(Gendered professional stereotypes).

To examine these differences in greater depth, Table 2 presents
the distribution of bias cards across the sub-themes. A chi-square
test of independence also revealed a significant association between
interface and sub-theme distribution (y?(18) = 46.66, p < .001,
Cramer’s V = .30).

To gain further insights into participants’ use of the auditing
tools, and their effect on the patterns of biased identified, we report
an analysis of each interface condition. For each condition, we
report evidence of the use of the various tools extracted from the
thematic analysis, and discuss their impact on the patterns of bias.

We now examine each interface condition in detail:
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Table 2: Number of bias cards per sub-theme and condition.

Sub-theme baseline | masking | filtering
Theme 1 - Gendered professional stereotypes

Men are doctors, women are nurses 16 21 14
Downgrading or omitting women’s professional identity 19 7 19
Theme 2 - Gender over profession

Gender prioritized over profession 16 13 18
Binary and error-prone gendering 2 11 7
Authority skewed toward men in mixed-gender scenes 4 15 9
Theme 3 - Visual cues and stereotypes

Visual cues interpreted differently by gender 3 3 3
Masking Gender and Context Changes Role Descriptions 0 7 0
Theme 4 - Gendered language assumptions

Gendered adjectives reinforce stereotypes 11 5 8
Language used to describe women lacks professionalism 3 0 6
Describing women by appearance, men by role or action 11 5 12

Mohammadzadeh, et al.

Proportion of Bias Cards by Theme and Condition

1. Reinforcing gendered 28
professional stereotypes
2. Gender foregrounded 39
over profession
Conditions
= Baseline condition
= Filtering condition
3. Visual cues reinforce 10
stereotypes
4. Language reinforces 0
gendered assumptions

04 06
Proportion of Bias Cards

Figure 5: Proportion of bias cards within each theme by con-
dition. Counts displayed on each bar represent the number
of bias cards produced in that condition. This visualization
highlights which interface features led participants to focus
on which patterns of bias.

baseline : Intuitive Observations, Broad Coverage. In the baseline
condition, participants explored captions freely, identifying both
isolated anomalies (e.g., misgendering) and broader patterns. While
they engaged in the full sensemaking arc, their observations were
often grounded in ad hoc comparisons rather than systematic test-
ing. This approach led to the highest number of cards under certain
sub-themes in Theme 4, such as Gendered adjectives reinforce stereo-
types (11 cards), as well as in Theme 1, where Downgrading or
omitting women’s professional identity appeared 19 times. These re-
sults indicate that even without targeted tools, participants surfaced
diverse patterns of bias through open-ended exploration.

masking : Focus on Visual Cues and Role Attribution. The Masking
Tool enabled participants to manipulate input images by selectively
occluding features such as faces, uniforms, or instruments. This
led to fine-grained tests of how visual salience and contextual cues
shaped gendered role assignments.

As shown in Figure 6, masking a woman’s face in a mixed-gender
medical scene often led the model to reassign the role of “doctor”
to the man, even when she was holding the stethoscope. Partici-
pants’ findings in this condition emphasized the interdependence
of gender inference and role labeling. These iterative tests resulted
in a larger number of hypotheses under Theme 3, particularly the
sub-theme Masking gender and context changes role descriptions (7
cards), which did not appear at all in other conditions as it built
upon the effects of occlusion (Table 2).

Beyond Theme 3, this condition also surfaced high counts in
Theme 1 (Men are doctors, women are nurses: 21 cards), where several
participants used the Masking Tool to occlude facial features and
found that when gender cues were hidden, the model defaulted to
labeling individuals as male. “The captions identified the nurse as a
male after covering her face” (PM-7). Similarly, PM-12 observed that
a doctor’s perceived gender flipped based on face visibility: “When
their face is covered, they are captioned as a man, and when it’s not,
they are captioned as a woman.”

Finally this condition also surfaced Theme 2 sub-themes, par-
ticularly authority skewed toward men in mixed-gender scenes (15
cards). In Theme 2, they tested how role attributions shifted when
gender cues were selectively occluded: “The model captions the man
as a doctor when the woman’s face is covered, even though it is clear
that the one receiving treatment is the male and the female is the
doctor” (PM-12).

filtering : Exposing Linguistic Asymmetries. The Filtering Tool
guided participants to retrieve and compare subsets of image-caption
pairs using gender-related keywords. This systematic filtering made
it easier to spot linguistic asymmetries such as the disproportionate
use of gendered adjectives such as “female doctor” versus “doctor”
alone. Participants also noted unexpected uses of “male doctor
which, instead of neutralizing bias, appeared to amplify male au-
thority. As shown in Figure 5 and Table 2, the filtering condition
yielded the highest number of hypotheses under Theme 4, espe-
cially for Describing women by appearance, men by role or action (12
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there is a man and woman

a man with a stethoscope and a
standing next to each other @ nurse in a blue scrub suit &
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amale doctor examining a
patient ' s chest with a
stethoscope

amale doctor examining a
woman ' s chest with a
stethoscope
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Figure 6: Example from the masking condition showing how
masking the woman’s face affects model interpretation. In
both cases, the woman is the one using the stethoscope, yet
the model attributes the role of “doctor” to the man when
the woman is masked.

cards) and Language used to describe women lacks professionalism
(6 cards). Therefore, the tool’s focus on filtering from the output
caption allowed participants to frame language as not just descrip-
tive, but also as a mean for implicit assumptions about gender and
competence.

Moreover, the Filtering Tool enabled participants to quickly ver-
ify hypotheses related to occupational labeling, by visually probing
what subsets of image produce certain keywords. For example, they
reported observing recurrences in Theme 1: “The word nurse fre-
quently appeared on a caption that identified a woman as a nurse,
creating a bias that women should be nurses” (PF-16). They were able
to observe that “The term ‘doctor’ is only attributed to men” (PF-12),
based on the images that remained after filtering for captions con-
taining the word “doctor” Because it aggregates outputs together,
the filtering tool helped confirm patterns across the entire dataset:
“The words kitchen and haircut only appear when a female is in the
image... no man had such captions” (PF-16). In settings involving
several people, participants used this tool to explore gender-role
pairings at scale. As shown in Figure 7, retrieving multiple instances
with recurring terms (e.g., “doctor” + “woman”) enabled them to
identify: “Whenever the two words appear, it is assumed that the
woman is not the doctor” (PF-16).

In summary, the Baseline interface enabled participants to ob-
serve a broad range of biases through open-ended exploration. The
two specialized tools further enabled participants to test more gran-
ular hypotheses. The tools effectively supported different sensemak-
ing strategies: instance-level manipulations to create counterfactu-
als using the Masking Tool, and instance aggregations to validate
the significance of linguistic patterns using the Filtering Tool. These
led the participants to uncover more diverse patterns of gender bias,
focusing either on the effect of visual cues, language patterns, and
their interactions.
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Figure 7: Example from the filtering condition, where a
participant filtered the dataset for captions containing both
“woman” and “doctor.”

4.2.2  Analysis of the amount of bias cards and evidence. On average,
participants submitted 5.55 cards in the baseline condition (SD =
2.76), 5.35 in the masking condition (SD = 2.37), and 5.25 in the
filtering condition (SD = 3.08). A Kruskal-Wallis test did not show
any significant effect of the condition on the number of bias cards
submitted per participant (H = 0.38, p = .83, 17%1 =.00).

The amount of evidence per hypothesis according to the condi-
tion is reported in Figure 8. A Kruskal-Wallis test revealed a sig-
nificant effect of the condition (H = 9.84, p < 0.01, 77?{ =.02, 95%
CI [.001, .073]). Post-hoc Dunn’s tests (Holm-corrected) indicated
that participants in the filtering collected significantly more evi-
dence per hypothesis than those in the masking condition (p < .01,
Cliff’s § = —.25, 95% CI [—.40, —.10]).

Number of Evidence per Hypothesis per Condition
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Figure 8: Distribution of number of evidence items per hy-
pothesis across conditions. Participants in the filtering con-
dition added significantly more evidence per hypothesis than
those in masking condition.
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Figure 9: Correlation between confidence scores and number of evidence items per condition. Significant positive correlations

were observed in tool-enabled conditions.

4.2.3 Analysis of Confidence ratings. We analyzed participants’
self-reported confidence in their hypotheses across interface condi-
tions. A Kruskal-Wallis test revealed a significant effect of interface
(H =8.93, p < .05, 1721 =.02, 95% CI [.001, .073]). Post-hoc Dunn’s
tests (Holm-corrected) showed that participants in baseline con-
dition reported significantly higher confidence than those in the
masking condition (p < .01, § = —.25, 95% CI [—.40, —.10]). This
difference may reflect how the design of the Masking Tool appeared
to prompt a more time-intensive, incremental, and exploratory pro-
cess, as participants revisited initial hypotheses, tested individual
modifications to images, and adjusted their conclusions in response
to uncertain or conflicting feedback. This suggests that lower con-
fidence may have stemmed from ongoing inquiry.

To examine whether participants’ self-reported confidence was
related to how much evidence they collected, we conducted Pearson
correlation analyses for each condition. In the filtering condition,
there was a significant positive correlation between confidence and
the number of evidence items per hypothesis (r = 0.27, 95% CI
[.09, .44], p = .0049, N = 105). A similar, slightly weaker effect
was observed in the masking condition (r = 0.24, 95% CI [.05, .41],
p = .014, N = 107). In contrast, no significant correlation was
found in the baseline condition (r = .06, 95% CI [-.13, .24], p = .56,
N = 111) (Figure 9).

These findings suggest that in tool-enabled conditions (Masking
and Filtering), participants’ confidence was more closely aligned
with the amount of supporting evidence they gathered, indicating a
form of evidence-grounded confidence calibration. In contrast, par-
ticipants in the baseline condition often reported high confidence
regardless of how much evidence they collected, raising concerns
about overconfidence or premature certainty in unguided audits.

5 Discussion

Our findings demonstrate that participants identified four patterns
of gender bias in the model’s behavior, including stereotyped role
assignments, the prioritization of gender over professional identity,

biased interpretation of visual cues, and gendered language that rein-
forced traditional hierarchies. The types of hypotheses participants
generated were strongly shaped by the auditing tools they used.
The image masking tool enabled fine-grained testing of visual and
contextual cues, often revealing inconsistencies such as reversed
gender roles when faces were obscured. The text filtering supported
the detection of broader, systemic patterns, particularly asymme-
tries in how the model described men and women through language.
In contrast, the baseline interface led to more instance-specific ob-
servations, typically grounded in clear but isolated examples of bias.
These contrasts also shaped how confident participants felt in their
hypotheses. We elaborate on each of these findings in this section.

5.1 User Audits Reveal How Gender Biases
Interact in Image Captioning

Previous research on gender bias in image-captioning models has
mainly relied on benchmark datasets and predefined metrics [1, 15, 16].
Although these studies provide useful characterizations of bias pat-
terns, they often evaluate them in isolation and under controlled
conditions, which limits our understanding of how multiple biases
may interact or co-occur in real-world scenarios. In contrast, even
within the delineated scope of occupational settings in the medical
sector, our thematic analysis of user-driven audits revealed rich
descriptions of many different biases and identified the precise cir-
cumstances under which each bias emerges. These audits, produced
by 60 non-expert participants in 30 minutes after an introduction
to the task and interface, captured all the bias pattern reported in
the specialized literature on visual-language models. This suggests
that, for this kind of representational harm, rich analyses of model
behavior can emerge without extensive technical training.

Most of the themes address different forms of stereotype rein-
forcement [16, 49]. In particular, Theme 1 underlines stereotyped
descriptions of roles and occupations, which are even reinforced
through language (Theme 4). Thanks to the interactivity of the
interface, participants could further investigate the factors respon-
sible for stereotyping, such as the presence of multiple people with
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mixed genders (T2.3). This led them to uncover issues with pronoun
resolution [15], further interpreting them as the attribution of au-
thority to men even against visual evidence. Participants surfaced
many cases of context-to-gender and gender-to-context bias [31] that
occur when identical visual elements trigger different role labels de-
pending on perceived gender. This concerned both visual cues such
as clothing (T3.1) or background (T1.2), and the resulting language
(T4.2). Our thematic analysis surfaced clear cases of gender—activity
binding [1] that emerges when the model infers a role from gender
rather than from the actual activity depicted (Theme 2). Partici-
pants were critical of how issues of binary gender framing [42] and
misgendering [15] affected such binding and the interpretation of
visual cues. With the Masking tool, they were able to conduct fine-
grained experiments regarding the effect of masking visual cues
on the detection of gender and its downstream repercussions on
stereotyping (Themes 2 and 3). With the filtering tool, participants’
increased focus on the language modality surfaced many cases of
Markedness [45] - the addition of gender markers to otherwise neu-
tral nouns. This was evident in Theme 4, especially regarding their
interaction with gender—activity binding regarding the vocabulary
used in the description of roles and appearance (T4.2 and T4.3).
Participants’ analyses therefore revealed how multiple bias mech-
anisms often interacted, reflecting a layered, compounding process
embedded in model behavior. Many also reflected on how these
patterns mirrored broader entangled societal hierarchies and em-
bedded cultural narratives about gender and professional identity.
These results underline the promise of user-driven audits grounded
in the sensemaking framework to deliver diverse and high-quality
reports of model behavior in specific settings. Although our dataset
centered on gendered professional roles in medical imagery, the
sensemaking-based design of the auditing interface, methods, and
theoretical framing is not tied to this domain. The same workflow
can be instantiated with other vision-language models and datasets
organized around different forms of representational bias.

5.2 Interactive Tools Shape Sensemaking and
Confidence

Across all conditions, participants engaged in the full arc of sense-
making: spotting harmful behaviors, forming hypotheses, collect-
ing examples, and synthesizing broader patterns. These conditions
shared a design grounded in the sensemaking framework as pro-
posed by Cabrera et al. [4]. Our design shared several features with
their platform AlFinnity, including the ability to browse data, cre-
ate groups of evidence and maps evidence to hypotheses. While
Cabrera et al. [4] examined sensemaking in a model comparison
task with data scientists, our study applied the framework to a
user-driven auditing task focused on gender bias, conducted by
non-experts. Despite this shift in task and population, participants
produced rich analyses that collectively captured patterns of bias
previously identified in a fragmented manner across earlier stud-
ies [1, 16, 31, 45], demonstrating the breadth of insights enabled by
a sensemaking-driven design.

However, our findings also show that the interface conditions sig-
nificantly shaped the granularity of these observations and steered
participants toward different layers of gender bias by focusing
on visual features, linguistic framing, or their interaction. In this
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sense, auditing tools helped surface specific bias patterns but also
constrained inquiry: filtering users rarely questioned why certain
phrases recurred, while masking users did not compare caption
phrasings. This illustrates how scaffolding steers audits direction
by shaping what becomes visible and actionable.

In addition, the actions supported by the audit tools (Masking
and Filtering) also influenced participants’ sense of confidence in
their audits. Filtering enabled users to surface repeated patterns
at scale, which often reinforced certainty in their claims; mask-
ing, by contrast, invited more cautious interpretation due to the
ambiguity of visual changes. Confidence is particularly relevant
for user-driven auditing tasks, where insights are not externally
verified but must be persuasive to other stakeholders. Thus, in-
terface affordances not only shaped the sensemaking process by
guiding users toward particular bias patterns, as also observed by
DeVos et al. [10], but also affected how confident participants felt
in articulating their conclusions and carrying out the task.

Although our analysis focuses on audit outcomes rather than
process logs, differences across conditions suggest that each tool
made specific sensemaking stages more salient, consistent with our
design rationale in Section 3.3. In the masking condition, gener-
ating alternative versions of the same image seemed to serve as
counterfactual probes, helping participants revisit the Instances &
Outputs stage to refine hypotheses grounded in visual cues. In the
filtering condition, keyword-based aggregation seemed to enable
comparisons across grouped captions, supporting the identification
of recurring patterns in gendered phrasing and occupational labels,
which could made the Schemas stage more salient. The observed
correlation between confidence ratings and number of evidence
supports this, indicating that participants grounded their claims in
aggregated patterns surfaced by the filtering tool.

Our work therefore contributes to the current endeavor of design-
ing audit tools that facilitate discovering harms and communicating
results, which has been shown to be less common than the tools
that are used to evaluate models [8, 33].

5.3 Auditing as a Collective Sensemaking

Our findings show that participants often surfaced different, some-
times contradictory interpretations of the same behaviors. For ex-
ample, some viewed the label “male doctor” as reinforcing dominant
norms by implying that men naturally belong in certain profes-
sional roles. Others interpreted the reverse pattern, “female doctor,”
as marking women as exceptions in male-dominated professions.
While centered on similar outputs, these interpretations reflected
distinct hypotheses: one critiqued gender marking as biased toward
a male default, while the other read it as signaling deviation from
role expectations.

These perspectives highlight two insights. First, what counts as
harm is not fixed, but filtered through the auditor’s lens: partici-
pants’ standpoints were shaped by factors such as demographic
identity, cultural background, prior beliefs, and lived experience.
This echoes Wieringa’s emphasis on the role of the “forum” in
accountability relationships: different observers require different
accounts depending on their standpoint, and each forum, whether
legal, professional, or civil society, asks different kinds of questions
and makes different kinds of judgments [44].
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Second, rather than treating one view as “correct,” auditing is a
space where multiple, equally valid perspectives can coexist. Prior
research has shown that diverse perspectives can expand coverage
while also deepening critique, prompting participants to reflect
on their own assumptions as they challenge the model [6, 30]. Al-
though our study focused on individual auditing, the interpretive
variation we observed points to the latent potential of collective
sensemaking. This resonates with Shen et al. [39]’s account of
everyday algorithm auditing, where users often make sense of sys-
tems not alone but in conversation with others: discussing outputs,
refining hypotheses, and negotiating what counts as harm. Sim-
ilarly, there is a growing body of work on distributed or crowd
sensemaking [12, 20], which explores how schemas and hypotheses
from multiple people can be aggregated and reused [4]. From this
perspective, the goal is not to assume unbiased auditors, but to de-
sign processes and tools that make different standpoints visible and
comparable, so that disagreements can be examined and discussed
collectively.

Future auditing tools should therefore move beyond support-
ing only individual reflection. They should enable collaborative
sensemaking by allowing users to share schemas, compare hypoth-
esis variations, and collectively broaden the space of critique. To
support this, tools must actively scaffold multi-perspective engage-
ment by connecting users across demographic and experiential
backgrounds, and by surfacing disagreement not as noise, but as a
necessary condition for accountability.

5.4 Limitations and Future Directions

While this study offers empirical insights into how non-expert users
audit algorithmic behavior, it suffers several limitations. First, par-
ticipants audited a fixed set of 80 images pre-selected for gender
bias in occupational contexts, which oriented sensemaking toward
occupational stereotypes while excluding other forms of harm, such
as intersectional dynamics of race, age, or ability. Expanding the
tasks or enabling user-defined datasets could surface more diverse
biases. Second, although Prolific provided participants from an in-
ternational audience and various sociodemographic background,
our sample lacked intentional inclusion of marginalized commu-
nities, which likely constrained the perspectives and interpretive
strategies observed. Recruiting participants with diverse lived expe-
riences would both enrich coverage and test whether auditing tools
can accommodate multiple cultural and experiential standpoints.
Additionally, although we collected Ambivalent Sexism Inventory
(ASI) to ensure that pre-existing attitudes did not differ across con-
ditions, our analysis centered on interface design and sensemaking
outcomes. Future studies could examine how specific factors such
as sexist beliefs, feminist identification, or professional background,
may influence how users interpret harm and engage with different
auditing tools.

Moreover, our study focused on participants’ final audit out-
comes rather than tracking how they moved through different
stages of sensemaking, which limits our ability to analyze how tool
affordances shaped these trajectories over time. Future work could
employ fine-grained interaction logging or think-aloud protocols to
examine how users navigate sensemaking as a dynamic, multi-stage
process.

Mohammadzadeh, et al.

Finally, the study was conducted in a controlled, individual set-
ting, whereas many people encounter Al systems in everyday sit-
uations such as autocomplete, content feeds, or generative assis-
tants. Future systems should embed auditing into these workflows
through lightweight prompts, collaborative spaces, or contextual
annotations, enabling situated and collective audits. This raises
open questions for future work: how many auditors are needed to
surface a broad range of harms, and how can divergent interpreta-
tions be collectively negotiated? Concepts like data saturation from
qualitative research may help estimate when additional audits stop
revealing new insights. Alternatively, collaborative auditing could
offer ways to resolve disagreement and assess overall coverage.
Addressing these questions calls for technical, social, and epistemic
infrastructures that sustain auditing as an ongoing, reflective prac-
tice.

6 Conclusion

This work investigated how interface design choices driven by
sensemaking processes impact user-driven algorithm auditing. We
studied how non-experts engaged with an image captioning model
to identify and reason about profession-related gender bias across
three interfaces: a Baseline for open-ended exploration of image
dataset and captions, a Masking Tool for manipulating visual in-
puts, and a Filtering Tool for querying the dataset based on words
in the captions. Our findings show that interface design shaped
what participants noticed, how they framed bias, and how they sup-
ported their hypotheses. The Masking Tool enabled fine-grained,
counterfactual testing of visual cues and context, while the Filtering
Tool revealed broader asymmetries in the model’s use of gendered
language. Across conditions, participants surfaced intersecting pat-
terns of gender bias and interpreted model behavior as a complex
interplay between visual and linguistic signals.

Future work should expand this approach to other domains
and modalities, support collaborative and longitudinal auditing
practices, and embed sensemaking-driven tools into everyday ML
interaction. Designing for user-led interpretation will be essential
for fostering more accountable and transparent Al systems.
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