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Abstract

Fairness metric selection is typically left to data scientists, but
which biases are problematic and which metric captures them
best depends on stakeholders’ experience and domain knowl-
edge. This calls for involving non-technical stakeholders, but
the research prototypes built for this purpose so far have not
tested whether these stakeholders form accurate mental mod-
els of the metrics they interact with or can act on them to iden-
tify biases. We present FairAware, a fairness assessment tool
co-designed with Human Resources (HR) domain experts.
We evaluate stakeholders’ understanding through a mixed-
methods study with 70 participants (35 HR employees, 35 job
seekers), measuring objective and subjective understanding,
cognitive load, bias identification accuracy, and open-ended
feedback. Most participants correctly identified the most dis-
advantaged group, with task duration being the only signifi-
cant predictor. We also found a gap between subjective and
objective understanding, with both groups performing simi-
larly across all measures. These results suggest that fairness
assessment tools for non-experts are usable for identifying bi-
ases but need built-in checks on understanding before stake-
holders make higher-stakes decisions.

Introduction

Recommendation algorithms are increasingly used to sup-
port high-stakes decisions in domains such as hiring (Baro-
cas, Hardt, and Narayanan 2019), which strongly affect
people’s lives. In the hiring domain, algorithmic tools are
used to screen resumes, rank candidates, and recommend
job matches (Kochling and Wehner 2020). However, this
raises concerns around algorithmic bias: if the data or
model encodes historical patterns of discrimination, the
algorithm may systematically disadvantage certain demo-
graphic groups (Barocas and Selbst 2016). Hence, there are
ethical and legal reasons to ensure that they are as fair as
possible. The EU Al Act (European Parliament and Council
of the European Union 2024) now requires human oversight
of high-risk Al systems, which means companies are forced
to pay attention to assessing the fairness of these systems.
Current ways of assessing fairness rely on fairness met-
rics. More than fifty metrics have been proposed, many of
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which are mutually incompatible (Verma and Rubin 2018;
Kleinberg, Mullainathan, and Raghavan 2017), and there
is no single correct way to assess algorithmic fairness. Se-
lecting which metrics to apply is itself a value judgment
that depends on domain context (Cheng et al. 2021; Lee
et al. 2019). Yet, the stakeholders that are best positioned
to make that judgment due to their domain expertise or lived
experience—HR employees and job seekers—usually lack the
technical background to interpret the available metrics.

This raises the question of whether interfaces designed to
present fairness metrics to non-technical stakeholders sup-
port them in interpreting these metrics correctly and iden-
tifying potential algorithmic biases. While recent work has
developed fairness tools for eliciting non-expert users’ fair-
ness preferences (Cheng et al. 2021; Nakao et al. 2023; Luo
et al. 2025), or proposed participatory frameworks that in-
clude stakeholders in fairness-related decisions (Cheng et al.
2021; Lee et al. 2019), the question of these stakeholders’
understanding of it or their ability to find algorithmic biases
has not been investigated.

To fill this gap, we present FairAware, a fairness assess-
ment dashboard to evaluate recommendations for matching
job vacancies, co-designed with non-technical stakeholders
in the hiring domain, and a mixed-methods study with 35
HR employees and 35 job seekers exploring two research
questions:

(RQI1) What affects users’ subjective and objective under-
standing of fairness metrics, and their ability to identify
biases?

(RQ2) How do users employ the dashboard to advance their
understanding and find biases?

This work contributes:

e an artifact: FairAware, a fairness assessment dashboard
co-designed with HR domain experts that lets non-
technical users navigate four fairness metrics, weigh
them according to their preferences, and drill down to
details or a causal view for attribute relations.

* empirical findings: A mixed-methods study with 70 non-
technical participants showed that most could correctly
identify the most disadvantaged group, with time on task
as the only significant predictor. Using a new mental
model instrument we constructed, we found that subjec-
tive understanding tracked prior familiarity rather than



objective understanding, and dashboard interaction logs
did not predict either, suggesting a misalignment be-
tween subjective and objective understanding and that
participants spotted biases without necessarily under-
standing the underlying metrics.

Background and Related Work

Measuring Fairness and Involving Stakeholders to
Assess Fairness

There is no single, overarching metric for algorithmic fair-
ness. Instead, over fifty metrics have been proposed, each
one reflecting a different ethical viewpoint (Verma and Ru-
bin 2018). These fairness metrics are mutually incompat-
ible (Kleinberg, Mullainathan, and Raghavan 2017), mak-
ing metric selection a context-dependent value judgment
(Waller, Rodrigues, and Cocarascu 2025; Luo et al. 2026).
Group-level metrics (e.g., statistical parity, disparate impact)
compare outcomes between a privileged and an unprivileged
group defined by a sensitive attribute, while individual-
level metrics (e.g., consistency, counterfactual fairness) ask
whether similar people are treated similarly (Verma and Ru-
bin 2018; Kearns et al. 2018). Applying any of these met-
rics requires two choices that are usually made by data sci-
entists rather than the affected stakeholders: which metric
to choose, and which attribute defines the groups. Most ex-
isting toolkits operationalize this for data scientists, for ex-
ample, Fairlearn (Bird et al. 2020), Aequitas (Saleiro et al.
2019), Al Fairness 360 (Bellamy et al. 2019), the What-If
Tool (Wexler et al. 2020), or offer a specialized functionality,
for example, FairVis (Cabrera et al. 2019) addressing inter-
sectional bias, or Silva (Yan et al. 2020) and D-BIAS (Ghai
and Mueller 2023) visualizing causal relationships between
attributes.

Because fairness is context-dependent and value-laden,
recent research has started to involve non-technical stake-
holders, either by eliciting their fairness notions without pre-
defining the metrics (Nakao et al. 2022), or by surfacing
their varying preferences once metrics are explained (Cheng
etal. 2021; Lee et al. 2019; Luo et al. 2026). Several research
prototypes have been built to support non-technical stake-
holders in assessing fairness: FairHIL (Nakao et al. 2023),
the EARN Fairness Framework with the FEE tool (Luo et al.
2025), and the Fairness Elicitation Interface (Cheng et al.
2021), which focus on surfacing harms, eliciting prefer-
ences, or facilitating collective deliberation. However, these
prototypes assume that stakeholders understand the metrics
they interact with, an assumption that has not been tested.
If their comprehension is inaccurate, the value of their input
is undermined. They have also been evaluated on loan ap-
plication (FairHIL, FEE) or child welfare prediction (FEI),
but not in recruitment, where stakeholder needs and fairness
preferences might differ.

Our work takes inspiration from the above studies by
building an interface that targets non-technical stakeholders,
but differs from these approaches in two ways: (1) we fo-
cus on measuring whether non-technical stakeholders actu-
ally understand, and can act on, the fairness metrics and the
tool presented to them, and (2) we do so in the recruitment
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domain, a domain where the EU Al Act applies directly.
For (1), we validate their objective understanding, measure
whether it aligns with their subjective understanding, and
assess its relation to cognitive load. We involve stakeholders
throughout the full process, which introduces specific stake-
holder needs.

Measuring Understanding

Users’ subjective and objective understanding of Al sys-
tems and tools is frequently assessed in eXplainable Al
(XAI). Hoffman et al. provides a comprehensive overview
of methods to do so, including ways to measure users’ men-
tal models. A number of question types have been developed
to elicit and measure mental models (Kulesza et al. 2012;
Lakkaraju, Bach, and Leskovec 2016; Bhattacharya et al.
2024, 2025; Nimmo et al. 2024): 1) fact questions that test
retention of specific terminology, 2) simulation or predic-
tion questions that ask users to anticipate system behavior,
and 3) articulation questions that require free-text explana-
tions. Often, multiple-choice answers are used in response
to these questions, but this format risks overestimating ob-
jective understanding because participants can recognize an
answer without being able to reproduce it, or they can sim-
ply guess (Schuwirth, van der Vleuten, and Donkers 1996).

No validated instruments exist for measuring mental mod-
els of fairness metrics specifically. Existing questionnaires
target model explanations (e.g., feature attributions, deci-
sion rules), vary widely in scoring and item composition,
and are very context-specific; no shared guidelines for men-
tal model questionnaire construction exist to our knowl-
edge. Our work contributes the construction process of a
new instrument, balancing fact, simulation, and articulation
questions to capture understanding at multiple depths, based
on prior mental-model studies in XAI. The design choices,
scoring, and trade-offs are described in the Methods section.

Methods

Following a human-centered co-design approach (n=15),
we first designed a prototype, the FairAware dashboard,
to support non-technical stakeholders in assessing fairness
and identifying biases. We then conducted a mixed-methods
online study with 70 participants (35 HR employees and
35 job seekers) to investigate our main research questions.
All research received ethical approval from the KU Leuven
Ethics Committee with an approval number G-2025-9565-
R2(AMD), and all participants provided informed consent.

Prototype: The FairAware Dashboard

Data and recommendation algorithm. FairAware visu-
alizes the fairness of a recommendation algorithm that sug-
gests matching vacancies to job seekers. The underlying
dataset is synthetic and was generated for this study (more
information on dataset construction is available in Appendix
A (Verheyden et al. 2026)). We constructed 10000 candidate
records with seven attributes selected together with our HR
partner as the most relevant for fairness assessments in this
domain: age, gender, education level, nationality, work expe-
rience, employment gap, and target-language fluency. Com-
mon biases (for age, gender, and language fluency) were
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Figure 1: The Home Page of FairAware, more specifically, the component to search the results for a specific attribute. Here, age
is chosen, and the results are visible for the group 18-33 years old. The 87% on the left is the ‘overall fairness score’, which is
the weighted sum of the four metrics to the right of it (after rescaling), based on the participant’s chosen metric priorities.

incorporated based on interviews with HR employees, en-
abling us to verify the results. Vacancies were grouped by
region and sector following the local public employment
service’s job-cluster taxonomy (VDAB n.d.), as requested
in user interviews. The recommendation algorithm matches
candidates to vacancies on a skills similarity score and re-
turns a binary “suggest this vacancy/do not suggest” output
per pair, which is what the four fairness metrics in FairAware
are computed over. It is therefore a job-matching recom-
mender that shows vacancies to candidates, not a résumé
screener or a candidate ranker: bias manifests as unequal ac-
cess to vacancy suggestions.

The FairAware dashboard. FairAware (Figure 1) is the
interface we built to present the fairness of the recom-
mendation algorithm described above (or any other algo-
rithm) to non-technical users. It was co-designed with HR
domain experts through biweekly meetings with an indus-
trial partner with over 15000 employees, semi-structured in-
terviews with inclusion experts (n=4), a feedback session
with the company’s innovation board (n=6), and five semi-
structured interviews with HR employees and a job seeker
(n=5). Transcripts were thematically coded following a hy-
brid inductive-deductive approach (Braun and Clarke 2006).
From the resulting codebook (Appendix E (Verheyden et al.
2026)), we identified three main themes, which we trans-
lated into the following design goals:

(DG1) Manage cognitive load, operationalized by letting
users drill down from the overall score to metric-specific
graphs, separating the Home, Experiment, and Causal
Analysis Page, and hover-cards with one-sentence met-
ric explanations.
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(DG2) Protect candidate privacy by showing only aggre-
gated group-level data and warning when a group is too
small to show significant results.

(DG3) Support stakeholder agency, as participants repeat-
edly asked to run their own queries in addition to the
pre-selected results. This is implemented through user-
defined attribute binning (e.g., customizable age ranges
or employment gap thresholds), free attribute selection
on the home tab, and global or per-attribute weight slid-
ers (with optional preset profiles), to configure their own
metric preferences.

The dashboard presents biases according to four fairness
metrics, two at the group level and two at the individual
level, selected based on prior literature (Taka et al. 2024;
Lee et al. 2019; Kearns et al. 2018; Verma and Rubin 2018;
Luo et al. 2025; Waller, Rodrigues, and Cocarascu 2025).
For each metric, the participant-facing label is followed by
the formal name in parentheses.

Group balance (statistical parity) compares the vacancy
suggestion rate of a given group to the average vacancy
suggestion rate. A value of zero indicates parity. Cho-
sen for its alignment with human intuition (Cheng et al.
2021).

Impact ratio (disparate impact) is the suggestion rate of a
group divided by the rate for the most privileged group.
Values below 0.8 are typically flagged as discrimination.
Chosen for its familiarity in the organizational context.

Consistency (consistency) measures, for each candidate,
what fraction of their k-nearest neighbors in feature space
received the same recommendation. The dashboard re-
ports the mean for the group. When the user clicks
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Figure 3: The causal graph of the Causal Analysis Page of
FairAware. Nodes show the attributes, edges show the cor-
relations, with edge thickness indicating the strength of the
correlation. High fit score indicates the similarity score be-
tween a vacancy and a candidate, which is used to decide
whether they get a vacancy suggested.
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Figure 4: The weight component of the Experiment Page.
Metrics’ impact on the overall fairness score can be adapted
by changing the weight for that metric. This can be done
using the sliders or presets (not visible here). This shows the
component for gender, but it can be adapted either globally
or for any specific attribute.

on a result, it is complemented with Low-Individual-
Consistency-Candidates (LICC, the absolute count of in-
consistently treated people in the group (Waller, Ro-
drigues, and Cocarascu 2025)) in the more detailed view.

What-if fairness (counterfactual fairness) asks ‘if a can-
didate’s sensitive attribute were flipped (e.g., female to
male), would the recommendation change?’. The metric
reports the proportion of candidates for whom the recom-
mendation would flip.

There are five tabs, each with its own functionality avail-
able to participants:

* The Home Page (Figure 1): the main page of the dash-
board, where users can see the fairness for the three dif-
ferent demographic groups that experience the highest
bias, according to an “overall fairness score’. Below it,
users can select any attribute (e.g., age) to see fairness re-
sults for specific groups, or select an intersection of two
attributes (e.g., ‘women aged 18-33). For each group,
the fairness is shown as the scores of the four fairness
metrics, as well as an overall ‘fairness score’. This fair-
ness score is computed by rescaling the four metrics to
a shared scale that represents how ‘good’ the value is
for that metric, and then computing the weighted sum
of these four values, based on the metric priorities that
the user has chosen. For every metric value, hovering
shows a one-sentence natural-language explanation, and
clicking opens a detailed graph (e.g., for consistency, a
bar chart showing what fraction of similar candidates re-
ceived the same recommendation per group).

* The Information Page (Figure 2): the start page upon first
use, containing explanation cards for each of the four
metrics, with a one-sentence definition, a short explana-
tion, and an example. This tab does not change with user
input.

* The Experiment Page: lets the user 1) re-bin attributes
(e.g., adapt the age ranges or the number of months that



defines an employment gap) and 2) re-weight the four
metrics according to their preferences (Figure 4), to con-
figure their own fairness policy. Changing weights im-
mediately updates the overall fairness score on the Home
Page.

e The Causal Analysis Page: contains a directed graph
(Figure 3) over the seven attributes and the ‘fit score’
(the similarity score of how well the candidates’ skills
match a vacancy, used to compute the binary match).
Edge thickness encodes the strength of the relationship.
Users have the option to give feedback on edges that they
find unacceptable, but this does not change anything on
the other pages. This page can be used when a user finds
a bias and wants to know what other attributes might have
influenced this (e.g., if we want to solve the work experi-
ence bias, should we also look at gender?).

e The Extra Data Insights Page: contains data distribution
histograms and a per-metric ranking of biased groups.
This provides more information on the dataset.

We conducted a face-to-face pilot with five participants
from an HR company (two recruiters, two inclusion-focused
HR employees, one job seeker) prior to the study. This sur-
faced five design issues: confusion about the way that met-
rics were weighted, unnoticed small-group warnings, the re-
curring suggestion to separate exploration from the home
page, a misinterpreted metric calculation from the example,
and low visibility of the gradient bars that indicate a met-
ric value’s severity. This led to five changes in the final tool:
a more explicit explanation of the weighted ‘overall fairness
score’, a split to separate the Home Page and the Experiment
Page, traffic-light background colors added to the gradient
bar, hidden results for small groups (only name, size, and
‘not enough data’ label shown), and using unequal group
sizes in the metric examples.

Study Setup

Participants. We recruited 70 participants via Prolific,
a platform to recruit online participants in studies (Pro-
lific 2026). This sample included 35 HR professionals (24
women and 11 men, aged 21-57, M=33.6, SD=_8.5) and 35
job seekers (11 women and 24 men, aged 18-58, M=26.6,
SD=8.2). Both groups were included as they represent two
sides of algorithmic hiring with different stakes.
Participants had to be fluent in English, with at least 80%
task approval ratings, and aged 18+. Prolific screeners were
used, complemented with our own screener questions (Ap-
pendix B (Verheyden et al. 2026)) to validate appropriate
HR expertise. Two participants were excluded and replaced
for quality reasons. Participants were compensated at £9/hr.

Procedure. The study was conducted online and lasted
around one hour (M=70.89 minutes). After the screening,
it followed three phases (Figure 5). In Phase 1, participants
gave informed consent, went through a structured dash-
board tutorial (interactive pop-ups that they had to click
through, M=8.92 min), and completed pre-study question-
naires (M=25.20 min) covering demographics, familiarity
with fairness metrics, statistics, and interpreting graphs, as
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well as objective understanding (OU). In Phase 2 (M=16.61
min), they performed three tasks: 1) they identified the most
biased group according to an attribute of choice, 2) they con-
figured metric weights to reflect their own fairness policy,
and 3) they investigated the cause behind a bias. Finally, in
Phase 3, they completed a post-study questionnaire repeat-
ing the OU instrument and the NASA-TLX cognitive load
questionnaire (Hart and Staveland 1988), a four-question
subjective understanding scale adapted from Hoffman et al.,
and five open-ended feedback questions on what helped
them the most/least to understand the content, sources of
confusion, accessibility, and any further thoughts (M=16.61
min). The full questionnaires are available in the supplemen-
tary materials (Appendix C (Verheyden et al. 2026)).

Data collection and analysis. We collected objective un-
derstanding, subjective understanding, cognitive load, quali-
tative responses, and logging data, and analyzed each as fol-
lows.

We measured Objective Understanding (OU) through
mental model scores. As no validated instruments exist
for measuring mental models of fairness metrics, we con-
structed one for FairAware, inspired by previous research
(Lakkaraju, Bach, and Leskovec 2016; Bhattacharya et al.
2024, 2025; Kulesza et al. 2010, 2012, 2013, 2015; Nimmo
et al. 2024; Jalali et al. 2023; Ribeiro, Singh, and Guestrin
2016; Cheng et al. 2019; Bove et al. 2022; Lim, Dey, and
Avrahami 2009; Hase and Bansal 2020). First, the nine items
(12.5 points in total) are split across three question types,
balanced to reflect increasing depth: fact (16%), simulation
(36%), and articulation (48%) questions. None of the ques-
tion types accounts for more than 50%. 72% of the score
touches the weighted fairness score, as that is the central
concept of FairAware, and 16% explicitly asks about met-
ric definitions, although understanding the metrics is a pre-
requisite to answering some of the other questions well.
Second, multiple-choice questions had at least four options
and an ‘I don’t know’ option to reduce guessing, and six
out of nine questions were open-ended to allow for a more
accurate estimation of respondents’ mental model. Third,
item difficulty was calibrated using a pilot to avoid floor
and ceiling effects. Open-ended items were scored with
rubrics: two researchers independently scored 10% of re-
sponses (weighted Cohen’s & 0.728, substantial agree-
ment (Landis and Koch 1977)) before one researcher coded
the rest. The same instrument was used pre- and post-task.
Pre-task (median=39.60%, SD=23.10) and post-task (me-
dian=43.2%, SD=23.01) scores showed no ceiling or floor
effects. We define Learning Gain (LG) as the post-task OU
score minus the pre-task OU score. OU and LG were tested
with paired t-tests or Wilcoxon signed-rank tests when non-
normal, and group differences with independent t-tests or
Mann-Whitney U.

Subjective Understanding (SU) was measured post-task
on four 7-point Likert items adapted from Hoffman et al.’s
(Hoffman et al. 2018, 2023) scale, covering predictability,
intelligibility, and utility.

Cognitive load (CL) was measured post-task using the six
NASA-TLX items on a 7-point Likert scale. Correlations be-
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tween CL, SU, familiarity, and OU were all measured using
Spearman’s p.

Qualitative responses were coded thematically using a
hybrid inductive-deductive thematic analysis (Braun and
Clarke 2006) by two researchers on 10% of the data (vali-
dated employing unweighted x = 0.871) before the remain-
ing coding was done by one researcher. The responses con-
sisted of the five feedback questions and three open-text an-
swers for the three tasks the participants completed. These
task responses were filled in while they were performing
the tasks. For the first task, they were asked to write down
the attribute they found most important in an assessment,
and the group that experienced the most bias according to
that attribute. The second task asked them to configure their
ideal fairness policy and then briefly describe how they ap-
proached this. This allowed us to see whether they had clear
preferences or priorities, and, if they did not change much,
whether that was due to being content with the current con-
figuration or to not understanding how to adapt it. The third
task asked them to investigate what other attributes might
have influenced the bias identified in the first task. They had
to write down one of those attributes and briefly explain how
they knew this.

Logging via Microsoft Clarity and our own logs captured
time per study phase, hovers, clicks on metric results, tab
visits, attribute searches, and parameter changes (the latter
was needed to score task 1, since changed weights alter the
fairness score). Finally, page blurring and fast returns were
tracked as a heuristic for genAl use. Logging results were
tested against OU using Spearman’s p, and between groups
with t-tests or Mann-Whitney U. Throughout, statistical sig-
nificance is denoted as fp < .10, * p < .05, **p < .01, and
*Hkp < .001.

Results

We organize the results by research question (RQ). Across
all measures and both RQs, job seekers and HR employees
did not differ significantly (Figure 6); we therefore report the
combined results below.
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RQ1: What Aspects Affected Users’
Understanding and Ability to Find Biases?

Subjective understanding tracked confidence, not com-
prehension. The strongest pattern in our data is a di-
vergence between how well participants thought they un-
derstood the tool (SU) and how well they actually did
(OU). SU correlated only weakly with post-task OU (p =
0.262,p .028%). It correlated strongly with prior fa-
miliarity with graphs (p = 40.44,p < .001**%*), statis-
tics (p = +0.30,p = .012%), and fairness metrics (p =
+0.51,p < .001***), and negatively with cognitive load
(p = —0.43,p < .001***) (Figure 7). In other words, par-
ticipants felt they understood the tool when it looked famil-
iar, and felt they did not when they were overwhelmed, inde-
pendently of whether they had actually understood the met-
rics and overall fairness score. The SU-OU correlation held
for job seekers (p = 0.342,p = .044%), but was weaker for
HR employees (p = 0.295, p = .0867).

Looking at the participants at the extremes of the SU-
OU gap' clarifies this pattern. On the high-SU/low-OU side,
P11 and P20 scored 4/5 and 5/5 on the HR pre-screening
but often gave superficial OU answers (e.g., answering ‘ex-
plain why you made these matches’ with ‘because it is very
clear’), showing overconfidence and lower engagement; P64
and P68 gave more elaborate answers, but misunderstood
specific metrics, noting a low affinity with numbers and feel-
ing overwhelmed by the amount of information as reasons
for a lower OU score. The reverse pattern, low-SU/high-OU,
showed self-critical assessments rather than weak perfor-
mance. P36 and P62 lost points due to hesitancy (P36: “I did
not made [sic] them because I am not sure how to”), despite
otherwise insightful answers, and P43, P52, and P59 rated
their SU moderately while providing good OU responses.
They reported time pressure and information density as chal-
lenges, rather than confusion.

Familiarity helped subjective understanding, but not ob-
jective understanding. Prior familiarity correlated only
weakly or not at all with OU (graphs: p = +0.26,p =
.032%; statistics: p = +0.20,p = .0997; fairness metrics
p = +0.20,p = .098%). Taken together with the SU find-

)-

(post—taskOU)
12.5

'Computed per participant as ((SUG_U —

rescaling both to [0,1] before subtracting.
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objective understanding scores, and the learning gain, which is measured as the change in objective understanding score. None
of the differences are significant, implying similar outcomes across stakeholder types.
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ings above, this shows that familiarity improves SU but not
OU. Cognitive Load shows the same pattern, not correlating
with OU (p = —0.17,p = .173) despite the SU correlation.

These two patterns are also connected to a possible con-
found: that low OU reflects the effort of navigating an in-
terface that presents four metrics and a weighted score at
once, rather than the understanding of the metrics them-
selves. However, if navigation difficulty were the main fac-
tor, we would expect it to lower OU alongside SU and an in-
creasing CL, yet CL did not correlate with OU and familiar-
ity improved SU but not OU. This makes a pure navigation-
difficulty explanation unlikely, though it does not entirely
rule out its contribution.

Most participants were able to spot a bias, but not be-
cause of understanding it. Despite the SU-OU diver-
gence, 42 of 70 participants correctly identified the most dis-
advantaged group for an attribute of choice. Fourteen gave
unclear answers, typically naming the attribute (‘gender’)
instead of the group (‘female’), and 14 were incorrect (vague
answer beyond attribute-group confusion n=8, wrong group
n=4, named a metric n=1, ‘I don’t know’ n=1). The biggest
predictor of success was time on task (p = .011): neither
pre- nor post-task OU, SU, nor CL predicted who correctly
identified the bias.

As for participant characteristics, the 42 participants who
identified the correct group differed from the 28 who did not
in age (Mann-Whitney U = 393.5, p = .020), with success-
ful participants being younger. However, there were no sta-
tistical differences due to gender (x2(1) = 0.54,p = .464)
or stakeholder group (x%(1) = 0.54,p = .464). Within HR
professionals, years of HR experience was unrelated to suc-
cess (p = —.152, p = .385). Aside from a modest age effect,
success in finding the bias depended on engagement with the
tool, not on who the participant was.

This is consistent with the qualitative pattern that the
tool has a learning curve, with early confusion (especially
conflating groups with attributes during the first task) that
improved with longer interaction. Bias identification after
a first short session should therefore not be treated as a
decision-ready result; appropriate use of the tool requires
more interaction time.

Furthermore, read together with the SU-OU divergence, a
non-technical participant can read the interface and point at
the worst group, without forming an accurate mental model
of why a group is treated worse or what the metrics measure.

Bias-spotting appears to be robust to understanding gaps
for the same reason it is robust to expertise levels, as the tool
shows which groups score worst at a glance, so the task is
decoupled from understanding the underlying metric. A fair-
ness assessment tool can thus be usable for high-level bias
detection yet unsafe for higher-stakes participation, because
the user might look confident and pick the right group at first
sight, but their underlying understanding might be incorrect,
meaning that more complex tasks could go wrong too. Any
subsequent task that requires the user to trade off metrics,
justify a choice, or deliberate with others might depend more
on the objective understanding than the bias-spotting accu-
racy.
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RQ2: How Do Users Employ the Dashboard to
Advance Their Understanding and Find Biases?

Dashboard use produced a small gain in objective un-
derstanding. OU scores varied widely and were low over-
all (pre-task: median=39.60%, SD=23.10; post-task me-
dian=43.20%, SD=23.01). Learning Gain was significant
across the full sample (Wilcoxon: W 592.0, 7
—2.040,p 041, r 0.244%*), a change driven by
job seekers (Wilcoxon: W = 147.0,Z = —1.979,p =
.048,r = 0.335*) but not HR employees (paired-t test:
t(34) = 1.000,p = .325,d = 0.169). The gain is mod-
est in absolute terms but informative given the conditions:
Phase 2 lasted 16.61 minutes on average, and the OU instru-
ment included several deliberately challenging items. That
a 15-minute first encounter produced a measurable increase
in OU suggests that participants’ OU would increase over
time.

Helpfulness reports showed what logs or dashboard use
miss. Qualitative responses identify the Information Page
as the main page for understanding the content: 28 partici-
pants explicitly named it as one of the most helpful compo-
nents, often noting the need to revisit explanations because
of the high amount of new information (e.g., P47: “ 1 had to
go back and look at the explanations of what each metric is a
few times.”). Naming it did not correspond to scoring better
on OU (M=45.0% against a rest-of-sample M=45.3%). The
Information Page is the page participants default to, but us-
ing it does not separate participants who built a better mental
model of the metrics from those who did not.

The Home Page, named by 22 participants as most help-
ful, did separate participants on OU: those who named it as
most helpful scored on average M=58.1% against M=39.3%
for the rest of the sample (two-sided Welch’s: p=0.002%%*,
d=0.86, Holm-adjusted p=0.008**). Their open responses
described their understanding of the overall fairness score
and how the different metrics contributed to it. As the Home
Page summarizes most of the content, participants had to
grasp it to find it helpful.

The Experiment Page was the most polarizing: 14 par-
ticipants named it as most helpful, generally as the place
where the weighting mechanism started making sense (e.g.,
P34: “the experiment tab helped me see how changing the
weights of the metrics affects the fairness score, [...] eas-
ier to understand in a practical way.” ), and 11 named it as
least helpful, generally because they had not yet had time
to digest the metrics and the Home Page before being asked
to manipulate it (e.g., P36: “The experiment. [...] I had too
little experience.”). An exploratory analysis shows that po-
larization is not the same across stakeholder groups: 11 of
35 job seekers named the Experiment Page as most helpful,
against only 3 of 35 HR employees, even though the groups
did not differ on OU, SU, or cognitive load. We interpret
this as a difference in what the two groups found informa-
tive rather than an indication of how much they understood.
HR participants might be more used to reading an overview
report, whereas a job seeker might put more emphasis on fig-
uring out what policy they should prefer. The response that
indicated that a participant did not feel ready to change the



weights suggests that careful sequencing of the task is im-
portant. Interactive configuration can be valuable, but only
once the static overview is fully internalized.

22 of 70 participants reported some form of overwhelm,
substantially more often from job seekers (16/35) than from
HR employees (2/35), which we take as another way the ex-
perience of the dashboard differs between the groups despite
their similar OU, SU, and CL scores.

Self-reported usefulness did not directly translate to ac-
tual usage. The interactions with the Causal Analysis
Page showed some interesting contradictions. Sixteen par-
ticipants named it as the least helpful, and only ten (five from
each group) used it for the task that asked them to identify
what other attributes might have influenced a bias, the task
for which it was built. Moreover, of the seven participants
who named it ‘most helpful’, only two actually used it for
that task, and two others could not correctly interpret the
graph on the OU questionnaire. This exemplifies the SU-
OU gap identified above, now at the component level: par-
ticipants who could not interpret the graph nevertheless be-
lieved that it helped them, and five participants who reported
that it was hard to interpret the graph interpreted it correctly
(scoring 2/2 on OU).

Exploration depth varied, repeating explanations re-
mains valuable either way. Usage logs did not correlate
with OU, SU, or cognitive load. The qualitative responses
help explain why. First, exploration depth varied widely.
At one end, some participants moved quickly through the
tutorial without actively engaging the hover and click fea-
tures, and when uncertain, they returned to the general ex-
planations in the Information Page instead of reading the
in-context details. Others fully explored the tool, including
the Causal Analysis Page and the Extra Data Insights Page.
Hover and click counts did not serve as strong predictors
here, because they conflate different participant strategies:
curiously exploring details or being confused and seeking
explanations by hovering result in the same behavior. This
makes it difficult to distinguish between different ways par-
ticipants use the available explanations. Second, the partici-
pants who moved through the tutorial quickly did not do so
because they already understood the tool; the SU-OU pattern
shows that several were overconfident. As a result, partici-
pants valued the explanations remaining accessible, as they
reported in the feedback questions. A takeaway for tool de-
sign is that tooltips, tutorials, and hover-explanations should
remain visible throughout the usage, not just at the start (e.g.,
as participants noted: ‘I was confused at first as to what the
what-if was comparing until I hovered over it.”, ‘more acces-
sible: Having access to the tutorial’).

Discussion
Implications

Beware of and counteract Mount Stupid. We found
that Subjective Understanding rose with familiarity and de-
creased with Cognitive Load, while Objective Understand-
ing did neither. This aligns with the miscalibration effects
documented in the broader psychology literature (Kruger
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and Dunning 1999), where people who feel they understand
a domain are not necessarily the people who actually do.
This raises a design concern for fairness assessment tools: an
intuitive-looking or overly simplified interface might lower
cognitive load and difficulty of using it, but at the cost of
reducing participants’ effort to verify or improve their un-
derstanding. Objective Understanding cannot be ensured by
simplified UI design; it needs to be checked explicitly as
well.

Measuring and reporting both constructs is thus required.
Familiarity with fairness metrics was the strongest correla-
tion with SU and was unrelated to OU, so the users most
at risk of unwarranted confidence might be the ’experts’
that end up using the tool. Verification of the level of OU
is thus important in any setting. This could be achieved
through lightweight, quiz-like prompts embedded in the
workflow, similar to those in our mental model question-
naire. In practice, these could be short, auto-scorable checks
(e.g., a pop-up with “If this group’s balance worsened, the
fairness score would go: up/down/stay the same/I do not
know”). Responses could then be used to mitigate areas
where understanding is compromised, perhaps through sur-
facing short explanations. This could identify flawed men-
tal models early on and counteract them. Personalized ad-
justments could also be made to the interface based on the
user’s OU, mirroring work in personalized XAl (Conati et al.
2021).

Dashboard use does not ensure users understand fair-
ness metrics. Hover counts, click counts, and page visits
did not predict Objective Understanding, possibly because
they do not communicate the user’s goals: the same hover
can mean “I am lost” or “I am curious”. This means that help
and explanation features should remain visible and acces-
sible from multiple places to provide multiple educational
opportunities when they need it. Second, perceived compo-
nent helpfulness was partially decoupled from actual usage.
Of the seven participants who reported the causal graph as
most helpful, only two actually used it for the bias-cause
task. Similarly, reporting the Home Page as most helpful
correlated with higher OU. More work is needed to iden-
tify truly helpful pages and explanations for understanding
fairness metrics.

Algorithmic bias finding is achievable but takes time.
Non-technical stakeholders can perform basic fairness as-
sessments with an appropriately designed tool, but the only
significant predictor of success was task duration, not OU or
SU. However, increasing the time would also likely increase
cognitive load, so it is a delicate balance to be struck.

This might necessitate that organizations using fairness
assessment tools need to conduct shorter, repeated assess-
ments over time, rather than a longer single session. This
would also allow for developing clearer fairness preferences
through interaction and learning, and for evolving them, as
they are not static (AlRossais 2025).

Consensus-building frameworks need to account for
miscalibrated participants. Frameworks like WeBuildAI
(Lee et al. 2019) assume that stakeholders bring individ-



ual understanding into group deliberation and that stronger
opinions might reflect deeper engagement. However, our re-
sults complicate that assumption, because some stakehold-
ers may hold strong opinions based on an incorrect mental
model and therefore low Objective Understanding. For ex-
ample, some people might believe that a high impact ratio
means the algorithm is fair when it actually indicates the op-
posite. This could steer a group discussion towards incorrect
conclusions. We argue that consensus-building frameworks
thus need to be designed for calibrated participation, for ex-
ample, by gating opinion weighting with a brief understand-
ing check.

Transferring FairAware to other domains. Although
FairAware’s content is domain-specific, its structure is gen-
eralizable: the four metrics, the rescaled weighted score, the
drill-down, and the causal view are defined over any bi-
nary decision with a sensitive attribute. The tool could there-
fore be readily translated to other settings based on tabu-
lar data, e.g., loan approval or benefits triage, by replacing
the attribute set and the group levels. However, the met-
rics and group levels have to be based on co-design, since
which groups and metrics are meaningful is something that
depends on domain context (Cheng et al. 2019; Lee et al.
2019).

Future Work

Three potential future work directions follow from our re-
sults. First, longitudinal, real-world studies are needed to
see how mental models of non-technical stakeholders evolve
with repeated use of fairness assessment tools, whether bias
identification accuracy increases, and whether the SU-OU
gap decreases or not. Second, our finding that bias-finding
accuracy is based on time rather than understanding suggests
further research into the effects of more complex tasks, such
as policy configuration, metric trade-offs, or justification of
assessment decisions on SU, OU, and the ability to assess
biases. Third, the consensus-building implication motivates
empirical research that investigates how understanding af-
fects deliberations of fairness decisions within groups.

Limitations

Four shortcomings qualify these results. First, some partic-
ipants completed the tasks quickly, which might limit en-
gagement with the complex concepts we presented in the
study. Second, we presented only four fairness metrics in
our dashboard. Although these were selected during co-
design as the most relevant, this work could be extended
to include more fairness notions, some of which could be
user-specified (Luo et al. 2026). Third, the study was con-
ducted online via Prolific, in a one-time session with no con-
sequences attached to participants’ judgments, using syn-
thetic data. While we used screening to ensure the quality
of responses, an online setting offers less control than an in-
person study. Indeed, authentic data might be more difficult
to assess but provide a high-stakes setting, which could in-
fluence engagement and calibration. More work is warranted
to study the use of tools in practice. Fourth, no validated
questionnaire exists for measuring mental models of fairness
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metrics or assessment tools. Our instrument discriminated
well between levels of understanding without ceiling or floor
effects, but absolute scores cannot be directly compared to
those from other mental-model questionnaires. Standardiza-
tion of OU measurements is desperately needed.

Conclusion

We tested a common assumption in algorithmic fairness
work: that the non-technical stakeholders asked to choose
between or interpret fairness metrics actually understand
those metrics. To do this, we (1) co-designed FairAware, a
fairness-assessment dashboard for non-technical stakehold-
ers in the HR domain, (2) built a mental-model instrument
grounded in prior literature to measure their objective un-
derstanding, and (3) ran a mixed-methods study with 35 HR
employees and 35 job seekers.

The assumption does not always hold. Across 70 partici-
pants, subjective understanding correlated with prior famil-
iarity but only weakly with objective understanding; HR em-
ployees were not better calibrated than job seekers; and the
only predictor of correctly identifying a biased group was
time spent, rather than understanding. Three implications
follow:

* For tool developers: embed lightweight comprehension
checks into the workflow rather than relying on user-
reported confidence. These checks can then be used to
assess the reliability of these users’ takeaways from the
tool, as well as serve to provide short, targeted educa-
tional opportunities where miscomprehension occurs fre-
quently.

» For participatory fairness research: when aggregating
preferences into a shared policy, weight stakeholder in-
put by calibrated comprehension rather than familiarity
or subjective understanding. When conducting group dis-
cussions, take the objective understanding into account as
well (e.g., by first testing it and providing a short educa-
tion on miscalibrated aspects).

* For deployment: treat single-session assessments as pre-
liminary. The EU Al Act’s ‘meaningful human over-
sight’ requirement is not met by a confident user who
has quickly read the interface for the first time, but not
grasped the metrics.

Our work contributes a stakeholder-facing tool and empir-
ical evidence that comprehension checks are needed before
stakeholder input can be trusted. Our mental model instru-
ment offers a starting point that others can adapt to their own
tools and metrics. Together, these contributions support the
more responsible integration of stakeholders into fairness as-
sessments and, through that, more responsible Al.
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