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Abstract
While much research has shown the presence of AI’s “under-the-
hood” biases (e.g., algorithmic, training data, etc.), what about “over-
the-hood” inclusivity biases: barriers in user-facing AI products
that disproportionately exclude users with certain problem-solving
approaches? Recent research has begun to report the existence of
such biases—but what do they look like, how prevalent are they, and
how can developers find and fix them? To find out, we conducted a
field study with 3 AI product teams, to investigate what kinds of
AI inclusivity bugs exist uniquely in user-facing AI products, and
whether/how AI product teams might harness an existing (non-AI-
oriented) inclusive design method to find and fix them. The teams’
work revealed 83 instances of 6 AI inclusivity bug types unique to
user-facing AI products, their fixes covering 47 bug instances, and
a new GenderMag inclusive design method variant, GenderMag-
for-AI, that is especially effective at detecting AI inclusivity bugs
when the AI’s output is not necessarily believed.

CCS Concepts
• Human-centered computing → User studies; • Computing
methodologies→ Intelligent agents.
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Figure 1: An AI-powered agricultural tool for predicting
when crops are at risk of dying from cold temperatures (y-
axis) over time (x-axis). The risky events are where the AI-
predictions for this crop (yellow line) intersect with the fore-
cast’s low temperature (blue line).

1 Introduction
Suppose an Artificial Intelligence (AI) product team creates a dash-
board to help farmers and other agricultural stakeholders apply
AI to help find when temperatures sink so low that 50% of their
crop will die (Figure 1). Farmers can use the dashboard to decide
whether or not to deploy frost-mitigation techniques to keep their
crops above this temperature.

However, the AI’s user-facing information in Figure 1 may not
be useful to all its intended users. Farmers and other agricultural
stakeholders have diverse backgrounds, economic resources, gender
identities, ages, education levels, and agricultural experience levels.
Suppose the farmer does not have much engineering/math back-
ground or has limited finances to deploy expensive frost-mitigation
techniques [52]. This raises the question of whether a wide range
of diverse farmers can decide, using this tool, what to actually do
with their fields. If not, who would it fail to serve, and how should
the tool change to include them?

These are human-centered AI questions (HCAI). The HCI area of
inclusive design aims to answer questions like these, so as to create
user experiences that are “usable and understandable by as many
people as possible, considering users’ diverse needs, backgrounds,
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and experiences� [27]. Usability bugs that disproportionately ex-
clude some groups from receiving a product's intended bene�ts are
sometimes termed �inclusivity bugs� [41].

In the �eld of AI, some inclusivity bugs are �under-the-hood,�
such as algorithmic or training data biases. This paper instead con-
siders �over-the-hood� inclusivity bugs in user-facing AI products.
Recently, research has begun to report the presence of over-the-
hood inclusivity bugs in AI products (e.g., [2, 21]), but has not yet
investigated AI inclusivity bugs that areunique to user-facing AI
products, which we term �AI inclusivity bugs.� We distinguish AI
inclusivity bugs from other usability bugs by the following de�ning
criteria: (1) AI inclusivity bugs exist only in user-facing AI infor-
mation, making themAI usability bugs. (2) AI inclusivity bugs
disproportionately disadvantage certain groups of AI product users,
making them AIinclusivity bugs.

In this paper, we report on a �eld study with three AI prod-
uct teams to investigate AI inclusivity bugs: Team Game, Team
Weather, and Team Farm. Team Game was working on explain-
ing an AI-powered game that involved sequential decision making.
Team Weather was working on AI-powered agriculture, whose
prototype (Figure 1) was predicting whether and when to deploy
frost-mitigation approaches. Finally, Team Farm was working on
AI-powered irrigation scheduling. Through our �eld study with
these AI product teams, we investigated the following research
questions:

RQ1: Whattypes of user-facing AI inclusivity bugsdo AI product
teams �nd? What do they look like? How common are
they?

RQ2: How do AI product teams�x the AI inclusivity bug in-
stances they �nd?

RQ3: Is an existing inclusive design method (GenderMag in
this paper), which was not designed particularly for AI,
�enough� for AI product teams to be e�ective at �nd-
ing user-facing AI inclusivity bugs, or is something AI-
speci�c needed?

RQ4: If something AI-speci�c is needed, how does the inclusive
design method need to change? How e�ective are these
changes?

2 Background: The Gender Inclusiveness
Magni�er (GenderMag) Method

The inclusive design method the AI product teams used was Gen-
derMag (Gender Inclusiveness Magni�er) [9]. The GenderMag
method is an inclusive design and evaluation method to assist
evaluation teams in improving technology products' inclusivity
to diverse users. Multiple empirical studies have shown Gender-
Mag's e�cacy at identifying inclusivity bugs and pointing toward
�xes [9, 20, 42, 49, 55, 63].

At GenderMag's core are �veproblem-solving styles, shown in
Figure 2. Each style has a range of problem-solving stylevalues,
capturing diverse problem-solving approaches. These �ve problem-
solving style types have repeatedly been shown in research to have
strong ties to both problem-solving and gender [2, 9, 59, 63].

Figure 2 shows these �ve ranges of values, with distinguished
endpoints (columns 2 & 4). The set of values in each column are
grouped into one of three personas. The �ve problem-solving

style values on the left are assigned to the �Abi (Abigail/Abishek)�
persona. The �ve values on the right are assigned to �Tim
(Timara/Timothy).� A mix of values are assigned to �Pat (Patri-
cia/Patrick).�

The principle behind GenderMag is that, when technologysi-
multaneouslysupports the �endpoint� personas Abi and Tim, every
problem-solving style value within the ranges those endpoints
de�ne is also supported. If those who apply GenderMag iden-
tify that something in the technology does not support one of
these endpoints, GenderMag de�nes that occurrence as aninclu-
sivity bug[20]. These inclusivity bugs areproblem-solvinginclu-
sivity bugs, since they disproportionately impact people with that
problem-solving style value. The inclusivity bugs identi�ed by the
�ve problem-solving style types in Figure 2 are also gender inclu-
sivity bugs. They are gender inclusivity bugs because these �ve
problem-solving style types capture (statistical) gender di�erences
in how people problem-solve [2, 9, 20, 59, 63] (e.g., Figure 3).

Software professionals use these personas in a specialized cog-
nitive walkthrough. As with other cognitive walkthroughs [40],
teams apply the GenderMag walkthrough by �rst choosing a use-
case/scenario as an overall goal, and then answering questions
about subgoals and actions that the team think the persona �should
take� to accomplish the overall goal (Figure 4).

3 Related Works
In human-AI interaction, inclusivity and related concepts like fair-
ness can be categorized into two broad focuses: (1) an �under-the-
hood� algorithmic or data focus (i.e., detecting/�xingalgorithms or
training datawhen they cause harm to some groups over others)
and (2) an �over-the-hood� focus ondiverse users' usage experiences
with user-facingaspects of AI products). There has been a host of
literature for the �rst (e.g., [5, 8, 10, 18, 22, 31, 36, 69]), but this
paper focuses on the second category.

AI usability is distinct from traditional usability, and this is in
part becausedesigningAI products is di�erent from designing tradi-
tional software [70]. Yang et al. posits two sources of AI's distinctive
design challenges, that then carry through to users: (1) AI products
are nondeterministic on bothwhat they do andhow they do it.
This makes AI products more challenging than traditional software
for users to understand (e.g., user P06-PostGM from Hamid et al.'s
study [21]: �...I don't understand how the probability of winning in
move 7 with square F1 wasn't 100%.� (2) Thecontinually evolving
sourcesof AI products' outputs are inherently complex (depending
on not just code but also the latest training data, statistical infer-
ences, this user's current situation, what this user did yesterday, ...).
Given these complexities, for designers to design for every possible
output is challenging�and when designers are taken by surprise,
users can su�er [70].

One direction researchers have taken to address AI usability
challenges is taking an analytical approach to assess and improve
users' interactions with user-facing AI products. Guidelines are one
example of an analytical approach, which provide general advice on
how to improve human-AI interaction [1, 26]. Another analytical
approach to evaluate human-AI interaction has been to establish
frameworks, supporting structures for thinking about and doing
human�AI interaction [39]. One instance of these frameworks is
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Figure 2: The �ve GenderMag problem-solving style types (rows), and the range of values for each GenderMag persona (columns).
These problem-solving styles have empirically statistically clustered by people's genders (e.g., [2, 9, 20, 59, 63]).

Figure 3: Number of "Abi" problem-solving style values re-
ported by the women (left bar in each pair, bright orange)
and men (right bars, dark blue) in Anderson et al. [ 2]. X-
axis: number of Abi problem-solving style values (Figure 2).
Y-axis: number of participants having this number of Abi
problem-solving style values. Statistically, men skewed sig-
ni�cantly more toward "Tim" problem-solving style values
than women did.

Shneiderman's human-centered AI (HCAI) framework [57]. Their
framework's two dimensions assessed (1) how much automation
a system has (low$ high) and (2) who/what is in control of the
system (computer$ human). It sought to highlight when designers
might encounter negative outcomes for AI-powered systems, like
excessive automation/human control. There are myriad examples of
both guidelines and frameworks for human-AI interaction (e.g., [51,
60, 64, 68]), but these approaches leave teams to decide how to go
about applying them to their AI products. Our approach is neither
a set of guidelines nor a framework, but rather a systematic process
for teams to apply to their AI products to improve diversity and
inclusion.

As with our work, some analytical work uses personas to help
evaluate tech products. An abundance of persona work involving
AI has focused on how AI can help generate personas (e.g., [11, 24,
56, 61]), rather than evaluating AI products using personas. One
notable exception is Joshua Puglisi's thesis [50], which constructed
four personas to help generate design requirements, evaluated an
AI sentiment analysis tool with these personas, and validated the
personas' �ndings with a user study. Their personas incorporated
dimensions of personality (i.e., the Myers-Briggs four personality
dimensions [43]), their goals/frustrations, need for cognition, tech
savviness, and how social they were. (The �need for cognition� is
the dimension most closely aligned with the information processing
style problem-solving style presented in our work.) Our work di�ers
from Puglisi's by focusing on AI inclusivity bugs' disproportionate
impact on certain diverse problem-solvers, instead of the impact of
personality traits.

Other researchers have used analytical evaluation methods such
as cognitive walkthroughs while studying AI. One approach has
been to incorporate AIintoa cognitive walkthrough, such as Bisante
et al. [6], who embedded Open AI's Generative Pre-trained Trans-
former (GPT) into their tool for cognitive walkthrough evaluations,
named CWGPT. They found that CWGPT independently identi�ed
task sequences in the walkthrough, and expert evaluators agreed
with 116/128 issues that CWGPT found (93.6%).

In contrast, in our workhumanteams evaluate AI products, and
several other AI researchers have also reported human activities
with cognitive walkthroughs. For example, De Santana et al. [13]
used a cognitive walkthrough as a debrie�ng tool when users inter-
acted with AI, identifying issues with recency bias, con�rmation
bias, and trust in the system. Yildirim et al. [71] reported on 21
student teams who applied cognitive walkthroughs to a conversa-
tional agent. These teams found a wide range of usability problems,
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Figure 4: (Left): The GenderMag walkthrough graph. Each node represents a step in the walkthrough and is repeated in a loop
until the overall goal is complete. (Right): The GenderMag walkthrough questions at each step.

identifying how to improve conversational interactions with the
AI. In contrast, our �eld study reports onprofessional AI develop-
ment teamsusing the full GenderMag method, which integrates
personas and a specialized cognitive walkthrough to�nd and �x
AI inclusivity bugs.

Finally, a few researchers have focused on users' experiences
with user-facing AI through a diversity and inclusion lens. Some
works have uncovered gender di�erences in perceived fairness
of an AI product [62], probability of adopting an AI product [46,
47], likability of an AI product [14], and awareness of how an AI
product operated [30]. Some investigations have considered the
�ve GenderMag problem-solving style types described earlier in
Section 2. For example, Kulesza et al. [34] measured the change in
their participants' computer self-e�cacy, given a �why�-oriented
explanation approach. Jiang et al. [29] found that users with higher
self-con�dence were less likely to accept an AI's proposed solution.
Similar empirical �ndings have also been found for attitudes toward
risk [12,53], information processing style and learning style [44,72],
and motivations [37, 54, 58]. Vorvoreanu et al. applied GenderMag
to an academic search engine, revealing 10 inclusivity bugs, and
�xing six of them [63]. Hamid et al. conducted an empirical study of
users interacting with a before-GenderMag vs. after-GenderMag AI-
powered game, to determine which was more inclusive to problem-
solving users like the Abi and Tim personas [21]. They found that
the after-GenderMag product was more inclusive, both by persona
and by gender. Anderson et al. [2] considered all �ve of the problem-
solving style types discussed in this paper, �nding inclusivity and
equity di�erences for all �ve types.

However, none of these works investigateshowthe generators
of these user-facing products,professional AI teamsevaluating their
ownAI products, go about using such a method to �nd and �x their
AI products' user-facingAI inclusivity bugs (i.e., inclusivity bugs
communicated from the AI to the user). That is the gap this paper
aims to �ll.

4 Methodology
To answer our research questions, we invited AI product teams
who attended a series of AIVO (a virtual organization consisting of
the 29 NSF AI Institutes) meetings to evaluate their AI products' in-
clusivity, and 3 teams stepped forward: Team Game, Team Weather,
and Team Farm. We did not o�er any monetary compensation.

4.1 Team Game
Team Game was a team of computer scientists at a large US uni-
versity, working on an eXplainable Arti�cial Intelligence (XAI)

approach for sequential decision-making domains. Four team mem-
bers identi�ed as men and one as a woman. Team Game wanted to
investigate inclusivity improvements to their explanation design.

Team Game's domain was sequential decision making for M-N-K
games. M-N-K games are played on" � # sized boards, where
players either (1) win by constructing sequences of length or
(2) draw when no more empty squares remain on the board. Tic-Tac-
Toe is a well-known 3-3-3 instance of M-N-K games. Team Game
investigated 9-4-4 games (board size:9� 4, win sequence length:4).

In Team Game's prototype, which was based on Dodge et al.'s
source code [15], each game player was an AI agent with a convo-
lutional neural network trained to play 9-4-4 games (Figure 5). The
gameboard (Figure 5, left), was how users saw the games progress.
For each move, the X-player AI or O-player AI placed one of their
game pieces in one of the 36 squares. Each move was labeled with a
move number in the top-right of each occupied gameboard square,
to help users remember/see which moves had come before which
other moves. When one of the players won, the winning sequence
of four squares were highlighted in the winning player's color (the
X-player AI's blue cells� 2 � � 2 in the gameboard).

The X-player AI decided on its next move by choosing the move
with the best score, which it calculated as follows. For each move
the X-player AI made, the AI took the current game information
as input and calculated three probabilities for each square: the
probability it would eventually win the game if it took that square
(P(Win)), that it would eventually lose if it took that square (P(Loss)),
and that the game would end in a draw (P(Draw)). The X-player AI's
�score� for each gameboard square was:(2>A4= %¹, 8= º � %¹!>BBº.

Team Game had three explanations to explain the X-player AI's
reasoning to users, updating after each of its moves. The �rst was
Scores Best-to-Worst explanation (Figure 5, top right), which shows
how the X-player AI sorted all 36 of its score evaluations in a mono-
tonically decreasing line from the best (left) to worst (right). The
second explanation was Scores Through-Time explanation (Fig-
ure 5, middle right), where the X-player AI provided distributions
of all 36 scores through time (moves); which was designed to show
users how �con�dent� the AI was through time. In the last one was
Scores On-the-Board explanation (Figure 5, bottom right), which
displayed miniaturized Scores Through-Time explanations for all
36 squares. This provided simultaneous temporal and spatial score
information.

4.2 Team Weather
Team Weather was a team of professional developers and academic
researchers from a di�erent large US university than Team Game.
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Figure 5: Team Game's eXplainable AI (XAI) interface. On the left is Team Game's gameboard, on the top-right is the Scores
Best-to-Worst explanation, on the middle-right is the Scores Through-Time explanation, and on the bottom-right is the Scores
On-the-Board explanation. Call-outs with enlarged portions have been superimposed for readability.

They had six team members, three of whom had a computer sci-
ence background, and three with natural sciences background (en-
vironmental science, atmospheric science, and meteorology). Four
members identi�ed as men, and the remaining two identi�ed as
women. Team Weather's application was already in use across the
US state of <anonymized>, and the team wanted to improve it for
diverse end users.

Team Weather's AI product's recommendations aimed to help
agriculturalists protect their wine grapes from grape injuries
sustained from exposure to cold temperatures. This ability of
grapevines to survive cold temperatures is known as their cold
hardiness, using their Low-Temperature Exotherm (LTE). Agricul-
turalists use these estimated temperature thresholds, which mea-
sure the point where they would lose 10% (!) � 10), 50% (!) � 50),
and 90% (!) � 90) of their crop yield. To avoid this, agriculturalists
deploy expensive, preemptive frost mitigation methods when the
weather forecast estimates a drop below one of these thresholds.

Team Weather's AI was a Recurrent Neural Network (RNN), The
RNN's input was a table of weather information for �eld locations
over time. Its rows contained air temperature, LTE values, humidity,
and dewpoint information, all used to predict when a cold hardiness
event might occur. The model's learning goal was predicting a
sequence of LTE estimates for multiple wine grape varieties on a
given day. That LTE would be compared to the low-temperature
forecast for that day, helping agriculturalists decide whether and
when to deploy frost mitigation methods.

Figure 6 shows the AI's information in Team Weather's inter-
face. The AI predicted!) � 10 values (yellow line), and these values
were compared against the forecasted low-temperature (blue line)

over time (x-axis). The AI's recommendations for when agricul-
turalists should deploy frost-mitigation techniques occurred at the
intersection of these two lines, marked by red diamonds.

4.3 Team Farm
Team Farm was a research team working on AI-powered agricul-
tural applications. This team had two members, an engineering
technician with no computer science background and a data scien-
tist; one identi�ed as a man, the other a woman. Team Farm wanted
to make their AI product more inclusive to agricultural users.

Team Farm's domain was irrigation scheduling for wine grapes.
To support growth of wine grapes, agriculturalists have to give
di�erent volumes of water to di�erent grape varieties. Agricultural-
ists have monitored grapes through sensor telemetry, which gather
information about the grape vines themselves or �eld block soil.
Agriculturalists develop irrigation schedules from their experiences
with historical sensor data on their �elds. However, these may not
always accurately re�ect the needs of wine grape varieties, which
can change across growing seasons. One example of this comes
towards the end of a growing season, where agriculturalists inten-
tionally reduce irrigation frequency (i.e.,de�cit irrigation [65]) to
increase wine grape quality.

Team Farm created their initial dashboard (Figure 7) in a high-
�delity prototype, since they were just starting to gather sensor
data to train an AI. Team Farm had deployed six sensors across
eight �elds (Figure 7's teardrops). Three sensors measured soil
water content over time (the three lines in the top-right graph). The
other three sensors measured matric potential over time (the three
lines in the bottom-right graph). Their vision for their AI product
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Figure 6: Team Weather AI's !) � 10 cold-hardiness predictions (yellow line) for di�erent days (x-axis). The !) � 10 predictions
were compared to minimum forecasted temperature (blue line), and when !) � 10 ¡ the minimum, the interface marked these
events with a red diamond to help agriculturalists decide whether and how to deploy frost-mitigation methods.

Figure 7: Team Farm's recreated AI-powered irrigation scheduling prototype. Their AI would use temporal sensor telemetry
of soil water content (top-right) and matric potential (bottom-right) from eight �elds (left) to provide decision support for
agriculturalists of when (and how much) to irrigate each �eld.

was to use these two sources of data to predict how much the soil
would saturate and how long it would take until the �eld needed
more irrigation. This information would support agriculturalists'
irrigation scheduling by explicitly considering wine grape variants'
dynamic needs throughout a growing season.

4.4 Procedures
We conducted each �eld study session with one team at a time
using the Zoom video conferencing technology. For each team, af-
ter obtaining the team's consent using our IRB-approved informed
consent form, we began the meeting, which was a pre-evaluation
session that introduced the team to GenderMag, the personas and
their associated �ve problem-solving style types, and how Gender-
Mag worked (Section 2). Each team then picked the persona they
wanted to evaluate their AI products with; all three teams picked
the �Abi� persona (Figure 8). Each team then customized Abi's age,
location, pronouns, and background/skills using the persona tool
on the GenderMag website [17] to make Abi a good �t to their AI

product's target audience. For instance, Team Game made their
Abi a 27-year-old mechanical engineer with she/her/hers pronouns
who used AI tools to keep organized. Team Farm made their Abi
a 49-year-old farm manager who used he/him/his pronouns. All
three teams' customized personas can be found in the supplemental
documents.

After a team's initial session, subsequent sessions proceeded
as per Figure 9. As the �gure shows, teams ran a series of ��nd�
sessions, applying a version of GenderMag (at �rst, this was the
�Original GenderMag�) to their AI products. Each �nd session had
a facilitator to keep the session on track, a driver to navigate the
interface, a recorder to take notes using GenderMag's walkthrough
forms, and evaluators to evaluate the system. In these sessions, 1-2
researchers joined the team as participant-observers, to help with
facilitating (making sure each team member weighed in on every
evaluation step), recording, and evaluating. The result of these
�nd sessions was a set of inclusivity bug instances (i.e., anytime
when a team answers �maybe� or �no� and why in GenderMag's
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