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Abstract

Adolescents struggle to understand bias and representation in
Al, particularly the concept of how datasets used in machine
learning can be representative of populations or not. Within
early experiments in teaching about investigating bias in Al
systems using the Developing AI Literacy (DAILy)
curriculum, we observed participating youth struggling to
understand what it meant to be represented in the output of
Al tools. For example, when using Google Image Search with
prompts such as “physicist” and “outdoor recreation,”
participating youth did not understand the question, “Are you
represented in this outcome?” We saw an opportunity to
address this challenge using the Kapor Foundation's
Responsible Al and Tech Justice Guide. Drawing insights
from three of the six core components of the framework
presented in the guide, we developed Games of
Representation (GR), a series of three card-based activities
using SET game cards to teach concepts of population,
sample, dataset, and representation. Through game play,
players manipulate datasets, role-play as stakeholders with
competing interests, and explore real-world scenarios where
representation matters. The GR games and corresponding
guide provide flexible, hands-on activities for guided playful
conversations with adolescents about Al ethics. This work
contributes practical resources for K-12 Al education,
addressing challenges in youth understanding of statistical
bias and stakeholder influence in Al development.

Extended version — Everyday-Al.org

Introduction

The rapid integration of artificial intelligence (Al) into daily
life has created an urgent need for Al literacy education at

the K-12 level. Adolescents encounter Al-powered
technologies through search engines, social media
algorithms, and emerging applications in education,

healthcare and everyday technologies. As these systems
increasingly influence access to opportunities and resources,
developing understanding of how Al works—and how it can

Copyright © 2026, Association for the Advancement of Artificial
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amplify societal biases—has become essential for informed
citizenship and ethical participation in a technology-
mediated world.

A common challenge in Al literacy education involves
cementing the understanding of the relationship between
data representation and Al predictions. Our observations
from implementations of the Developing Al Literacy
(DAILy) curriculum (Lee et. al. 2021; Zhang et. al. 2023;
Zhang et. al. 2024) revealed a particular manifestation of
this challenge. For example, frequently, when participating
students examined Google Image Search results for terms
like "physicist," many were often able to indicate that the
results seemed biased. However, when asked "Are you
represented in this dataset?" students consistently struggled
to understand what representation meant in the context of
datasets and Al systems. Many could not articulate what
features or characteristics might be relevant for determining
representation, nor could many connect the concept of being
represented in training data to the biased outcomes they
observed from the image search.

This lack of understanding representation may lead to
consequent challenges when learners try to make sense of a)
how datasets shape Al behavior, b) what it means for
datasets to be representative of larger populations, and c)
how human decisions about data collection and curation
influence Al predictions.

To address these challenges, we developed Games of
Representation (GR), a series of three card-based activities
designed to make abstract concepts of dataset representation
tangible and accessible through hands-on gameplay.
Leveraging cards from the SET game!, an easily accessible
game, the games engage learners in actively constructing,
manipulating, and analyzing datasets while role-playing as
stakeholders with competing interests in Al development.

! The SET game deck was created by Marsha Jean Falco for Set
Enterprises © 2019 Cannei LLC. All rights reserved.



This paper describes the design of these games, with a
focus on how hands-on, low-tech approaches can address
critical gaps in Al literacy education. We 1) present the
background and design goals underlying the games, 2)
provide detailed descriptions of the three-game sequence,
and 3) discuss key design features that distinguish this
approach from existing Al education resources.

GR aims to offer educators, families and caregivers,
interested in talking with their students and adolescents
about foundational concepts in Al, a promising pedagogical
tool and guide for developing adolescents’ understanding of
representation, bias, and stakeholder influence in Al while
providing accessible entry points for rich discussions about
Al ethics across diverse contexts including informal
education, intergenerational and care-giver settings.

Design Background:
A Need Emerged from Prior Work

GR emerged from implementation challenges identified by
teachers, field investigators, and members of our research
team during the deployment of the DAILy curriculum across
diverse educational contexts, including formal classroom
and informal educational settings (e.g., Al summer camps).
The DAILy curriculum aims to develop critical Al literacy
among middle school age learners through hands-on
activities that examine how Al systems impact daily life.
One key lesson in the curriculum, Investigating Bias,
engages learners in interrogating Al systems by running
simple queries in tools like Google Image Search and
critically assessing the results returned.

In a typical implementation of the activity for this lesson,
learners search for terms such as "physicist" or "outdoor
recreation" and examine the demographic representation in
the image results. The activity guides learners through
structured reflection questions: What did you investigate?
What did you find out? Who is represented? Who is left out?
Was the result accurate? Is it fair? Why do you think this
happened? What are the implications? What could be done
about it?

Through implementation with over 2,000 students across
six U.S. states between the years 2020-2024 a semi-
consistent pattern emerged: while participating adolescents
could frequently answer the first two questions about their
investigation and findings, they struggled with questions
about representation. They had difficulty understanding
what it meant for people to be "represented"” or "left out" of
search results and could not articulate the relationship
between biased outcomes and underlying dataset
composition. Even when the question was reframed as "do
you see yourself or people like you in the search results?"
participants could respond about their personal experience,
but did not grasp broader concepts of representation in the
context of datasets and Al training processes.
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This revealed a fundamental challenge; adolescents may
lack understanding of how datasets shape Al behavior and
what it means for datasets to be representative or non-
representative of larger populations. In the light from this
observed gap, our team saw an opportunity in an existing Al
literacy framework, which guided our design goals.

Game Design Goals

The design goals for GR were informed by three core
components from the Kapor Foundation's Responsible Al
and Tech Justice Guide, which provides a framework for
developing comprehensive Al literacy that addresses both
technical and ethical dimensions of Al systems. The Kapor
Foundation's  approach aligns closely with our
understanding of the challenges identified in the DAILy
curriculum implementation. Where traditional Al education
often focuses primarily on technical skills or algorithmic
understanding, the Tech Justice Guide emphasizes the social
contexts and power dynamics that shape Al development—
precisely the conceptual gaps we observed in participating
adolescents’ responses to questions about representation and
bias. The framework's integration of ecosystem
understanding, critical thinking, and harm mitigation
offered a comprehensive approach to addressing learners’
need for frameworks that connect technical Al concepts to
their social and ethical implications. We developed GR to
address the following select core components (#1, #5, and
#6) of the Kapor Foundation’s Tech Justice Guide.
Components #2-#4 were out of reach for the scope of this
work as they touch on data security and privacy, the
exploration of societal impacts, and the interrogation of
one’s personal use of technologies; all of which were
beyond the scope and specific aims of this project.

Core Component #1: Examine the Al technology
creation ecosystem

Our goal was to help adolescents understand how
stakeholders and their competing interests impact dataset
creation processes. We wanted to foster the skill of
examining whose interests are served by particular dataset
compositions and how power dynamics influence which
voices and perspectives are included or excluded in the
creation and curation of Al training data. This goal extends
beyond technical understanding to encompass critical
analysis of the social contexts in which Al are developed
and deployed.

Core Component #5: Build a critical lens in the
collection, usage, analysis, interpretation, and
reporting of data

We aimed to engage learners in a hands-on practice of

inspecting datasets and analyzing their contents. Ultimately,
our goal was for players to develop the skill of describing



which features of a population are represented and not
represented in datasets, while understanding how
stakeholder roles and goals influence data manipulation
decisions. Thus, through role-playing as stakeholders with
specific objectives, players experience how competing
interests shape dataset composition and learn to critically
evaluate the representativeness of samples relative to larger
populations.

Core Component #6: Learn how to minimize,
eliminate, and mitigate harm and injustice caused
by Al technologies

We sought to develop learners’ capacity to analyze datasets
for their degree of representativeness and to understand how
these characteristics affect Al model predictions. A key goal
involved helping learners recognize the contextual nature of
representation—when being included in datasets might be
beneficial versus harmful, and how participation in datasets
can contribute to societal good or perpetuate injustice.

In conjunction with these core learning objectives were
pedagogical goals to center accessibility and flexibility. We
sought to create educational materials that could function
effectively across diverse contexts—formal classrooms,
informal afterschool programs, and intergenerational
conversations. The games needed to be intellectually
engaging for learners from 4th grade through high school
while remaining accessible in resource-constrained settings
without requiring technology infrastructure.

The Games of Representation

GR uses playing cards, as opposed to pieces on a board
game or a puzzle, because doing so allows populations to be
easily reconfigured. Also, the interpretation of the cards is
straightforward due to their similarity to traditional card
decks, which offers the familiarity of turn-taking and readily
apparent card features (e.g., color, face value, suit).

GR consists of three sequential card-based activities
using SET game cards, each building upon the previous to
develop an increasingly sophisticated understanding of
dataset representation and Al ethics. The games progress
from concrete data exploration to strategic manipulation to
real-world application, creating a scaffolded learning
experience that makes abstract Al concepts more accessible.

Game 1: Investigating Samples

Game 1 introduces players to fundamental concepts of
population, sample, and representation through guided
exploration of a 16-card subset drawn from the complete
SET deck (see Figure 1). Players work collaboratively to
collaboratively to group cards by different features (color,
shape, number, fill) and count how many cards represent
each feature value (e.g., for the feature color the values are
red, green, and purple) within the sample. This concrete
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Figure 1: [llustrative summary of the SET Card Deck
including the features and each features values (left) and a
visualization of the full population (right).

counting and sorting helps players understand what
constitutes a sample, identify which features are most and
least represented, and begin to grasp the relationship
between their sample and the larger population of all 81
cards.

This initial game emphasizes discovery and pattern
recognition rather than competition, encouraging players to
take turns forming different groupings and making
observations about representation. Through systematic
exploration, players develop a shared vocabulary around
datasets and samples while building their intuitive
understanding of how subsets can be more or less
representative of their source population. Tally sheets
support players in tracking their observations and making
evidence-based claims about what their sample reveals
about different feature distributions.

GAME 1
INVESTIGATING SAMPLES

Through gameplay, players learn to ...
» |nspect datasets and analyze contents
# Figure out which features are represented.

What groups can be
formed by features?

Sample Population

LA RN 1)

0 0 0
000 o

€ cee 82 0

These are grouped by shape.
Can you think of other
groupings?

.\\.

Figure 2: Game 1 learning objectives (top), a visualization
of a sample population (left), and an example of how this
sample population can be grouped by features.



Known Population & Discoverable Characteristics

An innovation of games is the use of SET cards, which
contain all possible combinations of 4 features with 3 values
each. This creates a "closed system" where the full
population is knowable and discoverable, enabling players
to make evidence-based claims. Unlike real-world datasets,
where the population characteristics are often unknown or
disputed, players can determine what constitutes
"representative" sampling using the full deck.

This known population structure allows for discussions
about bias and representation grounded in concrete
evidence. Players can calculate exact percentages, compare
sample distributions to the full population, and test claims
about representativeness against objective standards. This
empirical foundation fosters understanding difficult to
achieve in real-world scenarios where population
characteristics are uncertain, and representativeness is
contested.

Game 2: Competing Interests

Game 2 introduces strategic decision-making and
stakeholder perspectives through role-playing. This is
achieved as each player draws an "identity card" from the
deck and decides on a goal to have a feature value from that
card be either the most or least represented in the sample
population as the dataset evolves through gameplay. Players
then set the identity card aside for reference throughout the
game.

Gameplay progresses as players take turns drawing a new
card from the deck and deciding how to play that card based
on their identity card and goal. With each turn, a payer has
three options: ADD the card to the grid to make the dataset
bigger, DISCARD the card in a discard pile face down
(removing it from play), or PLACE the card on top of an
existing card in the grid to replace another card in the sample
dataset. Players make these decisions based on how each
action advances their personal objectives.

To simplify gameplay and make the learning objectives
more accessible for younger players, the game mechanics
allow for players to play several rounds of Game 2. First, all
players play to be overrepresented. Then, in a second round,
all players may play to be under-represented. This
scaffolded approach may make the emergent properties of
each goal more apparent to players, regardless of age.

Players observe how the representation of different
features changes over time based on collective decision-
making, leading to discussions about strategy, unintended
consequences, and the challenge of balancing diverse
stakeholder needs in dataset construction. The game
concludes with reflection on how player goals influenced
the final dataset composition and what this reveals about
power dynamics in Al development.

Stakeholder Role-Play with Competing Interests
GR requires active manipulation based on stakeholder goals.
In game 2, players don't simply analyze existing bias; they
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GAME 2
COMPETING INTERESTS

Through gameplay, players learn how ...
¢ changes to a dataset affect the representation of

different feature values.

Game Rules

ADD the card to the grid to make it bigger
DISCARD the card in a discard pile face down
PLACE the card on top of a card in the grid to replace
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Figure 3: Game 2 learning objectives (top), rules for
gameplay (middle top), and an example of how sample
populations might look as players play to meet their goals
to be over- or under- represented (bottom).

create it through their curatorial decisions while pursuing
personal objectives that may conflict with others' interests.
This creates authentic experiences of how different
stakeholders can influence dataset composition in pursuit of
their own goals.

The progression of the games aligns with experiential
learning theory (Kolb, 1984; Dewey, 1938), which
emphasizes learning through direct experience and
reflection on that experience. GR offers reflective
discussion upon structured simulations through which
players experience phenomena that they cannot easily
observe in real-world contexts. GR scaffolds these
experiences through a progression aligned with key
components of Kolb's experiential learning cycle: concrete
experience (manipulating cards), reflective observation
(noticing patterns), abstract conceptualization
(understanding representation), and active experimentation
(exploration and comparison of strategies through game-
play and reflective discussion after game-play).



Game 3: Real-World Scenarios

Game 3 applies the dataset manipulation skills from
previous games to authentic scenarios where Al systems
impact human lives. Using a code sheet (Figure 4) that maps
SET card features to human traits (e.g., shape represents
height, color represents health status), players reinterpret
their manipulated dataset as representing human traits rather
than abstract card properties.

Game 3 includes multiple modular scenarios that can be
selected based on player age and interests. These scenarios
range from more accessible contexts like self-driving car
recognition systems (suitable for younger players) to more
complex ethical situations such as medical diagnosis tools.
We have also considered scenarios involving employment
screening algorithms, which may be appropriate for older
learners who can engage with nuanced ethical reasoning.
Scenarios such as these may become part of future iterations
of the games.

GAME 3
FROM GAMES TO THE REAL WORLD

Through gameplay, players learn how to ...
# predict how Al trained on a dataset might behave

# to reason about the ethical implications of
using non-representative datasets

Associate SET features with human traits

|U’a.'ue.s
Health |Rad = Good

Fill = Weight

Green = Average  Purple = Poor X
Open = Light

One = Youth

Striped = Average
Two = Adult

Lozenge = Average Diamond = Short X

Filled = Heavy X
Age Three = Senior X

Height |Sguiggla = Tall

¥ = trait carrying a diseass

Scenario #1: Self-Driving Car
Recommended for ages 10+ {4th grade +)

A self-driving car only recognizes
traits that are represented in the
traffic dataset.

Who is seen? Who is not?

Scenario #2: Diagnosis
Recommended for ages 14+ (8th grade +)

An Al model only accurately diagnoses people
with traits that are represented in the dataset.

Who gets an accurate diagnosis?
Who does not?

Figure 4: Game 3 learning objectives (top), a code sheet
for interpreting card feature values as human traits
(middle), and summaries of the two scenarios for gameplay
in the context of real-world applications of Al (bottom).
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In each scenario, players must decide whether they want
their character (identity card) to be represented in the
training dataset, considering both the benefits and risks of
inclusion. For example, in a medical diagnosis scenario,
being represented might enable accurate diagnosis, whereas
in scenarios that may be included in future GR game designs
involving employment screening, representation might lead
to discrimination. Players manipulate the dataset through
several rounds of gameplay, making strategic decisions
about representation based on the ethical implications of
each scenario.

Through guided reflection questions, players explore
whose interests are served by different dataset compositions
and consider the broader societal implications of their
curatorial decisions. This progression across the three games
from abstract card manipulation to human-centered ethical
reasoning helps players transfer their understanding of
representation to real-world Al applications.

The progression of the games aligns with experiential
learning theory (Kolb, 1984; Dewey, 1938), which
emphasizes learning through direct experience and
reflection on that experience. GR offers reflective
discussion upon structured simulations through which
players experience phenomena that they cannot easily
observe in real-world contexts. GR also scaffolds these
experiences through a progression aligned with key
components of Kolb's experiential learning cycle: concrete
experience (manipulating cards), reflective observation
(noticing patterns), abstract conceptualization
(understanding representation), and active experimentation
(e.g., Game 3). The scaffolded structure offers concrete
experiences before gameplay engages abstract reasoning.

Progressive Abstraction Through Gameplay
The three-game sequence creates a progression from
concrete to abstract thinking. Game 1 focuses on concrete
counting and sorting activities, establishing foundational
vocabulary and pattern recognition skills. Game 2
introduces strategic manipulation with competing
stakeholder interests, adding layers of social complexity and
decision-making. Game 3 applies these skills to real-world
scenario applications with explicit ethical implications.
Each game builds conceptual complexity while
preserving the fundamental card manipulation mechanics,
ensuring that cognitive load increases gradually. This
progression enables players to develop expertise with the
physical materials before engaging with abstract ethical
reasoning, creating a stable foundation for increasingly
sophisticated discussions about Al

Concrete-to-Abstract Transfer Mechanism

Game 3 employs an approach that maps abstract SET card
features to concrete human traits, enabling players to
reinterpret the same dataset through multiple lenses. This
makes abstract concepts of dataset bias tangible by allowing
players to see how the same data patterns could advantage



or disadvantage different groups depending on the traits
being measured.

The mapping system enables sophisticated discussions of
proxies and intersectionality while minimizing the risk of
overwhelming learners. Players can explore how multiple
characteristics interact (tall, young, healthy individuals
versus short, elderly, sick individuals) and consider how
algorithmic systems might treat people with different
combinations of traits differently. This concrete grounding
provides essential preparation for understanding real-world
dataset bias that operates through interactions of multiple
variables; thus, GR addresses Core Component #I by
engaging players in the examination of a simplified Al
technology ecosystem.

Scaffolded Ethical Reasoning

The modular scenarios in Game 3 creates a progression from
ethically neutral contexts (self-driving cars that need to
recognize all pedestrians) to personally relevant situations
(medical diagnosis where inclusion enables treatment), and
in future versions of the games, potentially harmful
applications (employment screening that could enable
discrimination). This scaffolding allows players to develop
ethical reasoning skills gradually, building confidence with
straightforward scenarios before tackling more complicated
moral dilemmas.

Built-in discussion prompts guide players through
structured ethical reasoning processes, encouraging
perspective-taking and consideration of voices not present
at the table. The scenarios prompt players to think beyond
their immediate experience to consider how their dataset
manipulation decisions might impact absent stakeholders,
fostering the kind of inclusive ethical reasoning essential for
responsible Al development; thus, GR addresses Core
Component #6, through conversations that prompt players
to consider how to minimize bias and the risk of harm
caused by AL

Together, all three games incorporate several established
pedagogical design principles that enhance their potential
for educational effectiveness and practical implementation.
The games' multi-modal approach engages different
learning preferences through kinesthetic manipulation,
visual pattern recognition, and collaborative discussion,
providing multiple pathways for learners to access and
understand complex Al concepts. Flexible implementation
design (e.g., the modularity of the games, the opportunities
for scaffolded gameplay) ensures broad applicability across
varied educational settings and age groups, while built-in
measurement tools (i.e., the tally sheet that allows players to
quantify the shifting sample population distribution) make
learning visible. These core design features establish a solid
pedagogical foundation that supports the games' more
innovative elements (described below) creating an
educational resource that is both theoretically grounded and
practically viable for widespread adoption across diverse
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learning environments. Below we detail the games’ more
innovative elements.

Discussion

While GR remains in active development, the initial design
features suggest that the games are well-positioned to
contribute to the field of Al education in several ways.

Exploring the Inner Workings of AI Models

The games answer the call for tools designed for novices to
build and explore how models work (Gresse von
Wangenheim et. al. 2021) and addresses the need for better
educational tools to support learners in not just using Al but
creating Al models (Carney et. al. 2020; Morales-Navarro
et. al. 2025). GR achieves this by positioning learners as
active dataset curators who directly influence model training
data rather than passive consumers of pre-built Al systems.

GR is not alone in answering this call. The Tensorflow
Neural Network Playground, Google’s Teachable Machine,
and the interactive visualizations available through
Google’s Machine Learning course, for example, all offer
demonstrations of the inner workings of Al models,
specifically the training process. Platforms such as these
allow learners to explore the functionality of fundamental
algorithms in Al and machine learning technologies. Yet,
they also obscure the dataset construction process behind
user-friendly interfaces. For example, with Google’s
Teachable Machine, users can upload data to train models,
but this is a simulation using transfer learning; users cannot
explore the transformer model nor the MobileNet training
dataset. In these ways, interactive simulations rarely afford
learners opportunities to examine the representativeness of
their data samples.

GR complements rather than competes with these digital
exploration tools. By making dataset construction the
primary focus, GR serves as conceptual preparation for
more technical experiences, helping learners approach
digital Al tools with greater critical awareness of the data
they are using.

Practical Application #1 — Educators, families and
caregivers may consider using GR as foundational
preparation before introducing digital model-building tools,
enabling learners to understand the human decisions
embedded in training datasets before engaging with the
technical aspects of Al model training.

Hands-On, Low-Tech AI Education

Many existing Al education tools require some technical
expertise, software environments, device access, internet
connectivity, and occasional technical troubleshooting. GR
eliminates these technological barriers while introducing
foundational concepts essential to AI model development.
The need for this type of intervention is well established in



computer science education (Linder et. al. 2019) and more
recently in Al education (Dai 2025; Lim et. al. 2025). GR
joins a well-developed collection of unplugged activities
designed to advance understanding of Al concepts, i.e.,
facial recognition (Lim et. al. 2024), decision trees and
reinforcement learning (Lindner et. al. 2019), and semantic
networks and knowledge representations (Long et. al. 2021).

Practical Application #2 - Educators, families, and
caretakers might choose low-tech approaches like GR when
working in resource-constrained environments and when
introducing Al concepts to younger learners, who may not
yet be ready for programming interfaces.

Sociotechnical AI Education

GR emphasizes the social contexts and human decisions that
shape how algorithms operate in the real world. The games
center the social nature of data curation (Tseng et. al. 2024;
Hardy et. al. 2020) inherent in the design of many
computational systems. GR accomplishes this through
explicit stakeholder role-play that simulates real-world
tensions in Al development. The corresponding guide
facilitates group discussion and problem-solving around
ethical dilemmas, moving beyond technical understanding
to engage critical examination of competing interests in Al

Practical Application #3 — Educators, families and
caregivers might choose GR over other collaborative Al
activities when seeking to complement technical Al
education with critical social analysis, when working with
diverse groups where different lived experiences can enrich
discussions of bias and representation, or when addressing
real-world Al controversies where understanding multiple
stakeholder perspectives can foster informed civic
participation.

Bringing AI Education into Informal Settings

Many Al education resources target formal classroom
settings with teacher-led instruction, leaving families,
caregivers and community organizations without accessible
tools for engaging these critical topics. Al systems
increasingly impact family and community life through
applications in healthcare, employment, criminal justice,
and social services, yet community stakeholders are too
often excluded from conversations about Al development.

There is some empirically grounded guidance for parents
and families as to how to have conversations about Al with
children and youth (e.g., Rubin et. al. 2025). What’s more,
there are some resources, like the Day of Al and Common-
Sense Media Family Guide, that facilitate hands-on
activities, collaborative exploration of Al’s capabilities, and
discussion starters for families to engage in conversation
about Al and how it works with youth.

GR joins this effort and goes a step further by creating a
shared, scaffolded exploration driven experience through
which caregivers and adolescents can authentically discover
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the limitations of Al and practice making decisions together
that are immediately relevant to their daily lives (e.g., Do
you want your data included in this dataset?).

Practical Application #4 — Communities and caregivers
might choose GR when seeking to build collective
understanding of Al impacts on their daily lives, when
addressing specific concerns about algorithmic bias in local
systems, or when working to preserve cultural knowledge
and data sovereignty in the face of expanding Al
applications.

Future Directions

GR development is ready to follow several promising
avenues. Pilots and efficacy studies across diverse
populations and educational contexts are needed to
demonstrate impact on players’ knowledge and
engagement, specifically regarding understanding of Al
concepts such as bias and representation in Al training
datasets. The core game mechanics could be extended to
teach other Al concepts beyond dataset representation, such
as algorithmic fairness, model interpretability, or Al system
lifecycle management. Finally, systematic adaptation of the
games for different age ranges and cultural contexts could
broaden their accessibility and relevance, ensuring that this
approach to Al ethics education serves diverse learners
across varied educational settings.

Conclusion

GR and the corresponding guide contribute to the growing
field of K-12 Al ethics education by addressing critical gaps
in current Al education resources. Through hands-on
gameplay using the ready-made SET card deck and simple
game mechanics, players learn to understand abstract Al
concepts through manipulation of datasets, transforming
complicated ideas about representation and bias into
tangible, playable experiences.

As Al systems become increasingly prevalent in
adolescents’ daily lives, GR offers educators, families, and
caregivers a powerful resource for hosting increasingly
important conversations with adolescents about data privacy
as well as opportunities to develop critical thinking skills
necessary to navigate an Al-influenced world. GR is
designed to make ethical concepts accessible to young
learners, contributing meaningfully to the essential work of
preparing adolescents for responsible engagement with Al.
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