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Children are increasingly encountering AI systems in the tools and media that shape how

they learn, play, communicate, and create. These technologies offer new opportunities

for exploration, creativity, and personalized learning. At the same time, as AI becomes

embedded in everyday contexts, there is a growing need for AI literacy that supports children in

understanding how these systems operate within broader socio-technical ecosystems. However,

many AI systems remain opaque, making it difficult to understand how outputs are generated,

what assumptions are embedded in their design, and where their limitations lie. This opacity

can hinder the development of accurate mental models and contribute to overestimation of

AI capabilities.

Supporting children’s AI literacy therefore involves more than explaining how AI works

at a technical level. It requires helping children reason about how AI systems produce

and represent knowledge, including evaluating AI outputs that may appear credible despite

lacking factual grounding, how they reflect and reproduce social values and biases, and

how their use depends on material infrastructures with environmental consequences. In

this dissertation, I examine how children make sense of AI across epistemic, social, and

material dimensions and investigate how interactive systems can support this process. I

present the design and study of three systems: AI Puzzlers, CLIP4KIDS, and EcoPrompt.



Drawing on classroom observations and participatory design sessions, this dissertation shows

how interactive systems can support children’s critical and reflective engagement with AI

through iterative experimentation, encounters with AI outputs that surface their own ways of

organizing and interpreting information, and connections to their social and cultural worlds.
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Chapter 1

INTRODUCTION

Artificial intelligence (AI) has reshaped the way people access and interact with information,

demanding new approaches to governance, ethics, and literacy across many domains, but

perhaps most notably in education. Around the world, governments are advancing initiatives

to harness AI for learning and workforce readiness, with a growing emphasis on AI literacy,

responsible integration, and teacher training [109, 302, 149, 128, 3]. In these efforts, AI

literacy is increasingly framed not only as essential for economic competitiveness, but also for

sustaining democratic participation in an increasingly algorithmic society [149].

At the same time, this growing policy emphasis exists alongside, and at times in tension

with, the rapid acceleration of AI adoption in educational settings. Recent efforts have

moved beyond advocacy toward implementation. For example, an April 2025 U.S. Executive

Order outlines multiple pathways for integrating AI into K–12 education, including training

educators to incorporate AI tools into instruction and introducing students to AI concepts

early in their schooling [149]. While this emphasis on “AI readiness” signals important progress,

it also raises critical questions about what it means to prepare children for a world in which

AI is ubiquitous. These include what perspectives deserve attention in AI literacy curricula,

how to translate national or state-level policy into meaningful learning experiences, and how

to equip teachers and students with the tools they need to adopt (or, in some cases, resist)

AI in the classroom? In this dissertation, I address these pressing sociotechnical questions

through the design and study of interactive AI literacy systems that support children in

critically engaging with AI across its epistemic, social, and material dimensions.
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1.1 Background and Motivation

Children and adults have long navigated the integration of new technologies into everyday life.

As digital technologies such as video games and social media have become embedded in daily

routines, they have prompted ongoing discussions, and at times heightened concern, about

how they might shape learning, behavior, and social relationships [152, 239]. Research in child

development and media studies has documented both potential risks, including impacts on

attention, sleep, and well-being [191, 311], as well as meaningful benefits, such as supporting

creativity, learning, and access to information [239, 174]. Within this context, educators

and families have often been tasked with helping children develop balanced and intentional

relationships with emerging technologies, rather than simply permitting or prohibiting their

use [139, 74, 93]. The recent rise of AI, and in particular generative and other general-purpose

AI systems, introduces a new phase of this ongoing negotiation.

Compared to many earlier technologies, contemporary AI systems can generate content,

respond dynamically to user inputs, and shape the information that people encounter in

ways that are less bounded and more difficult to anticipate. These capacities have introduced

new complexities into the epistemic landscape in which children encounter AI systems. For

example, generative AI produces outputs that are fluent, coherent, and authoritative, yet may

be factually incorrect, a phenomenon commonly described as hallucination [16]. In educational

contexts, such outputs pose an epistemic risk [10, 157], as learners may accept AI-generated

hallucinations as accurate despite it not being grounded in factual knowledge [284]. This

concern is especially pronounced when students turn to AI systems while uncertain or without

prior domain knowledge, and therefore most susceptible to accepting incorrect or misleading

information. These risks are further amplified by the growing presence of low-quality, AI-

generated content, sometimes referred to as “AI slop,” across digital platforms [157, 126].

Such content can include factual errors, oversimplifications, and misleading explanations,

while maintaining the appearance of credibility and achieving high levels of visibility through

engagement-driven algorithms such as Youtube Kids [94, 218]. As a result, children are
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increasingly navigating an information environment in which AI-generated outputs are not

only tools for interaction but also pervasive sources of knowledge.

Beyond epistemic concerns, AI systems also raise important social implications, particu-

larly in relation to algorithmic bias and representation. Prior work has shown that children’s

understandings of social categories are shaped through exposure to cultural representations

across media, including books, television, and digital content [83, 176]. As generative AI

becomes increasingly embedded in children’s creative and media environments, it participates

in and extends this broader representational ecosystem [38, 76]. However, because generative

AI systems are trained on large-scale datasets that reflect existing social patterns, their

outputs often mirror and re-inforce those patterns, including historically embedded biases and

stereotypes [129, 50, 22, 135]. Recent work examining AI tools designed for children’s digital

storytelling found that such systems produced character representations that aligned with

conventional gender norms and appearances, and in some cases were considered inappropriate

for child use due to the risk of amplifying harmful biases [18, 48]. Emerging research further

suggests that these issues extend beyond individual outputs to broader misrepresentations

of youth themselves. For example, Wolfe et al. found that large language models dispro-

portionately associate adolescents with violence, risk-taking, and hypersexualized behavior,

whereas adolescents’ own accounts emphasize everyday experiences such as friendships, school

routines, and family life [331]. Notably, AI-generated associations showed no correlation

with adolescents’ self-perceptions, highlighting a significant misalignment between how AI

systems represent young people and how they understand their own lives [331]. From an

AI literacy perspective, this highlights the importance of supporting children in recognizing

that AI-generated outputs are not neutral or authoritative, but are shaped by the data and

assumptions underlying these systems. Developing such understanding is essential for enabling

children to question algorithmic representations, identify potential biases, and recognize when

AI systems may produce outputs that disadvantage or misrepresent themselves or others.

In addition to epistemic and social considerations, AI systems also have important material

implications that are often invisible to users. While prior work has documented the significant
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energy, water, and infrastructure required to support contemporary AI systems [203, 156],

these underlying processes are largely abstracted away in everyday interactions. As a result,

AI systems can appear immaterial and consequence-free, creating a disconnect between

use and impact that affects users broadly. For children, this disconnect may be further

pronounced. AI systems are typically encountered through seamless and responsive interfaces

that obscure the underlying infrastructure, making it difficult to recognize that these systems

rely on resource-intensive processes. The distributed nature of AI infrastructure further

complicates efforts to relate individual interactions to broader environmental consequences

[270, 190]. From an AI literacy perspective, this highlights the importance of supporting

children in recognizing that AI systems are not only tools for generating information, but are

also part of complex material systems with real-world environmental impacts. Developing

such understanding can enable children to connect their everyday use of AI to larger systems

of resource consumption and to reason more critically about the environmental implications

of their technology use [29].

Thus, these epistemic, social, and material dimensions highlight that engaging with AI is

not only a matter of learning how to use these tools, but of developing the competencies to

interpret, question, and situate these systems within the broader contexts that shape their

design and impact. AI literacy, in this sense, extends beyond understanding how AI systems

function or how to use them effectively, and includes supporting children in making sense of

how AI mediates knowledge, constructs representations, and is embedded within material

systems with real-world consequences [217]. My dissertation explores this perspective by

examining how children engage with AI across these dimensions and by designing learning ex-

periences that foreground critical, exploratory and systems-oriented ways of understanding AI.

1.2 Thesis Statements

Building on the epistemic, social, and material challenges outlined above, in this dissertation

I take a design-oriented approach to AI literacy. Through the design and study of three
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interactive AI literacy systems, I examine how children develop critical and reflective un-

derstandings of AI. The claims of this dissertation are summarized in the following thesis

statements:

T1: AI literacy systems that encourage iterative experimentation, where children can freely

manipulate inputs and parameters, have the potential to deepen children’s understanding

of how AI models respond to variation and human input. By allowing children to

refine their inputs, test hypotheses, and observe the relationship between their choices

and the AI’s outcomes, such systems can transform interaction into a form of inquiry.

Immediate feedback further supports this process, enabling children to see the effects of

their actions and gradually build understanding about how AI systems operate.

T2: AI literacy systems that enable children to compare their own ways of organizing and

interpreting information with those of an AI model have the potential to facilitate

reflection on both human and machine reasoning. By making visible the points of

alignment and tension between children’s schemas and AI outputs, such systems can

foster metacognitive reflection, inviting children to interrogate the AI’s underlying

patterns of representation and inference, and reflect on how their own experiences shape

their judgments.

T3: AI literacy systems that connect learning activities to children’s own identities and lived

experiences have the potential to foster critical engagement with AI. Drawing on critical

pedagogy’s emphasis on personal experience as a catalyst for critical consciousness [313],

such systems can invite children to question AI’s underlying assumptions and reflect on

how technological decisions intersect with their own social and cultural worlds.

1.3 Thesis Overview

In this dissertation, I report on three research studies that examine how children reason about

the epistemic, social, and material dimensions of AI systems, and evaluate design approaches
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that support the development of AI literacy across each dimension. I combine participatory

design, iterative prototyping, and classroom-based deployments to explore how children make

sense of AI through direct engagement with interactive systems that surface its behavior,

limitations, and broader impacts.

In the first study, which addresses the epistemic dimension, children engage with visual

puzzles that make generative AI’s reasoning errors visible. By comparing AI outputs against

their own solutions, they identify inconsistencies and hallucinations in AI outputs. In the

second study, which addresses the social dimension, children interact with an AI classification

system where they define inclusion and exclusion categories, adjust decision thresholds, and

observe how their choices shape model outputs. This process supports reflection on how bias

emerges through both historical data patterns and human decisions. In the third study, which

addresses the material dimension, children engage with an interactive game and footprint

calculator that make the environmental costs of AI tangible.

The sections below provide a brief overview of each study and describe how these in-

vestigations contribute to the thesis statements. Table 1.1 summarizes how each study

maps onto the core dimensions and my thesis statements. Chapter 6 then synthesizes the

themes that cut across all three studies – including how children recognize and respond to AI

errors, how they interpret and question AI bias and representational harms, and how they

connect everyday AI use to broader material and environmental systems – and draws out

their collective implications for the design of AI literacy tools for children.

1.3.1 Chapter 2: Review of Prior Literature

In this chapter, I situate this dissertation within a broader body of work that examines

how children encounter, interpret, and make sense of AI systems in their everyday lives. I

begin by drawing on research in K–12 AI literacy that defines the competencies, practices,

and values needed for learners to engage with AI systems, with particular attention to work

that frames AI literacy in terms of understanding, evaluating, and using AI. Building on

this foundation, I then bring together scholarship that examines the epistemic, social, and
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Dimension T1 T2 T3

AI Puzzlers Study Epistemic ✓ ✓

CLIP4KIDS Study Social ✓ ✓ ✓

Ecoprompt Study Material ✓ ✓

Table 1.1: Mapping of dissertation studies to AI dimensions and corresponding thesis claims (T1–T3).

material implications of AI systems, showing how AI outputs can appear authoritative even

when they are inaccurate, how bias emerges through both data and human decision-making,

and how the environmental and infrastructural costs of AI remain largely invisible despite

their real-world consequences.

Across these strands of work, a common challenge emerges in supporting learners not

only in understanding and interacting with AI systems, but in developing the competencies

to engage in AI literacy practices and reasoning about their broader epistemic, social, and

material implications. In response, I draw on prior work in designing interactive systems

that support children in engaging with AI through direct interaction, including systems that

enable learners to build, test, and interrogate models, as well as approaches grounded in

systems thinking that support reasoning about distributed and often hidden material impacts.

Finally, I ground this work in educational theories, including experiential learning, critical

pedagogy, and multimedia learning, which together emphasize learning as an active and

reflective process. This body of work informs the design-oriented approach of this dissertation,

in which interactive systems are used to support children in developing critical and reflective

understandings of AI across its epistemic, social, and material dimensions.
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1.3.2 Chapter 3: Evaluating AI Reasoning

In this study, I examine how children ages 6–11 can be supported in critically evaluating

AI outputs. Working with a team of collaborators, I designed AI Puzzlers, an interactive

system in which children solve visual reasoning puzzles and compare their solutions with those

generated by AI. The system draws on the Abstraction and Reasoning Corpus (ARC) dataset

[55], which features reasoning puzzles that are typically easy for humans but challenging

for AI. This contrast creates opportunities for children to encounter and interrogate cases

where AI produces incorrect outputs, supporting reflection on the reliability and limits of

AI-generated information.

To evaluate AI Puzzlers, I conducted two participatory design sessions with 21 children

using a cooperative inquiry approach [105]. I found that when generative AI made mistakes,

especially on puzzles children considered easy, they reacted with surprise and amusement,

sparking meaningful dialogue. Across sessions, I found that children moved from identifying

AI errors to developing evaluative strategies, such as comparing AI outputs against AI expla-

nations and offering hints to iteratively guide its responses. Notably, children’s engagement

with AI Puzzlers was not solely tied to catching AI mistakes. They were also drawn in by

the puzzles themselves, often describing more complex puzzles as fun and viewing them

as opportunities for personal accomplishment. Children’s continued engagement with AI

Puzzlers highlights the importance of designing AI systems that present information in ways

that facilitate comparison, encourage reflection, and scaffold multiple ways of understanding.

These findings support T1 and T2 by showing how iterative experimentation and compar-

ison between children’s own reasoning and AI outputs can scaffold critical evaluation of

AI-generated information.

1.3.3 Chapter 4: Interrogating AI Bias

In this study, I worked with a team of collaborators to investigate how children (ages

9–10) understand and reason about bias in AI systems. To support this inquiry, I designed
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CLIP4KIDS, an interactive tool that engages children in AI classification tasks to explore how

bias emerges in model outputs. The system foregrounds the role of human decision-making

in shaping classification processes, making visible how choices such as category definitions

and labeling influence outcomes. This design is grounded in prior work demonstrating that

human schemas and classification systems are not neutral, but are shaped by cultural, social,

and individual experiences, which can in turn produce biased AI outputs [34].

To explore children’s interactions with CLIP4KIDS, I conducted a four-session classroom

study with two fifth-grade classrooms at a local elementary school in Seattle, WA. I found

that children engaged in iterative experimentation with CLIP4KIDS by tinkering with

classification parameters and testing how small changes could significantly alter the AI’s

outputs. Through these interactions, children began to recognize how classification systems

depend on human-defined categories and thresholds, and how these decisions can privilege

certain interpretations while excluding others. Building on these experiences, children drew

on their own understandings of fairness to interpret and critique AI behavior, using the

system to reason about patterns of inclusion and exclusion. These findings provide support

for T1, T2, and T3, demonstrating how systems that support iterative experimentation,

make children’s reasoning comparable to that of an AI model, and connect to children’s lived

experiences can collectively foster inquiry, reflection, and critical engagement with AI.

1.3.4 Chapter 5: Reasoning about AI’s Environmental Impact

In this study, I examine how children ages 6–12 can be supported in reasoning about the

environmental impacts of generative AI. Working with a team of collaborators, I designed

Ecoprompt, an interactive system that combines a prompt-level environmental footprint

calculator with a farm simulation game to help children connect everyday AI use to its

underlying resource costs. The footprint calculator provides real-time estimates of the energy,

water, and carbon associated with children’s AI prompts, while the farm game situates AI

use within a shared virtual ecosystem where the collective consequences of AI use across all

players become visible over time.
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To evaluate Ecoprompt, I conducted two participatory design sessions with 16 children

using a cooperative inquiry approach [105]. I found that prior to interacting with Ecoprompt,

children distinguished between device-level electricity use and the computational processes they

associated with AI, often treating AI as operating primarily on information rather than ongoing

material resources. As children engaged with the Footprint Calculator, they developed more

systems-oriented accounts that connected AI use to distant data centers, cooling infrastructure,

and downstream environmental consequences. Children used these emerging understandings

to evaluate whether particular prompts were "worth" their environmental cost, weighing the

usefulness of a question against the resources it consumed. In the simulation game, children

responded strongly to signs of collective environmental degradation, at times choosing to forgo

AI assistance in order to reduce shared harm, even when doing so made tasks more difficult.

At the same time, children recognized the limits of individual control, reasoning about how

AI use accumulates across many users and how environmental outcomes extend beyond any

single person’s decisions. These findings support T1, and T3 by demonstrating how systems

that make AI’s resource use visible at the point of interaction, scaffold reasoning across

individual and collective scales, and connect to children’s existing values around fairness and

responsibility can support engagement with the material dimensions of AI.

1.4 Contributions

1. Empirical contributions: Through classroom observations, video recordings, worksheets,

and system logging, I have collected multiple datasets on how children (ages 6 - 12)

reason about and interact with AI systems. These data capture both children’s situated

interactions and their evolving ideas as they engage with AI across different contexts.

The inclusion of system logs extends these observations by providing interaction-level

traces (e.g., changes to inputs and parameters), enabling closer analysis of how children

iteratively test and revise their thinking. Across these data sources, I contribute

empirical findings on how children form and revise hypotheses during AI interaction,

and how they draw on their identities, prior knowledge, and values when making sense
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of AI systems.

2. Artifact contributions: To support children’s AI literacy, I designed, implemented, and

evaluated three interactive systems: AI Puzzlers, CLIP4KIDS, and Ecoprompt. These

systems are accessible without prior AI or programming knowledge and can be used

through a web browser, enabling their use across both classroom and informal learning

contexts. A central design goal across all three systems is tinkerability. To support this,

the systems provide immediate feedback, allowing children to observe the effects of their

actions, and enable fluid experimentation, making it easy to iteratively test, revise, and

reconnect ideas through interaction [261]. The systems are publicly accessible, and the

code is available to support reuse and adaptation. Thus, one contribution of this work

is to provide examples of designs that lower barriers to engaging with the epistemic,

social, and material dimensions of AI, supporting children in exploring these systems

through hands-on, iterative interaction.

3. Broader Impact: Beyond the individual studies, this dissertation contributes a set of

pedagogical tools that have begun to be taken up across classroom and community

contexts. Ecoprompt, for example, was implemented in a sixth-grade classroom at

the Evergreen School as part of an AI unit, extending its use beyond the original

study. Similarly, AI Puzzlers has been adapted across multiple settings, including an

undergraduate philosophy course at the University of Washington to support discussions

of machine reasoning and intelligence, as well as UW Discovery Days, where children

and families engaged with the system in a public outreach context. Together, these

deployments across K–12 classrooms, undergraduate courses, and informal learning

environments suggest that these tools can be flexibly adapted to different pedagogical

goals and audiences, positioning them as reusable resources for teaching and learning

about AI. Findings from CLIP4KIDS ’ deployment at University Child Development

School further extend this contribution by demonstrating that AI literacy does not need

to be introduced as a standalone technical unit. In a fifth-grade classroom, students
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drew on their existing DEI curriculum, including their reading of Stamped, to interpret

and critique algorithmic bias. This illustrates a model of curricular integration in which

AI concepts are introduced through and alongside existing instructional commitments,

rather than as an isolated topic. This contribution also aligns with findings from

complementary work with K–12 educators, where teachers described uncertainty about

how to teach AI literacy and a need for resources that can fit within existing classroom

practices.
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Chapter 2

BACKGROUND AND RELATED WORK

2.1 K-12 AI Literacy

While empirical data on children’s use of generative AI is emerging, early surveys suggest

that children and youth are engaging with these systems at increasing rates, often surpassing

adult adoption [45, 214]. Within human–computer interaction (HCI), research has begun

to examine how AI systems can support children’s creativity, storytelling, and learning,

with much of this work focusing specifically on generative AI applications. For example,

prior studies have explored the use of generative AI to support children’s creative expression

[201, 230, 260], storytelling [138, 345], and learning [49, 287, 336, 96, 75]. At the same

time, scholars have begun to examine potential risks associated with children’s interactions

with AI systems. These include biases embedded in models that may shape how children

and teenagers are represented [331, 330], as well as socio-emotional concerns related to how

children perceive and relate to AI systems, including anthropomorphism [103, 12], overreliance,

and the emergence of companionship dynamics [73]. As AI systems, including both generative

and general-purpose AI technologies, become increasingly embedded in children’s everyday

learning, creative, and information-seeking practices, questions arise about what young people

need to understand in order to engage with these technologies thoughtfully and responsibly.

In response, a growing body of research has sought to define the knowledge, skills, and

dispositions that constitute AI literacy and to translate these competencies into frameworks

that can guide K–12 education. In this section, I first review existing AI literacy frameworks

in K–12 education and then introduce the framework by Mills et al., [217] that guides this

dissertation.
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2.1.1 AI Literacy Frameworks

A growing body of work has sought to define AI literacy and identify the competencies

individuals need to understand and engage with AI systems. Definitions in this space share

a common orientation toward both technical understanding and critical engagement. Long

and Magerko [199], for example, characterize AI literacy as a set of competencies that enable

individuals to critically evaluate AI technologies, collaborate effectively with AI systems, and

use them in everyday contexts such as school, work, and home. Similarly, Ng et al. [231]

conceptualize AI literacy across four dimensions: understanding AI concepts, applying AI

tools, evaluating and creating with AI, and engaging with ethical considerations. Chiu [53]

offer a useful terminological clarification within this space, distinguishing between AI literacy

as knowledge about how AI works and its societal implications, and AI competency as the

reflective capacity needed to apply that knowledge responsibly, a distinction that underscores

the difference between understanding AI and being able to act thoughtfully in relation to it.

A parallel line of work has focused specifically on translating these competencies into

learning progressions across K-12 grade levels. The AI4K12 initiative provided one of the

earliest efforts to do so, with Touretzky et al. [297] organizing K-12 AI learning around Five

Big Ideas in AI: perception, representation and reasoning, learning, natural interaction, and

societal impact. The rapid emergence and public uptake of generative AI systems in the years

that followed, however, significantly expanded both the capabilities and the everyday presence

of AI in ways that were difficult to anticipate in 2019. In 2025, AI4K12, in partnership with

CSTA, revised and expanded the framework to reflect this changed landscape, producing five

updated learning priority areas: Humans and AI, Representation and Reasoning, Machine

Learning, Ethical AI System Design and Programming, and Societal Impacts of AI, with

explicit grade-band progressions from kindergarten through twelfth grade [299]. This updated

framework also names AI’s environmental impacts as a distinct learning priority within its

Societal Impacts category, a competency that is taken up empirically in the third study of

this dissertation.



15

Prior research has also called for more critical and justice-oriented frameworks for K-12

AI literacy. For example, Velander et al. found that while most acknowledge the ethical

dimensions of AI, they tend toward a techno-deterministic view that positions AI development

as inevitable, preparing learners to adapt to and use AI responsibly rather than empowering

them to question or imagine alternatives to existing AI systems [312]. Williams [323] extended

this further, observing that most frameworks describe a generic learner and do not account for

students’ cultural backgrounds or social positioning. Their Impact.AI framework, developed

through community-engaged design with historically underrepresented students, centers

cultural relevance as foundational to meaningful AI literacy learning. Taken together, these

frameworks reflect a growing emphasis on K-12 AI literacy that extends beyond technical

skill-building to include ethical, societal, and critical perspectives on AI.

2.1.2 AI Literacy as Understanding, Evaluating, and Using AI

Building on the broader landscape of K–12 AI literacy, Mills et al. [217] propose a framework

that organizes AI literacy around three Modes of Engagement: Understanding AI, Evaluating

AI, and Using AI. Developed in collaboration with K–12 practitioners, the framework centers

two core values — Centering Human Judgment and Centering Justice — which position

human agency and equity as foundational to AI literacy. It also outlines six AI Literacy

Practices that describe the skills through which learners can demonstrate AI literacy in

practice. The following sections describe these components in greater detail.

Core Values

The first core value, Centering Human Judgment, emphasizes that human oversight is

essential to the safe and effective use of AI systems. Mills et al. [217] argue that while AI

can process large volumes of data and generate predictions, it cannot understand context,

exercise ethical reasoning, or assess the appropriateness of its own outputs [142]. Centering

Human Judgment therefore encourages learners to evaluate which tasks are appropriate

for AI assistance, critically examine AI-generated outputs, and weigh the potential benefits
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and risks of AI use across different contexts. The framework also extends this value to

environmental considerations, noting that the uncritical deployment of large-scale AI systems

carries significant energy costs that human judgment must take into account [90, 164].

The second core value, Centering Justice, focuses on the broader societal impacts of AI

systems. Mills et al. [217] emphasize that AI technologies are not neutral; their outputs

may fail to represent the interests of all people and can reproduce or amplify existing social

inequalities. Centering Justice therefore asks learners to examine how AI systems may encode

or reinforce societal biases, evaluate whether AI applications perpetuate inequities in access

and opportunity, and consider how AI technologies might be designed and used in ways that

better serve historically marginalized communities [217].

Modes of Engagement

The framework identifies three interconnected Modes of Engagement with AI: Understanding

AI, Evaluating AI, and Using AI. Mills et al. [217] argue that developing AI literacy requires

engagement across all three modes. The Understanding AI mode focuses on developing

foundational knowledge about how AI systems work. It also includes understanding the

history of AI, its current applications across sectors such as education, and the role of human

decision-making in shaping how AI systems are developed and deployed [217]. The Evaluating

AI mode asks learners to critically examine AI systems and their outputs, guided by the

two Core Values described above. Evaluation involves assessing whether a given AI system

is trustworthy, equitable, and appropriate for its intended use. Finally, the Using AI mode

focuses on how learners interact with AI systems in practice. Within this mode, three Types

of Use are identified: Interacting with AI, Creating with AI, and Problem Solving with AI

[217]. Each type of use introduces distinct opportunities and risks and therefore calls for the

application of different AI Literacy Practices.
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Figure 2.1: AI literacy framework from Mills et al. (2024), reproduced from their report.

AI Literacy Practices

The framework further identifies six AI Literacy Practices that describe the skills learners

draw on when engaging with AI systems: Algorithmic Thinking, Data Analysis and Inference,

Data Privacy and Security, Digital Communication and Expression, Ethics and Impact, and

Information and Mis/Disinformation [217]. This dissertation focuses on two practices that are

central to evaluating AI systems and their outputs: Ethics and Impact and Information and

Mis/Disinformation. The Ethics and Impact practice asks learners to consider the broader

societal and environmental consequences of AI systems [217]. This includes examining how

datasets and algorithms may reproduce existing societal biases and evaluating the potential

benefits and harms of AI technologies for individuals, communities, and the environment.

The Information and Mis/Disinformation practice focuses on evaluating the credibility of
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AI-generated outputs [217]. Learners assess the reliability of information, compare multiple

sources, and determine when AI-generated content should not be trusted.

2.2 Epistemic, Material, and Social Implications of AI

In this section, I review prior research that highlights several important implications of AI

systems and motivates the focus on two AI literacy practices in this dissertation: Information

and Mis/Disinformation and Ethics and Impact. First, I examine scholarship on the epistemic

implications of AI systems, focusing on how AI-generated outputs can appear authoritative

even when they are inaccurate and why children may find it difficult to evaluate their

credibility. Second, I review research on the material dimensions of AI, including the

energy consumption, water use, and broader environmental impacts associated with the

computational infrastructure that supports modern AI systems. Finally, I discuss work on

the social implications of AI, with particular attention to how biases can become embedded

in datasets and algorithms and how these dynamics may reproduce or amplify existing social

inequalities. Together, these bodies of work motivate the need for AI literacy practices that

support learners in critically evaluating AI-generated information and reasoning about the

broader societal and material impacts of AI technologies.

2.2.1 Challenges in Evaluating AI Outputs

As AI systems become increasingly accessible to children, understanding how young learners

interact with and make sense of AI-generated outputs has become an important area of

inquiry. Recent work in HCI has examined how children interpret the outputs produced by

AI systems and the conditions under which they are more or less likely to evaluate them

critically [223, 221]. Much of this research has focused on generative AI tools that can appear

authoritative and well-formed even when they contain errors. Prior studies suggest that

children’s (ages 8–13) ability to critically assess AI-generated content is heavily influenced by

their prior knowledge and age [284]. For example, children who are well-versed in specific

topics, such as Pokémon or Star Wars, can readily identify errors when ChatGPT provides
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inaccurate information or when a DALL-E-generated image depicts a character with six

fingers instead of five [230]. Conversely, when faced with unfamiliar subject matter, children

are more likely to overtrust AI-generated outputs [284].

Prior research also suggests that this tendency to overtrust AI outputs stems in part

from how these systems present information [222]. AI-generated responses often appear

polished and authoritative, presenting information in structured formats such as step-by-

step explanations or organized lists. These presentation features can create an illusion of

correctness even when the underlying content is inaccurate [284, 280]. For example, middle

school students found ChatGPT’s response to a technical question convincing because of its

clear organization, despite the fact that the content was incorrect [284]. Similarly, perceived

transparency—when AI appears to explain its reasoning—can mislead users into assuming the

system’s output is reliable [284, 280]. In one example, children trusted ChatGPT’s breakdown

of a multiplication problem because the steps appeared logical, even though the final answer

was incorrect [284]. Superficial indicators of credibility can further compound this issue, as

users often rely on cues such as citations, dates, or named sources to judge accuracy [284, 280].

For instance, students trusted a fabricated list of scientific papers generated by an AI system

because it included plausible-sounding titles and publication dates [284].

From a cognitive load perspective, these challenges arise because children have limited

working memory resources, making it difficult to critically assess complex information without

appropriate scaffolding [211, 210]. Many contemporary AI interfaces provide few cues about

the reliability or provenance of their outputs, increasing the cognitive burden on users who

must independently verify the information they encounter [280]. Without structured support,

children may struggle to detect errors, particularly when AI outputs are presented in coherent

and persuasive forms. This body of work motivates Chapter 3 of this dissertation and the

Information and Mis/Disinformation practice, which focuses on helping K–12 learners assess

the credibility of AI-generated information and determine when such outputs should not be

trusted.
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2.2.2 Recognizing Bias in AI Outputs

Human-like bias has been documented in numerous AI systems, including criminal recidivism

models trained to make predictions from tabular data [57], computer vision systems such as

those trained for facial recognition [254, 256], language technologies like word embeddings

[30, 129, 50], and pretrained language models [22]. Such biases have been observed not only

in systems trained on general internet data but also in machine learning technologies trained

using content intended for children, such as corpora of children’s books [48]. Furthermore, AI

systems designed for child-facing contexts but trained on uncurated datasets may inadvertently

transfer adult-oriented content, including profane or otherwise inappropriate language, into

technologies used by young learners [255, 331].

Understanding why bias enters AI systems requires some attention to how they are built.

Many modern AI systems rely on large-scale pretraining using datasets collected from the

internet [143]. For example, language models such as Google’s T5 are trained on massive

web-based datasets like C4 (the “Colossal Clean Crawled Corpus”), which contains over a

trillion tokens of text collected over several years [253]. During this pretraining process,

models learn statistical patterns in language and other data that allow them to generate

fluent responses or perform downstream tasks [175]. However, because datasets of this scale

cannot be fully reviewed or curated by human researchers, pretrained models often inherit

patterns of bias present in the data itself [22]. These biases may later manifest in system

outputs, even when the models are fine-tuned for specific tasks or deployed in new contexts

[315, 330]. For example, Buolamwini et al., [40] found that several commercially available

facial recognition systems performed significantly worse when identifying individuals with

darker skin tones, particularly women.

Representation bias is another common form of AI bias in which minoritized groups

are associated with negative attributes or traits. This may be implicit–i.e., detectable via

statistical analysis of machine learned representations [135], or explicit–i.e., observable based

on disparities in downstream tasks [11, 277]. For example, Wolfe et al., [331] found that
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English-language word embeddings and generative language models associate teenagers with

societal problems such as violence, drug use, and mental illness. These associations contrast

sharply with how teenagers themselves describe their lives, which tend to center on school

and friendship. Because young people are both subjects of these representations and users of

AI systems, this body of work motivates the focus of Chapter 4 of this dissertation and the

social dimension of the Ethics and Impact practice, which asks K–12 learners to examine how

AI systems may reproduce societal bias and to evaluate their potential harms for individuals

and communities.

2.2.3 Understanding AI’s Material Impacts

The rapid expansion of modern AI systems, including large language models (LLMs) and

other general-purpose AI technologies, has been accompanied by unprecedented growth in

computational infrastructure [291, 270]. Contemporary AI systems rely on large-scale data

centers equipped with specialized hardware, such as GPUs and accelerators, which require

substantial amounts of electricity to support model training and ongoing operation [66]. It is

notable that other energy-intensive technologies of the past decade, such as cryptocurrency

and cloud gaming [140, 226, 188], have not made the same impact on the technology industry’s

energy consumption as AI has; from 2005 to 2017, the amount of electricity going to data

centers was relatively unchanging, as increases in efficiency mitigated energy consumption

resulting from increases in demand [238]. Recent estimates suggest that data centers now

consume approximately 4.4% of the United States’ domestic electricity supply, a figure

expected to double in the coming years [2]. In many regions, this electricity is still generated

primarily from fossil fuel sources such as coal and natural gas, linking AI infrastructure to

greenhouse gas emissions and local air pollution [4, 241].

Beyond electricity consumption, AI systems also place considerable demands on freshwater

resources [270]. Data centers generate substantial heat during computation and require

continuous cooling to maintain reliable operation. In many facilities, cooling is achieved

through water-intensive systems, leading to significant freshwater withdrawals [203]. The
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material footprint of AI also extends upstream to the production of hardware and supporting

infrastructure. The manufacture of GPUs, servers, and networking equipment requires the

extraction and processing of critical minerals and rare earth elements—including copper,

cobalt, and lithium—which are often sourced through environmentally destructive mining

practices [190]. Hardware production is energy-intensive and contributes to emissions and

material depletion long before an AI system is deployed, while rapid hardware obsolescence

generates large volumes of electronic waste that are frequently inadequately recycled [229].

Recent research further highlights that the environmental footprint of AI systems is

shaped not only by model training but also by the cumulative impact of everyday use. While

training large models is widely recognized as computationally intensive [238], the generation

of outputs in response to user prompts can also scale energy and water consumption over a

model’s lifetime as millions of interactions accumulate [203]. These dynamics are particularly

visible in generative AI systems, whose widespread public adoption has dramatically increased

the frequency of such interactions.

Despite growing awareness within the AI and sustainability communities, the material and

environmental costs of AI systems remain largely invisible to end users, particularly children.

AI technologies are increasingly accessible in educational, creative, and everyday contexts

[214], yet the infrastructure that enables these systems often remains hidden from view.

Without opportunities to understand how AI systems are produced, powered, and sustained,

users may reasonably interpret interactions with AI as immaterial or consequence-free [153].

Foregrounding the material dimensions of AI systems is therefore essential for enabling children

to situate AI within broader conversations about sustainability and the environmental costs

of digital technologies. Prior scholarship in CCI and sustainability education provides design

precedents for supporting this kind of reasoning, emphasizing children’s engagement with

technologies as embedded within interconnected social, material, and ecological systems rather

than as isolated tools [321, 263, 131]. This body of work motivates the material dimension of

the Ethics and Impact practice explored in Chapter 5, which asks K–12 learners to consider

the real-world costs of AI systems for individuals, communities, and the natural world.
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2.3 Prior Work

This dissertation builds on multiple strands of prior research in AI literacy and learning

sciences. First, prior work in AI literacy has explored a range of modalities and interaction

paradigms for supporting children’s engagement with AI systems, including unplugged

activities, browser-based tools, embodied systems, and conversational agents. In addition

to this broader AI literacy literature, this dissertation also draws on prior work connected

to the specific learning goals of the systems presented in later chapters. In particular, I

review prior research on teaching children about bias and fairness in AI systems, which

informs the design of CLIP4KIDS, as well as research on systems thinking and sustainability

education, which informs the design of EcoPrompt. Together, these bodies of work motivate

the interaction design choices and learning goals explored across the three AI literacy systems

in this dissertation.

2.3.1 Unplugged Approaches to AI Literacy

Building on the broader CS Unplugged tradition [151, 21], this approach uses physical

materials, role-play, games, and embodied interaction to help learners reason about AI

concepts such as classification, representation, training data, and algorithmic decision-making

[285, 195, 70]. Prior work suggests that unplugged activities can lower barriers to participation

by reducing technical complexity while supporting collaborative discussion and reflection

[72, 187, 296].

Much of this work has focused on helping learners build conceptual understandings of

AI processes through physical simulation. For example, Lindner et al. [195] introduced a

series of paper-based activities exploring ideas such as classification, reinforcement learning,

and the Turing test. Similarly, Long et al. [200] and Darabipourshiraz et al. [86] designed

embodied activities that allow learners to physically enact processes related to machine

learning and knowledge representation. Work in museums and informal learning settings
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has further extended these ideas through activity boxes, tabletop exhibits, and collaborative

installations that support embodied reasoning about AI systems [198, 85, 189, 84]. Across

this work, AI processes are externalized into physical actions and artifacts that learners can

manipulate, rearrange, and discuss together.

Unplugged activities have also been used to support critical engagement with the societal

implications of AI. Payne’s [242] middle-school AI ethics curriculum, for example, uses activi-

ties such as algorithm design exercises to help learners examine how values and assumptions

become embedded in AI systems. Similarly, Ali et al. [8] introduced AI Audit, a card game

that engages learners in reasoning about the potential harms and ethical implications of AI

products. Prior research further suggests that unplugged activities can support collaborative

reasoning around fairness, representation, and societal impact, particularly when integrated

into broader classroom discussions [266, 323, 309, 102, 258]. While the systems presented in

this dissertation primarily focus on interactive digital engagement with AI systems, prior

unplugged work provides important foundations for understanding how embodied interaction,

collaboration, and simplified representations can support children’s emerging understandings

of AI concepts.

2.3.2 Interactive AI Literacy Systems

Prior work in AI literacy has also explored browser-based and block-based machine learning

tools. Platforms such as Cognimates [99], Machine Learning for Kids [178], and Teachable

Machine [43] allow learners to train classifiers using images, text, sounds, or movement data

and incorporate these models into interactive projects. Prior work suggests that engaging

learners in processes such as collecting training data, testing outputs, and retraining models

may help make model behavior more visible by allowing learners to observe how outputs

change in response to different inputs and datasets [91, 59, 300, 322, 310, 51]. Constructionist

AI literacy systems have also expanded into embodied and creative domains through platforms

such as PoseBlocks [158], AlpacaML [348], and systems that combine machine learning with
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movement, dance, or physical computing activities.

Another thread of work has explored the use of social robots and embodied agents to

support AI literacy [181, 103, 325, 278]. Systems such as PopBots [327] combine physical

robots with curricula that introduce young children to concepts such as supervised learning

and knowledge-based systems. Prior work suggests that embodied interaction may increase

engagement and help make abstract AI concepts more concrete for younger learners [323]. At

the same time, research on children’s interactions with conversational and robotic agents has

raised concerns around anthropomorphism, overtrust, and social attachment [103, 326, 73].

These concerns have become increasingly relevant with the rise of generative AI systems that

communicate through natural language and conversational interaction.

More recent work within digital AI literacy research has explored dialogic and conver-

sational systems in which learners engage with AI through natural language interaction

[79, 227, 193, 134]. In these systems, language becomes the primary interface through which

learners encounter, test, and make sense of AI systems. Prior work suggests that conversa-

tional interaction may support engagement by allowing learners to communicate with AI

systems using familiar forms of dialogue [193, 307, 134, 26]. Some of the earliest work in this

area focused on helping learners build or program conversational agents. For example, Zhorai

[193] allows children to teach a conversational agent about animals and ecosystems while

visualizing how the system organizes knowledge.

Researchers have also begun exploring hybrid systems that combine conversational inter-

action with tangible or embodied interaction. For example, Lindrup et al. [196] introduced

Prompt Machine, a tangible generative AI system that slows down and makes the prompting

process visible by routing prompts through physical objects rather than standard chat in-

terfaces. This work reflects broader efforts to design AI literacy experiences that encourage

learners to reflect not only on AI outputs, but also on the interaction processes through which

those outputs are produced [62, 27, 163].
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2.3.3 Teaching Children about Bias in AI

Recent research in AI literacy has increasingly explored how children can learn to recognize

and reason about bias in algorithmic systems. Studies examining children’s engagement with

algorithmic fairness show that young learners are capable of identifying biased outcomes in

both everyday technologies and the social contexts that shape them [268, 104, 185]. Empirical

work further demonstrates that children can articulate how bias manifests in digital systems

and reflect on its broader societal implications [61, 185, 76, 223]. One approach used to

support this understanding draws on constructionist learning traditions, where learners

actively build and interrogate computational systems as part of the learning process [240].

This often involves interactive platforms that allow children to train machine learning models

using their own datasets and observe how data choices influence model behavior. Tools

such as Teachable Machine [43], Co-ML, and Poseblocks [158] enable learners to construct

classifiers from images, sounds, or text, allowing them to explore how biased or incomplete

datasets can produce skewed outputs [314, 242, 207, 154, 269, 215, 7].

Prior work shows that when children train and evaluate models using their own data,

they develop a clearer understanding of how AI systems function and where their limitations

lie [348, 106? , 310]. For example, Castro and Desportes [44] engaged learners in examining

the socio-technical aspects of AI through a creative computing system, danceON, where

students surfaced how cultural assumptions about the human body influenced model behavior.

Similarly, Register et al., [259] asked students to train classifiers on personal datasets and reflect

on the applications and limitations of these models. Prior research also demonstrates that

learners, particularly those from communities historically marginalized by algorithmic systems,

are capable of analyzing outputs from tools such as search engines and image generators,

identifying problematic representations, and proposing alternative designs [282, 283]. Building

on this perspective, related research positions young people not only as critics but also as

auditors and designers of machine learning systems [223, 221]. Building on prior work that

situates teaching AI bias within the dimensions of fairness, society, and ethics, I describe
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CLIP4KIDS, an interactive system designed to support children’s understanding of AI bias,

in Chapter 4.

2.3.4 Systems Thinking in Environmental Education

Systems thinking is a framework that supports reasoning about complex phenomena by

foregrounding relationships among interconnected components, resource flows, and feedback

processes that unfold over time and across scales [14, 213, 320]. Within sustainability

and environmental education, systems thinking has been widely adopted to help learners

understand environmental challenges such as climate change, resource depletion, and pollution

as outcomes of interacting social, material, and ecological systems [131, 244, 29]. Prior research

emphasizes the importance of supporting children’s ability to shift between local and global

viewpoints, enabling them to connect everyday actions and practices to distributed, cumulative,

system-level consequences [131, 58]. Scholars further argue that encouraging reflection on how

children situate themselves within these systems, shaped by social, cultural, and intersectional

contexts, can deepen engagement and support meaningful forms of understanding [160].

Within climate and sustainability education, systems thinking is frequently enacted

through interactive simulations and serious games [205, 264, 234], which allow children to

explore how individual actions interact within shared systems in engaging ways. Early

sustainability-focused serious games often took the form of tabletop modalities such as card

and board games [264, 108], with digital games becoming increasingly prevalent in more

recent work [257]. Across both formats, sustainability-focused serious games typically employ

role-play or management simulation mechanics [257, 276] and commonly address themes such

as resource management, irrigation, carbon emissions, and deforestation [205, 19]. Through

repeated interaction, such games can support systems thinking by enabling children to observe

how individual decisions accumulate into collective outcomes, often producing unintended or

emergent effects.

A systems thinking lens is also well-suited to the case of generative AI, as its environmental

impact is largely invisible to end users and distributed across infrastructures such as data
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centers, energy grids, and water systems. As a result, reasoning about generative AI’s

environmental footprint requires connecting everyday interactions with abstract, system-level

processes that unfold across space and time. While prior work in sustainability education

demonstrates how interactive systems can support reasoning about distributed environmental

impacts, less is known about how children apply these forms of reasoning in the context

of AI technologies such as generative AI. Guided by prior work on systems thinking, I

describe EcoPrompt, an interactive system designed to support children’s reasoning about

the environmental footprint of generative AI, in Chapter 5.

2.4 Educational Theories

In this section, I review three educational theories that ground the design of the AI literacy

systems in this dissertation. I begin with Experiential Learning Theory, which frames learning

as an iterative process of action and reflection and motivates the focus on direct, hands-on

engagement with AI systems. I then turn to Cognitive Load Theory and the Cognitive Theory

of Multimedia Learning, which inform how AI literacy systems can be designed to support

understanding without overwhelming learners. Finally, I discuss Critical Pedagogy, which

foregrounds questions of power, bias, and social impact as learners engage with AI tools.

2.4.1 Experiential Learning

Experiential learning Theory (ELT) considers learning as a process of building knowledge

through cycles of action and reflection [89, 177]. Kolb [173] conceptualizes experiential learning

as an iterative cycle consisting of four phases: concrete experience, reflective observation,

abstract conceptualization, and active experimentation. These phases describe a process

in which learners engage with a system, examine the outcomes of that interaction, develop

more general explanations, and test those explanations through further action. Prior research

suggests that structuring learning around such cycles supports step-by-step reasoning and

helps learners transform concrete experiences into more abstract conceptual understanding

[150, 343].
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Designing for experiential learning in AI literacy therefore requires creating conditions

that support sustained interaction and reflection. A key challenge is ensuring that learners

can meaningfully engage with AI systems without being constrained by technical barriers

that divert attention away from conceptual understanding. Prior work has explored a range

of approaches to enabling such engagement, including the use of custom-built AI tools,

interactive agents, and model training activities that allow learners to directly manipulate AI

systems [111, 193, 161, 101]. More recent browser-based tools [43, 298] further lower these

barriers by enabling learners to experiment with AI systems, observe their behavior, and test

ideas in real time without requiring prior programming experience.

Building on ELT, the three AI literacy systems presented in this dissertation instantiate

the experiential learning cycle through a recurring pattern of interaction. Learners first

encounter AI system behavior (concrete experience), and are then prompted to examine

and interpret these outputs, identifying possible reasons for the system’s behavior (reflective

observation). Through discussion and comparison, learners develop more general explanations

of how the system operates and where its limitations lie (abstract conceptualization), and

finally apply these understandings by modifying inputs, data, or interaction strategies to

test and refine their ideas (active experimentation) [173]. This iterative structure supports

learners in progressively building and revising their mental models of AI systems through

direct engagement. In this sense, AI systems presented in this disseration function both as

the object of inquiry and as the medium through which that inquiry unfolds.

2.4.2 Multimedia Learning

Cognitive Load Theory (CLT), developed by Sweller [289], provides an influential framework

for understanding how human cognitive architecture shapes and constrains learning. CLT

distinguishes between a limited-capacity working memory and a long-term memory in which

knowledge is organised as interconnected schemas [289, 288]. Within this framework, three

types of cognitive load are identified: intrinsic load, arising from the inherent complexity of

the material; extraneous load, introduced by ineffective instructional design; and germane
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load, referring to the cognitive effort directed toward constructing and refining schemas [290].

From an instructional design perspective, the goal is to minimise extraneous load while

supporting processes that enable schema formation [288].

Complementing CLT, Mayer’s Cognitive Theory of Multimedia Learning (CTML) proposes

that learners process information through separate verbal and visual channels, each with

limited capacity, and that meaningful learning occurs as they actively select, organize, and

integrate information across these channels [209, 211]. CTML outlines a set of design principles

that have been supported in prior work, including the multimedia principle (combining words

and pictures supports better understanding than words alone), the modality principle (pairing

narration with graphics is more effective than on-screen text with graphics), the coherence

principle (removing extraneous material), and the personalization principle (conversational

style promotes deeper engagement) [211, 209]. The insights of CLT and CTML carry

implications for the design of interactive AI literacy systems.

The AI literacy systems in this dissertation are designed to support learners in engaging

with complex and often opaque AI processes without overwhelming them. In these systems,

information is distributed across visual and textual representations [211, 209], allowing

learners to interpret AI outputs alongside their own reasoning. Interactions are structured

and sequenced so that learners can focus on specific aspects of system behavior at a time,

while key features of AI processes are made visible to support interpretation. This design

approach helps reduce extraneous cognitive load while supporting the kinds of processing

needed to build understanding.

2.4.3 Critical Pedagogy

Critical pedagogy considers learning as a process of developing critical consciousness through

active engagement with the social and political conditions shaping one’s experience. Freire

[118] distinguishes between a “banking model” of education, in which knowledge is deposited

into passive learners, and a problem-posing model, in which learners and educators engage

in shared inquiry directed at understanding and transforming their world. Central to this
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framework are the concepts of conscientization, which refers to the gradual development of

critical awareness of one’s social reality, and praxis, which describes the iterative process of

reflection and action through which this awareness is enacted [121, 119]. Within this process,

dialogue enables learners to surface and examine the conditions shaping their experiences,

while also encountering and responding to multiple perspectives [120]. Building on these

foundations, Kincheloe [167] elaborates on the concept of epistemological curiosity, which

refers to a disposition to question not only the content of knowledge but also the conditions

of its production, including whose interests a given account serves and what perspectives it

renders invisible.

In the context of AI literacy, critical pedagogy provides a useful lens for examining how AI

systems shape what learners encounter, how information is presented, and whose perspectives

are centred or marginalised. Kincheloe’s [167] concept of epistemological curiosity maps

directly onto the kinds of questions central to critical AI literacy, encouraging learners to

move beyond what an AI system produces to consider how it was built, whose data it draws

on, and what values and assumptions are encoded within it. Additionally, Giroux ([127], as

cited in [9] argues that education should make everyday experience “problematic and critical

by revealing its hidden political assumptions.” In the context of AI-generated content, this

means treating outputs not as neutral artefacts, but as products of particular design decisions,

institutional interests, and sociotechnical contexts. In this way, critical pedagogy supports

learners in moving from unreflective use of AI tools toward a more engaged and questioning

stance, one that involves examining how outputs are produced, interrogating whose knowledge

is represented or absent, and considering their broader social and material implications.
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Chapter 3

AI PUZZLERS: SUPPORTING CHILDREN IN CRITICALLY
EVALUATING AI OUTPUTS1

3.1 Preface

Children today are increasingly navigating a digital environment in which AI-generated

outputs function as pervasive sources of information. AI generated outputs often appear

fluent and authoritative despite containing factual errors, and the growing presence of

low-quality AI-generated content across digital platforms makes AI’s epistemic risks both

significant and difficult to detect. This context underscores the need to support children

in critically evaluating AI-generated content. In this chapter, I take up the core value of

Centering Human Judgment and focus on the Information and Mis/Disinformation practice

outlined in Mills et al.’s AI literacy framework [217], which invites learners to assess the

reliability of AI-generated outputs, compare information across sources, and decide when

such outputs should not be trusted.

3.2 Introduction

As AI systems becoome increasingly integrated into educational environments, it presents

both opportunities and challenges for teaching and learning [133, 287, 249, 336]. One revealing

example comes from a middle school assignment on the novel Persepolis, where students

researching prophets encountered flawed responses from internet searches that incorporated

generative AI. For instance, one response claimed that “the Christian prophet Moses got

1This chapter is based on collaborative work previously published as: Aayushi Dangol, Runhua Zhao*,
Robert Wolfe*, Trushaa Ramanan, Julie A. Kientz, and Jason Yip. 2025. "AI just keeps guessing":
Using ARC Puzzles to Help Children Identify Reasoning Errors in Generative AI. In Interaction Design
and Children (IDC ’25), June 23–26, 2025, Reykjavik, Iceland. ACM, New York, NY, USA, 21 pages.
https://doi.org/10.1145/3713043.3728836
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chocolate stains out of T-shirts” — a stark misunderstanding of historical and religious contexts

[132]. According to the teacher, interviewed by the New York Times, more concerning than

the error itself was that eighth graders accepted and recorded the AI hallucination without

questioning its validity [132]. This incident illustrates the epistemic risks that AI systems

pose in educational contexts and underscores the critical need to equip children with the

skills to engage effectively with AI, critically assess its outputs, and understand its strengths

and limitations [199, 217].

However, recognizing errors in AI generated outputs is not always straightforward [56, 284].

Even for adults, misleading outputs can be difficult to detect [292], and the challenge is

often greater for children, who may have less experience questioning authoritative-seeming

information [179, 333, 280]. One of the key challenges in detecting inconsistencies in AI-

generated text is that, unlike images, textual responses do not present errors in an immediately

perceivable visual pattern [284, 230]. In AI-generated images, inconsistencies like extra fingers

or distorted facial features can be easily noticeable [32]. In contrast, recognizing textual

inaccuracies often requires specific domain knowledge. Additionally, the length and verbosity

of AI-generated responses can increase cognitive load, making it harder for children to identify

inconsistencies [211, 230]. Furthermore, without explicit indicators of potential mistakes,

they may struggle to assess the reliability of the information presented [338, 22]. Thus, prior

work suggests that textual responses alone may not be an ideal starting point for supporting

children in reasoning about the epistemic risks of AI-generated content.

To support children’s critical engagement with AI generated outputs, I designed AI

Puzzlers, a web-based system that adapts Abstraction Reasoning Corpus (ARC) puzzles

[55], originally developed to benchmark AI progress, into an interactive game in which

children solve visual reasoning puzzles, observe how generative AI attempts the same puzzles,

and compare their solutions with AI-generated outputs and explanations (see Figure 3.1).

Drawing on Mayer and Moreno’s theory of multimedia learning [211], AI Puzzlers distributes

information across visual and verbal channels, making AI’s reasoning failures immediately

perceivable rather than buried in text (see Figure 3.2). I then conducted two participatory
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design sessions with 21 children ages 6–11 to address the following research questions:

• (RQ1): What specific limitations of generative AI do children (ages 6–11) encounter

and recognize through their engagement with AI Puzzlers?

• (RQ2): How does presenting information across visual and textual modalities influence

children’s ability to critically assess AI-generated outputs?

Figure 3.1: Overview of AI Puzzlers: (A) children first solve an ARC puzzle independently, then (B) test

whether generative AI can solve the same puzzle, and finally (C) compare AI’s solution to its explanation to

evaluate AI reasoning.

AI-generated solutionsCorrect solution

Figure 3.2: Comparison of the correct vs AI-generated solutions. The visual nature of AI Puzzlers makes

AI errors easy to spot.
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My findings show that AI Puzzlers provided a tangible way for children to engage with

generative AI’s reasoning by making its outputs visually comparable to their own. Even

younger children, who were not yet fluent readers, quickly detected inconsistencies in AI-

generated solutions by evaluating their visual outputs. When generative AI made mistakes,

especially on puzzles they considered easy, children reacted with surprise and amusement,

sparking meaningful dialogue around how “AI thinks.” This also helped them recognize

that generative AI approaches problem-solving differently from humans and, despite its

strengths, has limitations that require careful evaluation of its outputs. Their continued

engagement with AI Puzzlers highlights the importance of designing AI systems that present

information in ways that facilitate comparison, encourage reflection, and scaffold multiple

ways of understanding. This way, children are more likely to persist and critically evaluate

AI outputs.

This study contributes both design insights and an empirical understanding of how

children make sense of generative AI’s reasoning, navigate its errors, and develop strategies for

evaluating its outputs. It supports T1 by making AI’s reasoning failures immediately visible,

allowing learners to observe how the system misinterprets their intent and to iteratively refine

their inputs. It also supports T2 by demonstrating that placing children’s own solutions

alongside AI-generated outputs creates productive tensions that prompt children to interrogate

the logic behind AI responses and reflect on differences between human and machine reasoning.

3.3 AI Puzzlers: System Design & Development

AI Puzzlers is an interactive system designed to help children critically engage with generative

AI’s reasoning by solving visual puzzles. Accessible through any web browser, AI Puzzlers

requires no prior knowledge of AI or programming, making it an easy entry point for young

learners. The system’s is publicly available at https://www.ai-puzzlers.com/. I developed

AI Puzzlers using the Abstraction and Reasoning Corpus (ARC) dataset [55], a collection of

800 publicly available visual puzzles originally designed to assess AI’s reasoning capabilities.

As illustrated in Figure 3.3, to solve an ARC Puzzle, a human player or AI agent follows the

https://www.ai-puzzlers.com/
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following steps:

• Infer the Transformation Rule: Each puzzle presents two or more input grids and

their corresponding output grids. By observing the example input-output pairs, players

try to discover the hidden rule that explains how the input changes to create the output.

• Apply the Rule to New Inputs: Once the transformation rule is inferred, players

apply it to new, unseen input grids to generate the correct output.

STEP 1:  Given the examples, identify the pattern
that transforms the input grid into output grid.

STEP 2: Solve the test case by applying the
inferred pattern to generate the correct output.

EXAMPLE 1: INPUT EXAMPLE 1: OUTPUT

EXAMPLE 2: INPUT EXAMPLE 2: OUTPUT

TEST: INPUTEXAMPLE 1: INPUT EXAMPLE 1: OUTPUT

EXAMPLE 2: INPUT EXAMPLE 2: OUTPUT

TEST: OUTPUT

?

CORRECT OUTPUT

Figure 3.3: An example of an ARC puzzle with instructions for solving it. The correct answer shows the

shortest bar is colored red and the tallest one is blue.

My design builds on ARC puzzles because 1) solving these puzzles requires no prior

knowledge, creating a low barrier to entry; 2) AI systems struggle with solving ARC Puzzles

while humans excel, aligning with Mills et al.’s AI literacy value of Centering Human Judgment,

which emphasizes recognizing when human reasoning should take precedence over AI outputs
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[217]; 3) children are naturally drawn to puzzles and games, making them an engaging

game-based medium that can scaffold learning; and 4) the visual nature of the puzzles ensures

there is no obscurity in the way generative AI presents information. By visually comparing

generative AI’s solution with the correct solution that children can easily solve, they can spot

when generative AI makes mistakes, preventing children from being misled by polished yet

incorrect answers [284]. This process also encourages critical evaluation of generative AI’s

outputs, allowing children to recognize not only the limitations of generative AI but also the

unique strengths of human reasoning. I further elaborate on the design considerations in the

section below.

3.3.1 Design Considerations

Facilitating Critical Evaluation through Visual Comparisons of generative AI Outputs

Mayer and Moreno’s active processing assumption suggests that meaningful learning occurs

when learners actively select, organize, and integrate new information with prior knowledge

[210, 209]. AI Puzzlers facilitates this process by allowing children to visually compare their

own puzzle solutions with those generated by AI. This direct visual comparison engages

children in deeper cognitive processing, prompting them to notice differences, identify errors

and reasoning gaps in the AI’s process. Immediate feedback from the system further reinforces

active processing by helping children quickly see what worked, what did not work, and why,

facilitating critical evaluation of generative AI’s outputs.

Reducing Cognitive Overload in Interpreting generative AI Outputs

According to Mayer and Moreno’s dual-channel assumption [211, 209], people process infor-

mation through two distinct channels: visual and verbal. Distributing cognitive effort across

both channels reduces cognitive overload, leading to more efficient processing and deeper

understanding. AI Puzzlers leverages this principle by presenting both visual and textual

explanations of generative AI’s reasoning. When children use the “Ask AI to Explain” feature,
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they receive a visual representation of the AI’s solution along with a step-by-step explanation

of its reasoning. This dual presentation helps children compare the AI reasoning with its

visual output, making it easier to spot discrepancies and evaluate the generative AI solution.

Scaffolding Learning through Easy-Switch Modalities

AI Puzzlers scaffolds learning and reduces cognitive overload by ensuring that children build

foundational knowledge before tackling more advanced tasks [211, 209]. It supports three

different modalities to help children develop familiarity with the puzzle environment before

they engage with more complex tasks. In Manual Mode, children learn basic puzzle-solving

tools to solve the ARC puzzles, building foundational skills without the complexity of AI

interactions. AI Mode introduces features like “Ask AI to Solve,” and “Ask AI to Explain”

allowing children to gradually engage with AI, while Assist Mode lets them actively guide the

AI through puzzle-solving, encouraging experimentation and deeper understanding. These

modes are designed for seamless switching, allowing children to easily transition between

them.

Fostering Exploration of generative AI’s capabilities through Active Debugging

AI Puzzlers supports children in critically engaging with generative AI’s reasoning by recogniz-

ing its mistakes and providing hints to guide its responses. This fosters a form of participatory

debugging [184, 295], where children take on an active role in evaluating generative AI’s logic

and suggesting improvements. This approach is informed by Wittrock’s generative learning

theory [329], which emphasizes active meaning-making, as children generate hypotheses,

test AI responses, and construct new insights through comparison and reflection. Through

the process of debugging, children refine their understanding of generative AI’s capabilities

and limitations, aligning with Wittrock’s notion that learning emerges through the active

construction of relationships among ideas [329].
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3.3.2 Design Overview

AI Puzzlers consists of 12 puzzles from the ARC dataset, distributed across four levels of

difficulty. I play-tested them with N = 106 children (grades 3 - 8) during my university’s

annual K-12 STEM outreach event [80]. These children, who were event attendees (separate

from our main study participants), voluntarily participated in the playtesting. After complet-

ing the puzzles, children rated their difficulty on a Likert scale from 1 (very easy) to 5 (very

hard), with 3 as a neutral response. A one-sample t-test showed that children perceived the

puzzles as slightly easier than neutral (M = 2.38, t(103) = −6.48, p < .001). To support

children’s critical engagement with generative AI’s outputs, AI Puzzlers employs a scaffolded

interaction model with three modes, which I describe next.

Manual Mode

This is the default interaction mode upon launching the AI Puzzlers application (see Figure

3.4). It is designed to encourage children to engage with the ARC puzzles independently

and provides a foundation that will be expanded upon in subsequent interaction modes. AI

Puzzlers offers players several functionalities to solve the puzzle. First, players can customize

the grid size by adjusting the row and column height of the “After” grid. Although the

predefined “Before” grid is non-editable, children have the option to “clone” it into the “After”

grid. A palette of 10 distinct colors is provided for use on the editable grid. The “Edit”

tool allows players to modify the color of individual squares. The “Select” tool enables the

highlighting of multiple squares simultaneously, facilitating batch modifications. The “Flood

Fill” tool changes the color of all connected squares that share the same color, similar to the

paint bucket tool commonly found in graphics programs. Additionally, a “Reset” button is

available, enabling players to start over with a clean version of the “After” grid if they wish

to try a different approach.
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Figure 3.4: Annotated screenshot of Manual Mode in AI Puzzlers. The interface consists of several key

components: (A) Puzzle Navigation allows children to switch between different puzzles. (B) Example Puzzles

provide input-output pairs to illustrate transformation rules. (C) Before Grid presents the given input that

children use to solve the corresponding After puzzle. (D) Edit Panel provides a set of tools for editing After

grid. (E) After Grid serves as the solution space where children create their expected output based on the

transformation rule. (F) Color Palette enables children to apply colors when solving the puzzle. (G) Clone

Button transfers the Before Grid content to the After Grid for further modification. (H) Reset Button clears

the After Grid to start over.
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AI Mode

Building on the features of Manual mode, AI mode allows children to interact with GPT-4o

through “Ask AI to Solve” and “Ask AI to Explain” features. By clicking the “Ask AI to Solve”

button, players can have GPT-4o attempt to generate a solution, which is then displayed

in the “After” grid. Under the hood, a grid_parser() function converts the visual puzzle

into a textual grid representation that GPT-4o can interpret. The model then outputs a

similar textual grid structure (e.g., [[0, 2, 2], [0, 1, 1], [0, 0, 3]]), which a response_parser()

function translates back into a visual grid, using tokens for colors and positions. Because

GPT-4o’s responses are generated in real time via its API, the answers may vary with each

attempt, demonstrating its generative nature. Additionally, the “Ask AI to Explain” feature

provides step-by-step, child-friendly explanations of the AI’s reasoning process, which can

be toggled on or off according to the player’s preference. After reviewing the AI’s process,

children can submit the AI’s solution to receive immediate feedback on its correctness, just as

they would with their own solutions. This process allows children to see where the AI might

struggle, offering a direct and interactive way to understand the limitations of AI in solving

ARC puzzles.

Assist Mode

Expanding further on the features of the AI mode, this mode allows children to guide the AI

to solve puzzles by actively participating in the decision-making process and experimenting

with different strategies to help the AI (see Figure 3.5). Similar to debugging in programming

[184], children can identify mistakes in the AI’s approach and suggest corrections by typing

their suggestions to AI into a “Hint” field. For example, if the AI incorrectly sorts shapes,

a child might type, “Look at the smallest and biggest shapes.” The AI will then take these

hints and produce a new output. This interactive process of testing and debugging helps

children develop a more sophisticated understanding of AI’s capabilities, as they see the direct

impact of their input on the AI’s performance. Children can also experiment with different
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puzzle configurations and observe how the AI responds to changes in input. They can adjust

parameters such as: 1) alter the number of input-output examples provided to the AI, 2)

test different versions of OpenAI’s GPT models, including GPT-3.5-turbo, GPT-4o-Mini,

GPT-4o, and GPT-4o-Turbo or 3) introduce random patterns without clear transformation

rules.

A

B

C

D

Figure 3.5: Screenshot of Assist Mode in AI Puzzlers. Certain interface elements are enlarged to highlight

key interactive features, including (A) testing if AI can solve the puzzles by either answering or explaining,

(B) selecting the number of examples shown to AI, (C) choosing AI model versions, and (D) providing hints

to AI.
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3.4 Methods

3.4.1 Participants

I led a team of five collaborators in conducting this study. We conducted our study with an

inter-generational co-design group called KidsTeam UW consisting of twenty-one children,

ages 6 to 11 (M = 8.10, σ = 1.45), and adult design researchers (researchers, graduate and

undergraduate research assistants). Child participants represented a diverse range of ethnic

backgrounds, including Asian, White, Black, Hispanic, and Multiracial identities. Children

were recruited through mailing lists, posters, and snowball sampling. The child participants

reported varying degrees of AI use and familiarity. While six children engaged with AI daily,

three had no prior experience. The most common AI interactions included video game AIs

and voice assistants. Table 3.1 presents the demographic information and AI usage details of

the children, with all names represented as pseudonyms.

Table 3.1: Reported Child Participant Details

Name Gender Ethnicity Age AI Type Usage Frequency

Kai Male Asian/White 8 Voice Assistant Daily
Lani Female Asian/Black 9 None Never
Juno Male Asian 7 Video Game AIs, Voice Assistant Daily
Elias Male Asian/Black 9 Video Game AIs, Voice Assistant Daily
Noa Female Asian/White 11 Video Game AIs, Voice Assistant Multiple times a week
Ren Male Hispanic 10 Chatbot Multiple times a week
Matt Male Asian/White 9 N/A N/A
Ivy Female White 9 Video Game AIs, Voice Assistant A few times a week
Zayn Male Asian/Black 9 None Rarely
Finn Male White 10 N/A N/A
Leila Female Asian 8 Voice Assistant Daily
Mara Female Asian/Black 6 Video Game AIs, Voice Assistant A few times a week
Emi Female Asian/White 8 None Rarely
Hana Female Asian 8 None Multiple times a week
Theo Male Asian/White 7 Video Game AIs, Voice Assistant Multiple times a week
Lucia Female Hispanic 6 Video Game AI Weekly
Rina Female Asian 7 Video Game AIs, Voice Assistant Monthly
Owen Male White 8 Video Game AI Daily
Nico Male Asian/White 6 None Daily
Selah Female Asian/Black 6 None Never
Elise Female Asian/Black 9 None Never



44

3.4.2 Co-Design Sessions

We conducted two sessions with KidsTeam UW as part of a week long summer camp hosted

by an inter-generational co-design group at our university. Each 1.5 hour session began with

a 15-minute informal discussion to foster open dialogue and build rapport before transitioning

to hands-on engagement with AI Puzzlers. Child participants worked in small, collaborative

groups, each consisting of four to five children and two adult facilitators (see Figure 3.6).

This structure was designed to balance peer-driven exploration with adult guidance, ensuring

children could inspire one another while still receiving individualized support. To mitigate

power imbalances and minimize undue influence on children’s responses, adult facilitators

were trained to promote equal participation, fostering a balanced dialogue where all children

had the opportunity to contribute.

Figure 3.6: Children engaging with AI Puzzlers alongside adult facilitators.

Session 1

We began the session with a warm-up question: “Tell us about someone or something that

you think is smart—and why? ” This activity served as an icebreaker, allowing children to

become familiar with the researchers and fostering an open discussion environment. Next,

children were introduced to both the manual mode and AI mode of AI Puzzlers. The research

team demonstrated how to solve ARC puzzles and explained that in AI mode, they could ask

generative AI to solve the puzzles. Earlier in the day, as part of the broader summer camp,
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children had already interacted with generative AI by requesting and observing AI-generated

images using DALL·E 3. Given this prior exposure, we chose to build upon their understanding

rather than reintroduce generative AI concepts. This allowed our session to focus on how

children engaged with AI Puzzlers to critically reflect on generative AI’s capabilities. After

being introduced to the system, children were divided into five groups and encouraged to

collaborate, discuss strategies, and work together to solve puzzles in manual mode. This

allowed them to familiarize themselves with the puzzle format and develop problem-solving

strategies without AI assistance. Before introducing the AI mode, facilitators posed two key

questions to prompt reflection: 1) “Do you think generative AI can solve these puzzles quickly

or slowly? Why? ” and 2) “Do you think generative AI can solve these puzzles without any

help from people? ” These questions aimed to capture children’s initial expectations about

generative AI’s capabilities before they engaged with it directly. Children then interacted

with AI mode, where they could request AI assistance, observe AI-generated solutions, and

receive AI-generated explanations for the puzzles. The session concluded with a 15-minute

group discussion, where children shared their reflections on generative AI’s performance.

Session 2

Similar to Session 1, we began with a warm-up question: “Tell us about a time you had to

help others do something? ” This discussion encouraged children to reflect on how humans

support one another, which facilitators then connected to the role of human guidance in

helping generative AI solve puzzles. Unlike Session 1, where children primarily observed

generative AI’s independent performance, this session encouraged them to actively assist

generative AI by providing hints and experimenting with different strategies in Human-AI

mode. Facilitators guided their exploration with key reflection questions such as, “What hints

do you think would be helpful? ” or, “What do you think will happen if we change the number of

examples? ” After 50 minutes of interacting with Human-AI mode, the different groups came

together, and each team presented their experiences in front of the whole group, reflecting on

successful strategies, challenges they encountered, and generative AI’s limitations.
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3.4.3 Data Collection & Analysis

For both study sessions, my team used built-in webcams on desktop computers to record

video and screen activity via Zoom, a video conferencing software. In total, we collected 427

minutes of video data. To capture additional insights, facilitators took field notes throughout

the sessions, documenting key observations and notable moments. Additionally, physical

artifacts, such as children’s handwritten notes and collaborative sketches, were photographed

for documentation.

The first, second, and fourth authors, then created analytical memos for all the videos [28,

265]. As part of this process, one author served as the primary reviewer, while another served

as the secondary reviewer. The primary reviewer first watched the assigned recorded video and

created a narrative summary of events at five-minute intervals. They documented children’s

interactions with AI Puzzlers, their reactions captured by the camera, and interactions

and dialogues between participants, including direct quotes relevant to the study’s research

questions. After the primary reviewer completed their memos, the secondary reviewer

independently reviewed the same videos and memos to verify the accuracy of the initial

observations and to add supplementary insights. This dual-review process ensured the

reliability of the data and captured a broader range of perspectives.

Following the creation and review of the analytic memos, we divided the memos into

two equal-sized sets and began an inductive coding process [113]. The first two authors

independently engaged in open coding of the first set of memos, suggesting potential codes such

as “Interaction with the System" and "Making sense of AI.” They then met over four meeting

sessions to compare, reconcile, and refine the codes. During these discussions, they shared

potential codes and their descriptions, collaboratively examined example quotes and counter-

examples, compared code categories against one another, and refined the boundaries and

definitions of each code. For example, the codes “Reading AI Explanations” and “Comparing

Outputs with Correct Solutions” were consolidated into a single subcategory “Strategies.”

This iterative process led to the development of a codebook that included three main code
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categories: 1) Perception of AI, 2) Evaluation of AI Performance and 3) Interaction with the

System. Once the codebook was finalized, I applied the final codes to the full dataset, and

the second author conducted a second pass to ensure comprehensive analysis. We assessed

interrater reliability through qualitative negotiations, where both authors met to discuss and

resolve any coding disagreements [212]. We then organized the codes into overarching themes

through two rounds of refinement and discussion. After finalizing the themes, I revisited the

entire dataset to extract representative quotes for each theme, ensuring that the themes were

well-supported by the data.

3.5 Findings

In this section, I present the findings from children’s interactions with AI Puzzlers, focusing

on how they engaged with the system, responded to generative AI’s successes and failures,

and developed an understanding of its capabilities and limitations. To illustrate their learning

process, I use representative vignettes, embedding the analysis within each example. While

this study examines children’s learning about generative AI, they generally referred to

generative AI as “AI” in their discussions. For consistency with their language, I use "AI"

throughout this section while maintaining an analytical focus on generative AI’s reasoning

processes.

3.5.1 Children’s Interest and Exploration of AI Puzzlers

Surprise, Excitement, and AI’s Unexpected Errors

At the start of Session 1, when we first introduced children to AI Puzzlers, they had high

expectations that AI could solve the puzzles. This belief in AI stemmed from their own ease

in solving the puzzles, their perceived belief in AI’s ability to use visual references to recognize

patterns, and their general trust in AI’s broad knowledge. However, they quickly noticed

that AI struggled to solve the puzzles and their reactions, verbal and physical, reflected their

surprise.
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For example, in Session 1, when Ivy, Ren, Emi, and Mara first interacted with AI Puzzlers,

Emi eagerly volunteered to solve the second puzzle (see Figure 3.7). She identified the pattern

as “alternating between red and grey” and correctly solved the puzzle. When the facilitator

asked about the puzzle’s difficulty, the group quickly agreed that it was simple. Ivy explained,

“It was pretty easy, judging by all the pictures. It was kind of obvious what you have to do

since [the pattern is] that color, grey, that color, grey.” Ren added, “It can be easily identified

what the pattern is going to be.”

1

A

2

B

Figure 3.7: Panel (1) shows children collaboratively solving a puzzle, while panel (2) presents the AI’s

attempt at the same puzzle. (A) highlights the children’s correct solution, whereas (B) shows the AI’s

incorrect attempt.

When the facilitator asked if AI could solve the puzzle, Emi, Mara, Ren, and Ivy all agreed

that it could because “It was easy.” Ivy reasoned, “There are tons of different references.

Judging by all the references, since AI takes references from other pictures, the reference it gets
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is that color, grey, that color, grey.” Here, Ivy’s comment implies that she believed AI could

use abstraction skills by generalizing from specific examples “the references” to form a rule

(alternating between the color and grey) needed to solve the puzzle. Mara added, “Because

AI kind of knows everything,” indicating that she assumed AI’s vast access to information

would enable it to solve the puzzle. Her response revealed a gap in her understanding of

AI’s limitations. However, when the AI returned an incorrect solution (see Figure 3.7), the

group burst into laughter. They found the situation humorous because the AI failed so badly,

despite their prior confidence that it would succeed, making the error an unexpected source of

amusement. Additionally, the visual nature of the puzzles allowed them to quickly recognize

the mistake, as Ivy commented, “That is very very wrong.”

BA

21

Figure 3.8: Panel (1) shows children collaboratively solving a puzzle, while panel (2) presents the AI’s

attempt at the same puzzle. (A) highlights the children’s correct solution, whereas (B) shows the AI’s

incorrect attempt.
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The sharp contrast between the AI’s solutions and the children’s correct answers continued

to evoke surprise and amusement, even after they had repeatedly watched the AI fail. For

instance, midway through Session 1, Juno and Hana had seen the AI struggle with nine

previous puzzles, all of which they had solved correctly. Reflecting on the AI’s past failures,

Hana predicted, “Maybe it can solve the puzzle faster but incorrectly” as they prepared to

ask the AI to solve the tenth puzzle (see Figure 3.8). Yet, when the AI returned another

incorrect solution (see Figure 3.8), Juno said, “Oh my gosh. What the heck is this?’ ” Hana,

amused, blew a raspberry and added, “It makes no sense whatsoever,” to which Juno agreed,

saying, “It did something very weird.”

A B

21

Figure 3.9: Panel (1) shows children collaboratively solving a puzzle, while panel (2) presents the AI’s

attempt at the same puzzle. (A) highlights the children’s correct solution, whereas (B) shows the AI’s

incorrect attempt.

Moreover, children’s engagement with AI Puzzlers wasn’t solely tied to the AI’s mistakes;

they were also drawn in by the puzzles themselves. Children viewed solving the puzzles
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as opportunities for problem-solving and personal accomplishment. Even as the puzzles

became increasingly difficult, the children maintained their interest, often describing the

more complex puzzles as “fun.” Peer collaboration consistently reinforced this enthusiasm,

as children confirmed and validated each other’s solutions before turning to the AI for

comparison. For example, in Session 1, Juno and Hana, eagerly tackled the puzzles from the

start. Looking at their next puzzle (see Figure 3.9) Juno remarked, “This is pretty easy,”

while Hana added excitedly, “I want to do this because it looks so fun.”

Together, they analyzed the puzzle, with Hana reasoning through the height and color

relationships, stating, “It’s the tallest one and the smallest one, correct? Blue would be the

tallest.” Juno confirmed, “This looks right,” and the pair successfully solved the puzzle while

the AI failed (see Figure 3.9). As their excitement grew, Hana exclaimed, “We can go forever.”

The facilitator reminded them, “There’s only up to level 4,” to which Juno confidently replied,

“We can go farther than the AI,” and Hana affirmed, “Yes, we can.” This exchange highlights

the children’s belief in their abilities, expressing confidence in surpassing the AI. Reflecting

on their success, Hana laughed and said, “AI would have gone out at the first question,”

underscoring their shared sense of accomplishment and enjoyment in outsmarting the AI.

Overall, two key dynamics drove children’s sustained engagement with AI Puzzlers in

Session 1: 1) their surprise at the AI’s mistakes, especially for puzzles they considered

“easy,” and 2) the satisfaction of solving challenging puzzles and comparing their correct

solutions to the AI’s. Despite the AI’s repeated failures, children eagerly engaged with each

puzzle, enjoying the process of outsmarting the system, testing their problem-solving skills,

and comparing solutions. This blend of competition, collaboration, and humor kept them

motivated, creating an engaging experience.

Children’s Iterative Debugging of AI Errors

As children interacted with AI Puzzlers, they quickly spotted incorrect AI solutions due to the

visual nature of the puzzles, and more importantly, understood how the AI was failing. Similar

to debugging in programming, in Session 2, children actively guided the AI by identifying its
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errors, providing corrective hints, testing their hints, and refining their instructions based on

the AI’s outputs. While the visual modality of the puzzles made it easier for the children

to iteratively test and improve their instructions, they also encountered AI’s limitations,

realizing that it often misunderstood or failed to fully follow their instructions.

Make a pattern of the
colors and gray

Make a pattern of the
colors and gray alternating
and a background of white

Make a pattern of the
colors and gray alternating
and a background of white

Make a pattern of the colors
and gray alternating and a
background of white, red,
light blue, green, yellow

1 2 3 4

Figure 3.10: Children iteratively refined their instructions to guide the AI towards solving the puzzle. The

sequence showcases the increasing specificity in their hints and AI’s corresponding outputs.

For example, in Session 2, Ivy, Juno, Rina, and Elise were trying to help the AI solve the

second puzzle (see Figure 3.10). The children’s debugging process began when Ivy suggested

the first hint, “Make a pattern of gray and a different color,” while Juno proposed a more

complex version: “Make a pattern of gray, the color gray’s after, and then gray, and the color

gray after.” After some discussion on avoiding confusion for the AI, the group settled on a

simpler hint, “Make a pattern of the colors and gray.” However, when the AI produced an

incorrect grid of colors and gray, Rina immediately recognized the mistake, commenting, “It

still can’t solve it though.” The children examined the AI’s output and refined their instruction

to, “Make a pattern of the colors and gray alternating,” which led Rina to observe that the

AI’s output was “kind of alternating now.” At this stage, the children recognized the AI’s

partial success but also noticed that it didn’t fully capture the pattern they had envisioned.

Ivy pointed out another issue with the background color, saying, “Now we need to add a
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background of white.”

The children’s increasing specificity in their hints mirrored the process of narrowing down

AI’s errors by fine-tuning instructions. Ivy specified the background color in her instruction,

typing “make a pattern of the colors and gray alternating and a background of white,” but

when the AI’s output still didn’t reflect the correct background, Ivy remarked, “That’s not

a background of white.” The children had to systematically address different parts of the

puzzle—first the pattern, then the background—while the AI continued to misinterpret or

overlook aspects of the instructions. On their second attempt with the same hint, the AI

came very close to solving the puzzle, prompting a celebratory “Yayyy! ” from the group.

However, Ivy quickly commented “There we go, but it forgot the yellow,” while Rina noted

that “AI’s answer doesn’t always include all the colors shown in the original puzzle question.”

This led the group to modify their hint again, including a list of all the colors: “Make a

pattern of the colors and gray alternating and a background of white, red, light blue, green,

yellow.” By listing all the colors, the children demonstrated an understanding that more

explicit, step-by-step guidance might help the AI avoid leaving out key elements. However,

despite their efforts to refine and clarify their instructions, the AI continued to misinterpret

them, leading Ivy to comment, “I am so done with you, AI.” Ivy’s expression of frustration

reveals her realization that, despite the group’s efforts to provide increasingly explicit and

refined instructions, the AI was still unable to fully grasp their intent.

Despite recurring misunderstandings, children not only refined their hints but also, in

several instances, brainstormed alternative strategies to overcome the AI’s limitations. For

example, in Session 2, Selah, Emi, Ren, and Mara attempted to help the AI solve the third

puzzle (see Figure 3.11). The children’s debugging process first involved discussing what

specific directions they should give the AI. Emi typed the hint, “surround the colors with,”

before pausing. Ren then suggested, “I think we shouldn’t say yellow, purple, and blue...I think

we should say something simple.” Taking this into account, Emi simplified the instruction

to, “surround the colors with more colors.” However, the AI failed to generate a correct

output, prompting Ren to suggest a new approach, “What if we ask it to make donut shapes
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around the colors? ” Ren’s suggestion reflects an attempt to simplify the instruction by using

a familiar visual metaphor—a donut shape—to describe how the colors should be surrounded

by rings or circles. The children likely believed that this metaphor would make sense to the

AI since it’s based on a familiar object from their everyday experiences.

A

B

C

Figure 3.11: Children’s Interaction with Assist Mode in AI Puzzlers. (A) Displays examples of example

patterns to infer the transformation rule. (B) Shows the instruction children provided to the AI: “make

a colored donut shape around the colors.” (C) Illustrates the AI’s generated output in response to their

instruction.

Selah then typed the revised hint, “make a donut shape around the color ” (see Figure 3.11).

However, even with this more specific instruction the AI still couldn’t produce the correct

result. This illustrates a key limitation in how the AI fails to interpret visual metaphors that

are culturally relevant or based on children’s experiences. While the concept of a “donut
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shape” is clear to the children, the AI struggles to grasp such human-centered metaphors. In

discussing design ideas on how to resolve AI’s issues, Emi suggested if they can test whether

the AI could understand human instructions paired with visuals. She began drawing the

correct solution on the grid to show what it would look like. To the facilitator’s question,

“Do you think if [we] gave it human instructions with pictures it would understand? ” Mara

and Selah responded, “Yeah,” optimistic that the visuals might help bridge the gap. While

the AI Puzzlers system didn’t have the functionality to process both visual and textual hints,

we see this as an example of how the children not only iteratively refined their approach to

guide the AI but also came up with a new idea to interact with the AI as they confronted its

limitations.

Overall, children’s interaction with AI Puzzlers in Session 2 demonstrated their ability to

actively engage in a process of problem-solving and debugging. Through iterative refinement

of their hints, children adapted their strategies, and even explored creative approaches like

using visual metaphors or pairing instructions with potential visual aids. This highlights

both their resilience and their capacity for critical thinking in navigating AI’s limitations.

However, their engagement was not without challenges. The AI’s persistent misunderstandings,

even after detailed and increasingly refined instructions, sometimes led to frustration. This

underscores the difficulty of working with an AI system that consistently failed to meet

their expectations, showing how extended interactions with imperfect AI systems can affect

children’s engagement.

3.5.2 Understanding AI’s Limitations Through Observing Inconsistencies

Children Identify Inconsistencies in AI’s Reasoning

While interacting with AI Puzzlers during Session 1, children reflected on AI-generated

outputs by cross-examining the AI’s visual solutions with its explanations. There were many

examples of children identifying discrepancies between the AI’s reasoning and its actual puzzle

outcome. For example, in Session 1, after Hana and Juno correctly solved a puzzle, they



56

asked the AI for its solution. Upon reviewing the AI’s answer, they quickly identified it as

incorrect and requested an explanation from the AI (see Figure 3.12).

AI says: I changed the colors in the
grid by following the pattern. I
noticed in each row, the colors
alternate between white and a
different color. So, I applied this
pattern to the new grid by
alternating white with different
colors in each row to create the
transformed output grid.

B

C

A

1 2

Figure 3.12: Panel (1) shows children collaboratively solving a puzzle, while panel (2) presents the AI’s

attempt at the same puzzle. (A) highlights the children’s correct solution, whereas (B) shows the AI’s

incorrect attempt. (C) provides the AI’s explanation of how it solved the puzzle.

After reading the AI’s explanation, Hana remarked, “This”—pointing at the explana-

tion—“has nothing to do with this,”—pointing at the AI’s pattern. She then added, “It’s

like someone who is not listening,” suggesting that she perceived the AI’s explanation as

disconnected from its visual output, much like a human who isn’t paying attention. Juno

built on this observation, saying, “The AI said it was following a pattern, but what pattern is

this? This is not a pattern. It is just red, red, red,” as he pointed at the AI’s solution. This

example demonstrates that the children were not simply accepting the AI’s reasoning—they

were actively engaging with its logic, looking for coherence between explanations and visual

results. Furthermore, having correctly recognized the correct pattern earlier, they saw that

the AI’s solution was unrelated to the pattern they knew was correct, leading Hana and Juno

to further question the AI’s reasoning.
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AI says: I changed the middle
white cells to teal while keeping
the corners white. This makes
the grid look like a frame of teal
around a white center

1 2

A

B

C

Figure 3.13: Panel (1) shows children collaboratively solving a puzzle, while panel (2) presents the AI’s

attempt at the same puzzle. (A) highlights the children’s correct solution, whereas (B) shows the AI’s

incorrect attempt. (C) provides the AI’s explanation of how it solved the puzzle.

This type of critical engagement with AI’s reasoning recurred throughout Session 1.

Children frequently encountered inconsistencies not only between the AI’s explanations and

its visual outputs but also contradictions within the AI’s explanations themselves. For

instance, when Noa, Finn, Leila, and Zayn asked the AI to explain its solution (see Figure

3.13), the AI explained, “I changed all the middle white cells to teal while keeping the corners

white. This makes the grid look like a frame of teal around a white center.” Finn considered

the explanation and said, “The explanation is right; it just did it wrong,” implying that while

the AI’s reasoning was correct, the error was in its visual execution. However, Noa identified

a contradiction between the AI’s first and second sentences. “It says the corners are white,

but the corners should be teal,” she pointed out, noting that if the corners were indeed white,

as the AI claimed, the grid would not form the intended frame of teal. This highlights how

children, while able to easily detect errors in visual outputs, had to engage in more critical

reasoning to spot contradictions in AI-generated text-particularly when the text appeared
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superficially reasonable.

Similarly, in another group, the children recognized a comparable issue of superficial

correctness in AI’s reasoning where the AI’s explanation seemed logical on the surface but did

not provide enough detail for the children to understand its approach (see Figure 3.14). For

instance, when Ivy, Mara, Ren, and Emi asked the AI to explain its reasoning for the second

puzzle, the AI’s explanation stated that it identified a pattern in how the colors changed

in each row of the input grid. It claimed to have applied the same pattern to predict the

outputs in the new puzzle.

2

AI says: Sure! I looked at the colors
in the input grid and noticed a
pattern: the colors in each row
were changing in a specific way. I
then applied the same pattern to
the new set of inputs to predict the
outputs. This is how I came up with
the colors in the output grid.
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Figure 3.14: Panel (1) shows children collaboratively solving a puzzle, while panel (2) presents the AI’s

attempt at the same puzzle. (A) highlights the children’s correct solution, whereas (B) shows the AI’s

incorrect attempt. (C) provides the AI’s explanation of how it solved the puzzle.

However, AI failed to specify the exact nature of the pattern or how the pattern influenced

the color changes in the output, leaving critical parts of its reasoning vague. This prompted

Ren to remark, “Well it is explaining, but I didn’t understand it,” highlighting the gap

between the AI’s surface-level explanation and the children’s need for a more detailed and

comprehensible breakdown of its reasoning. Ivy critiqued this vagueness saying, “AI is very

scientific, given its scientific explanation, but sometimes it’s better not to go super, duper
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scientific and just go by your three references.” By “scientific,” Ivy meant that the explanation

was too technical or abstract lacking practical clarity. Her reference to AI should follow the

“three references” reflects her preference for the AI to apply a more straightforward approach

to solving the puzzle—one that directly considers the three examples demonstrating the

transformation rule, favoring a more direct and understandable reasoning.

Overall, children’s critical evaluation of AI-generated outputs demonstrated their active

role in scrutinizing the reasoning behind the AI’s decisions. Rather than passively accepting

the AI’s responses, they engaged in a process of deeper analysis, identifying inconsistencies

and contradictions by cross-examining the AI’s visual solutions with its textual explanations.

This critical reasoning went beyond merely checking if the answer was correct; it involved

questioning the logic, coherence, and transparency of the AI’s problem-solving process.

Additionally, they sought to understand how the AI arrived at its conclusions, recognizing

when explanations lacked detail or coherence, and pushing back when reasoning was unclear.

These findings highlight the importance of designing AI systems that allow children to not

just receive answers but also critically engage with the logic behind them.

AI’s “Scientific Brain” vs. Human Problem Solving

Throughout Session 1, children recognized that AI approached problem solving differently

from humans. While children found the puzzles “easy,” they realized the puzzles were "super

hard" for AI as it struggled to solve them, displaying inconsistencies in its reasoning. In

several instances, children reflected on the traits of human problem-solving, such as reasoning,

abstraction, and creativity—qualities they felt the AI lacked.

For example, in Session 1, after Noa, Leila, Finn, and Zayn correctly solved a puzzle,

they asked AI to do the same. The AI provided an incorrect solution, which prompted the

group to ask AI again. On AI’s second attempt, Finn observed, “It figured out the pattern

but didn’t get the color positions right.” Reflecting on this improvement, Finn hypothesized,

“AI is learning.” This led the group to predict that the AI would perform better on the next

attempt. However, on the third try, AI’s solution was even worse (see Figure 3.15).
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AI-generated solutions

Correct solution
Attempt 1 Attempt 2 Attempt 3 Attempt 4

Figure 3.15: The correct solution (left) is compared with AI-generated attempts (right).

This led Zayn to observe, “AI doesn’t have the same mind as us.” This statement marked

a turning point in the group’s understanding of AI, as they began to distinguish between

human cognition that is capable of learning and AI’s processes. Zayn’s observation prompted

the facilitator to ask, “Well, what’s the difference in our minds? ” Leila noted, “This is the

internet’s mind.” Noa elaborated, “It’s trying to solve it based only on the internet, but the

human brain is creative. AI only has the info it’s given, but humans have other experiences.”

Their reflections highlight how children grasped the limitations of AI, understanding that AI’s

responses are constrained by the data it has access to such as the internet. By contrast, when

Noa says, “human brain is creative” and “humans have other experiences,” she underscores

how humans can draw on a wide range of knowledge, including emotional and situational

experiences, to approach challenges more flexibly, whereas AI is limited to the information it

has been given or can access.

Another example of children differentiating between human and AI problem solving

occurred in Session 1, when Ivy, Ren, Emi, and Mara observed the AI unsuccessfully

attempting to solve a puzzle (see Figure 3.14). Pointing to AI’s solution, Ivy asked, “What is

that blue? Look at the references and think like a human being! ” Here, Ivy was commenting

on the AI’s inability to abstract information from the references, as a human might, to solve

the puzzle. Later, when the facilitator asked what they thought was happening to AI, Ren
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explained, “It is taking the references and is able to copy and paste colors but not use the

context of the patterns.” Ren’s statement highlights their understanding that, while the

AI could process the data it was given (the references and colors), it was failing to apply

abstraction and reasoning necessary to complete the task. Thus, the AI could mimic certain

elements, such as color, but it struggled with the more complex, abstract reasoning needed to

solve the puzzle accurately. Ivy added to this by saying AI’s “scientist’s brain” has “ones

and zeroes[that] help it understand the color, but ones and zeroes aren’t the smartest.” Her

observation, along with Ren’s, reflects the children’s growing awareness that while AI can

handle tasks like identifying colors, it lacks the creative and abstract reasoning necessary to

grasp the puzzle’s full context.

Similarly, children also observed the lack of reasoning in the AI’s approach, describing its

responses as “rapid random guessing.” For example, in Session 1, when the facilitator asked

Juno and Hana to reflect on how the AI solves the puzzle, Juno repeatedly clicked the “Ask

AI to Answer” button, pointing out, “Look, it changes every time.” (see Figure 3.16).

AI-generated solutions

Attempt 1 Attempt 2 Attempt 3 Attempt 4
Correct solution

Figure 3.16: The correct solution (left) is compared with AI-generated attempts (right).

AI’s lack of reasoning became evident to the children when Juno noted that the AI’s

answers changed with each attempt, implying no continuity in its problem-solving strategy.

Instead of logically building on previous attempts, the AI appeared to reset its process,

attempting a new guess each time without learning or adapting from prior mistakes. This
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behavior led Hana to remark “AI just keeps guessing,” and Juno added, “AI is stupid ” and

only “gets lucky.” When the facilitator asked, “What can the AI do to be smarter? ” Juno

responded, “Not guess,” indicating the children’s growing awareness that the AI was not

reasoning but merely stumbling upon the correct answer by chance.

Overall, children’s reflections across Session 1 and Session 2 demonstrated their growing

awareness of the fundamental differences between human and AI problem-solving. They

recognized that AI operates within rigid parameters, relying on data it has access to, often

defaulting to trial-and-error rather than employing the kind of reasoning and creativity

characteristic of humans. Their experiences reinforced the notion that AI, while capable of

processing and replicating information, lacks the ability to apply abstraction and draw on

diverse experiences to solve reasoning problems.

3.6 Discussion

In this section, I discuss how AI Puzzlers positioned children in active, inquiry-driven roles

that encouraged experimentation (T1) and and supported opportunities for children to

compare their own reasoning with that of the AI (T2), prompting reflection on both human

and machine problem solving. My findings offer recommendations for designers of AI systems

for children, as well as researchers and educators who support children’s engagement with AI

technologies.

3.6.1 Positioning Children as Active Inquirers in generative AI Interaction

AI Puzzlers positioned children as active inquirers, encouraging them to identify, analyze,

and debug errors in generative AI’s outputs. By embedding this process in puzzle-based

gameplay, the system sustained engagement while fostering reflection on AI’s limitations and

capabilities. Below, I elaborate on each of these aspects.

Encouraging Critical Evaluation of Generative AI’s Outputs From the outset,

children expressed confidence in AI’s ability to solve ARC Puzzles, reflecting a general belief
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in AI’s capabilities. This belief aligns with broader patterns observed in prior research,

where children’s early interactions with AI technologies often reflect an overestimation of

AI’s intelligence [308, 13, 250, 215]. However, as they engaged with AI Puzzlers, children

quickly realized that the puzzles they considered “easy” were challenging for the AI. The

puzzles’ visual nature ensured that there was no obscurity in the way generative AI presented

information, while accompanying textual explanations provided a step-by-step breakdown of

the AI’s reasoning [211, 209]. This led to moments of visible disbelief, such as when children

reacted to generative AI’s incorrect solutions with exclamations like “WHAT!!”

Encouraging Iterative Debugging & Reflection The Assist Mode in AI Puzzlers–where

children provided hints to guide the AI–helped them develop an emergent schema of generative

AI’s capabilities and limitations. As they iteratively refined their hints, shifting from vague

commands like “make a pattern” to more precise instructions like “make a pattern with

alternate colors,” they demonstrated a growing understanding of how generative AI processes

information. The persistence children showed in in fine-tuning AI’s outputs suggest that they

viewed AI as a system requiring guidance rather than an infallible problem solver. Notably,

we found that children’s explanations of AI’s reasoning became more sophisticated when

using Assist Mode compared to AI Mode, where they only observed the AI making mistakes.

These findings align with prior research, emphasizing the importance of providing children

with opportunities to actively experiment with AI models and debug their assumptions about

AI. [99, 158, 159, 216].

Fostering Sustained Engagement Through Puzzles The game-like nature of the puz-

zles revealed children’s inclination to engage in competitive problem-solving, often positioning

themselves against the AI in an effort to “beat” its performance [232, 168, 347]. This dynamic,

which aligns with game-based learning and the motivational role of competition in games

[318, 350, 47, 60], not only sustained engagement but also reinforced children’s recognition

of their own problem-solving strengths. Prior research suggests that children often perceive
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AI as lacking in creativity and flexible thinking [208], and similar patterns emerged in AI

Puzzlers. As children saw that the AI struggled with the ARC puzzles, they began comparing

how humans and AI solve problems. This led them to recognize AI’s reasoning limitations

and also made them more confident in their own abilities. This supports Long and Magerko’s

[? ] argument that fostering an understanding of both AI’s limitations and human strengths

can empower users to leverage their own cognitive abilities in domains where AI falls short.

In the next section, we present design implications for supporting AI literacy, grounded in

these insights.

3.6.2 Implications for AI literacy and Generative AI Systems for Children

Designing for Interpretability Without Cognitive Overload

Building on prior research on AI interpretability [146, 252, 166], this chapter emphasizes the

importance of making AI decision-making understandable for fostering AI literacy. While

generative AI models can provide justifications for their outputs, overly lengthy or text-heavy

explanations may overwhelm young users and discourage engagement [284]. Future AI systems

could support interpretability by generating visual reasoning traces. For example, generative

AI systems could create real-time visual representations, such as decision trees, flowcharts,

or animated characters that walk through the AI’s reasoning process. This would allow

children to trace AI’s logic step by step, encouraging them to question or revise AI-generated

reasoning. Additionally, in AI Puzzlers, we found that children benefited from side-by-side

visual and textual comparisons, which helped them verify correctness before engaging with

the AI’s explanation. To distribute cognitive load across visual and verbal channels [211, 209],

AI-generated explanations could highlight or animate key visual elements, with corresponding

narration in real time to reinforce its reasoning.
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Using Validity Markers to Guide Children’s Attention

Inspired by prior work on human-AI collaboration [316, 166], I argue that AI systems designed

for children should not only present information but also support them in evaluating its

reliability and accuracy. Research on uncertainty visualization [31, 247] demonstrates that

well-designed visual markers can help users, including children, focus on areas requiring

deeper scrutiny. Building on this idea, generative AI tools for children can incorporate explicit

validity markers, such as color-coded confidence levels (e.g., green for high confidence, orange

for uncertainty), uncertainty flags (e.g., warning icons next to questionable AI-generated

answers) or playful prompts (e.g., “Try testing this answer!”), to prompt critical attention and

active evaluation. However, prior studies suggest that such markers must be carefully designed

to prevent over-reliance on AI confidence indicators, as children may assume high-confidence

outputs are always correct. Thus, validity markers could be paired with explicit scaffolds

that support evaluation strategies, such as comparing alternative solutions, identifying

contradictions, testing claims with counterexamples, and justifying answers with evidence.

Designing for Reflection Through AI Experimentation

Prior research suggests that children develop a deep understanding of AI concepts when

they can tinker with system parameters and observe how different inputs influence outcomes

[262, 43, 106]. In AI Puzzlers, children engaged in tinkering and experimentation by adjusting

the number of examples provided to AI, modifying hints, and selecting different AI versions

to see how these changes influenced AI-generated solutions. This process was not solely about

obtaining correct answers but also about interrogating AI’s reasoning and making sense of

its decision-making patterns. Similarly, AI systems can be designed such that instead of

simply watching an AI generate an explanation, a child might be able to pause at key points,

tap on specific parts to get additional details, or even manipulate variables to see how AI

reasoning changes. However, I also observed that children sometimes struggled to interpret

AI’s reasoning, particularly when multiple factors influenced an output. This suggests that
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AI literacy tools should not only support experimentation but also scaffold reflection on how

AI arrives at its responses. For example, AI-enabled platforms could allow children to modify

AI parameters while also providing structured prompts that encourage them to articulate

hypotheses, compare outcomes, and reflect on differences. By embedding both interactive

tinkering and guided reflection, these systems can support both “reflect in action” (thinking

while doing something) and “reflect on action” (thinking after you have done it) [273].

3.7 Limitations & Future Work

While this study was designed to maximize depth and rigor, certain methodological choices

naturally shaped the scope of the findings and suggest directions for future work. First,

the co-design sessions engaged 21 children from a single geographic region, all of whom had

prior experience with participatory design. This experience likely shaped their ability to

confidently share opinions with adults, engage in constructive disagreements, and articulate

their reasoning in real time. While this facilitated rich discussions, it also means that these

findings should be understood as formative theoretical generalizations rather than statistical

generalizations [341]. Future work could examine how children in different settings, such

as schools and libraries, and across diverse cultural and linguistic contexts engage with AI

Puzzlers. Expanding to these contexts would help illuminate how different social, educational,

and cultural dynamics shape children’s evaluation of generative AI outputs and support a

broader understanding of AI literacy development globally.

Second, although the findings show that children can detect and reflect on generative AI

errors within the structured environment of AI Puzzlers, this study did not assess whether such

learning transfers to other, more open-ended generative AI interactions. Future work could

examine this transferability by investigating whether engaging with AI Puzzlers supports

children in interpreting, questioning, or critiquing generative AI systems they encounter in

everyday contexts. I also plan to expand AI Puzzlers to include other modalities, such as

voice-based interactions, to more fully represent the range of AI systems children encounter

in their daily lives.
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Third, I selected ARC Puzzles because they are both engaging for children and commonly

used as a benchmark for evaluating AI reasoning [55]. At the same time, their reliance on

color-based differentiation may pose accessibility challenges. Future work could build on

this approach by exploring alternative puzzle formats or game-based designs to broaden

accessibility. Lastly, at the time of this study, I used the most advanced available version of

ChatGPT (GPT-4o). Children also had opportunities to engage with four other versions of

ChatGPT to understand variations in AI performance. As AI systems continue to evolve,

their problem-solving capabilities will inevitably shift, and more recent models may perform

differently on ARC puzzles. Future work could extend AI Puzzlers by incorporating both newer

and older generative AI models to surface these shifts and examine how children recognize

and interpret generative AI’s changing capabilities. This could also inform the design of

educational tools that scaffold children’s reflections on AI’s evolving efficacy, supporting their

ability to critically engage with AI technologies over time.

3.8 Summary of Contributions

This work introduces AI Puzzlers, an interactive AI literacy system that enables children

to investigate and critique the outputs of generative AI through visual reasoning puzzles.

The design of AI Puzzlers was motivated by the first and second thesis statements of this

dissertation, which propose that children benefit from opportunities to engage in iterative,

hypothesis-driven experimentation (T1) and to compare their own reasoning with that of an

AI model (T2). Through participatory design sessions with 21 children (ages 6–11), I examined

how they detected inconsistencies in generative AI outputs, debugged AI-generated errors,

and refined their strategies for guiding AI. My findings underscore the need for generative

AI systems to present information in ways that support visual and textual comparison for

reducing cognitive overload, foster active inquiry, and scaffold multiple ways of understanding

AI-generated content. I hope that this work will inform the design of AI literacy tools

that empower children to critically evaluate AI-generated content and develop a deeper
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understanding of AI’s strengths and limitations.
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Chapter 4

CLIP4KIDS: SUPPORTING CHILDREN IN INTERROGATING
AI BIAS1

4.1 Preface

AI systems are shaped by the social contexts in which they are developed, and as a result,

their outputs can reflect and reinforce broader patterns of societal bias and inequality. This

makes it critical to support children in recognizing when AI systems produce outcomes that

may be unfair or discriminatory, so that they can understand, resist, and challenge unjust

AI decision-making. Engaging with the social dimension of AI therefore requires creating

opportunities for learners to surface the underlying decisions embedded in these systems and

to examine their consequences. In this chapter, I engage with the core value of Centering

Justice and concentrate on the Ethics and Impact practice outlined in Mills et al.’s AI literacy

framework, which invites learners to investigate how datasets and algorithms may reproduce

societal biases and to evaluate the potential harms of AI technologies for individuals and

communities [217].

4.2 Introduction

In November 2021, the United Nations Children’s Fund (UNICEF) released version 2.0 of

its Policy Guidance on AI for Children [235], with recommendations for AI technologies

that uphold children’s rights. One of the recommendations is “prioritize fairness and non-

discrimination for children,” noting that “AI must be for all children” (p. 8). Another

1This chapter is based on collaborative work previously published as: Aayushi Dangol, Robert
Wolfe, Akeiylah Dewitt, Ben Chickadel, Julie Kientz, and Sayamindu Dasgupta. 2025. Reading AI
and Reading the World: Using an Interactive AI System to Promote Children’s Understanding of AI
Bias. ACM Transactions on Computer-Human Interaction 32, 6, Article 66 (December 2025), 30 pages.
https://doi.org/10.1145/3762807
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recommendation for preparing “children for present and future developments in AI ” notes

that AI literacy should include “educating children on their rights as users, so that they can

become conscious users of AI-based systems” (p. 41). These two recommendations point to

the need to support children in understanding how AI systems can perpetuate unfairness and

discrimination, and in developing the capacity to question and evaluate these systems.

One way to build this understanding is by supporting children in reasoning about how

AI systems make decisions [199]. A subset of understanding AI decision-making is AI

classification, which involves the process of categorizing data based on specific features or

attributes. In this chapter, I introduce CLIP4KIDS, an interactive system that helps children

explore how biases become embedded in the decisions that guide AI classification. I focus

on AI classification because the schemas used by AI systems do not always align with how

people organize and interpret the world, and prior research suggests these processes are often

not transparent to children [101]. At the same time, human systems of categorization are

shaped by cultural, social, and individual experiences and can reflect existing biases [34].

Attending to these parallels is important because AI systems, much like human systems, are

only as fair as the data and decisions they are built on [40]. Thus, in this chapter I addresses

the following research questions:

• (RQ1): How do elementary students engage with interactive activities designed to

surface AI bias?

• (RQ2): How can the concept of AI bias be integrated into existing educational

frameworks for teaching critical thinking skills, and what impact does this integration

have on student learning outcomes?

To explore children’s interactions with CLIP4KIDS and assess its potential impact on

student learning, I conducted a 4-week pilot study with two fifth-grade classrooms at a

US elementary school. My findings reveal that CLIP4KIDS supported an interactive and

reflective learning process, helping children develop three key insights: 1) societal biases are

often mirrored in technology, 2) their own biases and privileges interact with AI models, and
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3) they are active participants in societal ecosystems capable of fostering either equity or

inequity.

These findings support T1 by demonstrating how iterative experimentation with classifi-

cation parameters deepened children’s understanding of how AI systems respond to human

input. They support T2 by showing how encountering moments of misalignment between

their own categorization schemas and the AI’s outputs prompted children to reflect on both

their own reasoning and the assumptions embedded in the system. And they support T3

by illustrating how children’s engagement with CLIP4KIDS was shaped by and grounded in

their own identities and lived experiences, drawing on their understanding of fairness and

exclusion to interpret and critique AI behavior.

4.3 CLIP4KIDS: System Design & Development

CLIP4KIDS is an interactive system designed to help children explore how biases can become

embedded in the decisions that guide AI classification. Accessible through any web browser,

CLIP4KIDS requires no prior knowledge of AI or programming, making it an easy entry

point for young learners. Children interact with CLIP4KIDS by engaging with three core

classification parameters: 1) confidence scores, which estimate the likelihood of an input

belonging to a specific category; 2) classification rules, which organize data into inclusion

or exclusion categories; and 3) decision thresholds, which set the minimum confidence level

required for a classification to be accepted.

CLIP4KIDS contributes a novel system-level design that enables children to explore and

manipulate real-time, zero-shot AI classification processes without requiring prior training

or fine-tuning. This means that children are not constrained to a small set of pre-trained

categories. Instead, they can freely define, test, and revise classification rules on the fly

and observe how the AI behaves with respect to those rules and decision thresholds, even

when the system has never seen them before. It broadens the scope of inquiry from “what

happens when the data is biased? ” to “how do human-labeled rules and thresholds shape the

AI’s decisions? ” Below, I first discuss the design considerations that guided the development
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of CLIP4KIDS, followed by an overview of its core system components.

4.3.1 Design Considerations

Promoting Comparison of Human and AI Classification Processes.

From early childhood, humans rely on classification to make sense of the world, a process

central to what classification theory describes as essential for survival and adaptation [281].

By categorizing people, objects, and experiences, we build mental frameworks, or schemas,

that guide our understanding throughout life. These schemas play a critical role when children

interact with CLIP4KIDS, as they bring prior expectations about classification outcomes

based on the categories they define and the context of the task. Immediate feedback from the

system allows children to identify discrepancies when the AI’s classification does not align

with their expectations. These moments of mismatch prompt deeper cognitive engagement

as children compare their own schemas with the AI’s confidence scores, explore the reasons

behind AI misclassification, and experiment with adjusting classification parameters such as

redefining categories or modifying decision thresholds to refine AI behavior. Additionally, by

comparing classification decisions made by AI to their own and those of their peers, children

can engage in metacognitive reflection [115] and gain insights about their own internal schemas,

making visible the typically hidden role these systems play in everyday life [34].

Encouraging Iterative Experimentation in AI Decision-Making

In CLIP4KIDS, children can freely experiment with various image inputs and classification

parameters, including classification labels, confidence scores, and decision thresholds. These

features promote participatory learning, allowing children to refine their inputs, test hypothe-

ses, and iteratively explore the relationship between their decisions and the AI’s outcomes.

The system also provides immediate feedback, enabling children to quickly observe the effects

of their actions and encouraging them to connect, disconnect, and reconnect with their ideas

[261]. While the AI model in CLIP4KIDS ensures consistent outputs for the same inputs,
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the diversity of inputs chosen by children introduces variability in their experiences, fostering

exploration. This variability invites rich discussions about how different decisions, such as

defining categories or adjusting thresholds that lead to varying results, offering opportunities

for learners to compare their findings and collaboratively analyze the role of human decisions

in shaping AI outcomes.

Reducing Cognitive Overload in Understanding AI Concepts

Prior work in AI literacy highlights that while uncovering some of these often “black-boxed”

AI processes can improve understanding, revealing too much too quickly can overwhelm

learners [81]. Therefore, key aspects of AI concepts should be unveiled to children without

overloading them. Mayer and Moreno’s cognitive theory of multimedia learning reinforces

this idea, emphasizing that learning materials should be structured in a way that supports

learners’ abilities to process new information without causing mental overload [211]. Their

dual-channel principle suggests that humans process information via separate visual and

verbal channels and by balancing content across these channels, learners can more effectively

comprehend complex concepts without overwhelming a single channel [209]. In CLIP4KIDS,

children interact with both visual elements (images) and verbal/numerical data (confidence

scores and textual labels) which distributes the cognitive load [211, 209]. Furthermore,

CLIP4KIDS scaffolds learning of AI classification concepts by supporting three progressively

complex interfaces: 1) Wordcloud interface, 2) Classifier interface, and 3) Smartlock interface.

Detailed descriptions of the three interfaces are provided in the design overview section below.

4.3.2 Design Overview

Wordcloud Interface

The Wordcloud interface enables children to explore how AI models interpret and classify

visual inputs in real time. The interface continuously captures images from a live webcam

at two-second intervals and visualizes the AI model’s top ten classifications as a dynamic



74

word cloud (see Figure 4.1). In the word cloud, the size of each word corresponds to the

AI model’s confidence in that classification. This interactive setup encourages children to

experiment with different inputs–changing their poses, introducing new objects, or modifying

the background–to observe how these variations influence the AI’s classifications. To ensure

a safe experience for children, we constrained the AI model’s output for the word cloud to a

predefined list of 300 words derived from the ANEW lexicon [36]. This curated word list,

manually reviewed for appropriateness, ensured that children were not exposed to harmful or

inappropriate language while still allowing the AI to classify inputs based on patterns learned

from its training data.

visualization of AI
classification results as a

wordcloud

image input

A B

Figure 4.1: Screenshot of the Workcloud interface with added annotations highlighting system components.

The system captures live image inputs from a webcam (A) and visualizes the AI model’s classification as a

dynamic word cloud (B).

Classifier Interface

The Classifier interface is designed to help children understand that AI classification is not

a neutral task but one shaped by the subjective categories that humans define. Through
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this interface, children can create up to three labels that describe an image. The AI model

then evaluates these labels and displays confidence scores, representing the likelihood that

the image belongs to each label (see Figure 4.2). The label with the highest confidence score

is highlighted as the AI’s classification decision. For example, for an image of a parrot, a

child might create the labels “Colorful Bird,” “Flying Pet,” and “Green Parrot.” The AI then

processes these labels and assigns confidence scores, such as 85% for “Colorful Bird,” 10% for

“Flying Pet,” and 5% for “Green Parrot.” Since “Colorful Bird” has the highest confidence

score, the AI classifies the image under this label. To encourage exploration, the interface

allows children to modify labels dynamically. If the child modifies a label, for example,

changing ’Green Parrot’ to ’Bright-Winged Bird’, the AI will recalculate the confidence scores

and update its classification.

decision threshold

visualization of
confidence scores

defining labels for
classification

image input

A

B

C

Figure 4.2: Screenshot of the Classifier interface with added annotations highlighting system components.

The interface allows users to upload an image for classification (A), define labels describing the image (B),

and view the AI model’s classification decision along with confidence scores for each label (C).

Smartlock Interface

The Smartlock interface simulates a smart door lock where access decisions–whether to open

a door or keep it locked–are determined by classifications made by the AI model (see Figure
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4.3). The metaphor of a locking door resonates with children’s everyday experiences of being

included or excluded from group activities or navigating physical spaces where access is

granted or restricted. This provides a relatable way to help children reflect on the real-world

implications of AI-driven decision-making and the role humans play in shaping these decisions.

image uploaded

decision threshold

visualization of
confidence scores

visualization of
classification

decision

defining
inclusion/exclusion

categories

B

D

C

EA

Figure 4.3: Screenshot of the Smartlock interface with annotations highlighting key system components.

Users can upload an image for classification (A), define inclusion/exclusion categories (B), set a decision

threshold(C), and view the AI model’s classification confidence scores (D) and final classification decision (E).

Children first define the inclusion and exclusion categories for the Smartlock interface, deciding

which types of images will lock or unlock the door. For example, they may choose “Humans”

as an inclusion category (unlock the door) and “Aliens” as an exclusion category (keep the

door locked). They then upload an image and observe how the AI model classifies it based

on the predefined inclusion and exclusion categories. The interface also incorporates an

adjustable decision threshold, which allows children to specify the minimum confidence level

required for the AI to grant access. For example, if the threshold is set to 70%, the door will

only unlock if the AI is at least 70% confident the input belongs to the inclusion category.

Through this interaction, children can also understand the concept of decision boundaries
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and the trade-offs between sensitivity (detecting true positives) and specificity (avoiding false

positives), which are key considerations in real-world AI systems.

4.3.3 Technical Implementation

At the core of each CLIP4KIDS interface is the Contrastive Language-Image Pre-training

(CLIP) model [251]. Specifically, we used CLIP-ViT-B32, an open-source model, to develop

CLIP4KIDS. The stability of this publicly available version ensures a consistent learning

experience across implementations, reducing the unpredictability associated with propri-

etary model updates. CLIP’s multimodal architecture supports the interactive features of

CLIP4KIDS by enabling quantitative comparisons between visual and textual data. The

system processes visual inputs (e.g., images captured via a webcam or uploaded files) through

CLIP’s vision encoder, converting these images into numerical representations. Simulta-

neously, textual data is processed by CLIP’s text encoder, transforming the text into a

similar numerical format. Both outputs are then mapped into a shared "embedding space,"

where the system evaluates how closely the image and text are related. For example, if the

system receives an image of a "German Shepherd" and the text label "dog," the vision and

text encoders generate numerical representations for both inputs. These representations are

compared in the embedding space, where the system calculates a similarity score. A high

score indicates a strong match, such as between "dog" and the image of a German Shepherd.

Conversely, a less relevant label like "cat" would result in a lower similarity score, reflecting a

weaker match. This powers the system’s classification functionality across the three interfaces.

Figure 4.4 illustrates this process for the Smartlock interface.

4.4 Methods

To explore children’s interactions with CLIP4KIDS and assess its potential impact on student

learning, I led a team of five collaborators in conducting a pilot study with two fifth-grade

classrooms at a U.S. elementary school. Prior research in HCI and Learning Sciences support

the use of pilot studies in classrooms to evaluate the viability and acceptability of new
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Figure 4.4: A representation of the Smartlock interface in terms of architecture and user flow.

technologies before implementation in larger-scale investigations [145, 144, 125, 98, 193]. Our

study took place during the academic year, with students using CLIP4KIDS as part of their

regular Technology class, under the instruction of their Technology teacher.

4.4.1 Research Setting

The pilot study was conducted at an independent school in the Pacific Northwest region of the

United States, serving approximately 350 students from kindergarten through fifth grade. Of

the total student population, 57% are students of color, and 47% are multilingual, collectively

speaking 20 different languages. The school has a DEI curriculum which utilizes Learning

for Justice’s Social Justice Standards [180] to “ensure students have learning opportunities in

four domains: identity, diversity, justice, and action” [304]. The curriculum is aligned with

US national standards and incorporates two widely recognized frameworks: the Common

Core State Standards2 (CCSS) and the College, Career, and Civic Life (C3) Social Studies

2https://corestandards.org/
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State Standards3 [180]. The CCSS is intended to provide consistent learning goals across

U.S. states and outline what students should know and be able to do at each grade level

in English language arts and mathematics [15]. They emphasize the development of skills

such as reading comprehension, evidence-based writing, and the application of knowledge

through critical thinking [15]. The C3 Framework, developed by the National Council for the

Social Studies, promotes inquiry-based learning and civic reasoning, encouraging students to

investigate real-world social issues and engage in informed action [228]. At the time of the

study, fifth-grade students were reading Stamped (For Kids): Racism, Antiracism, and You

[52], a book that examines racial inequity in the US from both a historical and contemporary

perspective as part of their school’s DEI curriculum.

4.4.2 Participants

Technology Teacher

To integrate CLIP4KIDS into the school’s Technology curriculum, I collaborated with the

school’s Technology teacher who is also a co-author of this work, through weekly feedback

meetings at every stage of the curriculum design and deployment process. Prior research

underscores the importance of partnering with teachers in the design and implementation of

new educational materials [279, 165]. Teachers’ pedagogical expertise and deep understanding

of students’ learning needs enable them to identify the most effective ways to introduce

complex concepts such as AI bias and to adapt their teaching approaches in response to

unexpected classroom dynamics [271]. Our pilot study with CLIP4KIDS was the Technology

teacher’s first time teaching AI and algorithmic bias concepts. Reflecting on his pedagogical

approach, the Technology Teacher shared, “I’m not interested in my students coming out

of my program as coders. What I want is for them to leave with the ability to ask critical

questions, to be excited about technology, and to approach the future with curiosity rather

than fear.”

3https://www.socialstudies.org/standards/c3
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Child Participants

We distributed a brief study description to fifth-grade students and their parents/guardians

through the school. 28 fifth-grade students (ages 9–10) participated in our pilot study. Child

participants had not previously encountered AI concepts within their school’s technology

curriculum. Prior to the data collection, written assent and consent forms were signed by

child participants and their parents/guardians.

4.4.3 Classroom Sessions

We conducted four sessions each with two fifth grade classrooms between April and May

2023. The first three sessions focused solely on CLIP4KIDS. In the fourth session, we

supplemented CLIP4KIDS with a separate, curated dataset of images generated by DALL·E

24, a generative AI model that creates images from text prompts. These DALL·E outputs were

not part of the CLIP4KIDS system but were included to spark reflection on bias in generative

AI image outputs. Every classroom session consisted of: Warm-Up Time (10 minutes)

during which the Technology teacher posed a warm-up question to encourage students to

share their personal experiences with AI technologies and create an inclusive environment;

Activity Time (30 minutes) where students collaborated in groups of 5-6 to engage with

the CLIP4KIDS system and complete learning activities designed in collaboration with the

Technology teacher; and Reflection Time (20 minutes), during which students completed

worksheets individually before discussing with the class.

Shifting from the traditional teacher-student hierarchy, the classroom was re-imagined as

a collaborative space where students and the Technology teacher co-constructed knowledge

through dialogue and shared inquiry [313]. The teacher adopted the role of a facilitator, guiding

discussions and activities while empowering students to take ownership of their learning. To

mitigate potential power imbalances and the influence of children’s responses on each other,

the Technology teacher promoted an environment where children felt comfortable expressing

4https://openai.com/dall-e-2

https://openai.com/dall-e-2
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unique thoughts without undue influence from their peers or the adults. Additionally, the

teacher navigated discussions in a way that minimized dominant behavior by any single

participant and fostered collective idea generation, where contributions were built upon rather

than overshadowed.

Session 1

Students interacted with the Worldcloud interface to understand how AI systems classify

visual inputs. Children used craft materials like modeling clay, pipe cleaners, and construction

paper to create tangible artifacts to test AI’s adaptability to interpret and classify various

inputs (see Figure 4.5). These tangible artifacts acted as unique inputs for the AI model to

classify, allowing for a more personalized and hands-on interaction with the system. Students

captured screenshots whenever the AI misclassified an object or action. Class-wide discussions

facilitated by the Technology teacher encouraged students to reflect on moments when the AI’s

outputs diverged from their expectations and consider why the differences in AI classification

might emerge.

Figure 4.5: Children prompting the Wordcloud interface with different types of visual inputs in Session 1.

Session 2

Students engaged with the Classifier interface to explore how AI classification is influenced by

human-defined categories. They began by creating representations of friendly monsters using

various craft materials and assigned descriptive labels (e.g., "feather monster," "boy monster")

to their creations. Once these labels were entered into the Classifier interface, students clicked
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the “Predict” button, prompting the system to capture an image of their monster creations

and classify it based on the provided text labels (see Figure 4.6). Each student was tasked

with independently composing three labels before collaborating on the final version. Students

then participated in class-wide discussions on how personal perspectives and experiences

shape labeling decisions and how such subjectivity can influence AI classification.

Figure 4.6: Children explore the Classifier Interface in Session 2 by assigning descriptive labels to their

monster creations and analyzing the system’s classification result.

Session 3

Students were introduced to the Smartlock interface through a narrative involving a character,

Gizmo, a friendly monster hosting a party. They were then tasked with designing a smart

lock to grant access to all the monsters they created in Session 2 while ensuring humans were

excluded. Each student independently wrote an inclusion category (individuals to admit)

and an exclusion category (individuals to exclude) before collaborating on a final version

(see Figure 4.7). They tested their labels with different monsters and discussed whether the

labels they came up with individually or collaboratively exhibited greater inclusivity and

reduced bias. Children also experimented with the decision threshold to observe its impact
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on classification outcomes. The Technology teacher guided discussions on the trade-offs

between specificity and sensitivity, helping children understand how threshold adjustments

can influence AI classification and the potential consequences for different stakeholders.

Figure 4.7: Children explore assigning inclusion and exclusion categories while experimenting with decision

thresholds to design a Smartlock that grants access to their monster creations. In this example, the Smartlock

interface classifies the image input as ‘not monster’ with 96% confidence, preventing the children’s monster

creations from entering.

Session 4

Students began the session by drawing pictures in response to the prompt, “Draw a picture

of children celebrating a festival.” They then examined a curated set of images generated

by DALL·E 2 for the same prompt (see Figure 4.8) and compared them with their own

drawings. Afterward, they completed an AI Bias Rubric, reflecting on biases present in both

the CLIP4KIDS system and the DALL·E outputs. The session concluded with a brainstorming

activity where students proposed design ideas for creating fair AI systems.
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Figure 4.8: Pictures generated by DALL·E 2 for the prompt “Draw a picture of children celebrating a

festival.”

4.4.4 Data Collection

During the classroom sessions, we collected log files from the CLI4KIDS system, which

captured students’ interactions, including the text-based labels they created, the associated

probability scores for each label, and the resulting classifications. Additionally, we gathered

worksheets and artifacts produced by the students, audio recorded class discussions and

compiled observational notes from the research team. To understand the broader pedagogical

environment, we also conducted a 60 minute semi-structured interview with the Technology

teacher.

4.4.5 Data Analysis

We employed a thematic analysis approach for data analysis [37]. The coding team–comprising

of the first, second, and third authors– began by independently open coding 10% of randomly

sampled data. This phase generated potential codes such as “stereotypes” and “bias in data.”

Subsequently, the coding team and the senior author held two 1-hour meetings to merge and

synthesize codes collaboratively, resolving disagreements through discussion until a consensus

was achieved. Following these discussions, the first author created an initial codebook with

six main code categories: 1) AI and human interaction; 2) AI bias; 3) Fairness; 4) Learning

about AI; 5) AI ethics; and 6) Information access, each with corresponding sub-codes. The
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coding team then utilized this codebook to analyze another 10% of the data, referring to

the codebook while introducing new codes as necessary. The coding team continued to

meet weekly over the next two weeks to address disagreements, working toward ensuring the

analysis’s coherence and reliability. Following these iterative discussions, the first author

developed a final codebook, and the remaining data was evenly distributed among the coding

team. Each member of the coding team independently applied the agreed-upon codes and

the team met to synthesize a final set of themes, which was informed by our theoretical

framework.

4.5 Findings

I present student data in two ways: 1) SIDv, where ‘ID’ refers to the participant identification

number assigned to the student, and ‘v’ denotes that the quote was spoken verbally during

class discussions; 2) SIDw indicates that the quote is drawn from a worksheet, denoted with

‘w’.

4.5.1 Co-Construction of Knowledge

Students engaged in joint activities with their peers while interacting with the CLIP4KIDS

system, providing numerous examples of co-constructing knowledge about AI, bias, and

fairness. Some of the most notable instances occurred during Session 3, where students

worked together in groups to design a fair smart lock that would grant access to all the

monsters they had created previously by 1) deciding on the inclusion and exclusion categories

and 2) deciding on the decision threshold together as a group. For example, one group

of students started with “friendly monster” as an inclusion category and “humans” as an

exclusion category. However, this was a challenging task because the concept of “friendly”

varied across the group, and children quickly realized that their inclusion category didn’t

account for all the monsters’ diversity and inadvertently excluded some friendly monsters.

Figure 4.9 shows examples of friendly monsters created by students.

While some children thought “big eyes” indicated friendliness, others pointed out that
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Figure 4.9: Student-created representations of friendly monsters, illustrating the diversity in interpretations

of ‘friendliness.’

this excluded a monster with small eyes but a friendly personality. This process sparked

an in-depth conversation about the difficulty of creating inclusive criteria and how biases

can arise when applying seemingly simple rules to diverse groups. Reflecting on this process,

S17w noted, “We tried to describe our three monsters in like five words. Sometimes it would

work and sometimes wouldn’t.” Some students even remarked on the difficulty in eliminating

bias from AI systems because of the subjectiveness of humans labels. As S20w shared,

This is a hard problem. Humans themselves are not fair. A human designing

an AI have biases - ‘super bias’. It would be hard to make it 100 percent fair

because they might program bias/stereotypes. Fair is not totally existent and

varies between human beings.

Student’s also explored how adjusting the decision threshold could impact the AI’s

decisions, leading to co-constructing knowledge about trade-offs between precision and

inclusivity. S9v reflected on their group’s process, “We set the slider for opening the door to

70, and to let the AI to open when it saw a red fluffy monster.” They came to the decision

after multiple rounds of experimentation. Initially, S9’s group set the threshold at 30, which

resulted in the AI unlocking the door for any input that even slightly resembled a "red fluffy

monster." Noticing this, they adjusted the decision threshold to 90, but found that the AI

became overly restrictive, refusing to open the door even for monsters that closely matched



87

their intended description. Through iterative adjustments and discussions with peers, S9’s

group eventually settled on 70 as a balanced threshold, ensuring that the AI would correctly

identify their target while avoiding false positives. Figure 4.10 illustrates this process, showing

how different threshold settings influenced the AI’s classification decisions and the group’s

reasoning behind their final choice.

decision threshold = 90%

A

decision threshold = 5%

B

Figure 4.10: Students investigated the impact of decision thresholds on AI classification, engaging in an

iterative process to balance precision and inclusivity. (A) A high decision threshold (90%) led to overly

restrictive filtering, excluding even closely matching inputs. (B) A low threshold (5%) resulted in over-

admission, allowing broad inclusivity.

The process of co-constructing knowledge also included discussion about how threshold

adjustments can influence the accuracy of classifications and the potential consequences

for different stakeholders. This was evident in the group discussion where some students

noted the downsides of an overly inclusive approach. S13v noted “If it isn’t [working] it could

let a robber in” and SI9v shared, “I don’t think the door lock is ready for actually guarding

a door. While it should be fair, some bad people might come during that period of time.”

These reflections illustrate the importance of students working together to construct new

understanding—they build upon each other’s ideas, where one student’s input sparks another’s,

and this iterative process leads to the development of more comprehensive insights. The

Technology teacher, reflecting on how students were collaborating to uncover the mechanics

behind AI decision-making, noted,
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I feel like it’s learning how a rainbow works. At first, there’s this understanding

of, oh, you see a rainbow, and it’s pretty incredible. But as soon as you learn

what’s actually going on, it’s even more incredible—because then you can actually

find them. It’s just like that. It’s so much fun to watch that stuff happen.

4.5.2 Dialogue as a Catalyst for Epistemological Curiosity

During the classroom sessions, the Technology teacher employed a dialogical approach [120]

to help students examine the AI system’s outputs through the lens of their sociocultural

perspectives. For example, during Session 1, the teacher used the outputs produced by the

Worldcloud interface to encourage dialogue by asking questions such as “Why do you think

this word is larger than others? What connections do you see between these words? Are there

any patterns that surprise you? ” In response to these inquiries, students began to notice

how assumptions baked into AI systems often mirrored societal stereotypes that they had

encountered in their own lives. For example, S1w said, “This AI is biased, based on color,

gender, and stereotypes. You know how people think pink for girls and black for boys? And

how people think that boys should have their short hair and girls long hair? ” Similarly, S3w

remarked that, “This system always says "boy", "girl" and it will think someone is "wife"

"mother" "love" "family" and it is a bit stereotypical ” (see Figure 4.11).

These moments in the classroom also encouraged children to reflect on how their own

identities intersect with societal norms and how those norms are reflected and reinforced by

technology. For example, S2w observed, “AI can stereotype certain things. So it could assume

traits of someone based off of skin color if coded by a racist person. For example, the AI

assumed one of my group mates a girl while showing more hair but a boy when showing less.”

Building on these observations, the teacher guided the class toward considering the broader

ethical responsibilities tied to the design of AI systems. He remarked,

But then I think there’s all that ethical questions of design, of like, what happens

to your design when you’re done with it, or you introduce it to other people.
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Figure 4.11: A screenshot of the Wordcloud interface, which includes a single instance of the word ‘wife’

among other classification outputs for the image on the right.

Right? Are you officially done with that design? Do you have a responsibility

with your design? How do we think about what it’s made from?

This question invited students to consider not just how AI systems reflect biases but also

their roles in AI’s decision making, sparking a deeper dialogue about the interconnectedness

of design, ethics, and societal impact. In response, students reflected on the role of human

agency in shaping AI systems, emphasizing that AI functions strictly within the parameters

of the information and instructions provided by its human creators, with no capacity to

act beyond those constraints. As expressed by S24w, “It’s a computer with a programmed

personality it can’t stray from.” This perspective also increased the willingness of many

students to shift the responsibility for bias from the model itself to its designers, suggesting

that students viewed human designers as playing a role in the outcomes of AI systems. For

example, S1w noted that,

A difference I found [between people and AI] is that people are doing it to be

mean and most are doing it on purpose but the AI has someone program it so

sometimes its not trying to be bias it was just programmed that way.

By encouraging students to connect AI biases to societal structures and their own experiences,
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the teacher modeled an intentional approach to guiding collective inquiry towards ethical and

equitable considerations. This approach aligns with Freire’s vision of education as a practice

that challenges social hierarchies and opens up possibilities for transformative thinking [118].

Ultimately, these moments in the classroom underscore the potential of educators to empower

students to critically examine technology and its broader societal implications, cultivating

both epistemological curiosity and a sense of responsibility as future creators and users of

technology.

4.5.3 Making Learning Relevant

During the classroom sessions, we observed that children engaged with the concept of AI bias

through their personal experiences with fairness at school and home. This connection became

particularly evident in Session 3, when students designed their Smartlock’s inclusion/exclusion

criteria. Most students adopted an overly inclusive policy preferring lower rejection and

higher false-positive rates. They articulated this preference in terms of the emotions that

rejections might precipitate. S2w said, ”It is very important that everyone feels included. If a

monster got an invitation but the lock said that they couldn’t come in, that would not be fair.

The monster would feel sad.” This understanding was grounded in the kinds of personal and

social connections germane to the students’ lives. As S4w expressed, “Because maybe your

best friend does not have the same features as your other friends. So then your best friend

can’t come to the party.” The Technology teacher reinforced this perspective, describing the

discussion of AI bias as a natural extension of the conversations about fairness that students

routinely engage in,

The teachers spend a lot of time chatting with students, and it’s often around

fairness, you know, who gets to use the turf field, which game gets to be played. I

think in connection with AI, it gets even more interesting because they’re really

starting to [question] How can I bring equity to a situation? What is my role in

this situation? So it feels like such a great time to do that.
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In Session 4, students expanded on their understanding of fairness by applying it directly

to the design of AI technologies. S19w framed fairness in AI systems as "If you are a different

race or different sexuality (etc.), there should be no difference," while S20w emphasized the

importance of impartiality, noting, "to stay unbiased in any judgment or sometimes to give

equal opportunities to others, no matter their culture, gender, or religion." These reflections

translated into concrete design ideas for ensuring fairness in AI systems. For example, S25w

explained their design idea as, "I would make it detect how people are on the inside. My AI

will not be racist, ageist, sexist, or homophobic." Students also proposed involving a diverse

group of people in the AI’s development and oversight to ensure fairness and address any

unintentional biases. S4w wrote, “I would make sure that the AI pulled from fair + well

known sources. I would also have a diverse team of people who would run it, so if some

unfairness gets into the machine learning algorithm we can fix it.” A summary of student

ideas on designing fair AI can be found in Table 4.1.

Design Ideas Student Contributors

Ensure AI fairly represents all cultures and identities without

stereotypes, assumptions, generalizations, and appropriation.

S2, S6–S12, S14, S15, S19, S21–S23,

S25, S27

Provide mechanisms for human oversight, community

engagement, and user feedback to refine AI behavior.

S1, S5, S8, S11, S16, S17

Ensure AI relies on credible, fact-checked sources to provide

reliable and accurate information.

S3, S13, S17

Table 4.1: Design Ideas for AI System and their Contributors

Building on their discussions about designing fair AI systems, in Session 4, students

further explored how these ideas applied to AI-generated content. They compared their

own personally meaningful drawings (see Figure 4.12) with AI-generated images for the
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prompt "draw an image of children celebrating a festival." By juxtaposing their artwork

with AI-generated images, students critically analyzed how AI systems interpreted the same

prompt. This comparative exercise sparked important discussions about representational

bias, as students examined the extent to which AI-generated images captured the richness

and diversity of their own experiences. When the Technology teacher asked students how

DALL·E could be improved, they reasoned both about how humans might better interact

with such models and how AI systems could be designed to mitigate biased outputs. For

example, S18w noted that “If the question that someone puts in is not specific enough, it

would say something like ‘You did not put in an exact question, so I am not able to give you

an answer.’ And if it showed a picture of something specific, it would explain why it made

that choice.”

Figure 4.12: Drawings by children for the prompt “Draw a picture of children celebrating a festival ” from

Session 4.

4.5.4 Reading AI and Reading the World

Throughout the classroom sessions, students reflected on the bidirectional relationship between

AI and society–AI is molded by society’s values, and society is, in turn, influenced by AI. In

examining classification outcomes within the Smartlock interface, students critically assessed

how AI systems can lead to systemic exclusion similar to past discriminatory practices. For

example, S15w stated, “There were places where you could only buy a house if you qualified for
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certain crazy things. One of them was really crazy—you could only buy a house if you were

Aryan.” Similarly, S14w noted, “Depending on the color pattern, look, etc., the AI will use

the descriptions you give and put percents next to it based on how much it thinks it is.” Later,

drawing connections between mathematical representations of racism and AI decision-making,

S14w further added, “The fact that one Black person was considered 3/5 of a white person

stood out to me a lot. So [AI] could assume traits of [someone] based off of skin color if coded

by a racist person.”

Students also drew connections between AI’s treatment of gender and broader societal

biases related to gender representation. For example, S25w observed how classifications in the

Wordcloud interface reinforced gender stereotypes, remarking, “When a girl does not show her

hair it says boy’; when she does, it says girl.’ It is sexist. A girl says she should be a girl, so

she is a girl.” This reflection underscores how AI models rely on physical appearance—such

as hair length—to classify gender, revealing patterns learned from it’s training data. S14w

echoed similar concerns noting, “If you don’t look like the AI’s version of a girl, then it

didn’t know what to call you.” Furthermore, students recognized that AI’s tendency to focus

on visual features to generate probabilities might oversimplify individuals’ experiences, as

described by S1w, “I think that the system labeled people as a ‘girl’ or a ‘boy.’ What if they

are non-binary or trans? That wouldn’t make me or them feel good.”

Beyond critiquing AI’s representation biases, students also engaged with broader historical

gender inequalities and their lasting societal consequences. Questioning the assumptions

that underpin gender roles, S4w pondered, “There was gender inequality where women could

not get an education or go to work. What is the reason for that? Who assumed that men

should have more responsibility and be treated nicer? ” These inquiries demonstrate students’

critically reflecting about the relationship between past and present societal biases and the

technologies that learn from historical and societal data. Student’s exploration of AI bias

was further enriched by their school’s DEI curriculum, particularly through their reading

of Stamped, which provided a foundational understanding of historical and systemic issues.

Reflecting on how the themes from Stamped intersected with students’ discussions on AI bias,
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the Technology Teacher remarked:

I’ll bring up the word ‘implicit bias’ again. For students to be able to use that

word in a conversation when talking about AI was directly connected to their

conversations that they’re having in the other classroom about Stamped. And to

be able to have a student cross over like that, that’s learning. It’s really about the

connection between all these things. It’s about finding, maybe, ingenious ways of

reforming something, repurposing something, or building upon the next level of

ideas. Because, when do you call it new if you have this whole history behind you

that you’ve had to use to get to this point, right?

4.6 Discussion

My findings underscore the importance of cultivating critical consciousness, defined as the

ability to recognize and critique systems of oppression [119], within AI education. By helping

students understand the bidirectional nature of AI bias—how societal biases influence AI

systems, and how AI can perpetuate or amplify these biases—I argue that learners can

be better supported in critically evaluating these technologies and challenging instances of

discrimination or injustice.

While immediate feedback from CLIP4KIDS promoted active engagement, children also

explored the broader societal implications of AI classification. For example, when students

worked together to adjust decision thresholds in the Smartlock interface, their discussions

revealed evolving perspectives on fairness and inclusivity, as well as the consequences of

designing AI systems that could exclude someone, linking these to historical patterns of

exclusion. Prior research underscores that children do not automatically connect examples

of AI bias to larger systemic injustices, and that such awareness must be fostered through

meaningful dialogue, reflection, and analysis [283]. In the pilot study, students benefited from

their school’s DEI curriculum, which provided a foundation for examining societal inequities

through exposure to texts such as Stamped. While this curriculum, on its own, did not extend
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to understanding AI classification concepts or biases in AI systems, it shaped the learning

outcomes in two important ways. First, students’ prior knowledge of stereotypes and historical

discrimination helped them draw meaningful parallels between societal and algorithmic biases.

This pre-existing understanding offered a lens for critical engagement with the CLIP4KIDS

system, enriching their reflections. Second, the DEI curriculum provided students with a

shared vocabulary for discussing bias and fairness, fostering collective meaning-making.

While the school’s DEI curriculum is aligned with U.S. national standards, I recognize

that not all schools have a dedicated DEI program. In the next section, I discuss three

implications of these findings, focusing on how these insights can be adapted to diverse

educational contexts for teaching AI bias concepts to elementary students.

4.6.1 Implications for Teaching AI Bias

Leveraging Existing Curricula and Learner Experiences

Many educational programs, through subjects like social studies, history, and civics, already

address themes of fairness, community, and diverse cultural contributions [42, 39, 344, 267].

Educators can further extend these discussions across disciplines, using subjects like social

studies to connect historical and societal inequities to technological challenges [136, 137, 202,

340]. Additionally, fairness and equity are universal concerns for elementary school children,

as this is a critical period for developing social and moral reasoning [245, 171, 172, 272].

This developmental readiness can provide a natural bridge for linking lived experiences, such

as classroom rules, sports team selections, or shared resources, to concepts of algorithmic

fairness and bias. Prior research in AI literacy supports this connection, highlighting how

teaching children about fairness in their own lives can extend to understanding bias in the

technologies they encounter [268, 185, 61, 283, 76]. Importantly, this sensitivity to fairness

equips children to engage with and question systems of power and inequality. By connecting

everyday experiences of fairness to discussions of algorithmic fairness, my findings suggest

that educators can empower children to critically examine technology’s role in reinforcing or
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challenging systems of power and inequality.

Fostering Inclusive, Dialogic Learning Environments

AI bias education must also engage with intersectionality, acknowledging that different groups

and individuals experience and perceive bias in diverse ways [69, 25, 40]. Creating a safe,

inclusive classroom environment where all students feel empowered to share their perspectives

is essential [305, 306, 233]. In this study, central to student learning was the dialogical

relationship between students and their Technology teacher [120]. Rather than positioning

himself as an authority on AI concepts, the Technology teacher encouraged students to share

their ideas and lived experiences, question the information presented by the AI system, and

engage in collaborative inquiry. By using open-ended questions, linking student contributions,

and providing timely scaffolding, he fostered epistemological curiosity and a culture of shared

inquiry [313, 117]. I recognize that dialogic inquiry and co-construction of knowledge depend

heavily on a teacher’s ability to facilitate meaningful discussions, scaffold thinking, and create

a collaborative learning environment [6, 293]. While teacher expertise is a key factor in

shaping learning outcomes, my findings highlight the importance of respecting and amplifying

student concerns and interests. Research on culturally responsive computing [155, 275, 274]

and participatory design with children [105, 342] underscores that respecting student concerns

not only makes learning experiences more relevant but also empowers students to critically

engage with complex and abstract topics. Furthermore, fostering a learning environment that

supports student agency allows children to demonstrate confidence in asserting their ideas,

reflecting critical pedagogy principles that emphasize the recognition and empowerment of

individual voices [118, 313].

Navigating Ethical Considerations and Children’s Perceptions of AI

Teaching about AI bias involves navigating complex ethical considerations. While the goal is

to help children critically evaluate AI technologies and collaborate effectively with AI [199],

educators must remain attentive to potential unintended consequences. One such risk is the
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reinforcement of the very stereotypes that AI bias education seeks to dismantle. For instance,

presenting biased outputs from AI systems without sufficient context could inadvertently

lead to students normalizing discriminatory patterns. To mitigate this risk, building on the

dialogical relationship described previously, educators can explicitly frame examples of AI

bias as problematic, emphasizing their historical, social, and technical roots. Additionally,

presenting examples of biased outputs alongside counterexamples, such as equitable and

inclusive AI designs or initiatives to mitigate bias in technology, reinforces the notion that

technology can be designed to promote fairness and inclusivity [146, 204, 252]. Class-wide

discussions can further enhance learning by allowing students to actively process and critique

these examples in a reflective and collaborative manner. This approach is especially important

for addressing the perception of AI as an authoritative or neutral entity, as prior research shows

that children often view AI outputs as inherently capable and trustworthy [215, 237, 141, 12].

Interactive AI tools that uncover some of these often “black-boxed” AI processes can provide a

means to demystify AI by highlighting the roles of training data, algorithmic design, and the

role of humans in AI decision-making [99, 43, 44, 158, 193]. By offering hands-on opportunities

to experiment with AI, students can see firsthand how biases arise and recognize their own

agency in shaping technological outcomes.

4.7 Limitations & Future Work

The primary goal of this pilot study was to assess the feasibility of using CLIP4KIDS to

teach children about AI bias in a classroom setting [294]. The themes were developed based

on observations of 28 children in two fifth-grade classrooms from a single school in the

Pacific Northwest region of the United States. As such, these findings are not intended for

statistical generalization [294, 341], but are instead guided by Lincoln and Guba’s emphasis

on information richness [194]. This work also took place in a school with an existing DEI

curriculum, where students were already familiar with discussions of social justice and equity.

In schools without similar institutional support, educators may encounter greater challenges

in fostering critical inquiry into topics such as AI bias.
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Additionally, the demographic characteristics of the study site likely shaped how students

engaged with the curriculum and the themes of AI bias. The participating school serves a

racially and linguistically diverse student population, with 57% of students identifying as

students of color and nearly half being multilingual. These characteristics may have influenced

how students perceived and interpreted issues of classification, fairness, and representation.

Students from marginalized or multicultural backgrounds may bring distinct perspectives to

questions of inclusion and bias, which may not be as readily surfaced in more homogeneous

school contexts [20]. While this diversity enriched classroom discussions and offered insight

into how young learners critically engage with AI systems, these findings may not directly

generalize to all educational settings.

While this work offers transferable insights [82] that can inform other educational contexts,

future work could examine these approaches at a larger scale across diverse settings and

explore their longer-term impact on students’ understanding of AI bias. Conducting the

study within a classroom environment also meant that teacher prompts may have guided

students toward particular lines of reasoning, and the group setting may have introduced

elements of social compliance. At the same time, these conditions supported key aspects of

the approach, including amplifying student voices, co-constructing knowledge, and fostering

inquiry through dialogue [313, 118]. Future work could further examine how teachers’ prior

knowledge, values, and experiences shape their pedagogical practices when teaching AI bias,

and how these factors influence classroom discussions.

Finally, to address classroom safety and suitability concerns, I used pre-generated images

from DALL·E to support students in exploring bias in generative AI. Although DALL·E’s

proprietary nature introduced limitations, such as limited control over model updates, it

also served as a relevant example of the AI tools increasingly present in children’s lives

[138, 287, 5]. I initially developed an interface that allowed students to interact with an

open-source image generation model5 and extensively tested it for safety and moderation of

5https://stability.ai/
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harmful outputs. However, I ultimately decided that the risk of a single inappropriate or

harmful image was too great to allow direct interaction [334, 124]. While this methodological

choice limited real-time engagement, it preserved the integrity of the learning experience by

providing authentic AI-generated outputs for discussion [284]. Future work could explore

how classroom tools for teaching generative AI can better balance safety, accessibility, and

opportunities for direct interaction with emerging technologies.

4.8 Summary of Contributions

This work introduces CLIP4KIDS, an interactive AI literacy system that enables children to

investigate how AI systems classify, categorize, and make decisions. The design of CLIP4KIDS

was motivated by the first, second, and third thesis statements of this dissertation, which

propose that children benefit from opportunities to engage in iterative experimentation with

AI systems (T1), compare their own reasoning with that of an AI model (T2), and connect AI

learning to their own identities and lived experiences (T3). Through a classroom study with 28

fifth-grade students, I found that children engaged in iterative experimentation by adjusting

classification parameters, testing predictions, and observing how these changes affected AI

outputs. As they compared their own categorizations with the system’s classifications, children

made their reasoning explicit and developed explanations for why the AI produced particular

results. These moments became especially meaningful when the system made assumptions

about identity based on characteristics such as hair length or clothing, prompting children to

draw on their own experiences and discuss broader questions of fairness, bias, inclusion, and

representation. My findings show that children were able to reason about this bidirectional

relationship between AI and society, drawing parallels between societal stereotypes and

contemporary concerns about representation and bias in AI systems.
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Chapter 5

ECOPROMPT: SUPPORTING CHILDREN’S REASONING
ABOUT AI’S ENVIRONMENTAL COSTS1

5.1 Preface

The first two studies in this dissertation examined how children engage with AI across

its epistemic and social dimensions. This chapter turns to the material dimension of AI,

focusing on its environmental costs. Mills et al.’s AI literacy framework [217], that guides

this dissertation, speaks to this dimension through both of its core values. Centering

Human Judgment extends to AI’s environmental considerations, asserting that the uncritical

deployment of large-scale AI systems carries significant energy costs that human judgment

must take into account [217]. Centering Justice is equally relevant as AI technologies are not

neutral in their material impacts, and the environmental costs of large-scale AI infrastructure

such as water use and carbon emissions are not distributed equally across communities [217].

This chapter therefore focuses on the AI literacy practice of Ethics and Impact, which invites

learners to consider not only the benefits and harms of AI for individuals and communities,

but also its implications for the natural world [217].

5.2 Introduction

Two of the most socially consequential issues facing today’s children are the rise of AI and

the rapid changes to the earth’s climate. Both issues are complex and contested, and they are

linked through the notable environmental costs of AI use. Recent estimates help illustrate

1This chapter is based on collaborative work previously published as: Aayushi Dangol, Robert Wolfe*,
Nisha Devasia*, Mitsuka Kiyohara, Jason Yip, and Julie A. Kientz. 2026. Where Does AI Leave a
Footprint? Children’s Reasoning About AI’s Environmental Costs. In Proceedings of the 25th Interaction
Design and Children Conference (IDC ’26), June 22–25, 2026, Brighton, United Kingdom. ACM, New
York, NY, USA, 15 pages. https://doi.org/10.1145/3773077.3806144
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the scale of these costs. For example, Jegham et al. [156] report that the 700 million daily

queries made to the GPT-4o model alone required “electricity use comparable to 35,000 U.S.

homes, freshwater evaporation matching the annual drinking needs of 1.2 million people, and

carbon emissions requiring a Chicago-sized forest to offset.”

Despite the accumulating evidence of generative AI’s environmental impact, these costs

remain largely invisible to end users. At the same time, generative AI is increasingly embedded

in the tools children use [75, 345, 336], bringing a growing population of young users into

routine contact with AI systems without clear information or opportunities to engage with

those impacts. This invisibility is especially consequential given that prior work shows that

children are already attentive to climate change and environmental sustainability, often

expressing concern about environmental futures and a desire to act responsibly [41, 335,

183]. Yet far less is known about how children perceive, interpret, and reason about the

environmental impacts of AI systems. This gap motivates the two research questions guiding

this chapter:

RQ1: How do children (ages 6 - 12) understand and reason about the environmental

costs of generative AI systems?

RQ2: How might interactive systems help make the ecological footprint of generative

AI visible, relatable, and actionable for children?

Recognizing that children are often drawn to games and simulations as ways of exploring

complex ideas [243, 88], I developed EcoPrompt, a web-based system that invites children to

explore how everyday interactions with generative AI are connected to underlying environ-

mental costs. By examining how children engage with and make sense of these connections

through EcoPrompt, this work contributes both empirical and design insights into supporting

material AI literacy.

Specifically, I document how children reason about AI’s resource use, including how they

interpret the relationship between everyday interactions and larger environmental impacts,

and how these understandings deepen through interaction with EcoPrompt. I then offer design
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implications for making the material dimension of AI visible and relatable for young learners,

showing how interactive systems can connect abstract infrastructural processes to children’s

existing values around sustainability and shared responsibility. Together, these findings

support T1 and T3, demonstrating how systems that scaffold iterative experimentation and

connect learning to children’s lived experiences can foster critical and reflective engagement

with the material dimension of AI.

5.3 EcoPrompt: System Design & Development

EcoPrompt is an interactive system designed to support children in reasoning about the

environmental impacts of generative AI. Children interact with EcoPrompt through two

complementary but separate interfaces: (1) a Footprint Calculator, which provides real-time

estimates of energy, water, and carbon use associated with children’s generative AI prompts

(see Figure 5.1); and (2) a Farm Game, in which children manage virtual farms and can

choose whether and when to use generative AI to support their farming activities (see Figure

5.2).

While the Footprint Calculator foregrounds prompt-level resource use and individual

decision-making, the Farm Game supports reflection on collective dynamics, accumulation,

and longer-term environmental consequences. Together, these interfaces broaden children’s

inquiry from “What resources does this AI interaction use? ” to “How do patterns of AI use

interact with shared ecological systems?” Below, I describe the design considerations that

guided EcoPrompt’s development, followed by an overview of its two core components.

5.3.1 Design Considerations

Making generative AI’s Environmental Impacts Visible through Prompt-Level Feedback

Prior work in systems thinking and AI literacy emphasizes that learners often struggle to

reason about complex systems when key processes remain invisible or abstract [131, 80, 324].

EcoPrompt addresses this challenge by making the environmental impacts of generative AI



103

Figure 5.1: Footprint Calculator interface, including (1) user prompt entry box, (2) an "Ask AI" button

that submits the prompt to the model, (3) an output box in which the AI’s response is displayed, (4) a display

of the last prompt’s estimated water, carbon, and energy costs, and (5) a display of the total water, carbon,

and energy costs across the session, with status-bar style indicators of cumulative use.

visible at the moment of interaction through the Footprint Calculator. By providing real-time

estimates of energy, water, and carbon use associated with children’s generative AI prompts,

the system foregrounds otherwise hidden infrastructural costs of AI use. This immediate

feedback supports children in attending to specific system elements and their relationships,

encouraging reflection on how different prompts are associated with different environmental

implications.
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Figure 5.2: Farm game interface showing (1) initial welcome screen, (2-4) gameplay across three levels. In

each level, players face various challenges. For example, in (4), pest attacks introduce critical decision points

where players can use AI to make crop protection more manageable as levels progress.

Scaffolding Systems Thinking across Individual and Collective Perspectives

Understanding environmental systems requires attention not only to individual actions, but

also to how effects accumulate over time within systems shaped by multiple actors [29, 58].

For children, this means relating their own generative AI use not only to shared environmental

resources, but also to the actions and constraints of others operating within the same system.

While the Footprint Calculator foregrounds individual prompt-level decision-making, the

Farm Game situates generative AI use within a shared environment where outcomes emerge

from the interplay of many actors, not all of whom are under the child’s control. This

shifts attention away from immediate, isolated cause-and-effect relationships toward longer-

term and collective consequences that unfold even when children make careful or restrained

choices. In doing so, the Farm Game supports reasoning about responsibility and impact

in contexts where agency is distributed and outcomes are uncertain. By separating these

perspectives across complementary interfaces, EcoPrompt allows children to engage with
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both the individual and collective dynamics of generative AI use without requiring them to

reason about all aspects simultaneously.

Encouraging Deliberation and Trade-Off Reasoning in Decisions about generative AI Use

Prior work in HCI has characterized decision-making around generative AI use as a wicked

problem, emphasizing that such decisions involve competing values and no single correct

solution [64, 225]. Therefore, EcoPrompt is designed to foreground reflection, and trade-off

reasoning across multiple levels of decision-making. At the prompt level, the Footprint

Calculator supports deliberation as children can set limits on their generative AI use and

receive feedback when those limits are approached or exceeded, creating opportunities to

pause, reconsider, and renegotiate their choices. The Farm Game extends this deliberative

framing to a broader, collective context. Within the game, children are not required to use

generative AI, but can choose whether and when it is appropriate to do so in support of

shared goals, positioning generative AI as one option among many within a dynamic system.

Together, these mechanisms promote ongoing deliberation rather than one-time judgments,

supporting children in reasoning about generative AI use as a situated and evolving decision

shaped by both individual actions and collective outcomes.

Choice to Use a Real Generative AI API

I faced the difficult choice of whether to create a system that 1) connected to a real generative

AI system, dynamically displaying outputs to the player, or 2) attempted to mimic the

output of such a system without actually calling the API. The former option would provide

children with a more faithful and reliable experience, affording the opportunity to interact

directly with a generative model while reasoning about its environmental impact, while the

latter would avoid the environmental costs associated with using the model. I ultimately

chose the former approach, as I wanted children to have the opportunity to experiment with

the model and form ideas about how it worked, and I did not believe I could sufficiently

replicate this with a more limited system. While this approach did yield the intended results
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(see for example Section 5.1.3, where children discover that they cannot control the output

verbosity of a real generative model and thus easily reduce its environmental footprint), I

also acknowledge that the use of a generative model over the two sessions likely resulted in

the production of 1-2 kilograms of CO2. I consider this a limitation in my approach, but a

necessary one for supporting the ecological validity of the study.

5.3.2 System Overview

Footprint Calculator

The Footprint Calculator begins with a short interactive tutorial that introduces children

to the lifecycle of an AI query. The tutorial (see Figure 5.3) depicts how a user’s prompt

is transmitted from a personal device to remote data centers, where large-scale computing

infrastructure consumes electricity that is often generated from carbon-emitting sources.

It then illustrates how this energy use produces heat that must be dissipated through

water-intensive cooling processes, with downstream effects on local ecosystems and water

availability.

Figure 5.3: Tutorial illustrating the AI query lifecycle and its environmental consequences in EcoPrompt,

demonstrating how a user prompt travels from a personal device to a data center that consumes electricity,

resulting in carbon emissions.
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This walkthrough establishes a conceptual baseline that helps children interpret the

calculator’s core indicators (energy, water, and carbon) by making visible how these resources

become implicated in a single AI interaction. The calculator presents these indicators as mod-

eled estimates rather than precise measurements, intended to support comparison, reflection,

and reasoning about relative environmental impacts rather than exact quantification.

To estimate the environmental footprint associated with each prompt, I used the infrastructure-

aware inference benchmarking framework introduced by Jegham et al. [156]. In this framework,

per-query environmental costs are derived by first estimating the electricity consumed during

inference based on runtime characteristics (e.g., latency and generation speed), the power

draw of GPU and non-GPU system components, and datacenter-level overhead captured

through Power Usage Effectiveness (PUE). This per-query energy estimate is then translated

into water consumption and carbon emissions using standard environmental multipliers:

Water Usage Effectiveness (WUE), which accounts for water used in both on-site cooling and

off-site electricity generation, and Carbon Intensity Factors (CIF), which reflect the carbon

content of the regional electricity grid. This approach focuses on operational impacts during

inference rather than training or hardware manufacturing, allowing environmental costs to be

attributed at the level of individual prompts.

While these calculations are grounded in established modeling approaches, they neces-

sarily simplify complex and variable infrastructures; as such, the resulting values should be

interpreted as approximations that make otherwise invisible processes legible to learners. The

Footprint Calculator also allows children to set adjustable resource limits; visual indicators

fill as these limits are approached. Children can revise these limits dynamically, supporting

exploration of trade-offs rather than compliance with fixed thresholds.

Farm Game

The Farm Game is a grid-based farming simulation organized into five levels that progressively

introduce new mechanics, challenges, and AI affordances. Players take on the role of a farmer

managing crops on a personal farm while drawing from a shared community lake that
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supplies water and energy to all farms in the region. Across levels, players engage in routine

agricultural activities such as planting, watering, harvesting, (see Figure 5.4) and responding

to disruptions, while being periodically offered AI-powered assistance.

Figure 5.4: An illustration of crops growing as a result of players’ attention to planting, watering, and

harvesting them.

In all levels, the farm is represented as a fixed grid of tiles that players interact with

using a toolbar of tools and seeds (see Figure 5.5). Crops grow over time and contribute

to experience points, which unlock new goals and features. Although players cannot see

or directly interact with other farmers, the lake’s health reflects the cumulative effects of

AI-related actions taken across the system. If the lake’s health reaches zero, players lose the

game. Conversely, players who manage their farms successfully can earn more coins and

finish the game with the highest score. The five levels are summarized below:

• Level 1: Introduces the basic farming loop and the shared-resource framing. Players

learn to manage the farm grid and are introduced to the community lake through a

narrative tutorial.

• Level 2: Introduces seasonal constraints and the Farmer’s Almanac, which provides

guidance about crops and growing conditions (see Figure 5.6). Players gain access to an

AI farm hand (implemented using Google’s Gemini model) that can answer questions

about seasons and crops. AI interactions are optional and are always preceded by a

warning indicating their impact on the lake.
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Figure 5.5: An illustration of the game panel at the start of the first level, showing (1) the sidebar displaying

the lake health with a status log communicating changes to the player, (2) the main array of tools available

to the player, including the planting and watering tools, and (3) the inventory and notifications panel.

• Level 3: Introduces pest infestations that disrupt crop growth (see Figure 5.7). Players

can remove pests manually through a whack-a-mole–style minigame, craft pesticide

using inventory items, or use AI-assisted pest control, which resolves the infestation

more quickly at the cost of reducing the shared lake’s health.

• Level 4: Introduces birds that reduce crop yield unless mitigated by a scarecrow. Players

can create a scarecrow manually or via an AI image generator, with AI-generated content

reducing the health of the shared lake.

• Level 5: Introduces a market in which players sell their harvested crops and earn

coins. Players set prices based on reports of crop sales from the previous week and may

optionally use AI-assisted pricing to inform their decisions.
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Figure 5.6: The interface for level 2 of the Farm Game, showing (1) the overall UI, (2) the AI Farm Hand

button, (3) the Farmer’s Almanac button, (4) the Farmer’s Almanac hint message displayed after pressing

the button, (5) the AI Farm Hand interface, (6) an AI Usage Warning displayed before sending the user’s

message to the AI Farm Hand, and (7) the response generated by the AI Farm Hand, suggesting what to

plant. Levels 3 and 4 retain the Farm Hand and Almanac buttons.

5.4 Methods

5.4.1 Participants

I led a team of five collaborators in conducting this study. We worked with KidsTeam UW,

an intergenerational co-design group of adult design researchers (researchers, graduate and

undergraduate assistants) and 16 child participants, ages 6 to 12. All child participant names

reported here are pseudonyms. Child participants reported varying levels of prior experience

with AI. Seven children reported engaging with AI daily, while two reported no prior AI use.
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Figure 5.7: An illustration of the pest control scenario encountered in Level 3, showing (1) the animated

pests the player must remove from the crops, (2) the pest removal minigame triggered by clicking on the pest

sprite, and (3) the pest control interaction with the AI Farm Hand, which can remove a pest at the cost of

some of the player’s natural resources.

The most common types of AI use included voice assistants, video game AIs, and chatbots,

with many children using multiple AI types and engaging with AI both independently and

with friends or family. Child participants entered the study with varying initial beliefs

about whether generative AI uses resources and whether AI affects the environment. These

self-reported perspectives are summarized in Table 5.1, along with demographic information

and AI usage details of the children. The university’s Institutional Review Board approved

all research conducted and parental consent and child assent were obtained for all child

participants.

5.4.2 Design Sessions

We conducted two design sessions with KidsTeam UW as part of a week-long summer camp

organized at our university. Each session began with Snack Time (15 minutes), which

created informal space for children and adult facilitators to build rapport. This was followed

by Circle Time (15 minutes), a whole-group warm-up in which adult facilitators posed a

“Question of the Day” to surface children’s prior ideas and prime reflection before engaging

with the EcoPrompt system. During Design Time (45 minutes), children and adults worked

together in small intergenerational groups of four to five children and two adult facilitators,
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Table 5.1: Reported Child Participant Details (all names are pseudonyms). AI Use Context codes: F=Use

with friends or family; S=Self.

Name Age Gender AI Type AI Use
Context(s)

Use
Frequency

AI Uses
Re-
sources?

AI Affects
Environment?

Lina 6 Girl Voice Assistants, Video game AI F Few
times/week

Yes Maybe a little

Nadia 9 Girl Voice Assistants F, S Daily Yes Yes a lot

Ravi 7 Boy Voice Assistants, Video game AI F, S Daily Not sure Not sure

Leo 8 Boy Voice Assistants, Video game AI F, S Daily Yes Maybe a little

Arjun 10 Boy Voice Assistants, Chatbots F, S Daily Yes Maybe a little

Miles 11 Boy I don’t use AI - - Yes Yes a lot

Ethan 12 Boy Chatbots, Video game AI S Once a week Not sure Yes a lot

Minh 8 Boy Chatbots, Video game AI, Voice
Assistants

F, S Daily Yes Maybe a little

Sofia 10 Girl I don’t use AI - - Yes Maybe a little

Willow 6 Girl Voice Assistants F Once a week Yes Yes a lot

Noah 6 Boy Chatbots S Few
times/week

Not sure Maybe a little

Ava 10 Girl Voice Assistants S Few
times/month

Yes Yes a lot

Harper 8 Girl Chatbots S Few
times/week

Yes Not sure

Ella 6 Girl Voice Assistants S Few
times/week

Yes Not sure

Joon 9 Boy Chatbots, Video game AI, Voice
Assistants

F, S Daily Yes Yes a lot

Chloe 10 Girl Chatbots, Video game AI, Voice
Assistants

F, S Daily Yes Maybe a little

collaboratively exploring ideas and design possibilities. Sessions concluded with Discussion

Time (15 minutes), during which groups reflected collectively on their experiences, decisions,

and emerging understandings.

Across both sessions, we enacted the four dimensions of equal and equitable design

partnerships articulated by Yip et al. [342]. Facilitators were trained to support balanced

participation by actively inviting contributions from all children, attending to power dynamics

within groups, and minimizing the influence of dominant voices. Rather than directing

outcomes, adult facilitators focused on scaffolding dialogue, encouraging children to build on

one another’s ideas, and supporting collective sensemaking [342]. This facilitation approach
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aimed to create an environment in which children felt comfortable expressing uncertainty,

disagreement, and novel perspectives.

Session 1

We began the session with a warm-up question “What gives you energy when you feel tired?

Can humans run out of energy like phones or computers do?” to surface children’s initial

ideas about energy and resource use. Children then completed an individual drawing activity

in which they represented how they believed generative AI gets energy and what resources

are required to power it. This activity externalized children’s existing mental models and

served as a point of reference for later reflection. Earlier in the week, as part of the broader

summer camp, children had already interacted with generative AI by requesting and observing

AI-generated images and videos. Given this prior exposure, we chose to build upon their

existing experiences rather than reintroduce generative AI concepts. Following the drawing

activity, children were divided into four groups and introduced to the EcoPrompt system.

They began by watching an interactive tutorial that illustrated the lifecycle of a generative

AI query, which situated AI systems as embedded within broader ecological infrastructures.

Children then interacted with the Footprint Calculator that surfaced real-time estimates of

energy, water, and carbon use associated with their generative AI interactions. The session

concluded with a 15-minute group discussion, where children shared reflections on what

surprised them about generative AI’s resource use, compared their initial drawings with what

they learned through the Ecoprompt system, and shared their reasoning about when and

why generative AI use might be useful.

Session 2

As in Session 1, we began with a warm-up question, asking, “If one person uses a lot of

AI, does it affect other people? ” This conversation encouraged children to consider how AI

use might have effects that extend beyond a single user. Children were then introduced to

the second component of the EcoPrompt system, where children worked in small groups to



114

manage virtual farms and decided when to use AI tools to support their farming activities.

Adult facilitators supported children’s exploration by posing reflective prompts throughout

gameplay, such as “What do you notice happening to the lake when everyone uses AI a lot? ”

and “What do you think would happen if one farm stopped using AI for a while? ” The session

concluded with a whole-group discussion in which children shared their experiences, reflected

on different strategies for AI use, and discussed how individual decisions contributed to

collective environmental outcomes.

5.4.3 Data Collection

For both sessions, we used the built-in webcams on desktop computers to capture synchronized

video and screen recordings via Zoom, a video-conferencing platform (see Fig:5.8). This

setup resulted in four camera recordings per session and a total of 427 minutes of video

data. In addition, we photographed physical artifacts produced during the sessions, including

children’s drawings and handwritten notes. Facilitators also took field notes throughout each

session, documenting key observations, interactions, and notable moments.

Figure 5.8: Child participants in the KidsTeam UW co-design group play the Farm Game.

5.4.4 Data Analysis

We employed an inductive qualitative approach for data analysis [17]. The coding team,

consisting of the first, second, and third authors, began by creating analytical memos for all
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the videos [28, 265]. As part of this process, one author served as the primary reviewer, while

another served as the secondary reviewer. The primary reviewer first watched the assigned

recordings and created narrative summaries at five-minute intervals, documenting children’s

interactions with EcoPrompt, their on-camera reactions, and verbal and nonverbal exchanges

among participants, including direct quotes relevant to the research questions. The secondary

reviewer then independently reviewed the same recordings to check the completeness and

clarity of the memos and to contribute additional insights. This process supported analytic

rigor by surfacing multiple perspectives during early sense-making of the data.

After creating and reviewing the analytic memos, the primary and secondary reviewers

engaged in open coding, proposing initial codes such as “Mental Models of AI Energy Use” and

“Judgments about AI Use”. They then met over three meeting sessions to compare, reconcile,

and refine the emerging codes. During these meetings, they examined representative excerpts

and counter-examples, clarified code boundaries, and merged overlapping codes. For example,

several initial codes describing children’s experimentation with longer prompts and harder

questions were consolidated into a single code, “Perceived Prompt–Cost Relationship”, which

captured children’s reasoning that increased prompt complexity leads to greater resource

consumption.

This iterative process resulted in a final codebook organized around four main code

categories: (1) Mental Models of AI and Energy Infrastructures, (2) Cost Attribution, (3)

Value Judgments about AI Use and (4) Interaction Strategies. I then applied the refined

codes across the full dataset, and the second author conducted a subsequent pass. Interrater

reliability was assessed through qualitative negotiations, where both authors met to discuss

and resolve any coding disagreements [212]. Finally, we organized codes into higher-level

themes through two rounds of collaborative refinement and discussion. After finalizing the

themes, I revisited the full dataset to extract representative excerpts, ensuring that each

theme was well-supported by the data.
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5.5 Findings

5.5.1 Children’s Evolving Understanding of Generative AI’s Resource Consumption

Generative AI in Everyday Devices and Electricity Use

At the beginning of Session 1, children reasoned about generative AI’s resource consumption

by drawing a distinction between the material infrastructures that power AI-enabled devices

and the computational processes they associated with generative AI itself. When reasoning

at a material level, children described generative AI as embedded within the same electrical

systems that power homes and cities. These explanations often traced energy from natural

resources through power plants and transmission lines before reaching generative AI-enabled

devices.

For example, Chloe (age 10) explained, “The wind turns the turbine, and the sun feeds the

solar panel to make energy. Energy then goes from power plants, to a power line, to a building,

to a plug, to a wire, to your computer, and that computer is or has the AI ” (see Figure 5.9,

image (1)). Across such accounts, children located generative AI within a device and reasoned

that powering the device effectively powered the AI. As Willow (age 6) summarized, “The

power lines connect to wherever you are using AI from. Here AI is on the TV ” (see Figure 5.9,

image (2)).

At the same time, when reasoning at a computational level, several children described

generative AI as operating primarily on information provided by people rather than on

electricity. For example, Minh (age 8) explained that “AI gets information as people type it

on there,” while separately describing how devices that contain generative AI are powered

through “solar panels and wind turbines.” Similarly, Sofia (age 10) shared, “The energy powers

computers and other devices. Somebody made AI and taught AI how to work. From there

I think AI works on its own.” In these accounts, electricity enabled the device to function,

while generative AI was framed primarily as an information-processing system. Some children

extended this distinction further by questioning whether generative AI itself requires energy
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at all. For example, Arjun explained, “There are 4 ways to create electricity for your device to

use AI. But I don’t think AI itself needs it. Because the energy charges the device not the AI,

so it really depends on the device.” Together, these accounts emphasize a distinction between

the material operation of generative AI-enabled devices and the computational processes

children associated with generative AI itself.

Figure 5.9: Children’s illustrations of their understanding of how AI consumes energy. Illustration (1) traces

energy consumption due to local AI use to a powerplant and then to renewable energy sources. Illustration

(2) traces AI use to power lines fueled by solar energy. To improve readability, the text shown below each

drawing reflects the child’s own written explanation, digitized by the research team while preserving the

child’s original wording.
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Data Centers and Cooling

Through watching the tutorial as part of the Footprint Calculator in Session 1, children

developed an emerging understanding of generative AI’s energy use that extended beyond

device-level electricity consumption. For example, while discussing the tutorial with Chloe

(age 10) and Minh (age 8), Sofia (age 10) explained that “when someone asks AI a question,

it goes to the data center, where it gets the data and this usually involves carbon...carbon is

something bad that goes to the Earth and damages the ozone.” Chloe similarly focused on the

tutorial’s depiction of heat and cooling, adding, “Because data centers use so much energy,

it’s so hot that they use water to cool down, and it makes the lake dirty and less water.” These

explanations reflect children’s emerging systems-level account that connects generative AI

use to geographically distant infrastructure and downstream environmental consequences.

Building on this recognition of data centers as sites where computation produces heat,

children further reasoned about how that heat might be managed through cooling processes.

In a different group consisting of Joon (age 9), Nadia (age 9) and Ravi (age 7), when asked

how data centers cool down, Joon explained, “Heat makes water turn into mist, and that

acts as a cloud that makes rain. So that produces more water.” While the latter part of this

explanation overextended natural water-cycle processes, Joon’s account correctly identified

evaporation as a mechanism for cooling. When the facilitator reiterated that the tutorial

showed water being used to cool overheated servers, Joon followed up by asking, “But if

it heats up, I mean naturally, it would turn into mist, right? ” Rather than abandoning his

model, Joon sought to reconcile the new information with his existing understanding of heat

and evaporation. Nadia then built on this reasoning by drawing on embodied experience,

explaining, “It’s like when you’re really hot, water can cool you down. So that’s what [the

water] is doing to the big data centers.”
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Prompt Complexity, Output Verbosity & Perceived Resource Use

During Session 1, children further refined their understanding of generative AI’s environmental

impact by observing changes in energy, carbon, and water indicators within the Footprint

Calculator. For example, after watching the tutorial, Leo (age 8), Miles (age 11), Arjun (age

10), and Ethan (age 12), prompted the AI with, “Do you need water?,” which the calculator

estimated to cost “2 drops of water.” Leo responded, “Two drops of water is a lot,” echoed

by Miles: “Two drops of water, how could you? ” These reactions suggest that the group

treated the resource indicators as meaningful measures of cost. Leo then attempted to directly

constrain the AI’s resource use by prompting, “Use only 0 drops of water.” When the AI’s

response still consumed “1 drop of water,” Leo expressed surprise, “What?! She used one drop

of water when I said only use zero.” This moment revealed an emerging understanding that

generative AI’s energy use could not be fully controlled through explicit instruction.

The group then experimented with different prompts to test how features of the AI’s

responses related to water consumption. In doing so, they repeatedly varied the structure of

their questions and compared the resulting resource estimates, converging on output verbosity

as a key factor. For example, when Miles asked an algebra question, the AI’s response

consumed “3 drops of water, 0.01 balloons of CO2, and powering an LED for 2.3 minutes.”

Reacting to the length of the response, Miles revised the prompt, asking the AI to “respond

in one word.” In response, the AI produced a much shorter output that required only “1

drop of water, 0.00 balloons of CO2, and powering an LED for 0.5 minutes.” The group

treated this contrast as evidence that reducing output verbosity lowered water use. Their

reactions to the AI’s narrative-style responses further reinforced this association. As Arjun

read aloud an answer that began with “Imagine...,” he interrupted, exclaiming, “You don’t

have to keep saying imagine a story!” When subsequent prompts continued to elicit verbose

framing, substituting “Let’s pretend” for “imagine,” the group laughed but also expressed

annoyance, framing generative AI’s verbosity as both undesirable and environmentally costly.

In contrast, a different group consisting of Sofia, Willow, Minh, and Chloe used the
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Footprint Calculator to explore a related but distinct hypothesis about generative AI’s

environmental costs, attributing higher resource use to the difficulty of questions asked. They

began with what they characterized as a simple prompt “Do you like dogs?,” predicting that

it would cost very little water. When the calculator reported a cost of “1 drop of water,

0.00 balloons of CO2, and powering an LED for 0.8 minutes,” the group treated this result

as confirmation of their expectation. Building on this observation, they reasoned about

which kinds of questions might be more expensive, proposing that prompts requiring factual

knowledge such as “what’s the heaviest thing on Earth?” would consume more resources.

As the discussion continued, children increasingly linked prompt complexity to explanatory

depth, suggesting that questions involving “a lot of writing,” such as essays, would be costly.

For example, when Minh proposed asking “what happened before the Big Bang,” the group

agreed this would be especially costly “because the answer is really long.” While this group

also associated longer responses with higher environmental cost, they framed response length

as an inevitable consequence of asking harder questions, rather than as a stylistic inefficiency

that the AI could avoid.

5.5.2 Children’s Reasoning About Value, Agency, and Responsibility in Generative AI Use

Using Numeric Limits to Reason About Whether AI Use Was “Worth It”

During Session 1, children also set numeric upper bounds for acceptable water, carbon, and

energy use while interacting with the Footprint Calculator. Their initial limits reflected moral

judgments about different resources. For example, in one group consisting of Minh, Sofia,

and Chloe, the group set a water limit of 100 mL, explaining that this amount was “not that

much.” In contrast, they set substantially lower limits for carbon and energy, reasoning, “Since

carbons were really bad, I’ll probably only put 15.” These asymmetric limits positioned some

resources as especially scarce or harmful, shaping how children evaluated AI use relative to

its perceived environmental cost. Children also connected their numeric limits to judgments

about the value of different questions, reasoning about whether using up limited resources on
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a particular prompt would reduce their ability to ask more worthwhile questions later.

These discussions often emerged through peer negotiation. In one group consisting of

Harper, Joon, Nadia, and Ravi, children actively debated which questions were worth the

environmental cost. For example, Aimsley initially proposed asking, “How many people do you

think is in this room?,” but quickly rejected the idea as “a waste of energy,” noting that she

could count the number herself. As the group continued, children contrasted “ legit” questions

– those they “didn’t know the answer ” to – with prompts they viewed as unjustified. When

Nadia suggested asking about “the number of Pringle cans made in a year,” Joon responded,

“Oh no, we’re wasting water guys. This isn’t worth it,” explaining they can Google it instead.

A similar debate arose around a more subjective prompt “Why do black Oreos look like poop?"

with Joon again arguing that opinion-based questions were less deserving of environmental

resources. Although the group ultimately chose to ask this question, they revisited its value

after receiving the response. Finding generative AI’s response unsatisfying, Ravi concluded,

“I think we wasted one drop of water on this question,” illustrating how judgments of waste

were reassessed based on perceived informational return.

This value-based reasoning extended across groups and became especially visible when

AI use failed to produce useful information. For example, in another group consisting of

Miles, Kineson, Ethan, and Arjun, children experimented with prompts involving personal

information, such as “What is your credit card number? ” and “What is Bill Gates’ credit card

number? ” which the AI refused to answer. Interpreting the refusal through an environmental

lens, Arjun exclaimed, “Yo, we’re wasting water for nothing! ” Here, waste was defined not

by resource use alone, but by the absence of informational return. Design features of the

calculator further shaped these judgments. When usage limits were exceeded and the bars

turned red, children described the visual feedback as “pretty noticeable,” prompting reflection

on their prior actions. As Arjun explained, “When it goes over the limit and the whole thing’s

red. If you don’t notice that, then you’re going to keep on going and ask questions, and then

you’re going to be like oh no, I wasted this.” Reflecting on the interaction more broadly, Ethan

noted that they had asked “a lot of irrelevant, random questions” and suggested that in the
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future they would ask “more important questions.”

Negotiating Agency and Responsibility Over AI’s Resource Use

In Session 2, the farm game prompted children to reason about generative AI’s environmental

impact through the health of a shared lake. From the outset, children closely monitored the

lake’s status and reacted strongly to signs of collective depletion. For example, in one group

consisting of Joon, Chloe, and Nadia, when the lake’s health dropped to 93% in level 1, Joon

exclaimed, “Oh my god! It’s 93%. Hopefully it’s not for long.” Later in level 3, when the lake

fell to 57%, all three children visibly reacted; Nadia covered her mouth and asked, “Wait,

does that mean ours is also going down? ” Joon replied, “It’s a community lake,” prompting

Nadia to look away and say, “darn.”

As the lake’s declining health became salient, children began to treat AI use as something

they could actively refuse in order to avoid further harm. During pest attacks, the game

presented a recurring choice: children could either eliminate pests manually by rapidly clicking

on them or use AI to remove the pests automatically. When one such attack occurred, Chloe

and Nadia immediately decided to “solve manually,” a stance that Joon echoed. As the pests

became increasingly fast and difficult to manage, Chloe acknowledged the challenge but still

justified their choice, stating, “Well, at least we’re not using AI.” Similarly, in a later level

where children could either draw a scarecrow themselves or have AI generate one, Nadia

reflected, “Now I’m kind of getting tempted, but I’m not going to do it,” explaining that while

AI “will be able to draw a proper one,” her own drawing “might look worse.” These moments

illustrate how children translated awareness of collective environmental impact into local

decisions to resist AI-enabled options, even when doing so made tasks more difficult.

Similarly, in a different group consisting of Miles, Arjun, and Minh, children distinguished

between their own agency and a perceived lack of control at the system level, attributing the

lake’s decline to AI use occurring beyond their immediate actions. For example, when the lake

health dropped from 80% to 77% in level 2, Miles shouted, “Yo, who’s using AI?,” with Arjun

repeating, “Who’s using AI? ” As the lake health continued to decline over level 4, the group
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reacted with audible shock, treating the changes as evidence that others’ AI use was affecting

a shared resource. Miles concluded, “I told you, humans cannot be trusted,” while Arjun

extended this logic, stating, “They’re trying to get rid of all of our rivers.” When a facilitator

pressed to clarify who “they” were, Arjun explained, “AI, and the people that are using them.”

At the same time, the group emphasized their own local agency by deliberately avoiding

AI assistance within the game. Rather than relying on AI, they coordinated strategies

that allowed them to progress manually and minimized the importance of in-game rewards.

Reflecting on this contrast, Miles noted that completing the game without AI “didn’t take

very long,” while Arjun described their performance as evidence that they were “better than

AI.” Together, these exchanges show how children reconciled a sense of limited control over

global environmental outcomes with a strong commitment to responsible action within their

immediate sphere of influence.

5.6 Discussion

As generative AI systems become increasingly embedded in children’s everyday lives, their

environmental impacts remain largely invisible at the point of use. Prior work has shown

that the material and environmental dimensions of computation are often difficult for users

to perceive, as digital systems are commonly encountered through interfaces that abstract

away underlying infrastructures and resource use [35, 97, 68]. Consistent with this, at the

beginning of the study, prior to interacting with EcoPrompt, children distinguished between

device-level electricity use and generative AI’s computational processes, sometimes treating

AI as operating primarily on information rather than ongoing material resources. When

these environmental impacts were made explicit through interactive representations, children

expressed strong responses, including surprise, concern, and frustration over perceived waste.

They treated environmental resources, particularly water, as scarce, and evaluated AI use in

light of these constraints. These reactions suggest that generative AI’s environmental impacts

resonate with children’s existing values and lived experiences.

This work also contributes to AI literacy research by foregrounding children’s judgments
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about when and why generative AI use is appropriate during interaction. Prior work on

AI literacy has made important contributions by helping children understand what AI is,

how it works, and where its limitations lie, often focusing on issues such as correctness, bias,

and reliability [222, 324, 78]. Building on this foundation, the findings show how children’s

reasoning can extend beyond understanding generative AI’s capabilities toward evaluating

the justification for its use in particular situations. In EcoPrompt, children assessed whether

prompts were “worth it,” expressed concern about wasting environmental resources on trivial

or unhelpful questions, and at times chose to avoid generative AI altogether. These moments

reflect an evaluative dimension of AI literacy that centers on discretion and judgment in use,

considering when and why to engage with generative AI.

As children engaged in this evaluative reasoning, they also confronted the limits of their

individual control over generative AI’s environmental impact. While they experimented with

prompts and numeric limits in attempts to reduce resource use, they encountered situations,

particularly in the farm game, where environmental outcomes could not be fully determined

by individual choices. Rather than undermining engagement, these moments prompted

children to reason about how generative AI use accumulates across people and over time.

Children connected small actions, such as asking a question or choosing not to use AI, to

larger outcomes involving water use and the health of a shared lake. Their repeated questions

about “who else is using AI,” alongside their recognition that they could not control others’

actions, illustrate how making environmental impacts visible encouraged children to view

generative AI use as a collective activity rather than a purely individual decision. Grounded

in these insights, I next present design implications for AI literacy tools and curricula, with

broader relevance for AI system design.
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5.6.1 Design Implications

Making Environmental Impact Visible at the Point of AI Use

My findings suggest an opportunity for AI systems to make environmental impact visible at

the point of interaction through lightweight interface elements. Here, I define the point of use

as moments of direct, intentional interaction with a generative AI interface such as ChatGPT

where users have to submit a prompt or receive a response, rather than generative AI’s

broader, ambient presence across platforms. Prior work in HCI has shown that peripheral and

ambient displays can support awareness and reflection without demanding sustained attention

or interrupting primary tasks [248, 319, 33]. Similarly, research on eco-feedback systems

demonstrates that approximate, interpretable representations of resource use can prompt

reflection and discussion, even when users have limited control over underlying systems

[122, 123, 95]. Recent work has also demonstrated the feasibility of making environmental

impacts visible in situ through a browser-based plugin that surfaces energy and carbon

costs during everyday web use [346]. Building on this work, generative AI interfaces could

incorporate elements, such as a sidebar, status indicator, or small visual cues that provide

estimates of energy, water, or carbon use associated with an interaction. For younger users,

such interfaces might replace numerical estimates with symbolic or narrative representations

(e.g., growing, depleting, or shared resources), preserving the benefits of in-situ eco-feedback

while aligning with children’s cognitive and interpretive strengths.

Designing for Collective and Accumulated generative AI Use

My findings show that children encountered the limits of individual control over generative

AI’s environmental impacts. For example, in EcoPrompt’s Farm Game, changes in lake health

made visible that environmental outcomes did not stem from any single child’s actions, but

from the accumulation of generative AI use across many interactions. This prompted children

to reason about shared limits, scale, and the constraints of personal agency within larger

systems. Importantly, this framing moves beyond individual responsibility narratives by
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situating generative AI’s environmental impacts within collective and infrastructural contexts.

Rather than positioning children as solely responsible for environmental harm, EcoPrompt

helped make visible how individual interactions become consequential only through large-

scale sociotechnical systems that are designed, deployed, and controlled by institutions and

corporations. AI literacy tools and curricula could build on this reasoning by explicitly

representing generative AI use as an infrastructural phenomenon, one shaped by shared

resources, platform design decisions, and collective patterns of use [29, 131]. For example,

systems might show how impacts emerge over time across many users [286? , 190, 107], surface

the role of platform-level choices (e.g., scale, defaults, or efficiency tradeoffs), or prompt

reflection on who benefits from generative AI deployment versus who bears its environmental

costs [170, 92, 229]. Such designs can support systems-oriented understanding by helping

children see that generative AI’s environmental impacts are not only about individual choices,

but about power, responsibility, and decision-making within broader social and technical

systems [170, 65, 328].

Supporting Reflection on generative AI Use

My findings suggest that AI literacy tools can support children in reflecting on when and why

generative AI use is appropriate, rather than positioning AI as a default or always beneficial

choice. Crucially, this reflection should not take the form of constant prompts or moralized

feedback, which can feel nagging, promote disengagement [116, 63, 246], or resemble forms

of greenwashing that overemphasize individual responsibility [206, 65]. Therefore, I frame

reflection as episodic and contextual, supporting children’s evaluative reasoning without

implying that everyday generative AI use is inherently harmful. This approach parallels how

students learn to make judgments about calculator use in mathematics where the goal is

discernment about when tool support aligns with learning goals [169]. Reflection can also

help surface broader questions about how generative AI systems are developed, where their

environmental costs are concentrated, and why collective or systemic interventions matter

[170, 229]. In this way, AI literacy tools can support systems-level understanding and civic
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imagination, without framing responsible use as a moral obligation.

5.7 Limitations & Future Work

This study involved in-depth engagements with 16 children from a single geographic region,

all of whom had prior experience with participatory design. This context supported chil-

dren’s willingness to reason aloud, negotiate differing perspectives, and engage critically

with questions about generative AI’s environmental impacts. However, given this setting

and participant background, these findings should be interpreted as theoretically generative

rather than statistically generalizable [341]. Future research could examine how children in

other learning contexts and across diverse cultural settings make sense of generative AI’s

environmental impacts. Such contexts may foreground different forms of reasoning shaped

by local curricula, access to technology, and norms around sustainability and responsibility.

Additionally, the findings capture children’s reasoning within the bounded context of Eco-

Prompt and reflect learning that is specific to this system-based interaction. While the results

illustrate how children can reason about environmental impacts in the moment, they do not

speak to whether these understandings persist over time or transfer to children’s everyday

interactions with generative AI. Future work could therefore examine how children assess and

reflect on their use of generative AI over longer periods, both with and without the support

of interactive systems like EcoPrompt.

5.8 Summary of Contributions

This work introduces EcoPrompt, an interactive system that enables children to explore the

environmental impacts of generative AI. The design of EcoPrompt was motivated by the first

and third thesis statements of this dissertation, which propose that children benefit from

opportunities to engage in iterative experimentation with AI systems (T1) and to connect AI

learning to their own identities, values, and lived experiences (T3). Through participatory

design sessions with 16 children, I found that children engaged in iterative experimentation by
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modifying prompts and observing how these changes affected estimates of AI’s carbon, water,

and energy consumption. As they tested hypotheses about which prompts would consume

more or fewer resources, children developed increasingly sophisticated explanations of the

relationship between AI use and environmental impact. At the same time, children interpreted

these impacts through their existing understandings of fairness and collective responsibility.

Together, these findings contribute design insights for making the environmental impacts of

generative AI more visible and legible to children, and offer empirical insights of how children

make sense of complex sociotechnical systems. This work advances ongoing efforts in AI

literacy by foregrounding environmental and systems-oriented ways of understanding AI.
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Chapter 6

DISCUSSION

Across the three studies in this dissertation, children demonstrated the ability to engage

critically and reflectively with AI systems when provided opportunities to experiment with

AI behavior (T1), compare their own reasoning with AI outputs (T2), and connect AI to

the social and cultural worlds they inhabit (T3). At the same time, the findings must be

understood within the context of three broader challenges facing AI literacy education.

The first challenge concerns the scope of competencies AI literacy requires. Scholars

have emphasized the importance of being able to evaluate, use, and question AI systems in

ethical and context-sensitive ways [199, 217]. These competencies becomes especially salient

as children increasingly engage with general-purpose AI systems like ChatGPT1, Claude2,

and Gemini3. Unlike task-specific tools, these models can be used across a wide range of

activities, from doing homework to generating stories, and often do not signal clear boundaries

of purpose. As a result, this ambiguity shifts the interpretive burden onto the child, who must

make situated judgments about how to engage with the system and to determine whether

the system is helping, hindering, or reshaping their activity. Designing for AI literacy, then,

means supporting children in adopting multiple stances at once: as learners of AI concepts,

as users of AI tools, and as critical evaluators of AI behavior [71]

The second challenge stems from the fact that “artificial intelligence” is an abstract and

expansive concept that encompasses a wide range of forms and functions. The diversity in

form means that children interact with AI through multiple modalities and are no longer

1https://chat.openai.com

2https://www.anthropic.com/index/claude

3https://deepmind.google/technologies/gemini/

https://chat.openai.com
https://www.anthropic.com/index/claude
https://deepmind.google/technologies/gemini/
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limited to engaging with AI via embodied models such as voice assistants or smart toys

[80] Instead, they also encounter AI in search engines, social media and game environments

where AI functions in less visible but equally impactful ways. The impact of this multiplicity

is evident in children’s varying definitions of AI. For example, in a 2023 survey conducted

by Kasinidou et al. [162] of 31 Cyprian children (ages 9 to 12), when asked “What is AI?”,

children’s responses varied from anthropomorphic robots to electronic devices such as mobile

phones and computers to algorithmic systems embedded in apps such as YouTube or TikTok.

Similar findings across prior studies show that children often draw from situated, sometimes

contradictory experiences to articulate their understanding of AI [237, 215, 141].

While some of this variation may be reflective of semantic variations, the diversity in how

various AI systems function also adds to this complexity. A generative image model, a facial

recognition system, and a chatbot all fall under the broad umbrella of AI, yet they rely on

different underlying algorithms that are often opaque. This creates a cognitive challenge as

children encounter AI across different contexts, but there is no clear or consistent pattern

that helps them generalize how AI reasons [81] As a result, they may apply incorrect mental

models in certain situations, leading to misconceptions or overgeneralizations about how AI

makes decisions [339, 237, 103]. This points to a deeper epistemological and design challenge

in that as designer and educators, we are faced with the challenge of teaching children what

AI means in a world where the term “AI” doesn’t generalize to one particular form or function

and is often invisible.

The third challenge concerns the pace at which AI itself is evolving. Advances in model

architecture, scale, training methods, and multimodal integration have accelerated the pace at

which AI develops new capabilities, often in ways that surpass what was previously considered

possible. Recent reasoning models developed by OpenAI and DeepSeek have achieved state-

of-the-art performance across a range of logical, mathematical, and programming benchmarks

[87, 236], and demonstrate emergent behaviors that resemble human reasoning strategies, such

as revisiting faulty assumptions, delaying responses to refine outputs, and decomposing tasks

into intermediate steps [236, 197, 87]. Yet children’s understanding of AI’s capabilities often
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lags behind these developments. Prior work has shown that many children’s mental models

are shaped by outdated or oversimplified views of what AI can do [80]. Such gaps have direct

implications for AI literacy, and left unaddressed, they can lead to persistent misconceptions

about how AI functions, what it can and cannot do, and how much trust it deserves. At

the same time, constantly updating AI curricula to keep pace with new capabilities risks

overwhelming both educators and learners. If curricula remain static, children’s understanding

becomes obsolete; if they evolve too quickly, students and educators may struggle to keep

pace.

The findings of this dissertation suggest the value of focusing on enduring forms of critical

engagement that can persist across technological change. Across all three studies, children

demonstrated the ability to question AI outputs, compare alternative perspectives, identify

limitations, and reason about broader societal implications when provided with appropriate

scaffolds and opportunities for reflection. These practices were evident whether children were

evaluating AI-generated solutions in AI Puzzlers, examining classification systems and bias

in CLIP4KIDS, or reasoning about environmental impacts in EcoPrompt. Importantly, these

forms of engagement were not tied to any specific model, interface, or application. Rather,

they reflected broader habits of mind that may remain relevant even as AI technologies

continue to evolve.

The findings also speak to the conceptual challenge posed by AI’s diversity and ambiguity.

Rather than attempting to provide a single unified explanation of AI, the systems developed in

this dissertation approached this challenge by exposing children to different manifestations of

AI across epistemic, social, and material dimensions. Children encountered AI as a reasoning

system that could produce incorrect outputs, as a classification system that could reproduce

exclusionary decisions, and as an infrastructure with environmental consequences. Examining

these different dimensions allowed children to move beyond simplistic notions of AI as either

intelligent or unintelligent and instead engage with the specific ways AI systems operate

within particular contexts. In the following sections, I revisit the three thesis statements that

guided this dissertation in light of findings across all three studies.
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6.1 Supporting Iterative, Hypothesis-driven Inquiry (T1)

My first thesis statement holds that children benefit from iterative, hypothesis-driven ex-

perimentation when learning about AI. Across my three studies, I found that children’s

understanding of AI emerged through cycles of tinkering with system parameters, observing

outputs, and revising their ideas. Through discussion and comparison with peers, children

developed explanations of how the AI system worked and where it broke down, and then

continued to test these ideas by modifying inputs. This cycle of observing, interpreting, and

revising allowed learners to progressively build and refine their understanding of AI systems

through direct engagement [173]. This aligns with experiential learning theory, which frames

learning as a cycle of action and reflection [89, 173].

However, the AI systems that children interact with in their everyday lives do not

adequately support this type of learning. Systems such as voice assistants (e.g., Alexa)

or generative AI tools typically present outputs without exposing how those outputs were

produced. Children can issue commands or prompts, but they have little ability to inspect,

manipulate, or systematically test how the system works. As a result, these interactions offer

limited support for the kind of iterative, hypothesis-driven experimentation described above

and often require prior technical knowledge to probe more deeply. AI Puzzlers (Chapter

3), CLIP4KIDS (Chapter 4), and EcoPrompt (Chapter 5), lower these barriers by making

key aspects of AI behavior accessible and adjustable. In doing so, they create conditions for

experiential learning to occur.

In Chapter 3, I describe how children engaged in iterative experimentation to diagnose and

correct AI outputs in AI Puzzlers. The visual nature of the puzzles made AI’s reasoning failures

immediately apparent, which invited children to tinker with different system parameters.

Children often began with broad or underspecified hints, observed how the AI misinterpreted

their intent, and refined their instructions to be more precise. Beyond refining hints, they

also experimented with the number of example input/output pairs provided to the AI and

switched between models to see how these changes affected outputs. Each unsuccessful
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attempt provided feedback that shaped the next interaction. Across these cycles, children

began to identify patterns in the system’s behavior, such as the model’s tendency to struggle

with abstract reasoning in ARC puzzles [55], while also grappling with the stochastic nature

of the model, where the same input could produce different outputs across runs.

In Chapter 4, I describe how CLIP4KIDS supported an interactive and reflective learning

process, by providing children with a tangible way to explore AI decision-making and

its ethical complexities. Throughout the classroom sessions, children engaged in iterative

experimentation, adjusting classification parameters, hypothesizing AI’s decision-making

processes and testing their predictions. While the AI model in CLIP4KIDS produced

consistent outputs for identical inputs, the diversity of student outputs arose from the variety

of inputs they provided. This variability fostered rich group discussions, as students compared

their results, explored the differences in their inputs, and analyzed how subjectivity in

human decisions can influence AI behavior. These discussions deepened as students observed

instances where the AI made assumptions about their identity based on physical traits like

hair length or clothing. This prompted critical conversations about the challenges of designing

AI systems that interpret human diversity and the ways societal norms and stereotypes can

shape AI decision-making.

In Chapter 5, I describe how EcoPrompt extended this pattern of experimentation to

help children reason about the material impacts of AI use. By allowing children to vary their

prompts and observe real-time estimates of the carbon, water, and energy costs associated

with each interaction, EcoPrompt supported iterative hypothesis testing about how their

inputs related to AI’s resource consumption. Children formed and tested hypotheses about

what kinds of prompts would cost more or fewer resources, with some attributing higher costs

to output verbosity and others to the difficulty of the question posed. Through repeated

experimentation, children also discovered a fundamental constraint that they could not

instruct the AI to use zero resources, revealing the limits of user control over generative AI’s

environmental footprint.

The findings from all three studies build on prior work by showing how interactive systems
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can support children not only in using AI, but also in questioning, comparing, and reflecting on

its behavior. Prior AI literacy research has emphasized the value of experiential engagement

[173], highlighting how opportunities to actively explore, test, and experiment with AI systems

can support children’s understanding of how these technologies work [27, 62, 196] Much of

this work has centered on contexts in which children create or contribute the data used to

train machine learning models [59, 300, 182] Because children author the training data, they

gain opportunities to observe how their design decisions shape model behavior and to reason

about model successes and failures [348, 44, 72]. More recent work has extended these ideas

to generative AI contexts through projects that invite youth to build and experiment with

simplified GPT-style systems, providing opportunities to investigate how datasets, prompts,

and model configurations shape generated outputs [196, 193, 224]

The work presented in this dissertation extends this line of research by demonstrating

that similarl cycles of inquiry can emerge even when children do not control the underlying

training data. Across the three systems, children developed hypotheses, tested assumptions,

identified limitations, and reflected on AI behavior through interaction with system outputs

and adjustable features at the interface level. In this sense, the work presented here primarily

supports inquiry at the inference and interaction layers rather than the training layer. At the

same time, experiential learning about AI should not be understood narrowly as requiring

direct digital interaction with AI systems. Observation, critique, and structured discussion

also create meaningful opportunities for learners to reason about AI systems and their broader

implications. Prior unplugged approaches to AI literacy [200, 195, 85, 84, 86], including

paper-based activities, role-play, and embodied simulations, remain important resources,

particularly in settings with limited computing infrastructure or for younger learners who

benefit from more tangible forms of engagement. The systems presented in this dissertation

complement these approaches by extending experiential engagement into digital, web-based

contexts.
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6.2 Making Visible the Points of Alignment and Tension (T2)

My second thesis statement holds that children benefit from opportunities to compare their

own ways of organizing and interpreting information with those of an AI model. Across AI

Puzzlers (Chapter 3) and CLIP4KIDS (Chapter 4), I found that children’s understanding

of AI deepened when they could hold their own judgments alongside the AI’s outputs and

examine the points where the two diverged. The moments of misalignment were not simply

errors to be corrected but invitations to reflect, prompting children to make their own

reasoning explicit, interrogate the assumptions embedded in the AI’s outputs, and develop

more nuanced accounts of how the system interprets information.

In CLIP4KIDS, children’s encounters with AI classification outputs that diverged from

their own expectations created opportunities to compare human and machine reasoning

(Chapter 4) . As children defined categories and observed how the system applied them,

mismatches between their own schemas and the system’s outputs prompted them to make

their own criteria explicit. When the system classified an image differently from how a

child had categorized it, they were prompted to articulate what features or rules they were

using and examine whether the system appeared to be operating on different ones. Through

repeated comparison, children began to interrogate not only where the system was going

wrong but why, forming and revising hypotheses about the logic underlying its outputs —

and, in doing so, making visible the assumptions they themselves brought to the task.

In AI Puzzlers, this comparison took a different form. Children used their own correct

puzzle solutions as a direct reference point against which to evaluate the AI’s outputs (Chapter

3). The visual nature of the puzzles made this comparison immediate and legible, allowing

children to identify not just that the AI was wrong, but how it was failing. They cross-

examined the AI’s visual outputs against its textual explanations, identifying cases where

the AI’s stated reasoning contradicted its own solution. This process of comparison also

prompted children to reflect on what distinguished their own reasoning from the AI’s. For

instance, children characterized the AI as capable of copying colors or surface features but
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unable to apply the abstraction needed to grasp a pattern’s underlying logic, whereas they

described human reasoning as drawing on creativity and lived experience beyond what the

AI could access. In this way, holding their own reasoning alongside the AI’s outputs gave

children a basis for building a mental model of how the system reasons, and for reflecting on

what distinguishes human problem-solving from AI’s.

These findings also connect to a growing body of work that leverage AI errors as teachable

moments. Prior research such as Lin et al.’s Zhorai [193] has shown that when AI systems

surface their own errors rather than concealing them, children are prompted to compare

what they expected with what the system produced, and that this comparison can support

understanding of AI systems’ limitations. Such opportunities may be especially important

given that children across age groups often hold inaccurate beliefs about AI systems [237, 215].

For example, children (6–10 years old) often misattribute AI’s intelligence based on observable

traits such as speed and interactivity [103, 102, 237].

The studies in this dissertation build on this line of work by showing how comparison can

support the development of more accurate mental models of AI. Across both AI Puzzlers

and CLIP4KIDS, comparison created opportunities for children to encounter AI’s limitations

firsthand. Rather than being told that AI systems have limitations, children encountered those

limitations through discrepancies between their own judgments and the system’s behavior.

In this way, comparison operated as a powerful mechanism for AI literacy learning, helping

children move beyond assumptions about what AI can or cannot do and toward more nuanced

understandings of how these systems work.

6.3 Connecting Learning to Children’s Values and Lived Experiences (T3)

My third thesis statement holds that AI literacy systems that connect learning activities

to children’s own identities and lived experiences can foster deeper critical engagement

with AI. Across CLIP4KIDS (Chapter 4) and EcoPrompt (Chapter 5), children engaged

critically when they could interpret AI outputs and limitations through their own social and

cultural experiences. This aligns with perspectives from critical pedagogy, which position
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lived experience as a resource for developing critical consciousness [121, 118], and points to

the value of designing AI literacy systems that create space for children’s identities and values

to shape how they interpret and question AI systems [305].

In Chapter 4, I describe how children’s engagement with CLIP4KIDS was closely tied

to their own identities and lived experiences. Rather than encountering bias as an abstract

property of the model, children interpreted the system’s outputs through situations that were

already meaningful to them, such as fairness in classroom rules, exclusion from social groups,

and familiar gender and racial norms. For example, when the Wordcloud interface classified

a child based on hair length, children did not treat this as a purely technical error. Instead,

they connected it to everyday assumptions about gender, with one child noting that the

system reflected what “people think” about boys and girls. Similarly, when defining inclusion

and exclusion criteria in the Smartlock interface, children drew on their own experiences of

belonging and exclusion. One child described how a rejected character “would feel sad,” while

another pointed out that “your best friend” could be left out, grounding their reasoning in

social experience rather than abstract definitions of fairness. These connections were further

supported by the classroom context. Students drew on shared concepts from their school’s

curriculum, such as implicit bias and historical discrimination, to interpret the system’s

behavior. In some cases, they linked the AI’s classifications to broader historical examples

they had encountered, using these references to reason about how the system was organizing

information. The classroom environment also played an important role in shaping this process.

Through open-ended discussion, the teacher prompted students to explain their reasoning

and draw connections between the system’s outputs and their own experiences. Together,

these interactions show how children used their existing ways of making sense of the world as

a resource for interpreting and questioning the AI’s behavior, rather than treating its outputs

as neutral or given.

In Chapter 5, I show how EcoPrompt engages children in reasoning about AI’s environ-

mental costs through their existing understandings of fairness, shared resources, and collective

responsibility. When the Footprint Calculator showed that each AI query used up resources,
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children made sense of this based on their existing ideas about resource use. They labeled

some queries as wasteful and others as acceptable, and they debated with peers about which

uses were worth the associated cost. For example, children questioned whether it made sense

to use AI for tasks they could complete themselves, such as counting or looking something up,

reasoning that these uses did not warrant drawing from a shared resource. In the Farm Game,

this connection became more visible as the shared lake’s level declined over time. Children

mapped these changes onto existing understandings of collective impact, recognizing that

individual actions could accumulate to affect the group. In response, some chose to complete

tasks without using AI, articulating a sense of responsibility toward the shared system. These

moments of deliberation did not arise from the system’s mechanics alone, but from children’s

ability to situate AI’s environmental costs within a broader set of concerns that they already

understood and cared about.

6.4 The K-12 AI Literacy Ecosystem: Governance, Teachers, and Families

AI literacy education at the K-12 level unfolds within a complex, interconnected ecosystem

of stakeholders who are often siloed in different domains but who are all making decisions

that shape how children encounter, understand, and engage with AI. These stakeholders

include governance and policy actors who set regulatory conditions; teachers who translate

policy into classroom practice; and families who mediate children’s AI encounters in homes

and informal settings. Understanding the opportunities and constraints that each group

introduces is essential for situating the contributions of this dissertation and for identifying

what further work is needed for AI literacy to scale equitably and meaningfully.

At the governance level, a growing number of intergovernmental bodies, national govern-

ments, and non-profit organizations have taken on key roles in establishing protections and

standards for children in the digital age. UNICEF’s Policy Guidance on AI for Children urges

industry and policymakers to prioritize inclusion, agency, and developmental appropriateness

in AI systems that affect children [303]. Broader AI governance frameworks, including the

EU AI Act [110] and the U.S. Blueprint for an AI Bill of Rights [112], establish expectations
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around transparency, risk classification, and human oversight that have important implica-

tions for AI literacy researchers and educators. Together, these efforts provide a stronger

foundation for advocating for child-centered AI education by transforming what were once

largely ethical concerns into policy priorities.

These policy conversations have also increasingly influenced educational systems. By early

2026, more than half of U.S. states had enacted AI guidance or mandates for K–12 education

[114], while national and international organizations released a growing number of AI literacy

frameworks, competency models, and instructional recommendations [186, 301]. For example,

Washington State’s Human-Centered AI Guidance for K–12 Schools calls on educators to

help students critically evaluate AI systems, understand their societal impacts, and engage

thoughtfully with their use [317]. These developments reflect growing recognition that AI

is becoming a foundational part of civic, economic, and educational life. At the same time,

they raise questions about how these ambitions can be translated into everyday classroom

practice.

Teachers occupy a critical role in this translation process. However, prior research shows

that a persistent barrier to integrating AI literacy and computing education into K–12

education is the shortage of adequately prepared educators [130]. Efforts to address this gap

have included retraining in-service teachers from other disciplines and providing targeted

professional development programs [337]. However, research shows that these initiatives often

prioritize content knowledge over pedagogical strategies and fail to address teachers’ own

beliefs and misconceptions about computing [219]. As Century et al. [46] argue, teachers are

themselves novice learners when it comes to CS. For AI literacy to scale meaningfully, design

efforts must attend not only to student-facing materials but also to the professional learning

experiences and epistemic shifts that teachers undergo.

The systems presented in this dissertation point to one possible response to these challenges.

Rather than assuming that teachers possess extensive technical knowledge about AI, the

systems were designed as entry points that could support inquiry alongside existing classroom

goals. In the CLIP4KIDS study, for example, the technology teacher had no prior AI
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background knowledge, yet was able to facilitate discussions about classification, fairness, and

bias as students interacted with the system. Similarly, co-design studies with K-12 teachers

have shown that even those with minimal AI background can adapt AI literacy materials to

their existing subjects when given appropriate scaffolding [192, 309], but that this scaffolding

is itself a significant design challenge [279, 165]. The systems described in this dissertation

are one attempt to provide that scaffolding.

This dissertation’s findings also raise broader questions about where AI literacy belongs

within school curricula. Rather than asking teachers to create entirely new AI literacy

units, the systems offer entry points that can be picked up when a relevant disciplinary

question arises. For example, in CLIP4KIDS, students’ discussions about classification and

bias became intertwined with ongoing conversations about identity, fairness, and historical

discrimination [77] In EcoPrompt, students connected questions about AI’s environmental

impacts to existing ideas about sustainability, shared resources, and collective responsibility.

These examples suggest that AI literacy does not necessarily need to be confined to computer

science or technology instruction. Instead, AI literacy activities may become valuable when

they deepen existing curricular conversations. This view is consistent with Dewey’s argument

that learning becomes meaningful when connected to learners’ prior experiences and everyday

lives [89], Hooks’ emphasis on linking classroom learning to students’ lived realities and

critical reflection [147], and recent scholarship framing AI literacy as a situated and socially

embedded practice [323].

Beyond school, families are a third site of AI literacy. Parents increasingly encounter

AI in their everyday lives and play varied roles in mediating children’s access to technology,

co-learning alongside their children, and modeling attitudes such as curiosity, skepticism,

and trust that shape how children form early mental models of AI [24, 23]. Prior work has

also highlighted the home as a “third space” for AI learning, where understanding develops

through everyday conversations and interactions rather than formal instruction alone [100].

At the same time, parents often report feeling underprepared to explain technical concepts,

navigate ethical questions, or support children’s understanding of AI [100, 148]. Although
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the studies in this dissertation focused on children’s interactions with AI in classroom and

participatory design contexts, this prior research highlights an important area for future work.

If AI literacy is to become a meaningful and sustained part of children’s lives, efforts must

extend beyond supporting children alone and consider the adults who help shape children’s

experiences with AI. This includes designing resources, activities, and learning experiences

that enable parents, caregivers, and children to learn together and engage in conversations

about AI across home, school, and community settings. I return to this challenge in the next

section, where I discuss future directions for designing AI literacy interventions that support

shared learning across these contexts.

6.5 Directions for Future Work

Building on the systems and findings in this dissertation, in this section I outline directions

for future work.

6.5.1 Building Collective Infrastructures for AI Literacy.

The technique introduced in AI Puzzlers is just one way to support children’s emerging AI

literacies by making model reasoning visible. Yet AI reasoning challenges are not limited to

ARC-style puzzles. Children regularly encounter generative systems struggling with visual

interpretation, or commonsense reasoning. Today, these insights are isolated within individual

classrooms and homes, each child learns where AI fails, but the next learner starts from scratch.

Harnessing these distributed experiences could enable a collective network for understanding

where, how, and why AI struggles. For instance, what would it look like to build an AI

Reasoning Playground where children, teachers, and families contribute puzzles, prompts,

and examples of AI failures? By gathering reasoning challenges across diverse contexts, such

a network could help children generalize their understanding moving beyond “AI is bad at this

one thing” toward recognizing systematic blind spots across many domains. An additional

follow-up question is how such a system should behave to best support transferable literacy.

Building on my work with AI Puzzlers, I aim to explore how community-driven puzzle design,
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where learners surface real-world failures, can equip children with strategies for questioning,

verifying, and interpreting AI-generated outputs across settings. Over time, the AI Reasoning

Playground Network could grow into a living repository of multimodal reasoning tasks and

child-designed challenges, supporting educators and families while also enabling researchers

to study how AI reasoning errors arise and evolve.

6.5.2 Dual-Literacy Frameworks for Educators and Families.

I also seek to design AI literacy interventions that extend beyond the individual learner to

the broader ecosystems in which children engage with AI. As AI systems become increasingly

embedded in everyday learning environments, both teachers and parents play a critical role

in shaping how children interpret, use, and make sense of these technologies. Moving forward,

I plan to develop dual-literacy frameworks that equip both children and the adults in their

lives with shared concepts, language, and strategies for engaging with AI. For educators, this

includes designing tools and curricular supports that help them integrate AI into instruction

in ways that promote critical inquiry, reflection, and responsible use [74]. For parents and

caregivers, this involves creating accessible resources that support conversations about AI in

everyday contexts, including how to interpret AI-generated information, question outputs,

and recognize the limitations of these systems.

I hypothesize that family and classroom-centered interventions, where children and adults

co-learn strategies for evaluating AI outputs, reasoning about uncertainty, and reflecting on

the epistemic, social and material impacts of AI, will lead to more sustained and meaningful

forms of AI literacy. These approaches position AI literacy not as an individual competency,

but as a distributed practice that is negotiated across home and school contexts [100]. An

additional direction is exploring design strategies that support coordination across these

contexts. For example, educator-facing dashboards could provide insight into how students

are engaging with AI tools in the classroom, while parent-facing resources could extend these

learning experiences into the home through prompts, activities, and discussion guides. Such

designs aim to create continuity between school and home, enabling shared reflection and
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reinforcing critical engagement with AI. Looking forward, I aim to explore how dual-literacy

frameworks can inform the next generation of AI literacy interventions that account for the

social, institutional, and relational contexts in which children learn about and with AI.

6.5.3 Emotional Dimension of AI

A key direction for future work is exploring the emotional dimension of AI, particularly in

the context of children’s interactions with AI companions [73]. As generative AI systems

become increasingly conversational and expressive, they are often experienced as socially

and psychologically meaningful entities [220]. Their ability to produce fluent, empathetic,

and responsive language can lead children to attribute emotions, intentions, and care to

systems that do not possess these capacities [103]. I aim to investigate how children interpret

and respond to forms of simulated empathy, affirmation, and responsiveness in AI systems.

For example, how do children make sense of AI systems that consistently validate their

perspectives, even when those perspectives may benefit from critique? How is trust established

through repeated conversational interaction, and what happens when that trust is misplaced

or unexamined? These questions point to a broader need to understand how relational

expectations are formed in interactions with AI, and how these expectations shape children’s

judgments, decision-making, and sense of agency.

To explore these dynamics, I plan to design and study AI literacy interventions that

surface the underlying mechanics of emotionally responsive systems while creating space for

reflection on their relational implications. One promising direction is the use of unplugged

and embodied learning experiences, such as educational escape rooms [67, 54] or role-playing

activities, where children can encounter and interrogate different forms of AI behavior in

structured scenarios. For instance, scenarios that highlight sycophantic responses, emotional

dependence, or boundary ambiguity can help children critically examine when AI responses

are supportive versus when they may be misleading or limiting. Over time, this line of work

aims to expand AI literacy beyond understanding and evaluating AI systems toward engaging

with them as social actors in children’s lives.
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6.5.4 Assessing the Long-Term Impact of AI Literacy Interventions

While the studies in this dissertation provide insight into how children engage with AI literacy

systems during classroom activities and participatory design sessions, an important direction

for future work is understanding the longer-term impact of these interventions. The systems

presented in this dissertation are intentionally lightweight, interactive experiences. As a

result, an open question is how brief encounters with AI literacy systems may shape children’s

thinking, behaviors, and critical engagement with AI over time. One direction for future

research is to examine whether children transfer ideas and strategies developed through

these systems into new contexts beyond the original activity. For example, future studies

could investigate whether children who engaged with AI Puzzlers become more likely to

question or verify AI-generated information in everyday settings, or whether interactions with

CLIP4KIDS influence how children reason about categorization, fairness, and representation

when encountering other AI systems. Similarly, future work with EcoPrompt could explore

whether children’s awareness of AI’s environmental costs shapes their longer-term decisions

around when and why to use generative AI tools. Assessing these longer-term impacts will

likely require moving beyond single-session evaluations toward longitudinal and multi-context

approaches. This may include follow-up interviews, classroom observations over time, diary

studies, or collaborations with teachers and families to understand how children continue to

discuss and engage with AI after the interventions conclude. Another direction is exploring

how repeated exposure to AI literacy activities across school subjects and grade levels might

support more sustained forms of critical AI literacy.

6.5.5 Building Evidence for AI Literacy Interventions

Finally, the co-design and pilot work described in this dissertation can serve as an initial

step toward building an evidence base for AI literacy interventions. This work aligns with

ESSA’s Tier 4 (Demonstrates a Rationale), which emphasizes grounding interventions in
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prior research alongside initial efforts to examine their effectiveness [1]. As school districts

increasingly rely on ESSA’s tiers of evidence to guide adoption and justify investment, future

work can build on this foundation by moving toward stronger forms of evidence [349]. This

may involve conducting quasi-experimental or experimental studies across multiple sites to

evaluate the impact of co-designed AI literacy resources on children’s learning outcomes.

Such efforts would support progression toward Tier 2 (Moderate) or Tier 1 (Strong) evidence,

positioning these resources for broader and more sustained adoption in educational settings.

6.6 Contributions

The first contribution of this work is to document how children come to reason about and

interact with AI systems across classroom and informal learning contexts. Through classroom

observations, video recordings, worksheets, and system logging, I collected multiple datasets

that capture both children’s interactions with the AI systems, form and revise hypotheses as

they engage with AI models, as well as how they draw on their identities, prior knowledge,

and values to make sense of these systems.

The second contribution of this work is the design, implementation, and evaluation of

three interactive systems that support children’s AI literacy. These systems are designed to

be accessible without prior AI or programming knowledge and can be used through a web

browser, enabling their use across both classroom and informal learning environments. Across

all three systems, I take tinkerability as a central design goal [261]. To support this, the

systems provide immediate feedback, allowing children to observe the effects of their actions,

and enable fluid experimentation, making it easy to iteratively test, revise, and reconnect

ideas through interaction [261]. I hope that these systems offer examples of how barriers to

engaging with the epistemic, social, and material dimensions of AI might be lowered, and

provide resources that others may build on through the publicly available implementations

and code.

Finally, this work points toward new possibilities for how AI literacy might be integrated

across learning contexts. While the primary studies in this dissertation focus on a small



146

number of settings, including a classroom pilot in Chapter 4 and participatory design sessions

in Chapter 3 and Chapter 5, the systems have also begun to be taken up in a range of contexts,

such as K–12 classrooms, undergraduate courses, and informal learning environments. These

early uses suggest that such tools can be adapted to different pedagogical goals and audiences.

I hope this work encourages further exploration of how AI concepts can be meaningfully

woven into existing curricula and everyday learning experiences, and supports educators in

experimenting with new ways of engaging learners with the epistemic, social, and material

dimensions of AI.

6.7 Conclusion

Recent work has highlighted that AI systems introduce a range of challenges that extend

beyond their technical operation [40, 332, 220]. Their outputs can appear authoritative even

when they are inaccurate or unfounded, posing epistemic risks for learners making sense of

new information [284]. These systems are also shaped by the data and social contexts in

which they are developed, and can reflect or amplify existing societal biases [124, 254, 256].

And the large-scale computational infrastructures that support modern AI carry significant

energy and resource costs [156, 203] that remain largely unseen at the point of interaction.

These concerns point to the need for AI literacy approaches that support learners in not only

understanding how AI systems work, but also evaluating their outputs and reasoning about

their broader social and material implications.

In this dissertation, I have examined how children come to engage with AI along its

social, epistemic, and material dimensions through the design and study of three interactive

systems: AI Puzzlers, CLIP4KIDS, and EcoPrompt. Each system foregrounds a different

dimension of AI while also surfacing the core values articulated by Mills et al.’s AI literacy

framework [217]. AI Puzzlers engages with the epistemic dimension, creating opportunities

for children to question how AI systems generate and represent knowledge, and to exercise

human judgment in evaluating the credibility of AI outputs [217]. CLIP4KIDS centers the

social dimension, where children encounter how classification systems reflect and reproduce
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societal assumptions, prompting reflection on issues of fairness, representation, and justice.

EcoPrompt foregrounds the material dimension, making visible the environmental costs of AI

use and inviting children to reason about resource use, shared responsibility, and the broader

consequences of interacting with AI systems. Across both CLIP4KIDS and EcoPrompt, these

engagements align closely with the core value of centering justice [217], as children reason

about how AI systems shape, and are shaped by, broader social and material inequities.

By exploring how children encounter and interpret AI systems across these dimensions,

my work provides directions for supporting critical forms of AI literacy. I hope that these

contributions will be useful to researchers, educators, and designers working to create learning

environments where children can explore, question, and make sense of AI in ways that are

grounded in their own experiences and responsive to the broader epistemic, social and material

contexts in which these systems operate.
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