
Beyond Users: Supporting Children in Interpreting, Resisting, and
Collaborating with AI

Aayushi Dangol
Human Centered Design & Engineering

University of Washington
Seattle, Washington, USA

adango@uw.edu

Abstract
As Artificial Intelligence (AI) becomes increasingly embedded in
children’s everyday lives, the need to foster AI literacy from an
early age has become more urgent. My dissertation will investigate
how we can support children in engaging with AI not just as pas-
sive users, but as: 1) interpreters who make sense of AI’s decision-
making; 2) resistors who critically examine biased or flawed outputs;
and 3) collaborators who co-create with AI in ways that reflect their
identities, values, and lived experiences. To date, I have primarily
explored the roles of interpreter and resistor through the co-design
of interactive systems with children at KidsTeam UW, as well as
through classroom deployments and field studies. This work has
examined how children make sense of AI’s decisions and how they
critically respond when those decisions reflect bias or exclusion.
Moving forward, I aim to investigate how AI can serve as a mean-
ingful collaborator in supporting children’s learning, development,
and wellbeing, particularly in educational and therapeutic contexts.
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1 Introduction
Children today are growing up in a world where artificial intelli-
gence (AI) is increasingly mediating how they interpret informa-
tion, construct knowledge, and engage with the world around them.
Recognizing the potential systemic and long-term impacts that AI
systems may have on children’s lives, scholars in AI education
have suggested a series of essential competencies for navigating
this technological landscape. Long and Magerko [30] define these
competencies as the requisite skills for people to “critically evaluate
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AI technologies; communicate and collaborate effectively with AI; and
use AI as a tool online, at home, and in the workplace” [30, p. 2].

Over the past decade, while K-12 AI literacy initiatives have
made significant strides in supporting these competencies, the rapid
emergence of Large Language models (LLMs) and Large Reasoning
models (LRMs) [16, 35] presents new challenges and opportunities
for how children interact with AI. Unlike earlier AI systems, LLMs
and LRMs are designed to generate human-like text, reason through
complex problems, and adapt to diverse prompts with minimal ex-
plicit programming. Moreover, these models are now embedded in
various applications [1, 4, 38, 51, 52], expanding children’s inter-
actions with AI beyond traditional embodied forms such as voice
assistants and smart toys. However, these newer models are also
prone to hallucinations and biased outputs [3, 24, 43], underscoring
the importance of developing skills to interrogate model outputs,
detect inconsistencies, and refine prompts for more accurate re-
sponses.

My research aims to explore how children understand and inter-
act with emerging AI technologies, and the opportunities within
these interactions to foster AI literacy. I draw inspiration from
scholars in HCI, Learning Sciences, and AI Education to design
child-centered systems that enable children to explore and engage
in fluid experimentation with AI models. By designing learning ex-
periences that help children connect with the ideas they encounter
but also have opportunities to disconnect from them and reimagine
new possibilities [40], my work seeks to empower children to adopt
three key roles in their interactions with AI:

(1) Interpreters: Children develop foundational understanding
of how AI processes data, makes decisions, and interprets
the world.

(2) Collaborators: Children work alongside AI systems, lever-
aging its strengths while remaining aware of AI’s limitations.

(3) Resistors: Children critically evaluate AI outputs, question
its assumptions and, when necessary, reject AI outputs that
may be flawed, biased, or ethically concerning.

2 Related Work
In this section, I first examine existing approaches to AI literacy
in K-12 education, highlighting how different learning platforms
have been designed to introduce children to AI concepts. Second, I
explore prior work that integrates critical pedagogy into AI educa-
tion, emphasizing how scholars have sought to help young learners
recognize and challenge AI’s socio-cultural implications.
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2.1 AI Literacy in K-12 Education
AI literacy encompasses an understanding of AI concepts, practices,
and perspectives that enable learners to critically evaluate and uti-
lize AI technologies [19, 30], while fostering considerations for AI
ethics [30, 36, 42, 46]. Touretzky’s five “big ideas” of AI – perception,
representation & reasoning, learning, natural interaction, and soci-
etal impact – provide a strong foundation for fostering AI literacy
[46]. In recent years, introducing young learners to AI concepts
through accessible, hands-on experiences has become a central
focus in AI literacy research [26, 34]. Over the past decade, re-
searchers have developed a range of computational and unplugged
learning platforms that help children understand AI’s underlying
mechanisms [25, 29, 32, 33, 44, 47].

Prior studies show that integrating open-ended platforms where
children can experiment with AI models in a scaffolded and safe
way helps them grasp AI concepts and engage in meaningful discus-
sions about AI’s capabilities and limitations [6, 20, 29, 39]. Platforms
such as Teachable Machine [5], Poseblocks [25], and Cognimates
[18] enable children to train AI models, observe predictions, and
refine their AI models based on observed outcomes, making ab-
stract AI concepts like classification and model prediction more
tangible [2, 31, 37, 39, 48]. Research further indicates that align-
ing learning activities with children’s personal experiences and
interests increases engagement and helps build confidence among
non-technical learners by creating a low barrier to entry [6]. At the
same time, prior work also suggests that while uncovering some of
these often “black-boxed” AI processes can improve understanding,
revealing too much too quickly can overwhelm learners [22, 40].
Therefore, key aspects of AI concepts should be unveiled to chil-
dren without overloading them. Building on these insights, I aim
to design AI literacy experiences that inspire children to not only
understand the underlying mechanisms of AI but also explore and
experiment with it in ways that are personally meaningful to them.

2.2 Critical Inquiry of AI’s Socio-Cultural
Impact with Children

An early advocate of critical questioning in learning was Paulo
Freire, whose work emphasizes the importance of teaching learners
to question the systems that shape their lives and how they align
with or challenge social justice and equity. Freire’s call for learners
to critically engage with “the way they exist in the world with which
and in which they find themselves” [23, p.12] parallels the need in
AI education to examine how the values embedded in AI systems
interact with societal structures, potentially reinforcing inequities
or biases.

Recently, various educational resources aimed at different age
groups have been introduced to raise awareness of AI bias and fair-
ness at the K-12 level. For example, Melsión et al. [32] developed
an educational platform to highlight gender bias in supervised ma-
chine learning, encouraging pre-adolescents to critically evaluate
how bias can influence algorithmic decisions. Similarly, Coenraad
et al. [9] explored AI bias within the broader context of technol-
ogy’s impact on youth, demonstrating how young people could
recognize and provide examples of bias in their own lives. Other
scholars have approached bias in AI technologies within the con-
text of teaching children about algorithmic fairness [21, 27, 41], and

have demonstrated that children are capable of recognizing bias
within their lives and technologies [9, 21, 27, 41]. By building on
this intuitive understanding of bias and fairness in children’s lives,
prior work has highlighted how children’s existing perceptions of
bias can inform a deeper understanding of AI systems and its ethi-
cal implications. My work builds on this approach by supporting
children in understanding the bidirectional relationship between
AI and society [49], where AI is molded by society’s values, and, in
turn, society is influenced by AI.

3 Contributions To Date
The following sections outline my contributions to designing AI
systems that support children’s understanding of AI, while empow-
ering them to critique and reshape its role in their lives. This work
builds on my earlier explorations of data literacy [7, 10], which
examined how children interpret data and interrogate the assump-
tions embedded within it.

3.1 Supporting Children as Interpreters of AI
Decision-Making

A central thread in my research explores how children interpret
AI’s decision-making, what kinds of reasoning they attribute to AI,
and how their understandings evolve through actively probing and
manipulating AI behaviors. In Study 1, I conducted a two-part inves-
tigation to examine how children conceptualize AI reasoning, using
Abstractions & Reasoning Corpus [8], a benchmark for evaluating
abstract reasoning in AI systems, as a developmentally appropri-
ate scaffold. Findings from a co-design session with 8 children
followed by a field study with 106 children (grades 3–8) revealed
three distinct mental models: Inherent (AI reasons because it is in-
herently intelligent), Deductive (AI follows rules it was programmed
with), and Inductive (AI generalizes from data to recognize patterns)
[14]. Additionally, we found a developmental shift where younger
children often viewed AI as intrinsically intelligent, while older
children were more likely to describe AI as a pattern recognizer.
These findings highlight both children’s intuitive insights and the
misconceptions they carry, underscoring the need for educational
tools that scaffold deeper engagement with how AI reasons.

Building on this foundational work, in Study 2, I developed AI-
Smartlock, a system that simulates a smart door lock to help chil-
dren understand classification-based AI reasoning.1 The system
introduces three classification parameters: classification rules (cat-
egorizing data), confidence scores (estimating classification cer-
tainty), and decision thresholds (setting minimum confidence lev-
els for acceptance). Findings from a co-design session with seven
children (ages 7–12) revealed that open-ended exploration with
AI-Smartlock helped children compare their own decision-making
processes with those of the AI. Through iterative experimentation
with classification parameters, children formed hypotheses about
AI’s decision-making, tested their predictions, and refined their
understanding of AI classification.

While AI-Smartlock focused on how children interpret AI’s clas-
sification logic, my second study extends this inquiry to the more
ambiguous and often unpredictable domain of generative AI. In

1Accepted to The International Conference of the Learning Sciences (ISLS 2025).
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Study 2, I developed AI Puzzlers, a web-based game that helps chil-
dren explore generative AI’s reasoning by solving visual puzzles
[15]. Findings from co-design sessions with 21 children (ages 6 - 11)
suggest that when generative AI made mistakes on seemingly sim-
ple visual puzzles, children’s surprise led to deeper inquiry into how
and why AI arrives at certain conclusions. Even younger children,
who were not yet fluent readers, quickly detected inconsistencies
in AI-generated solutions, prompting discussions about why AI’s
reasoning differs from human logic. Children’s hands-on engage-
ment with the system made AI reasoning more accessible by giving
them a concrete way to observe and question AI’s decisions. It
also helped them recognize both generative AI’s capabilities and
its limitations. By shifting the focus from understanding AI as a
“black box” to actively probing and manipulating AI behaviors, my
research contributes to ongoing discussions in HCI, AI literacy, and
child-centered AI design. In my future work, I hope to explore how
these insights can inform AI education curricula and the develop-
ment of explainable AI interfaces that better support children’s
learning about AI decision-making.

3.2 Supporting Children as Resistors of Biased
and Flawed AI Outputs

My work aims to equip children with the tools to critically engage
with AI technologies, empowering them to play a meaningful role
in shaping ethical and responsible AI systems. I approach this goal
through participatory design and critical pedagogy. In Study 3, I
investigated how societal attitudes toward adolescents are reflected
in generative Large Language Models (LLMs), comparing these
computational representations to the lived perspectives of adoles-
cents themselves [50]. Recognizing that attitudes toward youth vary
across cultures, I implemented a bilingual, bicultural study with 13
English-speaking adolescents in the U.S. and 18 Nepali-speaking
adolescents in Nepal. In these sessions, young people (ages 13 -
17) reflected on how teenagers are portrayed in digital media and
discussed how they want to be represented by AI systems. Findings
show that LLMs often sensationalize adolescence – emphasizing
violence, drug use, or mental health crises – while overlooking
the everyday richness and diversity of young people’s lives. Im-
portantly, the study revealed adolescents’ desire to participate in
shaping how they are represented in AI systems and their capacity
to meaningfully engage in conversations about data, design, and
fairness.

Extending this exploration of AI’s role in shaping cultural narra-
tives and representations, in Study 4, I used participatory design to
explore how a group of 13 children (ages 8 - 13) understand genera-
tive AI’s role in mediating culture [13]. The findings revealed that
children are developing a nuanced awareness of how AI systems are
influenced by, and in turn influence, cultural data. They identified
training data as a key limitation in AI-mediated culture, recognizing
that the selection of training data, algorithmic rules, and fine-tuning
processes all play a critical role in how AI constructs and conveys
cultural concepts.

Lastly, in Study 5, I expand on the theme of critical engage-
ment by connecting children’s understanding of AI bias to broader
societal structures of inequality.2 Building on insights from my
2Under review.

previous studies, I designed and implemented an interactive sys-
tem called CLIP4KIDS with 28 fifth-grade students (ages 9 - 10)
at a local school in the Pacific Northwest, United States. Through
hands-on engagement with the system and guided dialogue facili-
tated by their technology teacher, the students actively reflected on
and critiqued flawed and biased AI outputs. By engaging in these
discussions, children demonstrated an awareness that AI is not sep-
arate from the societal contexts in which it is created, but is shaped
by those very contexts. Across these three studies, AI emerges as a
site of negotiation and resistance—a space where children don’t just
passively navigate bias, but actively challenge, re-imagine, and con-
struct alternative technological futures. By centering their voices in
AI design, my work envisions AI not as a force that defines children,
but as a system that can be co-created with them to better reflect
their diverse experiences and identities.

4 Current Work and Next Steps
In my future work, I aim to explore how AI can act as a collaborator
in supporting children’s development and wellbeing, particularly
within educational and therapeutic settings [11, 17, 28, 45]. I have
begun this exploration through Study 6, which investigates how AI
might assist parents in supporting their children’s speech therapy
at home [12]. This study involved semi-structured interviews with
20 parents of children with speech difficulties, focusing on the prac-
tical and emotional challenges of home practice and how AI could
help address them. Building on this, I am now working with eight
families to better understand how children’s exploratory, multi-
sensory interaction styles during speech practice might inform
the design of supportive AI technologies. Through observations,
cultural probes, and follow-up interviews with caregivers, I aim
to identify moments in daily routines where speech practice can
naturally align with children’s interests and activities. Additionally,
I seek to understand how caregivers scaffold learning through sto-
rytelling, play, and other interactive strategies, and explore how AI
tools might complement these natural, relational practices.
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