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Adolescents increasingly use large language models (LLMs) such as ChatGPT and Gemini for schoolwork and personal writing (e.g.,
job materials). Because LLMs can reproduce and amplify societal biases present in training data, biased outputs may shape young
peoples’ sense of themselves, narrowing perceived possibilities and reinforcing inequities. We present two complementary approaches
to fostering youth understanding of Al bias: (1) in-the-moment supports that overlay LLM use to help users recognize and mitigate

bias during real-time interactions, and (2) learning interventions that scaffold authentic investigations of bias and its structural origins.
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1 Introduction

Adolescents are rapidly integrating large language models (LLMs) such as ChatGPT and Gemini into their academic,
social, and professional lives. Recent reports indicate widespread adoption of generative Al tools among teens for
schoolwork, exploration, and personal writing [6, 15]. However, LLMs are known to reproduce and amplify social biases
embedded in their training data [3, 11, 13]. Because training corpora often include large-scale internet data scraped
from biased sources [3], models may reproduce gendered assumptions in the narratives they generate. Prior work has
demonstrated that LLMs can construct gendered struggle narratives in college essays, particularly centering narratives
for marginalized users around overcoming hardship [10]. More broadly, management science research shows that
men and women tend to present qualifications differently, and evaluators interpret identical qualifications differently
depending on gender cues [4, 5]. If such patterns are reflected in LLM outputs, adolescents using these tools may
unknowingly receive advice that aligns with stereotyped expectations.

This creates a sociotechnical risk: biased outputs may shape the stories young people tell about themselves, narrowing
perceived possibilities or reinforcing inequities [14]. While significant research has examined bias mitigation at the
model level, there remains an urgent need for user-facing interventions that (1) help adolescents recognize bias when
interacting with Al systems and (2) equip them with deeper conceptual understanding of how bias emerges in Al
systems.

In this position paper, we describe two complementary forms of intervention to increase adolescents’ awareness
and understanding of Al bias: (1) in-the-moment interventions that overlay LLM use and support bias detection and
mitigation during real-time interactions, and (2) learning interventions that scaffold authentic investigations of bias
and its structural origins. Together, these interventions operate at both the experiential and conceptual levels of Al

literacy [12], fostering critical awareness while preserving adolescents’ agency.
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2 In-the-Moment Interventions Overlaying LLM Use

We are designing in-the-moment interventions to support adolescents while they are actively interacting with LLMs.
These interventions embed bias awareness directly into Al use in moments when adolescents turn to Al. Adolescents
often rely on LLMs for drafting emails, cover letters, and career exploration materials. However, pilot findings suggest
that adolescents are not attuned to when models shift outputs toward gendered stereotypes. Therefore, the first class of
intervention focuses on helping adolescents notice bias. Using a design-based research approach [1, 8], collaborative
design sessions with college students can identify what forms of explanation or visualization make bias legible. These
interventions align with Al literacy competencies emphasizing critical evaluation of Al outputs [12].

Adolescents also need concrete, usable strategies to reduce biased outputs. A second class of intervention involves
developing validated prompt templates and usage guidelines that reduce narrative-level bias in LLM responses. Through
iterative cycles of auditing and participatory evaluation [2], adolescents can help identify patterns of narrative bias and
co-create prompt strategies. We will systematically test these interventions to determine whether they decrease the
incidence of biased narrative tropes. Such low-burden tools empower adolescents to exercise agency within existing

platforms, rather than requiring deep technical knowledge of model internals.

3 Educational Resources for Deeper Understanding of Al Bias

We have also designed structured learning experiences to scaffold adolescent understanding of bias through engagement
with underlying model processes and authentic Al auditing and bias mitigation processes. These learning experiences
can involve simulations of underlying model behaviors that help learners “see” from the perspective of AL Large Language
Madlibs is an unplugged activity that engages young people in simulating how a LLM uses probability to make decisions
about the next word to display by engaging in a process of dice rolling and coin flipping to generate a sentence [9].
Probabilities encoded in the activity design prompt learners to observe and reflect on potential gender bias [9].
Learning experiences can also scaffold the process of auditing real-world models to enable learners to observe, reflect
on, and mitigate bias. For example, BiasViz is a learning platform that engages youth in an authentic process of auditing
an Al model by predicting, documenting, and quantifying biases that arise in LLM outputs [7]. Learners engage in
red-teaming practices to craft prompts to elicit biased outputs, quantify whether observed biases are replicated across
a variety of outputs, and reflect on the underlying structural causes of bias. In future versions, we plan to explore
approaches for scaffolding bias mitigation practices by engaging learners in augmenting training data or fine-tuning
models. This will enable young learners to exercise increased agency when interacting with LLMs, increasing their

awareness of Al biases and also their ability to modify AI to better reflect their values.

4 Discussion and Implications

Addressing Al bias in adolescence requires moving beyond solely technical mitigation strategies. Because identity
formation and Al interaction are intertwined during this developmental period, interventions must operate at both
experiential and conceptual levels. In-the-moment overlays foster situated awareness, helping adolescents detect bias
during consequential writing tasks. Prompt toolkits provide practical means of resistance. Complementary educational
resources (to be developed) can scaffold deeper understanding of training data, sociotechnical systems, and the structural
origins of bias. Future work should evaluate these interventions longitudinally, examining not only bias detection but
also impacts on adolescents’ narrative agency, career exploration breadth, and perceptions of Al systems. Ultimately,
increasing adolescents’ awareness and understanding of Al bias is not only a matter of fairness in outputs—it is a matter
of protecting young people’s developing sense of possibility.
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