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Abstract

This study introduces a practice-informed Al nudging system designed to support responsible, context-aware
instructional decision-making during lesson planning. Grounded in a hybrid intelligence framework, the system
integrates multiple sources of human insight: individual teacher preferences, collective behavior patterns,
and pedagogical research, with computational support from large language models to generate timely and
explainable nudges. A co-occurrence network of instructional strategies, derived from annotated teacher-Al
interactions, guides contextual nudge generation using behavioral heuristics. Initial analysis shows strong
alignment between system recommendations and teacher’ pedagogical goals and values, as well as increased
diversity in effective instructional practices. By balancing professional autonomy with evidence-based guidance,
this work advances responsible Al in education, contributing an explainable, value-sensitive system that fosters
sustainable pedagogical improvement in real-world settings.
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1. Introduction

Lesson planning is a central activity through which teachers translate pedagogical and content knowl-
edge into classroom instruction [1, 2]. This process involves sequencing and adapting activities to
engage diverse learners, drawing on both expertise and instructional judgment [3]. More than routine
preparation, it serves as embedded professional learning, requiring integration of content, pedagogy,
and learner needs [4]. Without sufficient support, this cognitively demanding task may yield subop-
timal instruction, highlighting the need for real-time, context-aware decision support. Traditional
professional development often falls short: it is difficult to access, insufficiently personalized, and
disconnected from day-to-day planning [5]. Even when training is available, instructional planning
remains time-intensive and complex [6]. Recent advances in artificial intelligence (AI) present an
opportunity to address these gaps by supporting teachers’ instructional decision-making. However,
without thoughtful design, Al-generated recommendations risk falling short in both effectiveness and
trustworthiness [7].

Nudging, rooted in behavioral science, refers to subtle prompts that influence decisions without
limiting choice [8]. In education, teachers, like all individuals, are subject to cognitive constraints
from limited time, information, and energy [9, 10]. Nudges can reduce instructional inertia by gently
steering teachers toward better practices while preserving autonomy [11]. When embedded in Al
systems, nudges can be dynamically tailored to a teacher’s context, supporting decisions around content,
pedagogy, and classroom management [12]. Their potential lies in leveraging real-time data to generate
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timely, personalized prompts [13], making decision support itself a form of embedded professional
development.

While research on Al-powered nudging in instructional preparation is limited, studies in classroom
orchestration show that real-time feedback can enhance instructional flow and student engagement
[14, 15]. These findings underscore nudging’s potential in complex, high-stakes environments. However,
teachers vary in experience, pedagogical philosophy, and technological fluency, requiring systems that
not only model behavior but also interpret goals and preferences. Ignoring these differences risks
eroding trust and reinforcing a one-size-fits-all approach.

Equally important are the ethical stakes. Without transparency and alignment with teacher values,
nudges risk being perceived as manipulative, raising concerns about agency and power imbalances in
Al-mediated decision-making [16, 17, 13]. If teachers feel their expertise is undermined, they may resist
adoption, especially in autonomy-centered environments [18]. To be trusted, nudging systems must
preserve professional judgment, communicate their rationale clearly, and act as supportive partners
rather than prescriptive agents.

This underscores the role of human-centered design (HCD) in building Al that complements rather
than constrains teacher decision-making. HCD ensures systems are not only technically effective, but
also aligned with user values, workflows, and autonomy [19]. In education, where complex judgment is
central, Al systems must respect expertise and avoid overriding intent [20]. Nudges must be transparent
and explainable [21], and personalization must go beyond surface tailoring to align with evolving
pedagogical needs, classroom contexts, and teacher goals [22].

2. Design Tensions: Adoption vs. Effectiveness

A central challenge in designing Al-powered nudges for educators lies in balancing two potentially
competing objectives: alignment with existing practices and values versus introduction of effective but un-
familiar strategies. On one hand, nudges must resonate with teachers’ current routines and pedagogical
orientations to maintain trust, foster engagement, and uphold professional autonomy. On the other
hand, to meaningfully support instructional improvement, nudges must also surface research-backed
practices that teachers may not typically consider—strategies that go beyond existing habits while
remaining contextually appropriate.

To address the tension between respecting teacher autonomy and promoting instructional improve-
ment, we propose an Al-powered nudging system grounded in a hybrid intelligence framework.
This approach integrates four complementary sources of insight: (1) individual teacher preferences
captured through usage patterns, (2) collective behavioral trends derived from educator interactions
on the platform, (3) pedagogical best practices from instructional research, and (4) the reasoning and
generative capabilities of LLMs. By integrating multiple sources of human and LLM contributions,
the system can enhance the contextual relevance and pedagogical validity of its recommendations,
encouraging sustained instructional growth without enforcing prescriptive behavior change.

To evaluate this system, we investigate the following research questions:

« RQ1: To what extent do the system-generated nudges align with the pedagogical goals, values,
and instructional intent expressed by teachers during interaction with the platform?

« RQ2: Do nudges lead teachers to adopt a more diverse set of high-leverage instructional practices
than they would typically select on their own?

+ RQ3: Does the hybrid intelligent framework affect the explainability, contextual alignment, and
adoption of nudges across varied educational contexts?



3. 3. Hybrid Intelligence Framework

3.1. Data Source

Our analysis draws on de-identified chat history logs from an Al-powered instructional assistant
used by K-12 educators across grade levels, subject areas, and various instructional contexts. These
interactions reflect authentic teacher goals, instructional challenges, and pedagogical reasoning during
lesson planning.

3.2. Identification and Qualitative Annotation

We conducted an extensive literature review on effective classroom instructional approaches. Drawing
from established research in teacher education and instructional design frameworks, we developed
a codebook of high-leverage instructional strategies, including opportunities for student discourse,
scaffolding techniques, the use of meaningful real-world examples, and formative assessment [23].

Using this codebook, we applied automated qualitative coding to teacher-Al dialogues to identify
instances of these instructional strategies, along with contextual information such as subject area, edu-
cational level, and learner needs (e.g., English language learners, students with special education needs,
neurodiverse students). Following automated coding by an LLM, experienced qualitative researchers
manually verified and refined the results to ensure accuracy and interpretive validity. This process
surfaced both explicit instructional moves and implicit pedagogical values, preferences, and intentions
embedded within teacher queries and interactions.

3.3. Practice Network Construction

From the annotated data, we constructed a directed co-occurrence network that models how instruc-
tional practices tend to be sequenced across similar user contexts. The resulting network captures
both collective educator behavior (as it emerges from platform usage) and transitions grounded in
pedagogical research. This structure enables us to generate recommendations that reflect both the
normative behaviors of peers and evidence-based instructional trajectories.

To enhance personalization and contextual fidelity, we also generate a user-specific preference
network for each teacher with sufficient interaction history on the platform. This individualized layer
captures the teacher’s own prior behaviors and choices, demonstrating commonly selected instructional
strategies and frequent content goals. After implementation of this pipeline, we will further incorporate
individuals’ responsiveness to previous nudges to this user preference network. These personal usage
patterns are modeled using a weighted subgraph derived from the global co-occurrence network, giving
additional weight to pathways the user has historically followed. Both networks will be updated
periodically to reflect the recent educators behavior on the platform.

During nudge generation, the system balances the collective network (peer norms and research-based
best practices) with this personalized subgraph. This compound network architecture allows the
system to recommend actions that are both familiar and growth-oriented: they reflect the teacher’s
preferences while gently nudging toward more effective or underused strategies observed in the broader
community. However, the optimal weight to balance these two networks remains to be investigate.

3.4. Nudging Mechanism

At runtime, the system incorporates LLM tagging the teacher’s current instructional step using estab-
lished practice codebook and identifying educational context demonstrated from teachers’ input. The
compound practice network is then queried to predict the most likely and pedagogically meaningful
next actions to nudge. Nudges are selected based on contextual similarity, using the teacher’s subject,
educational levels, and learner needs, and delivered using behavioral heuristics such as status quo,
social proof, and peer effect.



Nudges are phrased to be suggestive rather than prescriptive, maintaining the teacher’s sense of
agency while introducing effective alternatives grounded in both literature and peer activity. For
example, if a teacher exploring inquiry-based science methods, the system may suggest a transition to
seeking real-world applications, a practice used frequently by other teachers in similar contexts and
recommended by previous studies in science education [24].

4. Planned Analysis

Following implementation of the nudging pipeline within the instructional platform, we will evaluate
its effectiveness through a mixed-methods strategy. To do so, users will be randomly assigned to one
of three groups: a hybrid intelligence group (receiving nudges generated from the practice-informed
network), an LLM-inference group (receiving LLM inferred recommendations), and a control group
(receiving generic or no nudges). Table 1 summarizes the analysis plan for each research question,
integrating controlled experiments like A/B testing [12], platform usage analysis, and qualitative
feedback.

Table 1
Overview of the planned analysis strategy

Research Question Analysis Approach

RQ1: Alignment with Pedagog- Conduct A/B testing comparing intervention and control groups. Code
ical Goals and Values teacher actions and intentions from usage logs to assess overlap with
system-nudged recommendations. Evaluate alignment not only with be-
havior but with expressed pedagogical goals and guiding frameworks.
RQ2: Diversity of Instructional ~Compare distributions of instructional practices between teacher-initiated
Practices and system-nudged teacher-Al conversations. Use richness metrics to
capture diversity. Analyze how different weighting strategies between
co-occurrence network and user preference graphs influence the range of
adopted practices.
RQ3: Explainability, Contextual ~Conduct interviews and surveys to assess teachers’ perceptions of nudge
Alignment, & Adoption Poten- transparency, peer grounding, and relevance. Analyze adoption behavior
tial quantitatively through click-through rates [? ]. Experiment with network
configuration (e.g., relative weighting of personal vs. collective behavior)
to test effects on both perceived and actual adoption.

4.1. Expected Results

Preliminary retrospective analysis using a held-out dataset, which was not used during network
construction, indicates that system-generated recommendations closely align with teachers’ actual
instructional actions, validating the predictive strength of the co-occurrence network. The system also
surfaces a broader range of effective instructional strategies that are pedagogically appropriate for the
given context. This suggests the system is capable of nudging teachers toward effective, research-backed
practices beyond their habitual repertoire.

We expect this hybrid approach, which combines individual usage patterns, collective educator
behavior, and pedagogical research, to promote both adoption and instructional growth. We expect
that recommendations align with their peers’ behavior are more likely to be perceived as trustworthy
and contextually relevant by teachers, while the integration of evidence-based strategies enhances the
depth and diversity of instructional planning. We anticipate that the practice-informed network will
outperform LLM-only inference in two key areas: (1) contextual precision and teacher acceptance, due
to its grounding in real educator behavior, and (2) pedagogical value, by encouraging the uptake of
strategies aligned with effective teaching frameworks. These findings will be further validated through
controlled experimentation, user behavior analysis, and qualitative teacher feedback. These findings



will be further validated through controlled experimentation, user behavior analysis, and qualitative
teacher feedback.

5. Conclusion

This study introduces a practice-informed, behaviorally grounded Al nudging pipeline that supports
instructional decision-making without compromising teacher autonomy. By combining a co-occurrence
network of educator behavior with pedagogical research, the system generates nudges that are explain-
able, context-aware, and value-sensitive. Our approach exemplifies hybrid intelligence in education,
blending human insight with computational support to guide, not prescribe, teacher action. The findings
offer practical and theoretical implications for designing responsible Al systems in education and other
professional domains.
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