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RESUMO

Introdugdo: A rapida integracdo da inteligéncia artificial (IA) generativa no ensino de programacao transformou o uso de prompts
de uma técnica de interacdo em uma pratica instrucional relevante. Entretanto, a pesquisa no ensino superior permanece
fragmentada.

Objetivo: Sintetizar estudos empiricos sobre instrugdao baseada em prompts no ensino de programacao apoiado por inteligéncia
artificial, analisando conceitualizagGes, estratégias de implementacao, resultados de aprendizagem e lacunas de pesquisa.
Métodos: Realizou-se uma revisdo sistematica conforme as diretrizes PRISMA 2020. As buscas nas bases Scopus e Web of Science
identificaram publicagdes entre 2023 e 2025. Vinte estudos atenderam aos critérios de inclusdo e foram analisados por meio de
sintese tematica.

Resultados: O prompting foi conceituado como habilidade técnica, processo iterativo, mecanismo de autorregulacdo, apoio ao
pensamento computacional e recurso instrucional incorporado ao sistema. Andaimes estruturados, como modelos de prompt,
progressao orientada e ciclos de depuragdo, associaram-se a melhorias no pensamento computacional e nos comportamentos de
interagdo. Evidéncias de ganhos sustentados permanecem limitadas.

Conclusdo: A instrucdo baseada em prompts constitui um campo pedagdgico emergente cujo impacto depende do alinhamento
com principios de pensamento computacional e autorregulacdo. S3o necessarios estudos longitudinais e teoricamente
fundamentados.

Palavras-chave: instrucdo baseada em prompts; inteligéncia artificial generativa; ensino de programacdo; pensamento
computacional; autorregulacdo da aprendizagem

ABSTRACT

Introduction: The rapid integration of generative artificial intelligence (Al) into programming education has transformed
prompting from a technical interaction technique into a relevant instructional practice. However, research in higher education
remains fragmented.

Objective: To synthesize empirical studies on prompt-based instruction in Al-supported programming education, examining
conceptualizations, implementation strategies, learning outcomes, and research gaps.

Methods: A systematic review following PRISMA 2020 guidelines was conducted. Searches in Scopus and Web of Science identified
peer-reviewed publications between 2023 and 2025. Twenty studies met the inclusion criteria and were analyzed through
thematic synthesis.

Results: Prompting was conceptualized as a technical skill, iterative workflow process, self-regulatory mechanism, computational
thinking scaffold, and system-embedded instructional feature. Structured scaffolds, including prompt templates, progressive
prompting, and debugging cycles, were associated with improvements in computational thinking and interaction behaviors.
Evidence for sustained learning gains remains limited.

Conclusion: Prompt-based instructional design is an emerging pedagogical domain whose effectiveness depends on alignment
with computational thinking and self-regulated learning principles. Further longitudinal and theory-driven research is needed.

Keywords: prompt-based instruction; generative artificial intelligence; programming education; computational thinking; self-
regulated learning

RESUMEN

Introduccidn: La rapida integracién de la inteligencia artificial (IA) generativa en la ensefianza de programacion ha transformado
el uso de prompts de una técnica de interaccion en una practica instruccional relevante. No obstante, la investigacidn en educacion
superior sigue siendo fragmentada.

Objetivo: Sintetizar estudios empiricos sobre instruccidon basada en prompts en programacién apoyada por inteligencia artificial,
analizando conceptualizaciones, estrategias de implementacion, resultados de aprendizaje y vacios de investigacion.

Métodos: Se realizd una revision sistematica conforme a las directrices PRISMA 2020. Las busquedas en las bases de datos Scopus
y Web of Science identificaron publicaciones entre 2023 y 2025. Veinte estudios cumplieron los criterios de inclusion y fueron
analizados mediante sintesis tematica.

Resultados: El prompting se conceptualizd6 como habilidad técnica, proceso iterativo, mecanismo de autorregulacién, andamiaje
del pensamiento computacional y recurso instruccional integrado en el sistema. Las intervenciones estructuradas, como plantillas
de prompt, progresion guiada y ciclos de depuracidn, se asociaron con mejoras en el pensamiento computacional y en los
comportamientos de interaccidn. La evidencia sobre mejoras sostenidas en el aprendizaje es limitada.

Conclusion: La instruccién basada en prompts constituye un campo pedagdgico emergente cuyo impacto depende de su
alineacién con principios de pensamiento computacional y autorregulacién. Se requieren estudios longitudinales y teéricamente
fundamentados.

Palabras clave: instruccién basada en prompts; inteligencia artificial generativa; ensefianza de programacion; pensamiento
computacional; autorregulacion del aprendizaje
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INTRODUCTION

Artificial intelligence (Al), particularly large language models (LLMs), is rapidly reshaping programming education in higher
education (Kasneci et al., 2023; Zhai, 2023). Al-powered coding assistants now provide real-time code generation, debugging
support, conceptual explanations, and conversational feedback, transforming how students approach problem-solving and
algorithmic reasoning (Becker et al., 2023; Finnie-Ansley et al., 2022). While early research has focused primarily on performance
outcomes and user perceptions (Kazemitabaar et al., 2024), increasing attention is being directed toward how learner—Al
interactions are pedagogically structured (Holmes et al., 2019).
Central to Al-mediated interaction is the prompt, the structured input that guides system responses (Brown et al., 2020). Although
often discussed under the technical label of “prompt engineering” (Liu et al., 2023), prompting in educational contexts extends
beyond output optimization. In programming education, it increasingly functions as an instructional mechanism (Finnie-Ansley et
al., 2022; Kazemitabaar et al., 2024). Carefully designed prompts can guide problem decomposition, scaffold debugging, structure
explanations, and encourage evaluation of generated code (Becker et al., 2023). Prompting therefore operates as a form of
instructional scaffolding that shapes both learner cognition and the instructional behavior of Al systems (Holmes et al., 2019;
Wood et al., 1976).
Programming education has long presented challenges for novice learners, including abstraction difficulties, debugging barriers,
and cognitive overload (Lahtinen et al., 2005; Robins et al., 2003). Previous instructional research has addressed these challenges
through scaffolding, worked examples, peer instruction, intelligent tutoring systems, and automated feedback (Sweller, 1988;
vanLehn, 2011). LLM-based systems introduce a new layer of conversational, adaptive support (Kasneci et al., 2023). However,
their pedagogical effectiveness depends not only on technical capability but on how prompting practices are designed and
integrated into instruction. Prompt design thus emerges as a critical instructional variable.
Despite the rapid adoption of Al-supported programming tools, research on prompt-based instructional design remains
fragmented (Zhai, 2023). Studies vary in how prompting is conceptualized. Some frame it as a learner competency, while others
treat it as an embedded instructional scaffold (Becker et al., 2023; Kazemitabaar et al., 2024). Theoretical grounding is inconsistent,
and connections to established learning frameworks such as scaffolding, cognitive load theory, and self-regulated learning (SRL)
are not always explicitly articulated (Sweller, 1988; Zimmerman, 2002). Methodological approaches also differ substantially in
terms of design, duration, and outcome measurement, limiting cumulative knowledge building (Holmes et al., 2019).
Reported prompt-based strategies include decomposition prompts, debugging prompts, explanation prompts, comparative
prompts, reflective prompts, and Socratic prompting (Becker et al., 2023; Finnie-Ansley et al., 2022). Although these practices
suggest significant pedagogical potential, they are often described descriptively rather than analyzed systematically (Zhai, 2023).
Evidence regarding learning outcomes is similarly heterogeneous, ranging from improvements in coding efficiency and confidence
(Kazemitabaar et al., 2024) to concerns about overreliance, shallow processing, and reduced independent problem-solving (Becker
et al., 2023). Longitudinal evidence on sustained learning transfer remains scarce (Kasneci et al., 2023).
The literature reveals significant conceptual and methodological gaps, underscoring the need for systematic synthesis.
Accordingly, this study presents a systematic review of prompt-based instructional design in Al-supported programming education
in higher education. It addresses the following research questions:

- How is prompting conceptualized within instructional design research in Al-supported programming education?

- What prompt-based instructional strategies and scaffolding approaches are reported?

- How are prompt-based practices operationalized in higher education programming courses?

- What learning outcomes are associated with these interventions?

- What conceptual, theoretical, methodological, and empirical gaps characterize the current research landscape?

By synthesizing existing scholarship, this review clarifies conceptualizations, categorizes instructional strategies and
implementation models, and identifies priorities for future research, providing a structured foundation for evidence-informed
prompt-based instructional design.

1. METHODS

This study employed a systematic literature review (SLR) to synthesize empirical research on prompt-based instructional design in
Al-supported programming education within higher education. The review followed PRISMA 2020 guidelines to ensure
transparent identification, screening, and inclusion procedures (Figure 1).
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Figure 1 - PRISMA flow diagram of study selection process adapted from Page et al. (2021)

1.1 Search Strategy and Identification

A structured search was conducted in Scopus and Web of Science (WoS), selected for their comprehensive coverage of peer-
reviewed research in education and computer science. Consistent with computing research norms, peer-reviewed conference
proceedings were included.

Search queries were applied to title, abstract, and keyword fields using Boolean operators. The strategy targeted studies at the
intersection of three domains: (a) prompt-related constructs (e.g., prompt engineering, prompt literacy, generative Al prompting),
(b) programming and computer science education, and (c) higher education contexts (e.g., undergraduate, university,
postsecondary).

The search was limited to English-language journal articles and conference papers published between January 1, 2023 and
December 31, 2025. The final database search was conducted in January 2026. The search yielded 51 records (Scopus = 34; WoS
=17). After removal of 12 duplicates, 39 unique studies proceeded to screening.

1.2 Screening and Eligibility

Titles and abstracts were screened against predefined inclusion and exclusion criteria. The eligibility framework was developed
to ensure conceptual alignment with prompt-based instructional design in Al-supported programming education and to
maintain consistency during study selection. The full set of criteria is presented in Table 1. Following title and abstract screening,
27 studies were retained for full-text eligibility assessment.

Table 1 - Inclusion and exclusion criteria for study selection

Domain Inclusion Criteria Exclusion Criteria

Educational Context Higher education (undergraduate, graduate, postsecondary) K-12 or informal learning settings

Disciplinary Focus Programming, coding, computer science education Al use outside programming education

Al Integration Use of generative Al or LLM-based systems in instructional Backend model optimization without pedagogical
activities implementation

Prompt Component Explicit incorporation of prompt-based instructional Use of “prompt” unrelated to LLM interaction

elements (e.g., structured prompt tasks, scaffolded
prompting, prompt literacy instruction)
Study Type Empirical studies reporting implementation data Editorials, commentaries, purely conceptual papers
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1.3 Quality Appraisal

A methodological quality appraisal was conducted to ensure minimum rigor. Five criteria were applied: clarity of objectives,
methodological transparency, data source adequacy, analytical rigor, and reporting transparency (Table 2). Each criterion was
rated on a three-point scale (1-3), yielding total scores between 5 and 15. Studies scoring =9 were retained. Two independent
reviewers conducted the appraisal. Discrepancies were resolved through consensus, and inter-rater reliability (Cohen’s k = 0.74)
indicated substantial agreement. Seven studies did not meet the quality threshold and were excluded. The final sample comprised
20 studies (18 high rigor; 2 moderate rigor).

Table 2 - Methodological Quality Appraisal Rubric

Criterion

High (3)

Moderate (2)

Low (1)

1.  Clarity of Objectives

2. Methodological Transparency

3. Data Source Adequacy

4.  Analytical Rigor

5.  Reporting Transparency

Clearly stated, aligned with prompt-
based instructional design in
programming education

Design clearly described and
appropriate for study purpose

Data source appropriate for
research question (e.g., transcripts,
experiments, surveys) and clearly
described

Analysis methods appropriate and
systematically applied; coding or
statistical procedures explained
Results clearly presented; limitations
acknowledged

Objectives stated but partially
aligned

Design described but lacks detail
Data source somewhat limited but
acceptable

Basic analysis conducted but limited

detail

Partial reporting; some missing
clarity

Unclear or not aligned with scope

Design unclear or poorly described
Data source unclear or insufficiently
described

Analysis insufficient or poorly

explained

Poor reporting; limited
interpretability

1.4 Characteristics of Included Studies

The 20 included studies were published between 2023 and 2025 and employed experimental, quasi-experimental, exploratory,
and log-based research designs across introductory and advanced programming contexts. Table 3 summarizes study

characteristics and quality ratings.

Table 3 - Characteristics of included studies (N = 20)

Study Design Context Al Tool Prompt Type 557 S ST Key Outcomes
Mode (N)

(Arora et al., 2025) Log analysis + Advanced GPT-3.5, GPT-4, Iterative, decomposition, CoT Optional Al 11 Productivity gains;
survey programming Copilot, Gemini coursework use reliance risk

(Gunturi et al., 2025) Mixed-method Competitive ChatGPT, Zero-shot, few-shot, CoT Al-assisted 100+ Limited advanced

programming Copilot, Claude competition prompting

(Aruleba et al., 2025) Qualitative Undergraduate ChatGPT Reflective, reformulated Structured 21 Strategic growth;
longitudinal Java prompts programming tasks ethical awareness

(Gargetal., 2025) Experimental (3- Engineering ChatGPT Structured prompt training Controlled 157 Higher-order gains
group) programming (CLEAR) intervention (Bloom)

(Mutanga et al., Mixed-method +  Software ChatGPT, Copy-paste, reformulated, Naturalistic Prompt depth linked to

2025) prompt corpus development Gemini, Claude multi-question classroom use 140 learning depth

diploma

(Gongetal., 2025) Experimental + Undergraduate Kimi LLM Progressive structured prompts ~ Prompt-sheet 2 CT gains; interaction
analytics Python intervention shifts

(Alves & Pereira Log analysis + CS1 (DSA project) ChatGPT Comparative prompting Al-assisted 69 Partial critical

Cipriano, 2025) survey assignment evaluation

(Roy et al., 2025) Case study Advanced SE & GPT-4, Copilot Zero-shot, CoT, refinement Curriculum Productivity gains;
(curriculum capstone integration 83 hallucination risk
redesign)

(Menon, 2025) Survey (SRL gap Undergraduate ChatGPT, Copilot  Planning & verification prompts  Naturalistic use 50 SRL gaps; weak
analysis) (e verification

(Lopez-Pernas et al., Mixed-method+  Web ChatGPT Metacognitive/regulatory Naturalistic Al Surface regulation;

2025) sequence programming prompts assignment use 120 offloading risk
analysis

(Rachmat et al., Mixed-method Intro ChatGPT Structured reflective prompts Lecture-based 86 Reflection gains; no RT

2025) intervention programming intervention effect

(Mueller et al., 2025) Experimental First-year GPT-40ITS System-mediated feedback LLM-based 9 History-based feedback
Intelligent programming prompts tutoring system preferred
Tutoring Systems
(ITS) comparison

(Sunetal., 2024) Quasi- Undergraduate ChatGPT Structured PbL prompts Prompt-based 30 Deeper interaction
experimental Python learning patterns

intervention
(Tripaldelli et al., Pilot Engineering ChatGPT-3 Stepwise debugging prompts Prompt Small Improved debugging
2024) experimental (Verilog) manipulation study  pilot
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Implementation

Sample

Study Design Context Al Tool Prompt Type Mode (N) Key Outcomes
(Majumdar et al., Process mining + Programming ChatGPT Embedded SRL prompts Structured SRL 42 Stronger epistemic
2024) analytics problem-solving scaffold evaluation
(Urhan & Kocadere, Qualitative case Computational ChatGPT-3.5 Pair-programming iterative Student—Al pair 3 CT support via guidance
2024) study problem solving prompts task
(Wightman, 2024) Classroom First-year Multiple LLMs Requirement refinement Al-assisted game 23 Confidence gains; skill
intervention + programming prompts project gap
survey

(Servin et al., 2024) Classroom CS1 (community ChatGPT, Copilot ~ Prompt programming (zero- Team-based Al 17 Prompting as emerging
experiment college) shot) integration skill

(Scholl et al., 2024) Large-scale Intro ChatGPT-3.5 Diverse iterative prompting Required Al- 213 High variability; mixed
protocol analysis programming assisted effects

assignment

(Maher et al., 2023) Mixed-method Introductory Java ChatGPT, Copilot ~ Concept clarification & Between-subjects 3 Mixed engagement;

experiment debugging prompts experiment reliance risk

1.5 Methodological Limitations

Although this review followed PRISMA 2020 procedures and applied explicit inclusion, exclusion, and quality appraisal criteria,
several methodological limitations should be acknowledged. First, the review was limited to Scopus and Web of Science, which
may have excluded relevant studies indexed in ACM Digital Library, IEEE Xplore, ERIC, or other education-focused databases.
Second, only English-language peer-reviewed journal articles and conference papers were included, potentially excluding grey
literature and non-English research. Third, because the field is recent and rapidly evolving, many included studies used small
samples, short intervention periods, or self-report measures, limiting the strength of claims about sustained learning outcomes.
Finally, the heterogeneity of study designs, Al tools, prompt strategies, and outcome measures limited the possibility of meta-
analysis and required thematic synthesis.

2. DISCUSSION

2.1 From Prompt Engineering to Prompt-Based Instructional Design

A central finding of this review is a conceptual shift in how prompting is framed within programming education research. Early
discourse treated prompting primarily as a technical optimization technique for eliciting higher-quality responses from large
language models (LLMs) (Liu et al., 2023). Across studies, however, prompting was conceptualized through five overlapping lenses:
as a technical literacy, an iterative workflow process, a self-regulatory mechanism, a computational thinking scaffold, and a
system-embedded instructional feature.

Framing prompting as a literacy positions it as a workforce-relevant skill, akin to writing precise specifications or managing
development tools. Several reviewed studies explicitly emphasized structured prompt crafting and strategy development as
competencies to be cultivated (Alves & Pereira Cipriano, 2025; Gunturi et al.,, 2025). While this perspective highlights skill
acquisition aligned with professional practice, it risks isolating prompting from broader pedagogical objectives if reduced to tool
proficiency.

Several studies instead conceptualized prompting as an iterative workflow embedded within programming practice (Arora et al.,
2025; Scholl et al., 2024). Rather than a one-shot query, prompting was described as a cyclical process of requirement articulation,
generation, debugging, refinement, and evaluation. Log-based and process-oriented analyses showed that students’ interactions
often evolved from broad solution-seeking requests to targeted debugging and optimization (Lopez-Pernas et al., 2025; Majumdar
et al., 2024). This framing situates prompting within authentic development cycles and repositions Al interaction as part of
sustained reasoning, consistent with prior research on iterative problem-solving in programming (Robins et al., 2003).

A third conceptualization positioned prompting as a self-regulated learning (SRL) mechanism. Prompt sequences were analysed
as traces of planning, monitoring, and evaluation behaviours, revealing regulatory patterns such as problem framing and solution
verification (Lopez-Pernas et al., 2025; Menon, 2025). In these accounts, prompting becomes an externalization of metacognitive
activity and aligns with established SRL frameworks emphasizing planning, monitoring, and reflection (Zimmerman, 2002).
Relatedly, experimental studies treated prompting as a scaffold for computational thinking (CT), using structured templates and
progressive strategies to support decomposition and algorithmic reasoning (Garg et al., 2025; Gong et al., 2025; Sun et al., 2024).
In these contexts, prompting functions as intentional instructional scaffolding rather than a neutral interaction channel, resonating
with classical scaffolding theory (Wood et al., 1976) and contemporary computational thinking research.

Finally, some studies described prompting as a built-in system feature. They integrated LLM-based tutoring systems that partially
automate prompt construction (Mueller et al., 2025; Roy et al., 2025). This highlights prompt agency, meaning whether prompts
are written by students or generated by the system. It also expands the focus from individual prompt skills to overall instructional
design, similar to earlier research on intelligent tutoring systems (vanLehn, 2011). These perspectives indicate a shift from “prompt
engineering” toward prompt-based instructional design, where prompting is understood as a pedagogical construct rather than a
technical technique.
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For conceptual clarity, this review distinguishes among four related but distinct constructs. Prompting refers broadly to the act of
formulating inputs to guide Al-generated responses. Prompt engineering refers more narrowly to the technical optimization of
prompts to improve model output quality. Prompt literacy refers to learners’ broader capacity to formulate, evaluate, revise, and
ethically use prompts in support of learning goals. Prompt-based instructional design refers to the pedagogical organization of
prompt practices, scaffolds, feedback cycles, and learning tasks within a curriculum. This distinction is important because
educational value does not arise from prompt optimization alone, but from the alignment of prompting with disciplinary
reasoning, self-regulation, and instructional objectives.

2.2 Instructional Strategies and the Central Role of Scaffolding

Across the reviewed studies, six major categories of prompt-based instructional strategies were identified: structured templates,
progressive or step-by-step prompting (including chain-of-thought approaches), iterative refinement and debugging prompts,
role- or persona-based prompts, metacognitive/SRL-aligned scaffolds, and system-generated prompting.

Structured templates were among the most common strategies (Gunturi et al., 2025; Tripaldelli et al., 2024). These required
learners to specify context, constraints, desired output format, and evaluation criteria. In experimental settings, template use was
associated with clearer task articulation and more precise LLM outputs (Garg et al., 2025). Progressive prompting frameworks
encouraged learners to request intermediate reasoning steps or structured decompositions, thereby aligning Al interaction with
computational thinking processes (Gong et al., 2025; Sun et al., 2024). Such approaches parallel chain-of-thought prompting in
generative Al research (Liu et al., 2023).

Iterative refinement and debugging-oriented prompting emerged as the most consistently observed naturalistic practice (Arora
et al., 2025; Scholl et al., 2024). Extended prompt sequences often followed patterns resembling software development cycles:
articulate requirements, generate code, test output, request corrections, and optimize solutions. Process-analytic studies further
documented sequences of testing, verification, and revision (Lopez-Pernas et al., 2025; Majumdar et al., 2024). This iterative model
suggests that the pedagogical value of prompting lies not in single interactions but in sustained cycles of evaluation and revision,
consistent with established models of programming problem-solving (Robins et al., 2003).

Metacognitive scaffolds explicitly prompted learners to reflect on goals, evaluate solution correctness, or articulate reasoning
(Lopez-Pernas et al., 2025; Menon, 2025). Studies employing process analytics found that such scaffolds were associated with
increased planning and evaluation behaviours in interaction logs, aligning with theoretical models of self-regulated learning
(Zimmerman, 2002). Similarly, role-based or Socratic prompting strategies encouraged dialogic engagement rather than passive
answer retrieval (Servin et al., 2024; Urhan & Kocadere, 2024), reflecting interactive learning principles (Chi & Wylie, 2014).

A consistent synthesis finding is that instructional effectiveness depends less on prompt presence and more on scaffold
intentionality. Structured, progressive, and metacognitively aligned prompt frameworks were associated with deeper engagement
and measurable gains in controlled contexts (Garg et al., 2025; Gong et al., 2025). In contrast, minimally guided or purely student-
driven prompting often resulted in one-shot solution requests and limited verification behaviours (Scholl et al., 2024). This pattern
reinforces that instructional design mediates the educational impact of learning tools, consistent with cognitive load theory
(Sweller, 1988). LLMs provide affordances, but without deliberate scaffolding aligned to domain-relevant cognitive processes,
those affordances may not translate into durable understanding.

2.3 Operationalization and Prompt Agency in Higher Education

Prompt-based practices were operationalized across diverse course contexts, including introductory programming (CS1),
advanced software engineering, digital system design, and project-based computing courses (Roy et al., 2025; Wightman, 2024).
Implementation formats ranged from short-term experimental interventions (Garg et al., 2025; Gong et al., 2025) to semester-
long curriculum integrations (Arora et al., 2025).

Most studies relied on student-authored prompting within authentic coursework, frequently analysing chat transcripts or
interaction logs to model interaction dynamics (Majumdar et al., 2024; Scholl et al., 2024). A smaller subset implemented LLM-
powered tutoring systems that partially automated prompt generation (Mueller et al., 2025; Roy et al., 2025). This distinction
highlights the emerging dimension of prompt agency.

When prompting is student-authored, instructional focus shifts toward developing prompt literacy and regulatory competence
(Gunturi et al., 2025; Menon, 2025). When prompting is system-mediated, emphasis shifts toward designing environments that
embed scaffolds automatically. Each approach carries distinct pedagogical implications. Student-authored prompting may foster
transferable Al literacy, but risks inequity if prompt skill varies substantially across learners. System-mediated prompting may
reduce cognitive load and provide consistent support, but it can limit learner agency, reflecting ongoing debates in intelligent
tutoring systems research (vanLehn, 2011).

Hybrid models, in which structured system scaffolds are gradually withdrawn to foster independent prompting skills, offer a
promising approach. This progression aligns with classical scaffolding models that emphasize contingent support and gradual
release (Wood et al., 1976).
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Operationally, the field remains characterized by short-term, single-course implementations (Garg et al., 2025; Sun et al., 2024).
Multi-institutional and longitudinal integrations remain limited, constraining understanding of scalability and sustained impact.

2.4 Learning Outcomes: Promise and Limitations

Evidence regarding learning outcomes was heterogeneous but suggestive of promising directions. The strongest empirical support
emerged from controlled interventions targeting computational thinking (CT). Structured and progressive prompt scaffolds
demonstrated statistically significant gains in CT sub-dimensions such as algorithmic reasoning and decomposition (Garg et al.,
2025; Gong et al., 2025; Sun et al., 2024).

Behavioural shifts were also observed. In scaffolded contexts, learners exhibited increased debugging, verification, and evaluative
prompting behaviours compared to minimally guided conditions (Arora et al., 2025; Scholl et al., 2024). Process-analytic studies
further documented heightened planning and evaluation sequences when metacognitive scaffolds were embedded (Lépez-Pernas
et al., 2025; Majumdar et al., 2024). These findings suggest that prompt scaffolds can influence interaction quality and regulatory
engagement, aligning with models of self-regulated learning (Zimmerman, 2002).

Confidence, perceived productivity, and professional readiness gains were frequently reported (Servin et al., 2024; Wightman,
2024), though these outcomes were often measured through self-report instruments rather than standardized performance
assessments. Improvements in reflective thinking were supported qualitatively (Menon, 2025), but not consistently demonstrated
guantitatively across controlled comparisons.

Several studies identified risks of surface-level engagement and cognitive offloading when scaffolding was absent (Aruleba et al.,
2025; Scholl et al., 2024). Overreliance on Al-generated code and limited conceptual reasoning were recurring concerns, echoing
broader cautions in generative Al education research (Kasneci et al.,, 2023). These findings underscore that prompt-based
instruction without explicit design mediation may inadvertently reinforce shallow learning behaviours, consistent with cognitive
load principles (Sweller, 1988). Overall, prompt-based interventions are most effective when aligned with computational thinking
and self-regulation within iterative workflows, though long-term transfer remains underexplored.

The limited longitudinal evidence should therefore be interpreted not only in terms of continued proficiency with specific Al tools,
but also in terms of transferability and sustainability. A key question is whether learners can transfer prompt-supported strategies,
such as decomposition, debugging, verification, and reflective evaluation, to new programming problems, unfamiliar Al systems,
or contexts where Al support is reduced. Sustainable learning gains would be indicated by students’ increasing ability to internalize
these strategies, critically evaluate Al-generated outputs, and solve problems independently. From this perspective, longitudinal
research should examine the gradual movement from externally scaffolded prompting toward autonomous computational
reasoning.

2.5 Theoretical Integration and Persistent Gaps

The convergence around self-regulated learning and epistemic action frameworks represents a theoretically significant
development (Lépez-Pernas et al., 2025; Majumdar et al., 2024; Zimmerman, 2002). Prompt sequences can function as
externalized representations of internal reasoning processes, offering new opportunities for fine-grained learning analytics.
Integrating SRL theory with prompt-based instructional design provides a coherent explanatory foundation and situates prompting
within established pedagogical traditions rather than as a standalone innovation.

Despite promising developments, several gaps remain. Conceptual definitions of “effective prompting” vary widely across studies,
limiting cross-study comparability. Sample sizes are often small, interventions are short-term, and longitudinal evidence is scarce.
Heavy reliance on self-report measures constrains claims about durable cognitive gains (Servin et al., 2024; Wightman, 2024).
Curriculum-level redesign beyond isolated activities remains underdeveloped.

Methodologically, stronger integration of sequence analytics, standardized assessments, and mixed methods is needed (Lopez-
Pernas et al., 2025; Majumdar et al., 2024). Conceptually, clearer definitions of prompting effectiveness that distinguish output
quality, behavioural sophistication, and regulatory engagement would support stronger cumulative knowledge building.

2.6 Toward a Coherent Framework for Prompt-Based Instructional Design

Synthesizing the reviewed studies, a layered framework for prompt-based instructional design in Al-supported programming
education emerges. As shown in Figure 2, how prompting is conceptualized shapes the design of instructional strategies, which
are then implemented in specific course models. The impact of these strategies on learning outcomes depends on scaffold
intentionality, meaning how well prompt-based designs align with domain-relevant cognitive processes and self-regulatory
support (Wood et al., 1976; Zimmerman, 2002). Meanwhile, ongoing conceptual and methodological gaps highlight priorities for
future research.

In this framework, structured scaffolding functions as the central mediating mechanism between prompting practices and learning
gains. Evidence from controlled interventions suggests that prompt-based instructional design is most effective when it
deliberately targets computational thinking processes and self-regulated learning behaviours within iterative development
workflows (Garg et al., 2025; Lopez-Pernas et al., 2025). In this sense, prompting becomes educationally powerful not by virtue of
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model capability alone, but through principled instructional alighment, consistent with established learning science principles
(Sweller, 1988).

The framework positions prompt-based instruction as an extension of established pedagogical principles enabled by Al. Rather
than introducing a wholly new paradigm, prompt-based design reconfigures existing scaffolding, metacognitive, and domain-
aligned strategies within Al-mediated learning environments.

Figure 2 should be interpreted as a dynamic rather than linear framework. Prompt-based instructional design involves iterative
feedback loops in which learning outcomes and observed risks inform subsequent instructional decisions. For example, evidence
of dependency, shallow prompting, cognitive overload, or weak verification should lead instructors to adjust scaffold intensity,
prompt structure, task complexity, and opportunities for independent reasoning. As learners develop competence, scaffolds
should be gradually faded to support autonomy. In this dynamic model, risk identification is not external to instruction but
functions as an ongoing diagnostic mechanism that guides instructional adjustment across the learning trajectory.

LAYER 1: CONCEPTUALIZATIONS OF PROMPTING LAYER 2: PROMPT-BASED INSTRUCTIONAL STRATEGIES
= Prompting as Literacy / Skill = Structured Templates
= Prompting as Iterative Workflow = Progressive / Stepwise Prompting
= Prompting as Self-Regulation |  lterative Debugging Prompts
= Prompting as Computational Thinking Scaffold “1 = Metacognitive / Reflective Prompts
= Prompting as System-Embedded Design = Role-Based / Socratic Prompts
= System-Generated Prompts

v A
Instructional CORE MEDIATOR: Risk Monitoring:
Adjustment: SCAFFOLD INTENTIONALITY Dependency,
Scaffold Fading, = Alignment with Domain Cognition P Overload,
Task Redesign, * Explicit Regulatory Support N Shallow Learning,
Autonomy development = Verification and Evaluation Emphasis Weak Verification
®* Gradual Release of Responsibility
A
LAYER 3: IMPLEMENTATION & PROMPT AGENCY LAYER 4: LEARNING OUTCOMES
= Course Context: (CS1 to Advanced) = Computational Thinking Gains
= Instructional Format (Experimental, Project-Based, = Behavioral Prompting Shifts
Intelligent Tutoring Systems) | * Reflective / Self-Regulated Learning Development
= Duration (Short-term to Curriculum-Level) “1 = Confidence and Efficiency
= Prompt Agency (Student-Authored ¢ System- = Surface-Level Engagement Risks
Mediated)

Figure 2 - Dynamic framework for prompt-based instructional design in Al-supported programming education

CONCLUSION

Prompt-based instructional design is evolving beyond technical optimization into a multidimensional pedagogical construct that
integrates literacy, workflow practice, and metacognitive scaffolding. While early empirical evidence demonstrates promising
effects on computational thinking and interaction quality under structured conditions, broader and longitudinal impacts remain
insufficiently established.

Risks associated with Al-supported programming should be treated as instructional design signals rather than merely as
limitations. When learners show dependency on Al-generated code, instructors may increase requirements for explanation,
testing, and code justification. When cognitive overload appears, prompts may need to be simplified, sequenced, or embedded in
worked examples. When shallow learning is observed, tasks should require comparison between Al-generated and student-
generated solutions, error diagnosis, and reflection on alternative approaches. Thus, risk monitoring should inform decisions
about when to provide scaffolds, when to fade them, and when to require independent problem-solving.

The field now requires theoretical consolidation, methodological rigor, and curriculum-level innovation. By situating prompting
within established frameworks of computational thinking and self-regulated learning, future research can move beyond tool-
centric experimentation toward principled, evidence-informed instructional design in Al-supported programming education.
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