


A systematic Review of Prompt Engineering for responsible use of GenAI in K-12 schools. 

Abstract 
The unethical use of generative artificial intelligence (GenAI) models by students has raised growing concerns about academic dishonesty in K–12 education. In response, various policy measures and pedagogical strategies have been proposed, including the use of prompt engineering to support responsible engagement with GenAI tools. This study was conducted to assess the effectiveness of prompt engineering techniques in K-12 schools in ensuring the responsible use of GenAI models and tools.  A systematic review approach, adapted through the PRIMA model, was employed to review several studies from four databases: ERIC, Taylor and Francis, JSTOR, and Google Scholar. Using the full article screening technique to identify 21 studies, it was found that prompt engineering should be embedded into the K-12 curriculum because it enhances students’ inquiry skills, critical thinking skills, cognitive development, and technology adaptation. Prompt engineering improves teachers’ productivity and confidence in facilitating prompt teaching in the classroom. However, the study observed that inadequate training and resources for prompt engineering are the main constraints to the effective implementation of prompt engineering in K-12 schools. 
Introduction
The rapid advancement and widespread adoption of Generative Artificial Intelligence (GenAI), particularly large language models (LLMs) such as ChatGPT, have attracted significant attention from educators, researchers, and policymakers worldwide. Unlike traditional educational technologies, GenAI systems are capable of generating real-time multimodal outputs including text, images, audio, and videos based on natural language input from users. This transformative capability has positioned GenAI as a potentially disruptive tool in teaching and learning.
A growing body of empirical research has examined the educational significance of GenAI, with findings consistently highlighting its capacity to enhance productivity and efficiency across multiple educational roles. Studies indicate that GenAI supports teachers and educational leaders in lesson planning, curriculum development and alignment, assessment design, differentiated instruction, and grading, thereby reducing workload and administrative burden (Belloila & Sabrina, 2025; Iddrisu et al., 2025; Tan et al., 2025; Rapti & Panagiotidis, 2024). For students, GenAI use has been associated with increased assignment submission rates, improved academic performance, enhanced confidence in task completion, and greater engagement in learning activities (Choi & Kim, 2025; Zhu et al., 2025). Moreover, several studies report that GenAI facilitates personalized learning by addressing individual learner needs, supporting student engagement, and improving learning outcomes (Albalawai, 2025; Khazanchi et al., 2025; Maqbool et al., 2025; Unal & Unal, 2024).
As a result of these perceived benefits, schools across diverse educational contexts are increasingly exploring the integration of GenAI into teaching and learning. However, alongside these opportunities, the use of GenAI in education has raised substantial ethical concerns, particularly in relation to academic integrity, authorship, and responsible use (Colen, 2025; Maqbool et al., 2025; Surahman et al., 2022). These concerns are especially pronounced in K–12 contexts, where students are still developing foundational academic, cognitive, and ethical competencies.
Central to the effective and ethical use of GenAI is the concept of prompt engineering, defined as the deliberate construction of inputs or instructions that guide an LLM toward producing accurate, relevant, and context-appropriate outputs (Google Education, 2024; Mesko, 2023). Because GenAI systems rely heavily on user-generated prompts, the quality of these prompts directly influences the usefulness, reliability, and ethical implications of AI-generated responses. Ineffective prompting may result in hallucinations, superficial outputs, or misuse of AI tools, while well-designed prompts can enhance critical thinking, creativity, and learning outcomes.
In educational settings, particularly within K–12 schools, prompting has emerged as a foundational literacy skill for engaging responsibly with GenAI. Despite this, existing research on prompt engineering in education remains limited in several important ways. First, the majority of studies focus on higher education or professional contexts, often presenting technically sophisticated prompting frameworks that are poorly aligned with the developmental, pedagogical, and curricular needs of K–12 learners and teachers (Mesko, 2023; Schulhoff et al., 2024; Wang et al., 2023; Yi et al., 2025). Second, many studies offer generic or abstract guidelines, with limited attention to classroom implementation, teacher mediation, or student-cantered instructional strategies. Third, there is a lack of synthesized evidence examining how prompt engineering is conceptualized, taught, and applied specifically within K–12 educational contexts.
To address these gaps, the present study adopts a systematic review approach to synthesize existing empirical and conceptual literature on effective prompt engineering strategies for K–12 teachers and students. By systematically examining how prompting practices are defined, implemented, and evaluated across educational studies, this review aims to provide evidence-informed insights that support the ethical, pedagogically sound, and effective use of GenAI in K–12 education. 
Methods 
The main aim of this study was to provide a systematic review of prompt-engineering strategies for the responsible use of GenAI models and tools in K-12 education for an effective and desired output. This section provides a comprehensive overview of the method used in this study. 
Research Design 
The research design adopted in this study was a systematic review.  This design was adopted for this study because, it has been found as a robust research design that helps to identifying research gaps, ability to synthesize studies, ability to address question which can't be answered by a single study thereby helping to achieve a more robust and effective results (Bangdiwala, 2024, Page et al., 2021; Ahn et al., 2018). The systematic review was conducted by using the Preferred Reporting Items for Systematic reviews and Meta Analyses (PRISMA). PRISMA provides a comprehensive guidelines on how to conduct a systematic review study. Thes guidelines consist of seven sections with 27 items (Page et al., 2021). 
Page et al., (2021) suggest that for an effective systematic review, the authors should provide a detailed step by step approach of why the review was conducted, the details approach of what they did and a transparent report of the research findings. The next section is dedicated to Page’s et al., (2021) recommendation. 
Protocol Review
According to Pallock and Berge (2018), any effective systematic review study should be with a question. To minimize any bias and ensure consistency and effectiveness of this study, the study began with a research question, followed by the proposed data basses to be used in the study, the inclusion and exclusion criteria, the screening procedure and data extraction strategy. The protocol although wasn’t registered in an open repository, Zotero and excel was used to document all the procedures used in this study. 
Research question
To achieve the aim of the study, the systematic review was guided by the research questions below: 
1. How is prompt engineering conceptualized and defined in the context of K–12 education within existing literature?
2. What prompt engineering strategies and techniques have been identified as effective for supporting K–12 teachers and students in their use of Generative AI tools?
3. What outcomes are associated with effective prompt engineering, particularly in relation to learning, engagement, productivity, and academic integrity?
4. What challenges, limitations, and ethical concerns are reported regarding the implementation of prompt engineering practices in K–12 education?
Resource selection Strategy for the Systematic Review 
A comprehensive search was conducted by using databases that are known for educational research studies. The main database used was ERIC and the supporting databases were JSTOR, Taylor & Francis and Google Schoolar. For the search strategy a combination of key words taken from the research questions and the Boolean operators were used. The search string used is presented below:
	Initial String used for all database:

("generative AI" OR ChatGPT OR "large language model*") 
AND 
("prompt engineering" OR "prompt design" OR "AI prompting") 
AND 
("K-12" OR "secondary education" OR "primary education" OR "school education") 
AND 
(teacher* OR student* OR learner*)



Using the initial string above for the main database ERIC, generated only five sources. This was due to difference in indexing for different databases. As a result, the string for ERIC was slightly adapted as indicated in Table 1 below but the core string of word search was maintained.





Table 1: Search string for database 
	Second string 
	Third String 

	("generative AI" OR ChatGPT OR "artificial intelligence") 				
AND 				
("K-12" OR "secondary education" OR "school education")	
	("prompt" OR "prompting" OR "AI prompting")			
AND 			
("generative AI" OR ChatGPT)			
AND 			
("K-12" OR "secondary education")			


 
Eligibility Criteria 
The eligibility criteria were based on inclusion and exclusion criteria to ensure coherency and constancy of the results. 
Inclusion criteria:
· Studies focused on Generative AI or large language models in educational contexts
· Studies addressing prompt engineering or prompt 
· Research involving K–12 students, teachers, or secondary education 
· Systematic review papers, empirical studies, designed-based papers and conceptual papers. 
· Studies involving qualitative, qualitative or mixed research design. 
· Publications written in English from 2018 to 2025
Exclusion criteria:
· Studies focusing exclusively on higher education or professional training
· Research addressing only AI use without explicit reference to prompting engineering
· Opinion pieces, editorials, blog posts, or non-scholarly sources
· Studies focused solely on technical AI model development without educational application
· Duplicates across databases
Selection Procedure for the articles 
The articles downloaded were all exported to Zotero reference management system. This was done to help centralised the information gathered and also remove all duplicated studies. A total of 1000 articles were exported to Zotero from the various databases. The breakdown is provided in Table 2 below.



Table 2: Number of Database used for the study 
	Database 
	Total number of articles 

	ERIC 
	Initial string: 5 records 
Second String: 811 records 
Third String: 12 records
Total: 828 records 

	Taylor & Francis 
	Only Initial string: 86 records 

	JSTOR
	Only Initial string: 36 records

	Google Scholar 
	Only Initial string: 100 records



The search in Google scholar reported 3,440 records but the researcher focused on only the first 100 relevant records which is consistent with the assumption of supplementary records for a systematic review study (Page et al., 2021). This brought the total records exported to Zotero to 1050 records. After removing 123 duplicates, the total number of records was reduced to 927. 
The 927 records were exported to Ms. Excel for title and abstract screening. At this stage all studies conducted before 2018 and unrelated to GenAI, prompt engineering, K-12 or secondary education were removed, bringing the total number of records for full article screening to 113 records. For the full screening, articles not providing detailed information about K-12 GenAI and prompt engineering were removed. This brought the total number of articles meeting all the inclusion and exclusion criteria to 21 records. However, only 12 records provided substantial discussion and focused only on prompt engineering among K-12 schools. 
[image: ]
Figure 1: PRIMA Flow chart created by Author (Abaidoo, 2026) with the PRISMA Shiny APP (Haddaway et al., 2022)
The PRISMA flow chart (Haddaway et al., 2022) provides a pictorial view of data selection procedure. The data extraction for the final study was done by using Ms. Excel with columns, Including Author, Year, country, education level, participants, study type, GenAI tool mentioned, purpose of the GenAI tool, prompt technique used, outcomes and challenges and limitations. 
Moreover, a thematic systemic review was conducted to synthesize the records. This was done due to the heterogeneity nature of the various study design, context and outcomes. The qualitative approach was used to identifying reoccurring patterns which was later categorized into themes. The review started with searching for patterns related to prompt engineering strategies, followed by analytical themes related to the research questions. 



Results 
This section presents the findings of the systematic review based on an analysis of 21 relevant studies. The results are organised according to the thematic areas that emerged from the full data extraction and synthesis process. Following data extraction, all 21 studies met the inclusion criteria for the review. However, only 12 of the 21 studies explicitly focused on prompt engineering in K–12 educational contexts. The remaining 9 studies examined Generative AI more broadly, primarily addressing its benefits and challenges in education, with prompt-related practices discussed only partially or indirectly. This distribution of studies highlights the limited and emerging nature of research specifically focused on GenAI prompt engineering within K–12 schools, underscoring the need for further targeted investigation in this area.
Overview of included studies 
The 38 studies included in this systematic review represent a diverse range of educational contexts, geographical locations, and research methodologies. All included studies were published between 2018 and 2025, reflecting the relatively recent emergence of Generative AI use in educational settings. The research designs encompassed systematic reviews, qualitative studies, quantitative investigations, and mixed-methods research. In terms of educational level, the majority of studies focused on secondary education, with comparatively fewer studies examining primary and middle school contexts. Participants across the reviewed studies primarily included teachers, students, or a combination of both.
Thematic Findings
This section presents the findings from the studies based on the themes.
Conceptualization of Prompt Engineering in K-12 education 
The reviewed studies consistently conceptualised prompt engineering as a foundational skill that should be intentionally developed among both teachers and students to enhance pedagogical practice and support students’ cognitive development. Within the literature, a prompt is commonly defined as the input (most frequently text) used to instruct or guide a GenAI model in producing an output (Google Education, 2024; Mesko, 2023; Hadi et al., 2023). Depending on the tool and context, prompts may also take multimodal forms, including images, audio, or video inputs (Schulhoff et al., 2024). Prompt engineering, therefore, refers to the deliberate design and refinement of prompts to elicit accurate, relevant, and purposeful outputs from GenAI systems aligned with specific learning objectives (Google Education, 2024; Mesko, 2023).
Within K–12 educational contexts, the literature emphasised the need to integrate prompt engineering into existing curricular and pedagogical structures to enable teachers and students to acquire age-appropriate prompting competencies (Schulhoff et al., 2024; Heston et al., 2023). Rather than treating prompt engineering as a technical or standalone skill.  Specifically, prompt engineering in K–12 settings were conceptualised as an element of digital literacy, an inquiry-based instructional strategy, and a scaffolded approach to fostering critical thinking and metacognitive skills (Rey, 2025; Hsu, 2025; Qian, 2025). Framing prompt engineering in this way allows for its seamless integration into existing curricula, as these approaches are already embedded within K–12 teaching and learning practices. Conversely, the adoption of overly complex or technically demanding prompting frameworks may hinder implementation at the K–12 level, aligning with the principles of the Technology Acceptance Model, which suggests that perceived complexity negatively influences technology adoption in educational settings (Davis & Venkatesh, 1996).

Effective Prompt Engineering Strategies for K-12 Teachers and Students 
The reviewed studies indicate that the effectiveness of prompt engineering in K–12 contexts is shaped by multiple interrelated factors, including teachers’ professional development, students’ prior knowledge of prompting techniques, and the type and structure of prompts used to interact with GenAI models (Hays et al., 2024; Whalen et al., 2025; Zhang & Tur., 2024; Heston et al., 2023). These factors influence not only the quality of AI-generated outputs but also the extent to which prompt engineering supports student cognition and pedagogical goals.
One of the most frequently identified strategies in K–12 settings is the use of “shot-based” prompting techniques (Heston et al., 2023; Schulhoff et al., 2024). In prompt engineering, shots refer to the use of examples to guide large language models (LLMs) in contextualising and generating responses. The literature distinguishes among zero-shot, one-shot, and few-shot prompting. Zero-shot prompting involves providing no examples, one-shot prompting uses a single example, and few-shot prompting incorporates two or more examples to illustrate the desired output (Google Education, 2024; Heston et al., 2023). Studies suggest that, in the absence of explicit instruction, K–12 teachers and students predominantly rely on zero-shot prompting, which increases the likelihood of hallucinations and superficial outputs. In contrast, one-shot and few-shot prompting encourage learners to draw on prior knowledge to guide the model, thereby supporting deeper cognitive engagement and metacognitive awareness.
Another prominent strategy identified in the literature is iterative prompting, which emphasises a human-in-the-loop approach to refining GenAI outputs (Park & Kwon, 2024; Pilault et al., 2023). Iterative prompting involves a cyclical process that begins with an initial prompt, followed by critical evaluation of the generated output and subsequent refinement of the prompt to improve alignment with the user’s objectives (Yang & Yang., 2025). This process continues until the desired outcome is achieved. Several studies highlight that iterative prompting mirrors conversational interaction, making it particularly suitable for K–12 learners as it fosters communication skills, inquiry-based learning, and reflective thinking (Park & Kwon, 2024; Heston et al., 2023; Schulhoff et al., 2024; Pilault et al., 2023).
In addition, structured prompting emerged as a highly effective strategy for K–12 contexts. This approach involves teachers explicitly guiding students through a step-by-step process of constructing prompts to achieve specific learning goals (Rey, 2025; Heston et al., 2023). Structured prompting typically includes clearly defining the task, providing relevant context, specifying constraints, and determining the desired output format. Key components often involve assigning a persona or role to the GenAI model, clarifying the instructional purpose, and setting parameters for length, format, or complexity. For example, a student might prompt a GenAI tool by specifying a professional role (e.g., a secondary school economics teacher), defining the task (e.g., creating a lesson on demand), identifying the learner group, and outlining constraints related to format and length. Evidence from the reviewed studies suggests that explicit instruction in structured prompting reduces the risk of hallucinations and enhances students’ ability to engage critically and purposefully with GenAI tools, thereby supporting higher-order cognitive and critical thinking skills (Dimeli et al., 2025; Zhang & Tur, 2024).

Pedagogical Approaches to Teaching Prompt Engineering
Several studies emphasised that, rather than attempting to restrict or prevent students’ use of GenAI tools, educators should prioritise teaching students how to use these tools ethically and effectively, with prompt engineering serving as a key pedagogical mechanism (Heston et al., 2023). The literature consistently indicates that prompt engineering is most effective when embedded within existing curricular and instructional practices, rather than taught as a standalone or highly technical skill (Rey, 2025; Hsu, 2025; Qian, 2025).
A range of pedagogical approaches for teaching prompt engineering in K–12 contexts emerged from the reviewed studies. These included scaffolded instruction, project- and process-based learning, inquiry-based approaches, and teacher modelling (Park & Kwon, 2024; Qian, 2025; Rey, 2025). Scaffolded instruction involves guiding students from simple to increasingly complex prompting tasks, allowing teachers to address diverse learning needs and developmental levels. Project- and process-based approaches engage students in using prompts to investigate authentic, real-world problems or to support extended research tasks. Inquiry-based pedagogy emphasises questioning and exploration, using prompts to strengthen students’ reasoning and inquiry skills. Teacher modelling, in contrast, involves the explicit demonstration of both effective and ineffective prompting practices, enabling students to critically compare and refine their own prompts.
In addition to these pedagogical strategies, several studies proposed structured prompt engineering frameworks to support classroom implementation. Google Education (2024), for example, introduced the Task, Context, References, Evaluate, and Iterate (TCREI) framework. Within this model, Task specifies what the GenAI system is expected to do, Context situates the task within a meaningful learning scenario, and References provide examples or source material to reduce bias and ambiguity. Given known limitations of GenAI models such as hallucinations and knowledge gaps the Evaluate stage encourages critical assessment of outputs for accuracy and relevance, while Iterate emphasises prompt refinement through repeated cycles of interaction.
Hsu (2025) further highlighted the CLEAR framework, originally proposed by Lo (2023), as particularly suitable for K–12 education. The CLEAR model comprises five components: Concise, Logical, Explicit, Adaptive, and Reflective. This framework emphasises clarity and brevity in prompt construction to help GenAI systems focus on specific tasks, while encouraging coherent and well-structured input. The Explicit component involves specifying output expectations, such as format, scope, or level of detail. Adaptive prompting allows users to experiment with variations to explore different outputs, and the Reflective component highlights the importance of evaluating and refining prompts through iterative interaction. Notably, the CLEAR framework is designed to support digital literacy and critical thinking, making it well aligned with K–12 educational goals (Hsu, 2025).
Similarly, Cain (2023) proposed the Content knowledge, Critical thinking, and Iterative design (CCI) framework. This model emphasises the importance of students possessing foundational content knowledge before engaging with GenAI tools, enabling the formulation of precise and meaningful prompts. The Critical thinking component focuses on students’ ability to evaluate AI-generated outputs, identify inaccuracies, hallucinations, and bias, and make informed judgments. The Iterative design component reinforces the cyclical process of evaluating outputs and refining prompts to achieve improved results (Cain, 2023; Hsu, 2025).
Collectively, the reviewed studies suggest that teachers can leverage these pedagogical approaches and frameworks by embedding them within classroom practice to develop students’ prompt engineering competencies. Doing so not only enhances students’ prompting techniques, critical thinking, and metacognitive skills, but also supports the ethical and responsible use of GenAI, thereby contributing to the reduction of academic dishonesty in K–12 educational settings.

Outcome of effective Prompt Engineering in K-12 Schools 
The reviewed studies indicate that effective prompt engineering offers substantial benefits for both students and teachers in K–12 schools. For students, prompt engineering has been shown to promote the responsible and ethical use of Generative AI (GenAI) tools. For example, Heston et al. (2023) reported that explicit instruction in prompt construction improved students’ awareness of appropriate GenAI use. Several studies further demonstrated that effective prompting enhances student retention and comprehension, with positive implications for learning outcomes (Prathigadapa et al., 2025). Similarly, Guilbault et al. (2025) and Dimeli et al. (2025) found that structured prompt engineering practices support the development of critical thinking skills and cognitive performance, particularly when teachers provide guided instruction and feedback.
In addition to cognitive benefits, effective prompt engineering was associated with increased student engagement, personalised learning experiences, and improved overall learning quality (Ali et al., 2023; Arrington et al., 2025; Rey, 2025). By enabling students to interact more purposefully with GenAI tools, prompting strategies helped tailor learning activities to individual needs and learning preferences. For teachers, the literature highlighted improvements in pedagogical practice, including enhanced instructional design and more effective integration of GenAI into teaching and assessment (Arrington et al., 2025; Yang & Yang, 2025). Park and Cho (2024), using the IDEAL framework, observed that teachers’ proficiency in prompt engineering enriched lesson planning, instructional delivery, and overall productivity. Increased teacher competence in prompting also boosted confidence in transferring these skills to students through explicit instruction. Consistent findings were reported by Rey (2025), who noted that educators’ proficiency in prompt engineering facilitated the effective use of GenAI tools to support personalised learning and promote higher-order thinking.
Challenges for the effective implementation of Prompt Engineering
Despite the benefits of effective prompt engineering, the literature also identified several challenges associated with the implementation of prompt engineering in K–12 schools. A key concern is the limited availability of professional development opportunities for teachers. Multiple studies reported that the majority of K–12 teachers lack formal training in prompt engineering, which constrains their ability to guide students in the effective and ethical use of GenAI tools (Ali et al., 2023; Arrington et al., 2025; Prathigadapa et al., 2025). Closely related to this issue is the lack of institutional resources and support, which limits schools’ capacity to implement structured prompt instruction (Park & Cho, 2024).
Additional concerns highlighted in the literature include the potential for over-reliance on GenAI tools, which may negatively affect students’ cognitive development if not carefully mediated by teachers (Heston et al., 2023). Furthermore, issues related to biased outputs, data accuracy, and copyright infringement were identified as ongoing risks associated with GenAI use, underscoring the need for critical evaluation and ethical guidance when teaching prompt engineering (Dimeli et al., 2025).
Table 3: Summary of Included Studies 
	#
	Author(s)
	Year
	Country / Region
	Educational Level
	Study Design
	Summarised Key Findings

	1
	Ali et al.
	2023
	Singapore
	K–12
	Experimental
	Teacher-guided GenAI use supports personalised learning and student self-assessment.

	2
	Arrington et al.
	2025
	USA
	Middle School
	Experimental
	Prompt engineering enhances technology integration, teacher practices, and learning experiences.

	3
	Cain
	2023
	Global
	K–12
	Mixed Methods
	The CCI prompt model improves student engagement and learning skills.

	4
	Dimeli & Kostas
	2025
	Global
	K–12 & Higher Education
	Systematic Review
	Prompt engineering enables effective and responsible implementation of GenAI models.

	5
	Google Education
	2024
	Global
	K–12
	School
	Introduced the TCREI model to guide effective prompt engineering practices.

	6
	Guilbault et al.
	2025
	USA
	Secondary
	Experimental
	Prompt engineering promotes critical thinking, reflective learning, and mentorship.

	7
	Hadi et al.
	2023
	Global
	N/A
	Survey
	Clear, specific, and contextual prompts lead to more reliable GenAI outputs.

	8
	Hays et al.
	2024
	USA
	K–12
	Survey
	Professional development in prompt engineering increases teacher confidence and instructional capacity.

	9
	Heston et al.
	2023
	USA
	Secondary & Higher Education
	Review
	Prompt engineering reduces bias and mitigates academic dishonesty.

	10
	Hsu
	2025
	Ireland
	K–12 & Higher Education
	Mixed Methods
	Structured prompting frameworks improve digital literacy and critical thinking.

	11
	Lo
	2023
	Global
	Schools
	Mixed Methods
	Developed the CLEAR framework for effective and ethical prompting.

	12
	Mesko
	2023
	Hungary
	Schools
	Qualitative
	Iterative, few-shot, and prompt-level techniques improve GenAI output quality.

	13
	Park & Choo
	2025
	USA
	K–12
	Mixed Methods
	Teacher prompt efficiency enhances instructional delivery and classroom productivity.

	14
	Park & Kwon
	2024
	South Korea
	Middle School
	Quasi-Experimental
	Effective AI use supports improved technological education outcomes.

	15
	Pilaut et al.
	2023
	Global
	Schools
	Empirical
	Interactive chain prompting reduces ambiguity and biased outputs.

	16
	Qian
	2025
	Global
	K–12
	Systematic Review
	Technique- and process-based prompting produces higher-quality GenAI outputs.

	17
	Rey
	2025
	Hong Kong, China
	Secondary
	Systematic Review & Mixed
	Teacher proficiency in prompt engineering supports personalised learning and higher-order thinking.

	18
	Schulhoff et al.
	2024
	Global
	Schools
	Meta-Analysis
	Identified and addressed conceptual ambiguities in GenAI and prompt engineering research.

	19
	Whalen et al.
	2025
	USA
	K–12
	Survey
	Teachers require targeted training to promote ethical GenAI use by students.

	20
	Yang & Yang
	2025
	Global
	K–12
	Empirical
	Refining outputs and defining objectives improve ESL students’ speaking and writing skills.

	21
	Zhang & Tur
	2024
	Global
	K–12
	Systematic Review
	Effective prompt integration enhances lesson planning, differentiation, and student learning outcomes.



Discussion
This systematic review synthesised evidence from 21 empirical and review studies conducted across diverse geographical contexts and published between 2018 and 2025 to examine the role of prompt engineering in supporting the responsible use of GenAI models in K–12 schools. The findings consistently indicate that prompt engineering should not be conceptualised merely as a technical or operational skill. Rather, it should be intentionally embedded within the K–12 curriculum to maximise the pedagogical benefits of GenAI tools and to promote their ethical and responsible use (Arrington et al., 2025; Dimeli & Kostas, 2025).
Across the reviewed studies, effective prompt engineering was strongly associated with improved student engagement, critical thinking, higher-order cognitive skills, and overall cognitive development (Guilbault et al., 2025; Hsu, 2025; Rey, 2025). These findings align closely with constructivist learning theory, which emphasises learners’ active role in constructing knowledge through guided interaction, reflection, and iterative steps. Prompt engineering frameworks inherently operationalise this constructivist process by requiring learners to articulate intentions, evaluate outputs, and refine inputs, thereby fostering metacognition and learner autonomy (Cain, 2023; Lo, 2023). As such, prompt engineering serves as a pedagogical scaffold that supports deeper learning rather than surface-level content generation.
The review further highlights teacher proficiency in prompt engineering as a critical determinant of successful implementation in K–12 settings. Teachers who demonstrate confidence and competence in prompt design are better positioned to guide students in the ethical and responsible use of GenAI models (Park & Choo, 2025; Hays et al., 2024). Importantly, the findings suggest that prompt engineering proficiency enhances teacher efficacy and productivity. Educators leverage GenAI tools to support lesson planning, assessment design, and personalised learning, thereby optimising instructional time and pedagogical decision-making. This evidence challenges prevailing concerns that GenAI will replace teachers and instead reinforces the importance of a human-in-the-loop approach, in which teachers remain central as instructional designers and ethical gatekeepers (Park & Kwon, 2024).
In addition, the review identified several robust and widely cited prompt engineering frameworks: including TCREI, CLEAR, and CCI, that provide structured pedagogical guidance for K–12 educators (Google Education, 2024; Cain, 2023; Lo, 2023). These frameworks offer systematic approaches to prompt design, evaluation, and iteration, enabling teachers to integrate prompt engineering seamlessly into existing curricula. Their emphasis on clarity, context, critical evaluation, and iterative refinement aligns with broader digital literacy and critical thinking goals within K–12 education.
Finally, the findings indicate that effective prompt engineering plays a significant role in mitigating key risks associated with GenAI use, including hallucinations, knowledge gaps, biased outputs, and academic dishonesty (Dimeli & Kostas, 2025; Heston et al., 2023). By equipping students with structured prompting and evaluative skills, educators can shift from restrictive or punitive approaches toward preventative and educative models of academic integrity.
Despite these benefits, the review identifies inadequate teacher professional development in prompt engineering as a major constraint to effective implementation in K–12 schools. The limited availability of targeted training restricts teachers’ capacity to integrate GenAI meaningfully and ethically into classroom practice. Consequently, this review calls for urgent policy and institutional attention to the provision of sustained, contextually relevant professional development in prompt engineering for K–12 educators.
Conceptual framework 
Based on the prompt engineering frameworks proposed by Cain (2023) and Lo (2023), as well as evidence synthesised from the reviewed studies, this study adopts a conceptual framework that positions prompt engineering as a pedagogical enabler for the responsible and effective use of generative artificial intelligence (GenAI) in K–12 education. The framework posits that teachers’ prompt engineering proficiency is largely shaped by the availability and quality of professional development (PD) support provided by schools.[image: A diagram of a student
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Figure 2: Conceptual Framework (Abaidoo, 2025)
As teachers develop proficiency in prompt engineering, their confidence and pedagogical capacity to model and teach effective prompting strategies increase. This, in turn, enables students to acquire prompt engineering skills that support responsible engagement with GenAI models and tools. The framework further suggests that students’ responsible use of GenAI contributes to improved learning outcomes, enhanced higher-order thinking, and strengthened cognitive development.
Overall, the framework highlights the central role of teacher capacity-building and curriculum-embedded prompt engineering in maximising the educational benefits of GenAI while mitigating associated ethical and pedagogical risks.

Conclusion and Policy Implication for practice 
Conclusion
This systematic review provides a comprehensive synthesis of the role of prompt engineering in supporting the responsible use of GenAI models and tools in K–12 education. Guided by the PRISMA protocol, 21 studies published between 2018 and 2025 were analysed to examine both pedagogical benefits and implementation challenges. The findings demonstrate that effective prompt engineering extends beyond ethical compliance and responsible use; it also strengthens students’ inquiry skills, critical thinking, higher-order thinking, and overall cognitive development.
In addition to student outcomes, teachers benefit from prompt engineering through enhanced instructional efficiency, improved lesson design, and increased capacity to support personalised learning. However, despite these benefits, the review reveals that unethical or inappropriate use of GenAI persists, largely due to insufficient prompt engineering competence among K–12 teachers. This skills gap limits teachers’ ability to guide students effectively and underscores the need for systemic support and capacity building.
Implications for Practice and Policy
First, prompt engineering should be embedded within existing curricula rather than introduced as a standalone subject. Integrating prompt engineering into subjects such as language arts, science, social studies, and technology will facilitate seamless classroom adoption. 
Second, K–12 schools should prioritise sustained professional development in prompt engineering for teachers. Such professional learning should move beyond introductory workshops and include practical, classroom-based applications. Schools may also engage in action research to examine the impact of prompt engineering training on students’ responsible use of GenAI, inquiry skills, and learning outcomes.
Third, the prompt engineering frameworks identified in this review: TCREI, CLEAR, and CCI should be systematically adopted and incorporated into continuous professional development programmes. Consistent use of these frameworks will support pedagogical coherence, build teacher confidence, and promote effective and ethical implementation of GenAI across diverse learning contexts.
Finally, policymakers, particularly in African education systems should consider embedding prompt engineering within national curricula and digital education strategies. Doing so will ensure equitable access to GenAI literacy, reduce disparities in implementation, and prepare learners with the critical and ethical competencies required in an AI-mediated future.
Limitations of the Study
Although this study followed the PRISMA framework to ensure methodological rigour, several limitations should be acknowledged. First, only 12 of the included studies explicitly focused on prompt engineering within K–12 educational settings, indicating that research in this area remains emergent. As a result, the available evidence base is still limited and calls for further scholarly attention.
Second, the geographical distribution of the included studies was uneven, which constrains the generalisability of the findings. Notably, none of the reviewed studies explicitly examined prompt engineering in African educational contexts, revealing a significant gap in the literature and limiting the applicability of the findings to regions with differing educational infrastructures and policy environments.
Third, the rapid evolution of generative AI technologies presents an inherent limitation. Many of the reviewed studies were based on earlier versions of GenAI models, such as ChatGPT-4.0 and Gemini 2.5. Consequently, the findings may not fully reflect the capabilities, risks, and pedagogical affordances of more recent models.
Areas for Further Research
In light of these limitations, several avenues for future research are recommended. First, there is a need for empirical studies that focus specifically on K–12 education, with particular attention to primary and secondary school levels. Such studies would strengthen the evidence base for age-appropriate prompt engineering practices.
Second, future research should employ robust methodological designs, including quasi-experimental and experimental approaches, to evaluate the effectiveness of different prompt engineering strategies and frameworks, particularly TCREI, CLEAR, and CCI. Comparative studies across subjects and grade levels would provide deeper insights into their pedagogical value.
Finally, given the absence of African-focused studies, there is a pressing need for research conducted within African educational contexts. These studies should explore the needs, challenges, and capacities of both teachers and students in adopting prompt engineering techniques, thereby informing contextually relevant policy, curriculum design, and professional development initiatives.
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