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ABSTRACT  
Aim/Purpose To address the lack of a clear pedagogical framing of prompt engineering in 

secondary education and to analyze how it is currently conceptualized in educa-
tional research. 

Background While secondary school students increasingly use generative AI tools, prompt 
engineering is often treated as an implicit technical skill rather than as an explicit 
educational practice linked to metacognition and AI literacy. 

Methodology This study adopts a systematic literature review following PRISMA guidelines. 
Twenty-one peer-reviewed studies published between 2021 and 2025 were se-
lected from Scopus, Web of Science, IEEE Xplore, and ACM Digital Library. 

Contribution The paper provides a structured conceptual mapping of how prompt engineer-
ing is addressed in secondary education and identifies gaps between research 
practices, pedagogical frameworks, and AI literacy policies. 

Findings The review shows that prompt engineering is rarely framed as an explicit learn-
ing objective, that empirical evidence on cognitive and metacognitive effects is 
fragmented, and that ethical and reflective dimensions are inconsistently ad-
dressed. 

Recommendations  
for Practitioners 

Teachers should explicitly scaffold students’ prompt design practices, integrate 
reflective activities on AI use, and align classroom practices with emerging AI 
literacy frameworks. 
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Recommendations  
for Researchers  

Future studies should operationalize prompt engineering as a learning objective, 
develop validated assessment tools, and conduct longitudinal research in sec-
ondary education contexts. 

Impact on Society The findings support the development of responsible AI use in education by 
highlighting the need for pedagogical guidance that fosters students’ agency, 
critical thinking, and ethical awareness. 

Future Research Future research should investigate instructional models for teaching prompt en-
gineering across disciplines and examine its long-term effects on students’ learn-
ing strategies and epistemic beliefs. 

Keywords prompt engineering, generative AI, secondary education, AI literacy, systematic 
literature review 

INTRODUCTION 
This systematic review examines how prompt engineering is conceptualized and implemented in sec-
ondary education, positioning it as an emerging component of AI literacy and metacognitive compe-
tence. As large language models (LLMs) become widely accessible to adolescents, students increas-
ingly interact with generative AI systems, often without explicit instruction on how to formulate, re-
fine, and critically evaluate prompts. For example, classroom interventions include students iteratively 
revising prompts to improve argumentative writing or using structured prompting frameworks to 
guide problem-solving in STEM contexts. Drawing on 21 peer-reviewed studies published between 
2021 and 2025, this review maps how prompt engineering is framed pedagogically, the cognitive or 
metacognitive effects reported, and the instructional approaches that support responsible AI use. Re-
sults indicate that 67% of the studies explicitly integrate prompt engineering into educational activi-
ties, while ethical and responsible use considerations are fully addressed in only 38% of the reviewed 
research. The findings reveal a clear misalignment between the rapid diffusion of LLM use in second-
ary education and the limited development of coherent pedagogical and assessment frameworks. By 
synthesizing current practices and identifying structural gaps, this review argues that prompt engi-
neering should be treated not merely as a technical interaction skill, but as a core educational compe-
tence requiring explicit instructional design, assessment criteria, and alignment with emerging AI lit-
eracy policies. 

The rapid diffusion of large language models (LLMs) in educational contexts has transformed how 
students access information, generate content, and engage with academic tasks. Since the public re-
lease of ChatGPT in 2022, generative AI systems have become widely accessible to adolescents, re-
shaping classroom practices and study habits. Within this evolving landscape, prompt engineering – 
understood as the deliberate formulation, structuring, and iterative refinement of inputs to guide 
LLM outputs – has emerged as a critical mediating practice in human–AI interaction. In secondary 
education, students increasingly interact with LLMs to support writing, problem-solving, program-
ming, and conceptual understanding. However, while these interactions are becoming widespread, 
prompt engineering is rarely framed as an explicit instructional objective. Instead, it often remains an 
implicit or informal skill embedded in task completion rather than being conceptualized as a compe-
tence requiring structured teaching, reflection, and assessment. This absence of pedagogical framing 
raises concerns for AI literacy, epistemic agency, and responsible AI use. 

The challenge is not merely technological but educational. When students use LLMs without explicit 
guidance on how prompts shape outputs, they may adopt passive or uncritical interaction patterns, 
rely on opaque system responses, or fail to reflect on the assumptions embedded in their queries. In 
this sense, prompt engineering can be interpreted not simply as a technical skill but as a metacogni-
tive and socio-technical practice through which learners negotiate control, feedback, and knowledge 
construction in AI-mediated environments. 
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Despite the growing body of research on generative AI in education, existing studies remain frag-
mented in how they conceptualize and operationalize prompt engineering, particularly at the second-
ary school level. Prior reviews have examined AI in K–12 education, ChatGPT in classrooms, or 
prompt engineering in higher education contexts, yet none have systematically mapped how prompt 
engineering is framed, taught, and assessed in secondary education as a distinct educational practice. 

This systematic literature review addresses this gap. Focusing on peer-reviewed studies published be-
tween 2018 and 2025 (with included studies spanning 2021–2025), the review examines how prompt 
engineering is integrated into secondary educational contexts, the cognitive or metacognitive effects 
reported, the pedagogical approaches that sustain its use, and the challenges that emerge regarding 
responsible AI interaction. 

Specifically, the review addresses the following research questions (RQs): 

RQ1: In what ways is prompt engineering addressed in formal or informal educational activities 
targeting high school students? 

RQ2: What evidence is reported on the cognitive or metacognitive effects of prompt engineer-
ing on student learning in secondary schools? 

RQ3: What pedagogical approaches, disciplinary contexts, or tools are used to introduce or sus-
tain the use of LLMs as support for learning in secondary education? 

RQ4: What challenges, limitations, or educational needs emerge in training students – and po-
tentially teachers – to use LLMs responsibly in high school settings? 

By clarifying how prompt engineering is currently positioned within secondary education research, 
this review aims to contribute to the development of coherent pedagogical frameworks aligned with 
emerging AI literacy initiatives and responsible AI policies. We structured these RQs according to the 
PICOC framework (Kitchenham & Charters, 2007). Table 1 summarizes the PICOC elements, while 
Table 2 maps each research question to the corresponding PICOC component. 

Table 1. Elements of the PICOC framework 

Element Meaning 
P Population: Who is involved? 
I Intervention: What is studied or applied? 

C Comparison: What is the intervention 
compared to (optional)? 

O Outcome: What effects, results, or 
measures are considered? 

C Context: the setting in which the study 
takes place (e.g., educational, disciplinary)? 

 
Table 2. Mapping of research questions to PICOC elements 

PICOC RQ1 RQ2 RQ3 RQ4 
P (Population) High school 

students 
High school 
students 

High school 
students or 
teachers 

High school 
students 

I (Intervention) Prompt engineering 
as a concept or 
practice 

Use of prompt 
engineering 

Introduction or 
use of LLMs 

Training for 
responsible use of 
LLMs 
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PICOC RQ1 RQ2 RQ3 RQ4 
C (Comparison) Not applicable Possibly 

traditional 
approaches 

Not applicable Not applicable 

O (Outcome) Ways of addressing 
prompt engineering 

Learning 
outcomes and 
skills 
acquisition 

Educational 
strategies, tools, 
and contexts 

Challenges, 
limitations, and 
open research 
issues 

C (Context) Secondary school 
education 

Educational 
activities with 
LLMs 

Teaching and 
learning 
environments 

Secondary 
education 

 

CONCEPTUAL FRAMING OF PROMPT ENGINEERING AS AN EDUCATIONAL 
PRACTICE 
In the context of secondary education, prompt engineering can be conceptualized not merely as a 
technical skill for interacting with large language models but as an educational practice that mediates 
students’ engagement with knowledge, feedback, and epistemic authority. From this perspective, 
prompt formulation shapes how learners frame problems, articulate intentions, and evaluate the out-
puts generated by AI systems. Prompt engineering thus operates at the intersection of cognitive, met-
acognitive, and socio-technical dimensions of learning. This review adopts a pedagogical and concep-
tual lens, interpreting prompt engineering as a situated learning practice rather than a neutral inter-
face operation. When students interact with generative AI through prompts, they implicitly negotiate 
assumptions about correctness, explanation, and agency. The quality, structure, and intent of 
prompts influence not only the relevance of AI-generated responses but also students’ opportunities 
for reflection, iterative reasoning, and self-regulation. Framing prompt engineering as an educational 
practice enables clearer alignment with emerging constructs such as AI literacy, digital competence, 
and metacognitive awareness. Within secondary education, where students are still developing stable 
study habits and epistemic beliefs, making prompt engineering explicit and pedagogically guided be-
comes essential. This conceptual framing provides the basis for the analysis conducted in this review 
and informs the interpretation of the selected studies across disciplinary and instructional contexts. 

THEORETICAL GROUNDING IN LEARNING SCIENCES 
From a learning sciences perspective, the interpretation of prompt engineering as a metacognitive 
and socio-technical competence can be grounded in established theories of metacognition and self-
regulated learning. Metacognition refers to the processes through which learners monitor and regu-
late their own cognitive activity, including planning strategies, evaluating task performance, and ad-
justing actions in response to feedback (Flavell, 1979). Within educational research, these processes 
have been further articulated in models of self-regulated learning, where learners actively manage 
their learning through cycles of planning, monitoring, and reflection (Zimmerman, 2002). Interac-
tions with large language models can be interpreted within this framework as a form of externally 
mediated cognitive regulation. When students formulate prompts, evaluate generated outputs, and 
iteratively refine their queries, they engage in regulatory processes similar to those described in self-
regulated learning models. In particular, prompt construction requires learners to articulate task goals, 
structure information requests, and assess the adequacy of responses, thereby activating planning and 
monitoring mechanisms.  

Iterative prompt revision further resembles the feedback loops described in models of self-regulated 
learning, where learners adjust strategies in response to outcomes (Winne & Hadwin, 1998). From 
this perspective, prompt engineering can be understood not merely as a technical interaction skill but 
as a metacognitive regulation practice embedded within human–AI interaction. In AI-supported 
learning environments, prompts act as mediating artifacts through which learners structure inquiry, 
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negotiate epistemic authority, and regulate their interaction with algorithmic systems. This interpreta-
tion aligns prompt engineering with broader constructs such as epistemic agency and AI literacy, em-
phasizing the importance of reflective and intentional engagement with generative technologies in 
educational contexts. 

OPERATIONALIZATION OF PROMPT ENGINEERING AS AN EDUCATIONAL 
CONSTRUCT 
To strengthen conceptual clarity in this review, prompt engineering is operationalized as a set of ob-
servable practices through which learners regulate their interaction with generative AI systems. Spe-
cifically, four core dimensions were considered in interpreting the reviewed studies. First, prompt 
planning refers to the formulation of structured queries that specify task goals, constraints, and con-
textual information before interacting with the AI system. Second, iterative refinement is the process 
of modifying prompts based on system outputs to obtain more relevant or accurate responses. Third, 
evaluation of AI outputs involves the critical assessment of generated content for correctness, rele-
vance, and completeness. Fourth, reflective awareness of system limitations, which includes recogniz-
ing potential issues such as hallucinations, bias, or over-reliance on automated responses. The opera-
tional dimensions considered in this review are summarized in Table 3.  

Table 3. Operational dimensions of prompt engineering in educational contexts 

Dimension Description Observable indicators in educa-
tional settings 

Prompt planning 

The learner formulates a struc-
tured request that clarifies the 
task, context, and expected out-
put before interacting with the AI 
system. 

Explicit definition of task goals, 
specification of constraints, and in-
clusion of contextual information 
in prompts. 

Iterative refinement 

The learner modifies and im-
proves prompts after observing 
the system’s response in order to 
obtain more relevant or accurate 
outputs. 

Successive prompt adjustments, 
reformulation of questions, and 
clarification of instructions follow-
ing unsatisfactory responses. 

Evaluation of AI 
outputs 

The learner critically assesses the 
quality and reliability of the gen-
erated responses. 

Checking the correctness of infor-
mation, comparing AI responses 
with external sources, and identify-
ing incomplete or misleading out-
puts. 

Reflective awareness of 
system limitations 

The learner demonstrates aware-
ness of potential limitations of AI 
systems and adjusts interaction 
strategies accordingly. 

Recognition of hallucinations, dis-
cussion of bias or uncertainty, and 
explicit reflection on when AI out-
puts should be verified or rejected. 

These dimensions allow distinguishing between studies in which prompting is merely embedded 
within system design and those in which prompt construction is explicitly addressed as part of the 
learning process. By operationalizing prompt engineering in this way, the review provides a clearer 
analytical lens for examining how prompting practices are integrated into educational interventions 
and how they relate to cognitive, metacognitive, and ethical dimensions of learning. 
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PLANNING OF THIS LITERATURE REVIEW 
This section outlines the main components of the planning phase for this Systematic Literature Re-
view (SLR):  

(1) analysis of existing review studies,   
(2) formulation of Research Questions (RQs),   
(3) selection of data sources,   
(4) definition of search strings, and   
(5) specification of inclusion and exclusion criteria. 

RELATED REVIEW WORK 
The growing integration of generative AI in education has prompted several systematic and biblio-
metric reviews. However, these studies differ significantly in scope, educational level, and conceptual 
framing. Existing reviews generally fall into three broad categories: (1) reviews focused on prompt 
engineering within higher education curricula, (2) reviews examining AI or ChatGPT adoption across 
K–12 contexts without isolating prompt engineering as an educational construct, and (3) broader bib-
liometric mappings of AI in science or STEM education. For instance, Lee and Palmer (2025) ana-
lyze prompt engineering in higher education, identifying instructional models and curricular implica-
tions, yet their scope does not extend to adolescent learners or secondary schooling contexts. Chen 
et al. (2024) review prompt engineering in K–12 STEM education, but their emphasis remains pri-
marily disciplinary and technical, rather than pedagogical or metacognitive. Similarly, Dimeli and 
Kostas (2025) synthesize research on ChatGPT in school and university education, highlighting ethi-
cal concerns and classroom practices; however, prompt engineering is not examined as a distinct edu-
cational competence. Bibliometric reviews, such as those by Kavitha and Joshith (2024), map AI inte-
gration in science education but do not specifically address how learners are trained to construct, 
evaluate, or refine prompts when interacting with LLMs.  

Across these reviews, prompt-related practices are typically embedded within broader discussions of 
AI adoption, system implementation, or disciplinary innovation. What remains underexplored is the 
explicit pedagogical framing of prompt engineering as a reflective and assessable competence in sec-
ondary education. From a learning sciences perspective, prompt formulation can be interpreted as a 
form of metacognitive regulation, involving planning, monitoring, and revising interactions with AI 
systems. From a critical pedagogical standpoint, prompts mediate epistemic authority and shape how 
knowledge is constructed and validated in AI-supported environments. Yet these dimensions are 
rarely foregrounded in existing syntheses. This review, therefore, addresses a specific and underex-
amined gap: it systematically maps how prompt engineering is conceptualized, operationalized, and 
assessed in secondary education research, with particular attention to its cognitive, metacognitive, and 
ethical implications. 

SEARCH STRATEGY AND DATA SOURCE 
This systematic literature review was conducted following PRISMA 2020 guidelines (Page et al., 
2021) and methodological recommendations for systematic reviews in software engineering and edu-
cational technology (Kitchenham & Charters, 2007). The search covered studies published between 
January 2018 and June 2025. The database search was conducted in June 2025. Four curated aca-
demic databases were selected to ensure quality and reproducibility: 

• Scopus 
• Web of Science 
• IEEE Xplore 
• ACM Digital Library 
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Although Google Scholar provides broad coverage of academic literature, previous methodological 
studies have noted limitations in search transparency, metadata consistency, and the reproducibility 
of results in systematic review contexts (Gusenbauer, 2024; Martín-Martín et al., 2018; Meho & Yang, 
2007). Given the need for controlled indexing criteria and replicable filtering procedures, this review 
relied exclusively on curated bibliographic databases. 

The same search string was used across all databases, with minor syntactic adaptations as required by 
each database’s query format. The search string was: 

(“prompt engineering” OR “prompt design” OR “prompt strategies”) 
AND (“high school” OR “secondary education” OR “secondary school” OR “K–12”) 
AND (“large language models” OR “LLM” OR “ChatGPT” OR “generative AI”) 
AND (“teaching” OR “education” OR “training” OR “learning”) 

STUDY SELECTION PROCESS 
The initial database search returned 703 records. After automatic deduplication using Zotero, 659 
unique records remained. Following the exclusion of non-peer-reviewed proceedings and non-in-
dexed workshop abstracts, 411 records were retained for screening. Title and abstract screening, 
based on predefined inclusion and exclusion criteria, resulted in 17 potentially relevant studies. Full-
text assessment confirmed these 17 studies. A backward snowball search was subsequently con-
ducted in July 2025, leading to the identification of 5 additional relevant studies. The final sample 
consisted of 21 peer-reviewed studies. All selection decisions were documented in a structured 
screening spreadsheet, including bibliographic data, inclusion/exclusion decisions, and justification 
for exclusion. 

INCLUSION AND EXCLUSION CRITERIA 
Inclusion criteria 

• IC1: Peer-reviewed journal articles, conference papers, or book chapters 
• IC2: Written in English or Italian 
• IC3: Published between 2018 and June 2025 
• IC4: Explicitly addressing prompt engineering or responsible LLM use within secondary ed-

ucation contexts 

Exclusion criteria 
• EC1: Studies not available in full text 
• EC2: Studies focused exclusively on higher education or professional training 
• EC3: Conceptual or technical papers unrelated to educational implementation 

DATA EXTRACTION AND CODING 
Data extraction was conducted using a structured coding template designed to collect the following: 

• Bibliographic information 
• Educational context 
• Study design and methodology 
• Type of prompt engineering intervention 
• Reported cognitive, metacognitive, or ethical outcomes 
• Alignment with RQ1–RQ4 

Coding proceeded in two stages. In the first cycle, studies were deductively mapped to the four pre-
defined research questions (RQ1–RQ4). Each study’s contribution was classified as full, partial, or 
marginal according to predefined criteria. To enhance transparency and replicability of the coding 
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process, we defined explicit analytical criteria to distinguish between full, partial, and marginal contri-
butions of each study to the research questions (as shown in Table 4). 

Table 4. Criteria used to classify the contribution of each study to the research questions 

Contribution 
level Definition Typical indicators 

in the reviewed studies 

Full 
contribution 

The study explicitly investigates the 
research question and reports empirical 
findings directly addressing it. 

The intervention or analysis focuses 
on the RQ, and the results provide 
direct evidence related to it. 

Partial 
contribution 

The research question is addressed 
indirectly or as a secondary aspect of 
the study. 

The study includes relevant elements 
related to the RQ, but they are not 
the main focus of the research 
design. 

Marginal 
contribution 

The research question is only 
mentioned or implicitly related to the 
study, without direct analysis or 
empirical evaluation. 

Prompt engineering or LLM use 
appears only as a contextual or 
technical element rather than a 
pedagogical focus. 

In the second cycle, an inductive thematic synthesis was performed to identify recurring pedagogical 
patterns, instructional approaches, and reported challenges. Initial coding was conducted by the first 
author. To enhance conceptual coherence and reduce interpretive bias, coding decisions and the-
matic categorizations were subsequently reviewed and discussed with the co-author until agreement 
was reached. 

QUALITY APPRAISAL 
To contextualize the strength of evidence across the included studies, we conducted a qualitative 
quality appraisal (available at this link) based on four analytical criteria commonly used in systematic 
reviews, as shown in Table 5. Studies were not excluded based on quality appraisal; however, ap-
praisal informed the interpretive weighting of findings in the discussion section. 

Table 5. Quality appraisal criteria used to contextualize the strength of evidence 

Criterion Description Purpose of the review 

Clarity of methodological 
design 

The study clearly describes its 
research design and 
methodological approach. 

To assess whether the study 
provides sufficient information 
to interpret its findings. 

Presence of empirical data 

The study reports empirical 
observations, experiments, or 
classroom implementations 
rather than purely conceptual 
discussions. 

To distinguish empirical 
evidence from conceptual or 
exploratory contributions. 

Transparency of data 
collection 

The procedures used to collect 
and analyze data are clearly 
described. 

To evaluate the reliability and 
interpretability of the reported 
results. 

Discussion of limitations 
The study explicitly 
acknowledges methodological 
or contextual limitations. 

To assess the degree of critical 
reflection and transparency in 
the research. 

https://docs.google.com/spreadsheets/d/1ACubkvKlsPHEOHnNJBc60ZHUSknuvPqW/edit?usp=sharing&ouid=100359283693480571164&rtpof=true&sd=true
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Overall, most studies met at least three of the four criteria. Empirical designs generally demonstrated 
clear methodological reporting, whereas exploratory and pilot studies showed greater variability in 
transparency and limitations reporting. These patterns were considered when interpreting the 
strength of evidence across RQs. 

CONDUCTING THE SYSTEMATIC REVIEW 
In this section, we describe the search protocol we developed to identify and select studies. 

STUDY SELECTION 
To select the relevant studies, we adopted a two-phase search and screening process, in line with the 
guidelines for conducting systematic reviews proposed by Kitchenham and Charters (2007) and fol-
lowing the PRISMA framework (Page et al., 2021). 

Phase 1 – Searching the digital library 
In the first stage, we applied the search string to four databases: Scopus, Web of Science, IEEE 
Xplore, and ACM Digital Library. Initially, this query returned a total of 703 results, distributed as 
follows: 

(1) 439 records from ACM Digital Library 
(2) 213 records from IEEE Xplore Digital Library 
(3) 30 records from Scopus (Elsevier) 
(4) 21 records from Web of Science (Clarivate) 

We then removed duplicates using the deduplication function of Zotero, an open-source biblio-
graphic reference manager, and 659 unique records were confirmed. Conference proceedings pub-
lished as standalone books or unindexed collections (e.g., workshop abstract books) were excluded 
unless individual contributions were peer-reviewed and indexed in Scopus, Web of Science, or ERIC. 
This ensured the inclusion of only high-quality, traceable sources.  

After the above-described steps, 411 articles remained available. We then applied the predefined in-
clusion and exclusion criteria to titles and abstracts, obtaining a subset of 17 potentially relevant stud-
ies. These were further assessed based on full-text analysis to look for any adherence to the initial re-
search questions. 

Phase 2 – Backward snowball search 
The second phase consisted of a backward snowball search: we analyzed the bibliographies of the 
studies selected in Phase 1 to identify additional relevant contributions not found in the initial query. 
This process led to the inclusion of 5 additional studies, which were subject to the same selection 
process described earlier. In total, the process led to the selection of 21 studies for data extraction 
and analysis. All the selection steps we followed were documented in a structured spreadsheet, which 
included: bibliographic data, source, inclusion/exclusion criteria applied, reason for exclusion and as-
signed research questions.  

Figure 1 shows the study selection process, following the PRISMA 2020 flow diagram guidelines pro-
posed by Page et al. (2021). Eventually, we made the complete dataset available on the web, at the 
address SLR Excel Dataset, which contains the full list of screened studies, inclusion/exclusion deci-
sions, and coding information used in this review. Table 6 shows all the selected studies. 

 

https://docs.google.com/spreadsheets/d/1HbrGARSHwk35RSVvxGkbkeC9CahSKr-Q/edit?gid=280933247#gid=280933247
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Figure 1. PRISMA 2020 flow diagram of the study selection process 

Table 6. List of selected studies included in the review 

ID Reference ID Reference 
S1 Huffman et al. (2025) S11 Frazier et al. (2024) 
S2 Peng et al. (2024) S12 Abolnejadian et al. (2024) 
S3 Aftabi et al. (2024) S13 Li et al. (2025) 
S4 Zhao et al. (2025) S14 Doherty et al. (2025) 
S5 Verhelst et al. (2024) S15 Lieb and Goel (2024) 
S6 Snyder et al. (2024) S16 Woo et al. (2024) 
S7 Fung et al. (2024) S17 Shao et al. (2025) 
S8 Moreau-Pernet et al. (2024) S18 Bitzenbauer (2023) 
S9 Shin et al. (2025) S19 Alneyadi and Wardat (2023) 
S10 Ali et al. (2024) S20 Yang et al. (2025) 
S21 Javier and Moorhouse (2023)   

 

DATA EXTRACTION 
We conducted the data extraction and synthesis phase using a structured document, designed by us 
to systematically collect relevant information from each of the selected studies. The data extraction 
document is structured in a set of general fields, including title, authors, publication year, source, and 
publication type. It also includes a section summarizing the study’s contribution, highlighting meth-
odological strengths and weaknesses, and tracking the inclusion/exclusion criteria applied, as well as 
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the study’s correspondence to the RQs. The data extraction document is available via the web at the 
address Data Extraction Document. To support the data extraction workflow, ChatGPT was used 
only as an auxiliary tool for language support and to generate preliminary suggestions for possible 
alignment between studies and the research questions (RQ1–RQ4). Importantly, the model did not 
perform study selection, coding, or classification decisions. All inclusion decisions and RQ mappings 
were determined through manual full-text reading conducted by the authors. Any preliminary sugges-
tions generated by the AI system were critically reviewed and corrected when necessary. This proce-
dure was adopted solely to support the organization of the analysis while ensuring that all interpretive 
decisions remained under direct human control. The annotated versions of the selected contribu-
tions, with the highlighted textual citations to support the classification, are available at the following 
link: Annotated Papers. 

RESULTS OF THE SYSTEMATIC LITERATURE REVIEW 
The results are organized according to the four predefined research questions (RQ1–RQ4). Themes 
within each RQ were identified through an inductive grouping process conducted during second-cy-
cle coding. Recurrent patterns across the included studies, such as forms of instructional integration, 
reported cognitive or metacognitive effects, and identified ethical challenges, were clustered into ana-
lytically coherent categories. The classification of each study’s contribution (full, partial, or marginal) 
was based on explicit alignment between the study’s objectives, methodological design, and reported 
findings relative to each RQ. Table 7 summarizes the degree to which each study (S1–S21) contrib-
utes to the four RQs. To enhance transparency and facilitate cross-study comparison, Table 8 pro-
vides a concise overview of the included studies, summarizing the type of intervention, main re-
ported outcomes, and study design. This overview complements the RQ-based mapping and sup-
ports the thematic interpretation presented in the following subsections. For each study, the level of 
contribution was classified as full (●●●), partial (●●), or marginal (●). Figures 2–5 present the pro-
portional distribution of studies addressing each RQ. Overall, the distribution reveals a stronger em-
phasis on the technical and contextual integration of LLMs in secondary education (RQ1 and RQ3), 
while cognitive effects (RQ2) and responsible use considerations (RQ4) remain comparatively less 
systematically developed. 

CROSS-STUDY SYNTHESIS 
Across the reviewed studies, several cross-cutting patterns emerge. First, prompt engineering is most 
often treated as an instrumental interaction technique embedded within disciplinary learning tasks ra-
ther than as an explicit learning objective. In many interventions, prompting is used to facilitate con-
tent generation, feedback, or tutoring functions, while the process of designing and refining prompts 
is not itself framed as a competence to be developed. Second, the methodological approaches used to 
investigate the educational impact of prompt engineering vary considerably. While some quasi-exper-
imental studies report measurable improvements in learning outcomes, particularly in programming 
or STEM contexts, many classroom-based implementations rely on qualitative observations, self-re-
ported perceptions, or exploratory designs. This methodological heterogeneity limits the possibility 
of drawing strong causal conclusions regarding the cognitive and metacognitive effects of prompting 
practices. Third, disciplinary differences can be observed in how prompt engineering is integrated 
into educational activities. Studies in computer science and programming tend to focus on perfor-
mance outcomes and support for problem-solving, whereas language-learning studies more often 
emphasize reflective engagement and students’ perceptions of AI-supported learning. Taken to-
gether, these patterns suggest that research on prompt engineering in secondary education is cur-
rently characterized by strong pedagogical experimentation but limited convergence toward shared 
instructional models or standardized evaluation approaches.  

https://drive.google.com/file/d/1r2QNaK3jUdDwZv6hFK9UlX7r_sjXhl9u/view?usp=sharing
https://drive.google.com/drive/folders/1H94KhDReHtrIYXa85mcfEo2CLnbcGoTh?usp=sharing
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RQ1: IN WHAT WAYS IS PROMPT ENGINEERING ADDRESSED IN FORMAL OR 
INFORMAL EDUCATIONAL ACTIVITIES TARGETING HIGH SCHOOL 
STUDENTS? 
Across the 21 selected studies, prompt engineering appears with varying degrees of centrality. In 14 
studies, it plays an explicit or structurally significant role within the educational intervention. In these 
cases, prompt engineering is either treated as a core instructional component or used as a deliberate 
strategy to personalize learning processes (e.g., S2, S3, S12, S16). In four studies (e.g., S5, S8), prompt 
engineering is present but remains peripheral, typically embedded within system design or instruc-
tional tools without being framed as an explicit learning objective. In three studies (e.g., S1, S19), 
prompting is either absent from the pedagogical focus or confined to the technical implementation 
of the system, with no direct student engagement in prompt construction. Only a limited subset of 
interventions explicitly trained students to formulate, refine, and reflect upon their prompting strate-
gies (notably S12, S16, S21). In contrast, several studies relied on predefined prompts or structured 
system-generated inputs, as their primary focus concerned content generation, feedback automation, 
or usability rather than the development of prompting competence itself. Informal learning contexts, 
such as workshops and creative laboratory activities (e.g., S10), tended to allow greater exploratory 
engagement with prompt design. Formal classroom settings, by contrast, more frequently employ 
prompt engineering instrumentally to support other disciplinary learning objectives. 

Taken together, these findings indicate that while prompt engineering is increasingly operationalized 
in secondary education contexts, it is rarely conceptualized as an autonomous pedagogical compe-
tence. Its instructional framing remains uneven and often subordinated to broader technological or 
disciplinary goals. 

Table 7. Mapping of the selected studies’ 
contributions across the four research questions 

ID Author RQ1 RQ2 RQ3 RQ4 
S1 Huffman et al. (2025) ● ● ● ● 
S2 Peng et al. (2024) ● ●● ● ● 
S3 Aftabi et al. (2024) ● ●● ●● ● 
S4 Zhao et al. (2025) ● ● ● ● 
S5 Verhelst et al. (2024) ●● ● ● ●● 
S6 Snyder et al. (2024) ● ●● ● ●● 
S7 Fung et al. (2024) ● ●● ● ●● 
S8 Moreau-Pernet et al. (2024) ● ● ● ● 
S9 Shin et al. (2025) ● ●● ● ●● 
S10 Ali et al. (2024) ● ●● ● ● 
S11 Frazier et al. (2024) ● ●● ● ●● 
S12 Abolnejadian et al. (2024) ● ● ● ●● 
S13 Li et al. (2025) ● ● ● ●● 
S14 Doherty et al. (2025) ●● ● ● ●● 
S15 Lieb & Goel (2024) ●● ● ● ●● 
S16 Woo et al. (2024) ● ● ● ● 
S17 Shao et al. (2025) ●● ● ● ● 
S18 Bitzenbauer (2023) ● ●● ● ● 
S19 Alneyadi & Wardat (2023) ● ● ● ●● 
S20 Yang et al. (2025) ● ● ● ●● 
S21 Javier & Moorhouse (2023) ● ● ● ● 
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Table 8. Comparative overview of the included studies (S1–S21), 
summarizing intervention type, main reported outcomes, and study design 

Study Educational 
context 

Type of 
intervention 

Main reported 
outcomes 

Study 
design 

S1 (Huffman et 
al., 2025) 

Deaf and 
Hard-of-
Hearing 
secondary 
learners 

LLM usage study 
focused on 
accessibility and 
interaction patterns 

Identified 
communication 
benefits and 
accessibility 
challenges for DHH 
learners 

Mixed 
methods 

S2 (Peng et al., 
2024) 

Secondary CS1 
education 

RAG-based prompt 
framework (TILSE) 
for personalized AI 
feedback 

Improved accuracy 
and personalization 
of feedback 
generation 

Quantitative 
evaluation 

S3 (Aftabi et 
al., 2024) 

Secondary-level 
AI-supported 
personalized 
learning 

Structured prompt-
based framework 
for customized 
course design 

Enhanced 
personalization and 
support for 
independent learning 

Descriptive 
design 

S4 (Zhao et al., 
2025) 

10th-grade 
programming 
course 

AI-based human–
computer 
collaborative 
programming 
method 

Improved 
computational 
thinking, learning 
attitudes, and 
achievement 

Quasi-
experimental 
study 

S5 (Verhelst et 
al., 2024) 

High school 
second 
language 
learning 
(Spanish) 

Generative AI 
tutoring system 
integrated with a 
social robot 

Significant 
vocabulary gains; 
robot presence did 
not significantly 
affect outcomes 

Quantitative 
study 

S6 (Snyder et 
al., 2024) 

Secondary 
STEM 
computational 
modeling 

LLM-supported 
analysis of 
collaborative 
problem-solving 
behaviors 

Identified behavioral 
differences between 
high- and low-
performing students; 
implications for 
adaptive scaffolding 

Mixed 
methods 

S7 (Fung et al., 
2024) 

K-12 data 
science 
education 

RAG-based 
automatic feedback 
generation 
framework 
(DSRAG) 

Provided scalable, 
personalized 
feedback aligned with 
K-12 pedagogical 
needs 

Qualitative 
case study 

S8 (Moreau-
Pernet et al., 
2024) 

Mathematics 
tutoring 
contexts 

LLM-based 
classification of 
tutor discursive 
moves 

High classification 
performance for 
instructional talk 
moves 

Quantitative 
computational 
model 
evaluation 

S9 (Shin et al., 
2025) 

Secondary 
school 
formative peer 
assessment 

AI-generated vs 
peer-generated 
feedback 
comparison 

Students preferred AI 
feedback in low-
participation 
contexts; peer 
feedback preferred by 
confident students 

Mixed 
methods 
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Study Educational 
context 

Type of 
intervention 

Main reported 
outcomes 

Study 
design 

S10 (Ali et al., 
2024) 

High school 
workshop on 
generative AI 

Creative workshop 
using prompt 
engineering for text-
to-image generation 

Students developed 
technical 
understanding and 
identified societal 
benefits and harms 

Qualitative 
exploratory 
study with 
informal 
assessment 

S11 (Frazier et 
al., 2024) 

Secondary 
Computer 
Science 
Principles 
(CSP) course 

Customized 
ChatGPT 
conversational 
support for CSP 
learning 

Students preferred 
customized 
ChatGPT; improved 
perceived clarity and 
relevance of 
explanations 

Mixed 
methods 

S12 
(Abolnejadian 
et al., 2024) 

Secondary 
introductory 
programming 
(CS1) 

ChatGPT-based 
personalized 
prompt-supported 
learning platform 

Increased 
engagement and 
hands-on 
programming 
experience; shift 
toward mentor-style 
teaching 

Mixed-
methods 
quasi-
experimental 
design 

S13 (Li et al., 
2025) 

High school 
text analysis 
education 

Structured GAI 
prompt framework 
for analytical skill 
development 

Significant 
improvements in 
readability, accuracy, 
completeness, 
logicality, and critical 
thinking 

Quasi-
experimental 
mixed-
methods 
study 

S14 (Doherty 
et al., 2025) 

Middle and 
high school 
collaborative 
learning 

LLM-based agent 
supporting small-
group collaboration 

Reduced social 
loafing and increased 
respectful 
collaboration 
behaviors 

Mixed-
methods 
experimental 
design 

S15 (Lieb & 
Goel, 2024) 

Secondary 
physics 
education 

LLM-based tutoring 
chatbot (NewtBot) 
with configurable 
prompting 

Positive user 
experience; setting-
specific tutor 
configuration rated 
highest 

Mixed 
methods 

S16 (Woo et 
al., 2024) 

Secondary EFL 
writing 
instruction 

Classroom 
workshop teaching 
prompt engineering 
with ChatGPT 

High student 
satisfaction; increased 
motivation; high 
cognitive load during 
prompt use 

Mixed 
methods 

S17 (Shao et 
al., 2025) 

High school 
biology and 
physics 

LLM-generated 
analogies for 
scientific concept 
learning 

Enhanced 
understanding, 
especially in biology; 
required teacher 
guidance to prevent 
over-reliance 

Mixed 
methods 

S18 (Bitzen-
bauer, 2023) 

Secondary 
physics 
education 

Implementation of 
ChatGPT-based 
classroom activities 

Pilot results indicate 
feasibility and 
positive classroom 
integration 

Pilot study 
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Study Educational 
context 

Type of 
intervention 

Main reported 
outcomes 

Study 
design 

S19 (Alneyadi 
& Wardat, 
2023) 

Eleventh-grade 
physics 
(electromagneti
sm unit) 

ChatGPT-supported 
instructional 
intervention 

Improved student 
achievement in the 
electromagnetism 
unit 

Mixed-
method quasi-
experimental 
design 

S20 (Yang et 
al., 2025) 

High school 
programming 
education 

ChatGPT-assisted 
programming 
learning 
intervention 

Improved 
programming 
learning outcomes 
compared to control 
group 

Quasi-
experimental 
mixed-
methods 
study 

S21 (Javier & 
Moorhouse, 
2023) 

Secondary 
English 
language 
learning 

Instructional 
activities for 
productive and 
critical ChatGPT 
use 

Developed students’ 
productive and 
critical use of 
ChatGPT 

Mixed 
methods 

 

 
Figure 2. Coverage of Research Question 1 

(RQ1) across the 21 selected studies 

 
Figure 3. Coverage of Research Question 2 

(RQ2) across the 21 selected studies 
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Figure 4. Coverage of Research Question 3 

(RQ3) across the 21 selected studies 

 

 
Figure 5. Coverage of Research Question 4 

(RQ4) across the 21 selected studies 

 

RQ2: WHAT EVIDENCE IS REPORTED ON THE COGNITIVE OR 
METACOGNITIVE EFFECTS OF PROMPT ENGINEERING ON STUDENT 
LEARNING IN SECONDARY SCHOOLS? 
Several studies address the cognitive and metacognitive implications of prompt engineering, though 
with varying methodological rigor. As shown in Figure 3, 52% of the included studies provide full 
evidence addressing this dimension, 38% offer partial insights, and 10% do not address it explicitly. 
Some studies report improvements in motivational, affective, or reflective dimensions rather than di-
rectly measured academic gains. For example, S16 investigated the use of ChatGPT in an English as a 
Second Language writing workshop. Although standardized performance measures were not em-
ployed, the study documented increased motivation and satisfaction, alongside high cognitive load 
during prompt construction, based on questionnaire data and think-aloud protocols. These findings 
suggest that prompt engineering may simultaneously support engagement and introduce additional 
cognitive demands. Similarly, S21 reported that students developed a more critical and productive 
understanding of ChatGPT through guided instructional activities. However, evidence relied primar-
ily on post-task reflections rather than controlled measures of learning outcomes, indicating that met-
acognitive gains were inferred rather than experimentally verified. In S15, data on user experience 
and AI apprehension were collected, yet learning outcomes, although gathered, were not analyzed, 
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limiting the study’s contribution to the empirical evidence base of RQ2. In contrast, quasi-experi-
mental studies such as S4, S13, S19, and S20 provide stronger empirical evidence, reporting measura-
ble improvements in computational thinking, analytical skills, or academic achievement following 
structured LLM-supported interventions. Overall, while a growing body of research suggests positive 
cognitive and metacognitive effects associated with prompt engineering, the methodological hetero-
geneity of the studies and the frequent reliance on indirect measures indicate that robust, longitudi-
nal, and controlled assessments remain limited. This underscores the need for more rigorous evalua-
tion frameworks capable of systematically capturing learning gains associated with structured 
prompting practices in secondary education. 

RQ3: WHAT PEDAGOGICAL APPROACHES, DISCIPLINARY CONTEXTS, OR 
TOOLS ARE USED TO INTRODUCE, AND/OR SUSTAIN, THE USE OF LLM  AS A 
SUPPORT TO LEARNING IN SECONDARY EDUCATION?  
The reviewed studies demonstrate a wide range of pedagogical approaches and technological config-
urations for integrating large language models (LLMs) into secondary education. As indicated by the 
high proportion of full coverage (90%), this dimension represents the most extensively developed 
area in the current literature. In several studies, LLMs are embedded within intelligent tutoring sys-
tems or automated feedback frameworks. For example, S7 introduces the DSRAG framework for 
personalized feedback generation, while S6 and S8 integrate LLM-based analysis tools within authen-
tic classroom contexts to support collaborative problem-solving and discourse evaluation. Other in-
terventions focus on programming education (e.g., S20, S11), physics instruction (e.g., S15), and sci-
ence concept understanding (e.g., S17), often positioning LLMs as dialogic or scaffolded tutoring 
agents. A variety of disciplinary contexts are represented, including mathematics (S8), data science 
(S7), language learning (S16, S21), programming (S12, S20), and broader STEM collaborative envi-
ronments (S14). Studies also differ in the degree of student agency involved: in some cases, LLMs are 
used primarily as analytical tools by researchers (e.g., S6), whereas in others, students engage directly 
in dialogic interaction with AI systems (e.g., S9, S15). Technologically, implementations range from 
relatively simple prompt-based interfaces to structured frameworks incorporating retrieval-aug-
mented generation (S2, S7) or configurable back-end prompting architectures (S15). Several studies 
explicitly explore structured prompt frameworks as part of curricular design (e.g., S2, S12, S13), indi-
cating emerging efforts to formalize prompting within instructional sequences. Overall, the findings 
reveal strong experimentation and technical diversification in how LLMs are introduced into second-
ary classrooms. However, while pedagogical use cases are numerous and contextually varied, conver-
gence toward standardized instructional models remains limited. 

RQ4: WHAT CHALLENGES, LIMITATIONS, OR EDUCATIONAL NEEDS ARISE 
IN TRAINING STUDENTS – AND POTENTIALLY TEACHERS – TO USE LLMS 
RESPONSIBLY IN HIGH SCHOOL SETTINGS? 
Several studies explicitly address challenges related to the responsible and pedagogically sound inte-
gration of LLMs in secondary education. As shown in Figure 5, only 38% of the reviewed studies 
fully engage with this dimension, while the majority address it only partially. Recurring concerns in-
clude limited student awareness of model limitations, risks of over-reliance, accessibility constraints, 
and the need for structured guidance for both students and teachers. For instance, S1 highlights how 
members of the Deaf and Hard-of-Hearing community engage with LLMs under specific accessibil-
ity conditions, underscoring the importance of inclusive prompt design and tailored user support. 
Similarly, S18 acknowledges that although ChatGPT can serve as a powerful instructional aid, stu-
dents require explicit instruction to develop critical and responsible interaction practices. Technical 
limitations are also emphasized. S6 identifies well-known issues such as hallucinations and token con-
straints, noting that awareness of these limitations should form part of LLM literacy training. S17, 
while demonstrating the instructional value of LLM-generated analogies, cautions against passive 
consumption of AI-generated content without adequate teacher mediation. Likewise, S16 reports 
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high levels of student satisfaction but also identifies cognitive overload and the necessity of explicit 
scaffolding during prompt construction. Structured teacher facilitation is further reinforced in S4, 
where collaborative AI-supported learning produced positive outcomes under guided instructional 
conditions. Collectively, these findings suggest that while secondary students are capable of interact-
ing productively with generative AI systems, responsible use does not emerge spontaneously. Instead, 
it requires intentional pedagogical framing, explicit scaffolding, and teacher preparation. The rela-
tively limited number of studies that fully address this dimension reveals a structural gap between 
technological adoption and the development of coherent ethical and instructional frameworks for 
prompt-based interaction. 

DISCUSSION 
SUMMARY OF RESULTS 
A key distinction emerging from this systematic literature review concerns the different educational 
roles attributed to prompt engineering across the analyzed studies. In particular, RQ1 and RQ2 cap-
ture two analytically distinct but often conflated dimensions: while RQ1 addresses whether and how 
prompt engineering is framed as an explicit educational object in secondary education, RQ2 focuses 
on the cognitive and metacognitive effects associated with students’ use of prompts when interacting 
with large language models. Overall, the review reveals that prompt engineering is gaining visibility in 
secondary education research, but its integration remains fragmented and weakly formalized. With 
respect to RQ1, only a limited number of studies explicitly conceptualize prompt engineering as a 
learning objective or instructional content (e.g., S12, S16, S21). More frequently, prompt-related prac-
tices are embedded implicitly within task-oriented activities, without clear pedagogical framing, cur-
ricular positioning, or assessment criteria. As a result, prompt engineering is rarely presented to stu-
dents as a reflective competence connected to AI literacy or metacognitive regulation.  

In contrast, findings related to RQ2 suggest that several studies acknowledge cognitive and metacog-
nitive implications of prompt use (e.g., S4, S13, S20 for measurable learning outcomes; S16, S21 for 
reflective and affective indicators). These include increased reflection, iterative reasoning, awareness 
of task formulation, and perceived agency in human–AI interaction. However, such effects are typi-
cally inferred from qualitative observations or indirect indicators rather than systematically measured 
through validated instruments or longitudinal designs. This imbalance indicates that prompt engi-
neering is more often valued for its functional impact on learning processes than intentionally de-
signed as an object of teaching and reflection.  

Regarding RQ3, the disciplinary distribution of studies shows that prompt engineering is most fre-
quently explored within specific subject areas, such as computer science, language learning, and 
STEM education. While this disciplinary grounding provides valuable contextual insights, it rein-
forces the tendency to treat prompt engineering as a domain-specific technique rather than as a 
cross-cutting educational competence applicable across curricula. The overlap observed between 
RQ1 and RQ3 reflects a limitation of the existing literature – where prompt engineering is embedded 
within disciplinary applications – rather than a weakness of the analytical framework adopted in this 
review.  
Finally, RQ4 highlights that ethical considerations and responsible AI use are commonly mentioned 
but rarely operationalized. Although concerns related to bias, transparency, over-reliance, and ac-
countability are acknowledged (e.g., S17, S18), few studies propose concrete pedagogical strategies, 
classroom practices, or institutional policies to address these issues in structured ways. Ethical reflec-
tion thus appears more as a peripheral discourse than as an integrated component of prompt engi-
neering education. Taken together, these findings suggest that prompt engineering in secondary edu-
cation is currently positioned at the intersection of emerging practice and underdeveloped pedagogy. 
In summary, RQ1 and RQ4 reveal limited and uneven pedagogical formalization, RQ2 shows prom-
ising but methodologically heterogeneous evidence of cognitive impact, and RQ3 demonstrates 
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strong disciplinary experimentation without convergence toward shared instructional models. The 
following sections discuss the broader theoretical and pedagogical implications emerging from these 
findings. 

ALIGNMENT WITH INSTITUTIONAL AND POLICY TRENDS 
From an educational technology perspective, the observed fragmentation contrasts with the growing 
international emphasis on AI literacy and responsible AI use in schools. Several institutional initia-
tives underscore the need for educational approaches that explicitly address students’ interactions 
with AI systems. The Rome Call for AI Ethics, promoted by the Pontifical Academy for Life, em-
phasizes principles such as transparency, inclusion, accountability, impartiality, and safety (Pontifical 
Academy for Life, 2020). Similarly, UNESCO’s guidance on generative AI in education advocates a 
human-centered, equity-oriented approach (UNESCO, 2023). More recently, the OECD and the Eu-
ropean Commission have proposed an AI literacy framework to equip learners with the knowledge, 
skills, and attitudes to navigate AI-mediated environments responsibly (OECD and European Com-
mission, 2025). Despite this policy momentum, our analysis reveals a persistent disconnect between 
institutional aspirations and educational practice. Ethical principles are seldom translated into con-
crete instructional designs or classroom-level interventions. In particular, the absence of explicit ped-
agogical framing for prompt engineering (RQ1) limits the ability to systematically address ethical 
awareness and responsible use (RQ4). This misalignment suggests that without recognizing prompt 
engineering as an educational object in its own right, ethical considerations are likely to remain mar-
ginal and inconsistently addressed. 

IMPLICATIONS FOR EDUCATORS AND STAKEHOLDERS 
The implications of this review are primarily conceptual and pedagogical rather than prescriptive. 
From a theoretical perspective, the findings support interpreting prompt engineering as a metacogni-
tive and socio-technical competence situated within emerging AI literacy frameworks. Prompt con-
struction requires learners to plan, monitor, and revise their interaction strategies when engaging with 
generative systems, aligning with models of self-regulated learning and epistemic agency. Framing 
prompt engineering in this way strengthens its conceptual positioning beyond a purely technical in-
teraction skill. First, the findings highlight the need to move beyond treating prompt engineering as a 
purely technical or instrumental skill. Instead, prompt engineering should be framed as a mediating 
practice through which students negotiate agency, feedback, and knowledge construction in AI-sup-
ported learning environments. For educators, this shift implies the necessity of developing instruc-
tional strategies that make prompt design explicit, discussable, and assessable. Teachers require pro-
fessional development opportunities that support their understanding of how prompts shape AI out-
puts, influence epistemic authority, and mediate learning processes. More broadly, collaboration be-
tween educators, educational technologists, and policymakers is essential to designing coherent cur-
ricular frameworks that integrate prompt engineering within AI literacy initiatives. Furthermore, rec-
ognizing the socio-technical nature of large language models is crucial. Prompts are not neutral in-
puts: they encode assumptions, frame problems, and can amplify biases. Supporting students in criti-
cally reflecting on their prompts can therefore foster more responsible, transparent, and reflective en-
gagements with generative AI systems. 

LIMITATIONS OF THE REVIEW 
The limitations of this review largely reflect the current state of research on prompt engineering in 
secondary education. Although a comprehensive search strategy was employed across multiple aca-
demic databases, some relevant studies, particularly recent or unpublished work, may not have been 
captured. Additionally, the qualitative coding of studies in relation to the research questions involves 
interpretive judgment and may introduce subjectivity. Moreover, the limited availability of standard-
ized measures to assess prompt engineering skills, metacognitive outcomes, or ethical awareness con-
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strained systematic comparisons across studies. These limitations should be interpreted not as weak-
nesses of individual contributions, but as indicators of an emerging research area that has not yet 
reached methodological consolidation. 

DIRECTIONS FOR FUTURE RESEARCH  
Based on the gaps identified in this review, several directions for future research emerge. First, there 
is a clear need for empirical and longitudinal studies that investigate how students learn to formulate, 
evaluate, and revise prompts across different disciplines and educational contexts. Such studies 
should explicitly operationalize prompt engineering as a learning objective rather than treating it as an 
implicit practice. 

Second, future work should focus on developing validated assessment tools that capture both the 
quality of prompts and associated cognitive, metacognitive, and ethical dimensions. 

Finally, stronger alignment between educational research and policy initiatives is required to produce 
scalable curricular frameworks that integrate prompt engineering within broader AI literacy and re-
sponsible AI education agendas. 

CONCLUSIONS 
SUMMARY OF FINDINGS 
This systematic review examined how prompt engineering is conceptualized, implemented, and eval-
uated in secondary education. The findings indicate that while prompt engineering is increasingly pre-
sent in classroom practice, it remains inconsistently framed as an explicit pedagogical objective. Evi-
dence of cognitive and metacognitive benefits is emerging but methodologically heterogeneous, and 
ethical considerations, though frequently acknowledged, are rarely operationalized through structured 
instructional models. Overall, the literature reflects strong experimentation with large language mod-
els across disciplinary contexts, yet limited convergence toward shared curricular frameworks or as-
sessment strategies. 

CONTRIBUTION OF THE STUDY 
This review contributes to the field by positioning prompt engineering not merely as a technical in-
teraction skill, but as a metacognitive and socio-technical competence situated within emerging AI 
literacy discourse. By systematically mapping how prompt engineering is addressed in secondary edu-
cation, the study clarifies structural gaps between technological adoption, pedagogical formalization, 
and ethical governance. More broadly, this review reframes prompt engineering as a pedagogical con-
struct that can be explicitly taught, analyzed, and assessed within secondary education. By synthesiz-
ing existing studies through this conceptual lens, the review highlights the need to move beyond 
treating prompting simply as a technical interaction strategy and instead consider it as part of stu-
dents’ metacognitive engagement with AI systems. This perspective suggests new directions for fu-
ture research, including the development of instructional models, assessment frameworks, and 
teacher training initiatives specifically addressing prompt-based interaction with generative AI. In this 
way, prompt engineering can be considered an educational object in its own right, rather than merely 
a peripheral tool embedded within disciplinary applications. Future research should further consoli-
date empirical evidence and develop validated assessment frameworks capable of systematically cap-
turing the cognitive, metacognitive, and ethical dimensions of prompt engineering in secondary edu-
cation. 
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