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Abstract
The advancement of large language model-based generative artificial intelligence (LLM-based GenAI) has sparked signifi-
cant interest in its potential to address challenges in computational thinking (CT) education. CT, a critical problem-solving 
approach in the digital age, encompasses elements such as abstraction, iteration, and generalisation. However, its abstract 
nature often poses barriers to meaningful teaching and learning. This paper proposes a constructionist prompting framework 
that leverages LLM-based GenAI to foster CT development through natural language programming and prompt engineering. 
By engaging learners in crafting and refining prompts, the framework aligns CT elements with five prompting principles, 
enabling learners to apply and develop CT in contextual and organic ways. A three-phase workshop is proposed to integrate 
the framework into teacher education, equipping future teachers to support learners in developing CT through interactions 
with LLM-based GenAI. The paper concludes by exploring the framework’s theoretical, practical, and social implications, 
advocating for its implementation and validation.

Keywords  Computational thinking · Constructionism · Generative artificial intelligence · Large language model · Natural 
language programming · Prompt engineering

Introduction

Computational thinking (CT) is a problem-solving approach 
that draws on key elements, such as abstraction, algorithm 
design, decomposition, generalisation, and iteration, to 
address complex problems (Brennan & Resnick, 2012; 
Wing, 2006; Yadav et al., 2016). While it involves formulat-
ing solutions that computers can execute, it is fundamentally 
a human cognitive process that aids in understanding and 
solving problems across various domains, with or without 
the use of technology (Wing, 2011). CT promotes logical 
reasoning, systematic thinking, and creativity, making it a 
valuable skill for dealing with real-world challenges (Gada-
nidis, 2017). The integration of CT into education is increas-
ingly recognised as essential for preparing learners to engage 

with emerging technologies and thrive in the digital age 
(Department of Education, 2013; Department of Education 
& Skills, 2022; Fagerlund et al., 2022; Seow et al., 2019). 
For example, CT has been regarded as a key skill to criti-
cally and effectively use and improve AI models and systems 
(Asunda et al., 2023; Gadanidis, 2017; Markauskaite et al., 
2022). The rapid emergence of large language model-based 
generative artificial intelligence (LLM-based GenAI) has 
made people across the globe recognise that AI presents sig-
nificant societal, economic, and ethical challenges (Maslej 
et al., 2024). In education, AI raises specific concerns, 
including academic integrity, unequal access to AI tools, 
and the responsible use of these technologies by students 
and educators (Miao & Holmes, 2023). As a result, there is 
an increasing demand for enhanced educational initiatives 
in CT to enable individuals to engage with AI technologies 
effectively and ethically (UNESCO International Bureau of 
Education, 2022).

Although the critical educational needs of CT have been 
articulated, teaching CT remains challenging (Yadav et al., 
2016; Zitouniatis et al., 2023) due to the abstract nature of its 
elements, which often feel intangible or disconnected from 
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students' real-world experiences (Benton et al., 2017; Grover 
& Basu, 2017; Millwood et al., 2018; Rich et al., 2019). 
Providing meaningful contexts for students to engage with 
CT meaningfully adds an extra layer of challenges (Chen 
et al., 2023; Xu et al., 2023b), particularly in the context of 
subject areas in K-12 classrooms (Yadav et al., 2016, 2017). 
Based on the close relationship between CT and AI, studies 
were conducted to explore the application of LLM-based 
GenAI, such as ChatGPT, to address the barriers to teach-
ing CT (Liao et al., 2024; Yilmaz & Yilmaz, 2023). The 
research findings suggested that ChatGPT can support stu-
dents’ understanding of abstract CT elements by providing 
contextual examples. ChatGPT was also found to be able to 
offer meaningful scaffolding and adaptive feedback to help 
accommodate varied learning paces and enhance motiva-
tion by reducing frustration (Liao et al., 2024; Yilmaz & 
Yilmaz, 2023). Although the findings are promising, both 
studies focused on using ChatGPT in CT education within 
the context of specific programming languages. Namely, 
students used Python in the study of Liao et al. (2024), 
while the learners used Java in the research of Yilmaz and 
Yilmaz (2023). However, CT is not merely about mastering 
a specific programming language. Instead, it encompasses 
transferable problem-solving strategies (Brennan & Resnick, 
2012; Wing, 2006; Yadav et al., 2016). To thoroughly inves-
tigate the potential of LLM-based GenAI in CT education, 
further exploration is needed to extend its application 
beyond language-specific contexts.

This theoretical paper aims to broaden the use of LLM-
based GenAI in CT education by shifting from specific 
programming languages to natural language programming 
(NLP). It focuses on interactions between learners and LLM-
based GenAI, facilitating the contextual application and 
organic development of CT. Central to this approach is the 
concept of prompt engineering (PE), which involves design-
ing clear and specific instructions to achieve desired AI 
responses (Cain, 2023; Lo, 2023b). According to Repenning 
and Grabowski (2023), prompting is an iterative process of 
writing or modifying a prompt for an AI system. Prompt-
ing extends CT by applying its core stages of abstraction, 
automation, and analysis to interactions with AI systems. 
This iterative process blends human intelligence with AI 
capabilities to solve problems. In such a process, users for-
mulate problems, create prompts, and refine outputs based 
on AI responses, collaborating with AI systems to achieve 
desirable results. Building on the work of Repenning and 
Grabowski, this paper introduces a constructionist prompt-
ing framework with five principles, presenting prompting as 
a CT educational approach. This framework is informed by 
established research on applying constructionist approaches 
in CT education (Butler & Leahy, 2021; Gero & Levin, 
2019; Kynigos & Grizioti, 2018; Muchsini et al., 2023). 
The proposed framework aims to facilitate a learner-directed 

environment where learners interact with LLM-based GenAI 
via NLP to contextually apply and naturally develop CT.

This paper begins by reviewing the concept of CT and its 
six key elements. It then discusses constructionism as a ped-
agogical paradigm in CT education and further highlights 
programming as an established constructionist approach. 
Subsequently, the paper explores the emergence of LLM-
based GenAI in education and how prompting has revived 
interest in the concept of NLP. This paper then examines 
the conceptual correspondence between the elements of CT 
and components of PE, aiming to justify that prompting can 
be regarded as a constructionist NLP approach to foster CT, 
thereby enriching the existing programming approaches 
in CT education. Building upon this foundation, the paper 
proposes a constructionist prompting framework compris-
ing five principles for fostering CT. To enhance the prac-
tical application of the framework, the following section 
introduces a three-phase workshop aimed at integrating the 
framework into pre-service teacher education. Finally, the 
paper discusses the theoretical, practical, and social implica-
tions, acknowledges the challenges inherent in this frame-
work, and calls for action to validate and develop the pro-
posed framework, with recommendations for K-12 teachers, 
teacher educators, researchers, and policymakers.

Computational Thinking

Computational thinking (CT), which was initially introduced 
by Papert (1980), has developed into a thought process for 
identifying problems and devising solutions beyond the dis-
cipline of computer science (Wing, 2006, 2011; Yadav et al., 
2016). Its importance has been widely recognised for all 
learners, regardless of whether they pursue careers as com-
puter scientists (Bati, 2022; Millwood et al., 2018; Muchsini 
et al., 2023; Yadav et al., 2016). Papert’s work, particularly 
with the LOGO programming language, established the 
foundation for CT. Through thinking about programming, 
children can develop metacognition in both programming 
and non-programming contexts (Voogt et al., 2015). While 
there is still debate over a consistent definition of CT (Butler 
& Leahy, 2021; Lyon & Magana, 2020; Tang et al., 2020), 
the CT’s elements that are widely accepted include abstrac-
tion, algorithmic thinking, decomposition, debugging, 
generalisation and iteration (Angeli et al., 2016; Ballard & 
Haroldson, 2022; Broza et al., 2023; Butler & Leahy, 2021; 
Grover & Pea, 2013; Shute et al., 2017).

Abstraction is a technique that involves distilling a prob-
lem into its essential components, thereby simplifying the 
complexity and facilitating the creation of models or rep-
resentations aimed at solving the problem more effectively 
(Yadav et al., 2016). Algorithmic thinking complements this 
by introducing a structured approach to problem-solving, 
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where a methodical, step-by-step procedure is designed to 
achieve a solution, emphasising the importance of plan-
ning, sequence, efficiency and automation (Repenning et al., 
2016; Yadav et al., 2016). Decomposition plays a key role 
by breaking down complex problems into smaller, more 
manageable parts, allowing for focused understanding and 
resolution of each component, leading to the assembly of 
these parts into a comprehensive solution (Yadav et al., 
2016, 2017). Debugging is essential in this process, focus-
ing on identifying and correcting possible errors (Brennan 
& Resnick, 2012; Kim et al., 2018). Generalisation extends 
the problem-solving capability by encouraging the identi-
fication of patterns across problems, enabling the applica-
tion of previously successful solutions to new challenges, 
thereby building upon past experiences (Bers, 2018; Bren-
nan & Resnick, 2012). Iteration enhances the refinement of 
solutions through repetitive processes, aiming for an optimal 
outcome (Brennan & Resnick, 2012; Resnick et al., 2009).

Scholars advocate for the integration of CT into K-12 cur-
riculum standards beyond its original ties to computer sci-
ence (Blikstein et al., 2014; Lee et al., 2020; Sengupta et al., 
2013; Xu et al., 2023b), emphasising its significance from 
primary education onwards due to its key role in facilitat-
ing learners’ intellectual development and problem-solving 
skills (Grover & Pea, 2013; Kong et al., 2022; Tikva & Tam-
bouris, 2021). CT can be introduced into K-12 curricula by 
embedding CT elements within existing subjects, such as 
STEM and social studies, through plugged-in and unplugged 
activities (Ballard & Haroldson, 2022; Hsu, 2024; Kirçali & 
Özdener, 2023; Tsarava et al., 2017; Xu et al., 2023b; Yadav 
et al., 2017). Integrating CT into K-12 curricula helps learn-
ers develop logical thinking, critical thinking and creativity 
(Millwood et al., 2018; Wang et al., 2022b; Xu et al., 2023b). 
Thus, more and more countries are incorporating CT into 
their curriculum standards (Seow et al., 2019), such as the 
United Kingdom (Department of Education, 2013), Finland 
(Fagerlund et al., 2022) and Ireland (Department of Educa-
tion & Skills, 2022). As countries worldwide increasingly 
adopt CT into their national curricula (Belmar, 2022), the 
United States and other countries have been called to build 
a more comprehensive national strategy to prepare students 
for a technology-driven future and maintain economic com-
petitiveness (Bers, 2018; Huang & Qiao, 2024; Kim et al., 
2018; Yadav et al., 2016).

Constructionism and Computational 
Thinking

Introduction to Constructionism

Constructionism, rooted in Seymour Papert’s adaptation of 
Jean Piaget’s constructivist theories (Rob & Rob, 2018), 

views learning as an active, learner-centred reconstructive 
process enriched by creating meaningful artefacts (Papert 
& Harel, 1991). Papert (1980) emphasised that this process 
should be deeply personal rather than a passive reception of 
information, giving learners the power to direct their own 
learning paths. Central to Papert's approach is the agency 
of learners (Csizmadia et al., 2019), highlighting the sig-
nificance of hands-on activities and the construction of 
artefacts to foster ownership, engagement and a meaning-
ful learning journey. For example, in a LOGO environment, 
children design projects such as drawing shapes or compos-
ing music—activities that are fun, engaging, and person-
ally meaningful. By connecting and reflecting on personal 
experiences to a programming task, for example, using “play 
Turtle” to relate physical movement to programming, learn-
ers gain ownership, foster creativity, and deepen their under-
standing of key concepts through active engagement (Papert, 
1980). When their programs fail to work, the resulting bugs 
become opportunities for self-reflection, promoting meta-
cognition, or “thinking about thinking” (Papert, 2005). The 
process also involves social interaction, as students share 
and discuss artefacts (Kafai, 2006), including coding and 
debugging each other's projects via peer support, thereby 
highlighting the profoundly social nature of Constructionism 
(Butler, 2007; Papert & Harel, 1991). Through its emphasis 
on active construction, collaboration and reflection, con-
structionism transforms educational practices by making 
learning a profoundly personalised, engaging and socially 
interactive process (Kynigos, 2015; Noss & Clayson, 2015).

Linking Constructionism and Computational 
Thinking

Constructionism, a pedagogical paradigm for teaching CT 
(Buteau et al., 2019), emphasises that learners effectively 
learn when they actively participate in crafting personally 
meaningful artefacts (Papert & Harel, 1991). The construc-
tionist teaching approach enables the translation of abstract 
CT elements into concrete representations through artefacts 
(Ackermann, 2001). Papert's concept of "objects to think 
with" complements this by externalising thought processes, 
thus making CT more accessible and comprehensible 
(Brennan & Resnick, 2012; Butler & Leahy, 2021). Shar-
ing these artefacts with peer learners not only stimulates 
reflective thinking toward CT (Gökçe & Yenmez, 2023) 
but also cultivates a shared knowledge base, enriching 
learners' CT through the sharing of diverse perspectives 
(Dagienė et al., 2019). This process is inherently iterative 
and incremental (Brennan & Resnick, 2012; Ulzii-Orshikh 
& Dougherty, 2020), mirroring the development of CT and 
fostering a mindset of experimentation and resilience (Tur-
kle & Papert, 1992). Moreover, constructionism pays par-
ticular attention to learner autonomy (Dagienė & Futschek, 
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2019), encouraging active decision-making and creative 
problem-solving (Cai et al., 2023). Learners are regarded 
as active agents in their educational journey. Overall, the 
constructionist approach not only aids in developing CT 
elements but also cultivates a sense of responsibility and 
ownership, making learning a profoundly engaging and 
meaningful process (Csizmadia et al., 2019).

Constructionist Programming Approaches 
to Develop Computational Thinking

There are various constructionist approaches available to 
facilitate CT development among learners at different aca-
demic levels (Buteau et al., 2019; Csizmadia et al., 2019; 
Dagienė & Futschek, 2019; Muchsini et al., 2023), including 
both plugged-in and unplugged activities (Bati, 2022; Lyon 
& Magana, 2020), which can be integrated as a cross-disci-
plinary skill beyond computer science and STEM subjects 
(Hsu, 2024; Huang & Qiao, 2024; Yadav et al., 2016). One 
of the effective approaches involves learners in the program-
ming environment (Bati, 2022; Buitrago Flórez et al., 2017), 
reflecting CT's foundational ties to computer science (Blik-
stein et al., 2014; Lee et al., 2020; Sengupta et al., 2013; Xu 
et al., 2023b). Programming is the process of communicat-
ing requirements in a computer-readable language. Program-
mers use programming languages to write instructions that 
a computer can comprehend and execute. To equip novice 
learners with the skills to use and develop CT within a pro-
gramming context, several accessible visual programming 
platforms have been made available, such as Scratch and 
MIT App Inventor (Stamatios, 2024; Trakosas et al., 2023; 
Tsarava et al., 2017). Although the introduction of visual 
programming platforms has significantly lowered the thresh-
old for learning to code, particularly in primary and second-
ary education settings (Ouahbi et al., 2015; Resnick et al., 
2009; Tsai, 2019), there is a call for more approaches to 
support the development of CT among learners with varying 
levels of prior knowledge, experience and motivation (Gero 
& Levin, 2019; Good & Howland, 2017; Ou et al., 2023; 
Zitouniatis et al., 2023).

Seeing the recent revival of AI in education (European 
Commission: European Education and Culture Executive 
Agency, 2023), CT is recognised as a key skill in the AI 
era because it enables learners to use AI tools for pro-
moting learning, problem-solving and creative thinking 
(Asunda et al., 2023; Tlili et al., 2023). Moreover, CT has 
been regarded as a fundamental component of AI literacy, 
which refers to the understanding and capability to interact 
effectively and ethically with AI technologies in both profes-
sional and everyday contexts (Celik, 2023; Ng et al., 2021; 
Walter, 2024). Specifically, CT fosters abstract, sequential, 
and decomposition thinking, along with generalisation and 
iterative thinking skills, all of which are essential for future 

professionals to comprehend, apply, design, and optimise AI 
models and systems (Asunda et al., 2023; Gadanidis, 2017; 
Huang & Qiao, 2024; Markauskaite et al., 2022).

Natural Language Programming, Prompt 
Engineering and Computational Thinking

Apply Large Language Model‑Based Generative Artificial 
Intelligence to Facilitate Natural Language Programming

The insights of Papert (1980) into AI's role in construction-
ism highlights that AI is not merely a subject to be learned 
but a medium that enhances the learning process. This per-
spective is then supported by the effectiveness of AI-based 
constructionist applications in developing CT (Ali et al., 
2019; Shamir & Levin, 2022), which illustrates the profound 
impact of integrating AI into educational settings (Kahn, 
1977). The revival of AI-based constructionism since 2017 
has seen significant efforts to improve accessible visual pro-
gramming platforms, like MIT App Inventor, by integrating 
AI-related features (Kahn & Winters, 2021), such as con-
versational AI extension (Hsu et al., 2023; Van Brummelen 
et al., 2019). This development underscores the need for 
more studies to explore how AI can support CT education 
within constructionist approaches.

LLM-based GenAI has significantly impacted the field 
of education (European Commission: European Education 
and Culture Executive Agency, 2023) since the release of 
ChatGPT 3.0 by OpenAI. ChatGPT is trained to generate 
human-like responses to help users solve a variety of tasks, 
such as answering questions, translating language, summa-
rising text and generating images (OpenAI, n.d.). Users can 
use everyday words and phrases as prompts to interact with 
ChatGPT in order to obtain desired results (Ekin, 2023). 
The natural language capacities of LLM-based GenAI can 
support learners in becoming creative and active in their 
learning journey (Cain, 2023; Klayklung et al., 2023). Fur-
thermore, the feature of using natural language as prompts 
for LLM-based GenAI has attracted attention to natural lan-
guage programming (NLP) (Feng et al., 2023; Lau & Guo, 
2023; Nguyen et al., 2024), a long-explored programming 
approach that aims to enable programmers to use natural 
language for programming computers, thereby simplify-
ing interactions between humans and computers (Biermann 
et al., 1983; Good & Howland, 2017; Mihalcea et al., 2006; 
Miller, 1981; Sebrechts & Gross, 1985). The NLP approach 
reduces the need for comprehensive programming training, 
allowing users to focus more on their objectives than on 
mastering programming languages (Capindale & Crawford, 
1990).

NLP offers significant potential to advance the program-
ming approach in CT education by enabling learners to inter-
act with computers through natural language, reducing the 
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challenges of mastering a specific programming language, 
such as understanding syntax rules and semantics (Falk 
& Mannock, 2018). NLP allows learners to focus on task 
engagement and apply CT skills in a programming envi-
ronment without the complexity of traditional program-
ming languages (Good & Howland, 2017). Furthermore, 
the recent rapid development of LLM-based GenAI may 
broaden these possibilities, facilitating the critical role 
of NLP in the programming approach of CT education 
(Denny et al., 2023a). In this context, LLM-based GenAI 
serves as a medium that enables users to program com-
puters using natural language, allowing them to generate 
desired responses without mastering the syntax rules and 
semantics of traditional programming languages (Reynolds 
& McDonell, 2021). By integrating LLM-based GenAI into 
CT education, learning becomes more interactive through 
question-and-answer sessions, which was suggested to be 
highly effective for employing NLP (Capindale & Crawford, 
1990). For instance, a study by Yilmaz and Yilmaz (2023) 
evaluated the impact of ChatGPT-supported Java program-
ming education on university students' CT development. 
The research finding suggests that ChatGPT significantly 
improved their understanding of CT elements. This result 
highlights the benefits of integrating LLM-based GenAI in 
CT education. Namely, the interactions between students and 
ChatGPT enable them to focus on applying CT elements to 
solve coding challenges without the burden of text-based 
programming complexities. Moreover, this finding aligns 
with the notion by Repenning and Grabowski (2023) that 
learners actively apply CT elements in a prompting process 
where they engage in question-and-answer interactions with 
an LLM-based GenAI system for problem-solving via for-
mulating prompts (abstraction), refining them based on AI 
responses (debugging), and iterating to achieve the desired 
outcome (iteration). This process also underscores the criti-
cal role of prompting in successfully applying LLM-based 
GenAI in educational settings (Bozkurt & Sharma, 2023; 
Walter, 2024).

Conceptual Overlap between Prompt Engineering 
and Computational Thinking

The rise of LLM-based GenAI not only impacts our imagina-
tion for future classrooms (European Commission: European 
Education and Culture Executive Agency, 2023; Bozkurt 
et al., 2023; Mohebi, 2024) but also draws increasing atten-
tion to how we prompt it to enable educational values (Boz-
kurt & Sharma, 2023; Holt, 2023). Prompt engineering (PE) 
involves designing initial inputs and refining them based on 
the AI's responses (Ekin, 2023). Research highlights that 
PE plays a key role in shaping the relevance and accuracy of 
AI responses (Denny et al., 2023a; Federiakin et al., 2024), 
focusing on the importance of structuring prompts logically, 

breaking complex queries into concise and explicit prompts, 
and iteratively refining prompts to achieve desired outcomes 
(Cain, 2023; Lo, 2023b; Oppenlaender et al., 2024). Users 
enhance AI's performance and adaptability by identifying 
patterns and adjusting prompts to address errors (Marvin 
et al., 2023). The focus of PE echoes the idea of Repenning 
and Grabowski (2023), regarding learners’ active applica-
tion of CT elements in a prompting process. PE technique 
examples include chain-of-thought prompting (Diao et al., 
2023), which encourages logical reasoning to enhance com-
plex problem-solving, and dynamic prompting (Wang et al., 
2022a), which involves iteratively adjusting prompts based 
on an LLM’s prior responses to improve its performance. 
Mastering PE fosters innovative problem-solving and effec-
tive human-AI collaboration (Sasson Lazovsky et al., 2024).

In education, PE translates into teaching and learning 
about effective prompting that leads to meaningful and 
accurate responses from LLM-based GenAI (Cain, 2023; 
Lo, 2023b). To provide a structured understanding of PE’s 
key components for educational communities, two distinct 
theoretical frameworks were proposed by Cain (2023) 
and Lo (2023b), respectively. For clarification, these two 
frameworks did not directly address PE techniques, such as 
Expert-Prompting (Xu et al., 2023a) or Generated Knowl-
edge Prompting (Liu et al., 2023). These two frameworks 
mainly focused on the fundamental components underpin-
ning PE techniques. Cain (2023) proposed three critical 
components of PE (Table 1), including content knowledge, 
critical thinking and iterative design. The CLEAR frame-
work by Lo (2023b) was built around five core components, 
including concise, logical, explicit, adaptive and reflective, to 
effectively enhance the interaction with LLM-based GenAI to 
elicit accurate and relevant responses (Table 2). This frame-
work was proposed to support information literacy education, 
aiming to help students develop critical thinking skills for 
the fast-changing AI generation. After carefully examining 
the components from the two different PE frameworks, it is 
obvious that they conceptually correspond to each of the six 
core CT elements identified earlier (Table 3).

Abstraction is a CT element that simplifies complex prob-
lems to their essential parts (Yadav et al., 2016). The concise 
and explicit components of Lo (2023b) can be mixed and 
then regarded as a form of abstraction. The concise com-
ponent suggests removing all unnecessary details to make 
a brief and precise prompt, while the explicit component 
indicates the importance of specifying the desired format, 
content, or scope of AI responses to avoid irrelevant and 
distracting responses. In other words, the concise component 
is regarded as a form of abstraction for the input side, while 
the explicit component acts as a form of abstraction for the 
output side. Furthermore, the critical thinking component of 
Cain (2023) refers to the skills of evaluating, verifying and 
questioning AI’s outputs and adjusting prompts accordingly. 
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Conceptually close to the abstraction element, learners must 
critically identify relevant details and discard unnecessary 
information during the AI response assessment process. If 
a prompt generates an irrelevant response, critical thinking 
helps the user determine which part of the prompt needs 
revision to clarify the context. In revising the prompt, the 
user abstracts the key elements necessary for the AI to focus 
on the correct context and eliminates distracting or unhelp-
ful information. The content knowledge component of Cain 
(2023) does not directly align with the abstraction element 

but forms the foundation for the abstraction element. To 
understand and identify the essential information to focus 
on when tackling a complex problem, one must possess rel-
evant content knowledge or prior experience. This allows 
one to determine what is crucial for solving the problem 
and then create specific and informed prompts. Drawing on 
the content knowledge component from Cain (2023) and the 
concise and explicit components from Lo (2023b), it is rea-
sonable to state that users need relevant prior knowledge and 
experience to help them filter out unnecessary complexity in 

Table 1   The three components of the prompt engineering framework of Cain (2023)

Component Explanation

Content knowledge This component refers to a user’s content knowledge related to the topic in question. Based on content knowledge, a user 
can craft specific and informed prompts that guide LLM-based GenAI to generate responses aligning with the user's 
goals. The procession of content knowledge is the foundation of making creative and innovative prompts which bring 
relevant and accurate LLM-based GenAI responses

Critical thinking This component represents the skills needed to evaluate, verify, and question the AI’s outputs and adjust prompts accord-
ingly. It includes detecting and correcting hallucinations, biases, inaccuracies, or inappropriate content. The critical 
thinking component acts as a bridge between content knowledge and iterative design

Iterative design This component refers to a cyclical process of planning, designing, testing and refining prompts based on the AI's 
responses. It mirrors many principles of design thinking

Table 2   The five components of the CLEAR framework (Lo, 2023b)

Component Explanation

Concise Emphasise the importance of brevity and clarity in prompts to ensure that AI language models focus on the essential aspects of the 
task. This principle helps generate more pertinent and precise responses by removing unnecessary information and ensuring the 
prompts are specific and targeted

Logical This component focuses on the significance of having a structured and coherent flow of ideas within prompts. AI models can better 
understand the context and produce more accurate and coherent outputs by receiving prompts following a natural progression and 
demonstrating the relationship between concepts

Explicit This component highlights the need for precise output specifications in prompts. This involves providing AI models with specific 
instructions about the output's desired format, content, or scope, which minimises the chances of receiving unanticipated or 
irrelevant responses

Adaptive This component underlines the importance of flexibility and customisation in prompts. It advocates experimenting with different 
formulations, phrasings and settings to find the best approach for eliciting desired responses from AI models. It encourages adapt-
ability to the model's performance and the specific requirements of each task

Reflective This component emphasises continuous evaluation and improvement of prompts based on feedback and performance assessment. 
This involves regularly analysing AI-generated content for accuracy, relevance and completeness and using insights gained to 
refine future prompts

Table 3   Mapping the conceptual correspondence between computational thinking and prompt engineering

Computational thinking elements Prompt engineering components of Cain (2023) Prompt engineering compo-
nents of  Lo (2023b)

Abstraction Content knowledge, Critical thinking Concise, Explicit
Algorithmic thinking Iterative design Logical
Debugging Critical thinking, Iterative Design Adaptive, Logical, Reflective
Decomposition Content knowledge, Iterative design Concise, Logical
Generalisation Content knowledge, Critical thinking Concise, Explicit
Iteration Iterative design Adaptive, Reflective
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a problem, input only the necessary details and specify what 
is needed from the outputs.

Algorithmic thinking is a CT element that focuses on the 
creation of step-by-step and logical problem-solving pro-
cedures (Repenning et al., 2016; Yadav et al., 2016), which 
highly overlaps with the logical component of Lo (2023b). 
Lo (2023b) suggested that prompts need to be structured 
coherently, step-by-step to ensure that an LLM-based GenAI 
tool can follow a logical path to generate relevant and proper 
responses. Moreover, the iterative design component of Cain 
(2023) involves creating a systematic approach to refining 
prompts, conceptually similar to the step-by-step process 
in algorithmic thinking. Learners may apply algorithmic 
thinking to help maintain a systematic approach to iterative 
refinement, ensuring that each change is logical and leads 
toward the desired AI response.

Debugging is a CT element that focuses on identifying, 
analysing and correcting errors that may arise (Brennan & 
Resnick, 2012; Kim et al., 2018). Similarly, Cain (2023) 
emphasised the importance of critical thinking in analysing 
and evaluating AI outputs to identify and correct inaccura-
cies or biases effectively. Once these inaccuracies and biases 
are identified, users may need to revise their previous prompt 
critically and reassess subsequent AI outputs. This process 
often involves multiple iterations of debugging that involve 
revising prompts and assessing AI responses, reflecting the 
feature of iterative design of Cain (2023). Furthermore, 
Lo (2023b) suggested PE's reflective, logical and adaptive 
components, underscoring the importance of reflecting on 
prompts' effectiveness and logically and adaptively improv-
ing them for better AI outputs. In addition, DeLiema et al. 
(2019) indicated that debugging, as a teaching activity, is 
an ideal context for fostering the development of critical 
thinking, reflective thinking, logical thinking, and adaptive 
thinking skills. In sum, the critical thinking, iterative design, 
adaptive, logical and reflective PE components share con-
ceptual similarities and connections with the CT debugging 
element.

Decomposition refers to breaking down complex prob-
lems into smaller, more manageable parts. Decomposition 
facilitates focused understanding and solutions to each part, 
leading to the assembly of these parts into a comprehensive 
solution (Yadav et al., 2016, 2017). Strong content knowl-
edge enables users to understand the context and effectively 
break down complex topics into smaller, manageable parts, 
resulting in more precise and effective prompts. The itera-
tive design component of Cain (2023) involves refining 
prompts through a process of planning, testing and subse-
quent refinement. Although Cain did not directly connect the 
iterative design component to the practice of decomposition, 
Cain indicated that the iterative design component mirrors 
many principles of design thinking. Design thinking is a 
creative process that integrates the designer's perspective 

and methodologies to develop innovative solutions that are 
user-centric, technologically feasible and commercially sus-
tainable (Brown, 2008; Serrat, 2017). The main problem is 
analysed and broken down into sub-problems during the pro-
cess. Once each is solved, the solutions are synthesised and 
evaluated to form a comprehensive solution to the original 
problem (Cross, 2004; Ho, 2001; Song et al., 2016). Thus, it 
is reasonable to believe the CT element of decomposition is 
conceptually connected to the component of iterative design 
proposed by Cain. Moreover, the concise component of Lo 
(2023b) emphasises brevity and clarity by removing super-
fluous information and focusing on the essential parts of a 
prompt. The concise component naturally aligns with the 
decomposition element, as each concise prompt addresses a 
particular aspect of a broader topic. This approach partially 
reflects the CT element of decomposition, where a complex 
problem is broken down into smaller, more manageable 
parts. Focusing on each part individually makes it easier to 
understand and solve specific aspects of the problem, ulti-
mately enabling the integration of these parts into a cohe-
sive and comprehensive solution. The logical component 
described by Lo (2023b) and the decomposition element 
are conceptually connected. When prompting LLM-based 
GenAI, users often need to break down a complex problem 
into smaller parts. These parts are then arranged logically 
for the AI to generate coherent responses. This structured 
approach helps the AI understand each part and its relation-
ships. By integrating decomposition with logical structur-
ing, the prompts create a clear roadmap for AI to generate 
relevant, coherent and accurate responses.

Generalisation emphasises identifying patterns across 
problems, enabling the application of previously success-
ful experiences to new but similar challenges (Bers, 2018; 
Brennan & Resnick, 2012). The content knowledge compo-
nent of Cain (2023) refers to a deep understanding of the 
subject matter, broadly interpreted as successful experiences 
from solving previous and similar problems. By combining 
these experiences with Cain's critical thinking component, 
one can identify commonalities between a current problem 
and previously solved issues, thereby facilitating the devel-
opment of a solution. Additionally, during the generalisa-
tion process, individuals focus on identifying the common 
or shared characteristics between the current and previous 
problems, allowing them to disregard the irrelevant details 
of each. This fact conceptually and broadly overlaps with 
the concise and explicit components of Lo (2023a, 2023b). 
Concise and explicit prompting requires removing unneces-
sary details and specifying the particular format and content 
of the response. This approach conceptually reflects the CT 
element of generalisation, which focuses on the essential 
similarities between problems and disregards irrelevant 
information. In addition, the abstraction and generalisation 
elements of CT conceptually correspond with the same set 
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of PE components: the critical thinking and content knowl-
edge components of Cain (2023) and the concise and explicit 
components of Lo (2023b). This is because the application 
of abstraction and generalisation in CT is cognitively contin-
uous throughout a problem-solving process (Tabesh, 2017) 
and conceptually interrelated (Grover & Pea, 2018).

Iteration enhances the refinement of solutions through 
repetitive processes, aiming for an optimal outcome (Bren-
nan & Resnick, 2012; Resnick et al., 2009). Cain (2023) 
described this in the component of iterative design, where 
the process of planning, designing, testing and refining is 
inherently iterative, closely aligning with the CT principle 
of continuously improving solutions through iteration. Simi-
larly, the adaptive and reflective components of Lo (2023b) 
broadly align with the iteration CT elements by emphasising 
the significance of flexibility and customisation in prompts 
and focusing on the importance of continuous evaluation and 
improvement of prompts. In summary, the PE components 
of iterative design, adaptive and reflective share conceptual 
similarities and connections with the iteration element of 
CT.

Given the substantial conceptual overlaps between 
PE components and CT elements, it is evident that the 
engagement of prompting activities can organically and 
simultaneously enable the application of CT (Repenning 
& Grabowski, 2023). However, neither the framework of 
Cain (2023) nor the framework of Lo (2023b) linked PE 
components to CT elements. Moreover, Walter (2024) sug-
gested that PE involves not only crafting effective prompts 
that elicit meaningful and accurate AI responses but also 
can be used as a pedagogical tool, offering a response to the 

advocation for more innovative approaches to developing 
CT (Gero & Levin, 2019; Good & Howland, 2017). While 
the involvement of learners in text-based and visual pro-
gramming environments to develop CT as a constructionist 
approach has been widely documented (Kong et al., 2022; 
Kotsopoulos et al., 2017; Wang et al., 2022b), the potential 
of prompting as a NLP practice in line with constructionism 
to foster CT remains largely unexplored.

Constructionist Prompting Framework

The proposed constructionist prompting framework aims 
to facilitate a learner-directed environment where learners 
prompt LLM-based GenAI, such as ChatGPT, to complete 
a learning task or solve a problem. Learners can apply and 
develop the six CT key elements in the prompting process 
contextually and naturally. The framework involves five 
core principles: meaningful prompting, iterative prompting, 
social prompting, metacognitive prompt-response analysis 
and learner-directed prompting (Fig. 1). These five princi-
ples collectively underpin interactions between learners and 
LLM-based GenAI in a constructionist learning environ-
ment, enabling learners to apply and deepen their CT con-
textually and organically. Table 4 illustrates the definition 
and example for each principle.

Meaningful Prompting

In constructionist approaches to fostering CT, learners 
actively engage in creating artefacts that hold personal 

Fig. 1   The proposed construc-
tionist prompting framework
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meaning to apply and develop CT contextually (Papert & 
Harel, 1991; Resnick et al., 2009; Wellner & Levin, 2024). 
The principle of meaningful prompting suggests that 
prompting should go beyond crafting adequate inputs for 
AI. Instead, the focus should be on how prompting and the 
resulting AI responses help learners engage with personally 
meaningful ideas, access prior knowledge, and construct 
new knowledge (Morales-Navarro et al., 2023; Van Dis 
et al., 2023; Wellner & Levin, 2024). The value of prompting 
with LLM-based GenAI lies in its potential to support learn-
ers in expressing, discovering, and making sense of ideas 
that matter to them (Denny et al., 2023b; Lo, 2023a), without 
the barriers of text-based or visual computer programming 
language (Pereira et al., 2024).

Several studies have indicated that working on person-
ally meaningful tasks effectively enhances students' interest, 
understanding, and critical use of AI technologies (Dillon 
et al., 2024; Kim & Kwon, 2024; Shamir & Levin, 2022). 
Involving students in AI-related projects that align with 
their interests and experiences enhances their engagement, 
contextually facilitating students’ application and develop-
ment of CT elements, such as abstraction, decomposition, 
generalisation and iterative refinement (Ponzini et al., 2024; 
Shamir & Levin, 2022). When using LLM-based GenAI 
for CT education, learners may create prompts to request 
AI-generated content that contains personal meaning. The 
prompts reflect their personal experiences, content knowl-
edge, interests, and goals (Cain, 2023), enabling learners to 
contextually abstract, decompose, generalise, and iteratively 
refine their ideas (Repenning & Grabowski, 2023). What is 
critical is not only the conciseness and clarity of a prompt 
(Lo, 2023b), but also how prompting supports learners in 
applying CT within meaningful contexts to explore ideas, 
construct understanding, and solve personally relevant prob-
lems when using AI (Morales-Navarro et al., 2023), thereby 
fostering the organic development of CT and the generation 
of new knowledge (Van Dis et al., 2023).

A hypothetical geography lesson was developed to serve 
as an example to illustrate the meaningful prompting princi-
ple. Four fifth-class pupils are tasked with creating a digital 
book to introduce their local community. ChatGPT is acces-
sible for the pupils to seek assistance. They may use their 
content knowledge and personal experiences to craft concise 
and explicit prompts for ChatGPT. For example, the pupils 
prompt ChatGPT to outline a digital book project, includ-
ing specific sections, such as the welcome page, the local 
landmarks and the community figures. To further make the 
project personally meaningful, the pupils prompt ChatGPT 
to include a dedicated section about their local football pitch 
where they play Gaelic football daily. They ask for details 
that capture why the pitch is unique to them, including its 
history, memorable events, and how it brings the community 
together. These prompts demonstrate how the pupils apply 

their understanding of book structure and their personal 
connection to the local community, effectively integrating 
content knowledge with prior experiences that are personally 
significant. Through this meaningful prompting process, the 
pupils engage in CT by abstracting key community elements, 
decomposing the digital book into manageable sections, and 
iterating on their prompts based on ChatGPT's responses. 
CT’s generalisation element is also applied when the pupils 
use their knowledge of reading physical books to develop the 
prompts for the digital book outline. The prompting process 
enables the pupils to apply CT in personally meaningful con-
texts, supporting the organic development of CT elements. 
More importantly, the prompting process enables pupils to 
construct new knowledge while deepening their connection 
to the local community, as they may discover new insights 
about their community through ChatGPT.

Metacognitive Prompt‑Response Analysis

A key component of constructionism is metacognition, 
often referred to as thinking about thinking (Papert & Harel, 
1991). Papert (1980) suggested that metacognitive practices, 
such as monitoring and reflecting on one’s problem-solving 
processes, play a crucial role in applying and developing 
CT elements, such as abstraction and debugging. Moreo-
ver, Yadav et al. (2022) highlighted the connections between 
metacognition and CT elements, indicating that these CT 
elements collectively contribute to the development of meta-
cognitive skills. ​Prompts and AI responses serve as objects 
to think with (Vasconcelos & Santos, 2023). These objects 
of prompts and responses act as building blocks that facili-
tate the application of CT elements, progressively paving 
the way toward the desired outcome while enhancing meta-
cognitive engagement (Chen et al., 2023). Building on this 
foundation, within interactions with LLM-based GenAI, 
users engage in and develop critical, reflective, and logical 
thinking skills contextually as they apply CT elements to 
refine prompts and evaluate AI responses. In other words, 
individuals need to critically evaluate the AI-generated 
response after creating a prompt to achieve the desired out-
come. They then reflect on the prompt and, adaptively, refine 
it to develop a more effective version, following a logical 
process (Cain, 2023; Lo, 2023b). This metacognitive process 
connects to CT practices (Yadav et al., 2022). Specifically, 
when learners analyse an AI-generated response, they debug 
by critically identifying and correcting errors or misinterpre-
tations of AI responses and refine the prompt accordingly. 
They also apply algorithmic thinking to sequence prompts 
step-by-step, ensuring logical guidance for the AI. (Cain, 
2023; Lo, 2023b; Yilmaz & Yilmaz, 2023). Abstraction is 
demonstrated when learners concentrate on essential details 
while disregarding irrelevant information when analysing AI 
responses (Repenning & Grabowski, 2023). Generalisation 
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occurs when learners apply content knowledge and prior 
experience to assist with a prompt-response analysis (Cain, 
2023).

Consider the same hypothetical digital book project to 
illustrate the principle of metacognitive prompt-response 
analysis. After reviewing the AI-generated outline, the 
pupils realise that the details in each section are insuffi-
cient. They also find that too much irrelevant content is 
generated by AI. Reflecting on their initial prompt, they 
recognise it was too vague because they failed to specify the 
level of detail required for each section. Consequently, they 
prompt ChatGPT to add more details to each section, logi-
cally adhering to the sequence of the book outline. Debug-
ging occurs as they critically evaluate the AI's responses, 
identify omissions or misinterpretations, and make adjust-
ments to their prompts. During this process, abstraction is 
evident as pupils focus on the essential details needed for 
the project while disregarding irrelevant aspects of the AI’s 
outputs. Generalisation is also employed as pupils analyse 
AI responses and refine their prompts by drawing on local 
knowledge.

Iterative Prompting Improvement

The third principle aligns closely with the view that learning 
is an iterative process (Piaget, 1952, 1954). This principle 
emphasises that a deep understanding of a subject is devel-
oped gradually through an iteratively experimental approach 
(Papert, 1980). As indicated by Turkle and Papert (1992), 
programming activities frequently require iterative refine-
ment and adaptation, underscoring the importance of explor-
ing, revising and evolving ideas. Obtaining a desirable AI 
response often involves an iterative design of prompt experi-
mentation and improvement, enabling learners to develop 
reflective, critical thinking and adaptive abilities (Repenning 
& Grabowski, 2023; Vasconcelos & dos Santos, 2023; Wal-
ter, 2024). The principle of iterative prompting improvement 
focuses on engaging iterations of refining prompts based on 
AI responses (Cain, 2023). Each iteration applies content 
knowledge and prior experience (Cain, 2023) to analyse 
AI's responses to filter unnecessary information, identify 
errors or misconceptions, and refine the original prompt 
(Repenning & Grabowski, 2023). In other words, learners 
engage in a cycle of identifying issues in the AI's response, 
refining the details of the initial prompt, testing the revised 
prompt, and iterating further. To effectively carry out this 
process, they must apply algorithmic thinking to establish a 
clear and logical approach for navigating the iterative cycle 
(Yilmaz & Yilmaz, 2023), ensuring the final AI response 
is high-quality and relevant (Guo & Lee, 2023). From a 
project-wide perspective, each iterative cycle of prompt-
ing improvement contributes to completing a decomposed 
task or resolving a smaller problem within a larger project 

(Yilmaz & Yilmaz, 2023). By achieving the best possible 
outcome from each cycle, the collective results lead to the 
successful completion of the entire project.

Continuing with the previous digital book project as an 
example, after reviewing the details of each section gener-
ated by ChatGPT, the pupils might notice that the descrip-
tions lack specificity. For instance, in the section on local 
landmarks, ChatGPT provides vague suggestions, such as 
including detailed descriptions and histories of significant 
sites like old buildings, parks, museums or monuments. 
Additionally, ChatGPT unnecessarily uses a national land-
mark as an example to illustrate its suggestion. The pupils 
may realise that they need to explicitly include the names of 
real, local landmarks in their next prompt to generate more 
targeted responses. They should also incorporate descrip-
tions of these local landmarks, drawing on what they learned 
in history lessons, to provide ChatGPT with a better under-
standing of their local community. In the next iteration of 
prompting, the pupils supply ChatGPT with details about 
the local landmarks and request that this information be inte-
grated into its response.

Social Prompting

The social aspect of constructionism places significant 
emphasis on the nature of learning that occurs within a social 
context (Papert, 1980). Papert and Harel (1991) emphasise 
that constructing artefacts enables learners to manifest their 
understanding concretely. These artefacts, open to observa-
tion, discussion and peer review, create a rich CT learn-
ing environment (Butler & Leahy, 2021), where learners’ 
application of CT elements and metacognitive thinking can 
be examined and scaffolded by a more knowledgeable other 
(Vygotsky, 1978; Wood et al., 1976), such as a peer (Lee 
et al., 2023), a teacher (Sun et al., 2023) or an AI system 
(Kahn & Winters, 2021). Sharing artefacts fosters the exter-
nalisation of thoughts and invites diverse perspectives and 
feedback, thereby enhancing metacognitive thinking (Wang 
et al., 2024) and the development of CT in a collaborative 
setting (Ackermann, 2001).

The social prompting principle suggests that prompts 
serve as artefacts to facilitate and stimulate the sharing of 
thoughts and ideas between human beings and between 
humans and AI (Baidoo-Anu & Ansah, 2023). In addition 
to its constructionist root, this principle draws on the per-
spective of Repenning and Grabowski (2023) that prompting 
is a social process where a community of users showcase 
examples and share suggestions to promote the productivity 
of working with AI systems. At the core of this principle, 
prompts become tangible representations of abstract CT ele-
ments and are accessible for sharing, discussion, and scaf-
folding. AI outputs act as a visual medium to convey abstract 
ideas, fostering mutual understanding and facilitating 
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consensus. This allows peers to analyse and refine prompts 
collaboratively (Han et al., 2024). The teacher's role is that 
of a scaffolder who facilitates and supports learners to create 
meaningful prompts, critically reflect on the AI responses 
and adaptively refine prompts to obtain valid AI responses 
(Chen et al., 2023; Gentile et al., 2023). Moreover, interact-
ing with AI can also be regarded as a form of the social 
prompting principle. AI can scaffold learners' application 
of CT elements by providing real-time and customised feed-
back (Liao et al., 2024)​, enabling learners to reflect on their 
thought processes, enhancing their metacognitive thinking 
and fostering a deeper understanding of CT elements (Tikva 
& Tambouris, 2023)​.

The social prompting principle focuses on facilitating a 
collaborative environment where learners can externalise 
and improve their use of CT elements through dialogue, 
feedback, reflection, and shared AI inputs and outputs. To 
be specific, abstraction and generalisation are strengthened 
and become a collaborative practice when learners share 
strategies for concisely and explicitly prompting ChatGPT 
to generate desirable responses (Lo, 2023b). These strategies 
are then tested and refined in different contexts, leading to 
the development of improved prompting techniques. Regard-
ing decomposition, social interactions encourage breaking 
down problems into manageable parts, with peers, teachers 
or AI systems suggesting practical ways to deal with each 
part. The elements of algorithmic thinking, debugging, and 
iteration can be enhanced through multiple brainstorming 
sessions focused on discussing logical strategies to refine 
solutions for complex problems encountered during learn-
ing tasks.

In the digital book project example, after inputting spe-
cific landmark names and related historical facts into Chat-
GPT, the pupils receive a section containing several local 
landmarks, each with a detailed description. Upon reviewing 
the AI response, one pupil observes that the section presents 
the landmarks in a random and disorganised manner, leading 
them to ask group members for ideas on how to make the 
presentation more straightforward. When the group strug-
gles to reach a consensus, they seek advice from their class-
room teacher. The teacher suggests that the pupils check 
how other groups have organised their digital books. After 
reviewing their peers' work and engaging in discussions, 
the pupils notice that one group has structured their digital 
book on the community’s environmental issues by divid-
ing them into natural and human-made categories. Inspired 
by this approach, they prompt ChatGPT to categorise their 
landmark section into natural and human subsections. They 
then agree to divide the group, with two members working 
on each subsection. This example illustrates the principle 
of social prompting by showing how pupils reflect on an 
AI-generated output, use teacher scaffolding, observe peer 
practice, abstract and generalise peer insights to refine their 

prompt and collaborate to improve the presentation. The pro-
cess demonstrates the application of abstraction, algorith-
mic thinking, decomposition, debugging, generalisation and 
iteration as the pupils adapt a peer’s insight to iteratively and 
logically refine their work and divide the landmark section 
into two interrelated subsections, with two team members 
working on each subsection.

Learner‑Directed Prompting

A key component of constructionism is learners' agency 
(Papert, 1980). It recognises learners as active participants 
in their learning journey. This perspective underscores the 
importance of actively engaging learners in creating arte-
facts (Csizmadia et al., 2019). The principle of learner-
directed prompting emphasises empowering learners to 
take ownership of their prompts, encouraging responsibility 
and independence in analysing AI responses to refine future 
prompts. It highlights the student's active and independent 
role in prompting LLM-based GenAI to address their unique 
requirements (Hartley et al., 2024). Learner agency plays 
a critical role in constructionist approaches, as it empow-
ers students to actively create and refine AI-powered appli-
cations, fostering a deeper understanding of CT elements 
while encouraging independence and critical engagement 
with technology (Kahn & Winters, 2021; Morales-Nav-
arro et al., 2023). The proposed constructionist prompting 
approach enables students to be independent and actively 
involved in decision-making throughout their interactions 
with LLM-based GenAI tools (Gundu & Chibaya, 2024). 
Such independence and autonomy are crucial for fostering 
CT development and creating a learning environment that 
encourages active participation and independent thinking 
(Csizmadia et al., 2019). For instance, in the digital book 
project example, the pupils have the freedom to decide how 
to prompt ChatGPT and whether to use its responses to sup-
port their digital book project.

Collective Application of the Five Principles

The five constructionist prompting principles conceptually 
reinforce one another, collectively facilitating CT applica-
tion and development when learners interact with LLM-
based GenAI (Fig. 1). Meaningful prompting provides a 
foundation for engagement by situating a problem or a 
task in personally relevant contexts (Resnick et al., 2009), 
motivating learners to abstract key elements, decompose 
complex problems, and logically deal with each smaller 
problem (Denny et al., 2023b) and enabling the construc-
tion of new knowledge (Van Dis et al., 2023). This princi-
ple supports another principle of metacognitive prompt-
response analysis, as learners are also motivated to reflect 
on their prompts and AI responses (Denny et al., 2023b), 
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critically evaluating AI responses and debugging prompts 
(Repenning & Grabowski, 2023). The principle of itera-
tive prompting improvement builds on these metacognitive 
reflections (Chan, 2024), enabling learners to reflectively, 
and logically refine their prompts, mirroring the iterative 
nature of CT (Repenning & Grabowski, 2023). Moreover, 
iterative prompting improvement benefits from meaningful 
prompting, as personally relevant tasks motivate learn-
ers to persist through iterations of AI response analysis 
and prompt improvement (Shin et al., 2021). The social 
prompting principle further strengthens the three princi-
ples of meaningful prompting, iterative prompt improve-
ment and metacognitive prompt-response analysis by fos-
tering peer collaboration and scaffolding (Repenning & 
Grabowski, 2023), allowing learners to share experiences, 
seek advice and receive support from more knowledge-
able others (Resnick et al., 2009), which can facilitate a 
more meaningful prompting, deeper AI response analysis 
and effective prompt refinement. Finally, learner-directed 
prompting ties the four principles together by encouraging 
autonomy (Csizmadia et al., 2019), enabling learners to 
make decisions about their prompts and how they incorpo-
rate feedback from AI, peers, and teachers. Together, these 
principles co-create a systematic approach to support CT 
elements' contextual and organic application and devel-
opment (Denny et al., 2023b; Repenning & Grabowski, 
2023).

Promote the Constructionist Prompting 
Framework in Pre‑Service Teacher Education

The previous section illustrates each key principle of the pro-
posed framework using a hypothetical digital book example 
from the perspective of learners in primary education. This 
section focuses on its practical application, specifically equip-
ping pre-service teachers to implement the constructionist 
prompting framework in secondary education. This section 
outlines a three-phase workshop that teacher educators can 
adapt to prepare pre-service teachers to apply the five construc-
tionist prompting principles to design learning activities with 
LLM-based GenAI to facilitate learners’ contextual application 
and organic development of CT elements (Table 5).

Phase One: Introduction to Computational 
Thinking, Constructionist Programming Approaches 
and Prompt Engineering

The first phase focuses on building foundational knowl-
edge by introducing pre-service teachers to CT and its key 
elements, constructionist programming approaches to CT 
education, the use of LLM-based GenAI tools in educa-
tion, and key components in PE. At the beginning of this 
phase, pre-service teachers attend a brief lecture covering 
the fundamentals of CT. This includes its critical role in 

Table 5   Workshop Overview

Phase Focus Area Description of Activities

Phase One Introduction to Computational Thinking, Constructionist 
Approaches and Prompt Engineering

Introduce pre-service teachers to CT and its key elements, 
constructionist programming approaches to CT education, the 
use of LLM-based GenAI tools in education, and key compo-
nents in PE through lectures and interactive demonstrations. 
An end-of-phase discussion to raise the pre-service teachers’ 
awareness of the conceptual overlaps between CT and PE. 
They also discuss how LLM-based GenAI can be applied to 
support the planning of constructionist activities within the 
context of subject areas

Phase Two Scaffolded AI-based Lesson Planning Activity The pre-service teachers work in pairs on a scaffolded les-
son planning activity with LLM-based GenAI. This activity 
contextualises the CT key elements and is underpinned by the 
constructionist prompting framework. The pre-service teachers 
are scaffolded to reflect on their use of CT during interactions 
with AI to develop a deeper understanding of the conceptual 
connections between CT and PE. The pre-service teachers’ 
awareness of the five constructionist prompting principles is 
developed via an end-of-phase whole-class discussion

Phase Three Collaborative Design of Constructionist Prompting Learning 
Activity

The pre-service teachers collaborate to design lessons grounded 
in the five constructionist prompting principles. They reflect 
on and document how the planned learning activities align 
with each principle and support learners in applying and 
developing the CT key elements, subject knowledge, and 
skills. A final presentation provides an opportunity for feed-
back to refine the lesson designs further
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preparing learners for an uncertain future, its six key ele-
ments, and constructionist programming approaches in CT 
education. The initial lecture also introduces LLM-based 
GenAI tools, their applications in education, and the con-
cept of prompting. The lecture then combines interactive 
demonstrations to showcase how logical, concise, and 
explicit prompts and iterative prompt refinement (Cain, 
2023; Lo, 2023) can influence the quality of AI-generated 
lesson plans (Hsu et al., 2024; Kehoe, 2023; Lee & Zhai, 
2024; van den Berg & du Plessis, 2023). After the lecture, 
the pre-service teachers are paired to discuss how the CT 
key elements can be applied contextually in a prompting 
process (Repenning & Grabowski, 2023). This discussion 
aims to help the pre-service teachers identify the concep-
tual overlaps between CT and PE. The pre-service teachers 
also discuss how LLM-based GenAI can be used to support 
the planning of constructionist activities that promote the 
application and development of CT within the context of 
subject areas (Yadav et al., 2017). In summary, this phase 
equips pre-service teachers with the theoretical foundations 
to effectively use LLM-based GenAI tools to design con-
structionist prompting learning activities for CT education 
in the subsequent phases.

Phase Two: Scaffolded Artificial Intelligence‑Based 
Lesson Planning Activity

In the second phase, pre-service teachers participate in a 
scaffolded, AI-based lesson planning activity. Working in 
pairs, they use an LLM-based GenAI tool to design a les-
son where learners must apply subject knowledge and skills 
to solve real-world problems. This activity aims to enable 
pre-service teachers to apply CT via prompting, deepening 
their understanding of the conceptual connections between 
CT and PE. Moreover, this activity is underpinned by 
the constructionist prompting framework, which aims to 
engage the pre-service teachers with the five construction-
ist prompting principles in a contextualised manner. The 
principle of meaningful prompting guides the pre-service 
teachers in developing AI-generated lesson materials using 
their subject expertise or reflecting personal interests. For 
example, pre-service mathematics teachers interested in 
indoor room design could prompt ChatGPT to create a 
lesson plan where students deal with a geometry problem 
with real-world applications, such as designing a floor plan 
based on specific measurements. Through metacognitive 
prompt-response analysis, iterative prompting improve-
ment and social prompting, the pre-service teachers reflect 
on their prompts based on feedback from AI responses and 
refine their prompts as needed, with additional support from 
teacher educators or more knowledgeable peers when neces-
sary. Pair discussions reinforce social prompting by encour-
aging pair members to share ideas, strategies, and feedback. 

Prompts and AI-generated outputs are treated as collabora-
tive artefacts, enabling pre-service teachers to externalise 
their thought processes and learn from each other’s insights. 
Furthermore, learner-directed prompting is emphasised as 
pre-service teachers take ownership of their prompts and 
decisions, experimenting with different strategies to achieve 
desired AI outputs.

Simultaneously, the teacher educators scaffold the pre-
service teachers to document and reflect on their experi-
ence in analysing AI responses and refining prompts. 
Moreover, the pre-service teachers are required to record 
and reflect on how they apply the CT key elements dur-
ing the prompt-response analysis and prompt-improvement 
process (Chen et al., 2023), establishing a clear connection 
between prompting practices and applying the CT elements. 
For instance, the pre-service teachers might recognise their 
use of abstraction when focusing on essential details while 
disregarding irrelevant information during the analysis of AI 
responses (Repenning & Grabowski, 2023).

At the end of this phase, the pre-service teachers pre-
sent their designed lesson. They share their experiences of 
prompting, analysing AI responses, refining prompts, and 
reflecting on how they applied the CT key elements while 
working with AI. Following the presentation, the teacher 
educators revisit the constructionist approaches in CT edu-
cation in the first phase and lead a whole-class discussion. 
This discussion aims to scaffold the pre-service teachers to 
generate the five constructionist prompting principles, draw-
ing on their own lesson planning experience with an LLM-
based GenAI tool.

In summary, this phase engages pre-service teachers in 
AI-based lesson planning, enabling them to apply the CT 
elements contextually through prompting while deeply 
experiencing the five constructionist prompting principles. 
Additionally, it strengthens their understanding of the con-
ceptual connections between PE practices and the CT ele-
ments, facilitated through hands-on experience and reflective 
practice.

Phase Three: Collaborative Design of Constructionist 
Prompting Learning Activity

The final phase focuses on deepening engagement with the 
constructionist prompting framework. In this phase, the 
pre-service teachers collaborate to create a construction-
ist prompting learning activity in the context of subject 
areas, as the hypothetical digital book project exemplifies. 
The pre-service teachers form a group of three or four to 
design a lesson plan where learners work with an LLM-
based GenAI tool to solve a meaningful real-world problem. 
The planned lesson should engage the five constructionist 
prompting principles to facilitate learners’ contextual appli-
cation and organic development of the CT key elements and 
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subject knowledge and skills. For example, a group of pre-
service teachers might create a lesson where students use 
ChatGPT to design an AI-driven recycling bin capable of 
sorting waste, using STEM knowledge and skills (Ng et al., 
2024). In addition to lesson planning, student teachers must 
document how their designs align with each of the five con-
structionist prompting principles. They must also explain 
how learners apply specific CT key elements, subject knowl-
edge, and skills at various stages of working with LLM-
based GenAI. For instance, learners might apply the itera-
tion element and engineering knowledge to refine prompts 
for designing a recycling bin that automatically sorts and 
compresses waste. By the end of this phase, the pre-service 
teachers present their completed lesson plans, demonstrat-
ing how their designs foster the development of the CT key 
elements, subject knowledge and skills in alignment with the 
constructionist prompting framework. The teacher educa-
tors moderate peer feedback and provide overall comments. 
In summary, this phase builds pre-service teachers’ compe-
tency and confidence in using the constructionist prompting 
framework to design CT learning activities. These activities 
enable learners to work with LLM-based GenAI to solve 
meaningful real-world problems, allowing them to apply CT 
and subject knowledge and skills in context while fostering 
their organic development.

Conclusion

CT is a critical skill in the AI era (Asunda et al., 2023; 
Repenning & Grabowski, 2023; Yilmaz & Yilmaz, 2023). 
Programming, as an established constructionist approach to 
CT education, has been widely recognised and empirically 
validated for its effectiveness (Fagerlund et al., 2021; Kyni-
gos & Grizioti, 2018; Wong & Cheung, 2020). LLM-based 
GenAI tools, by understanding and generating human-like 
text (Klayklung et al., 2023), democratise programming 
by allowing individuals to express and exchange compu-
tational ideas in natural language, thereby reducing the 
barriers posed by text-based or visual programming lan-
guages (Capindale & Crawford, 1990; Falk & Mannock, 
2018). Interacting with LLM-based GenAI tools enables 
learners to experiment with and iterate on their CT ele-
ments more intuitively and collaboratively. Constructionism 
posits that learning is most effective when individuals are 
engaged in constructing an artefact, fostering an environ-
ment where learners actively, meaningfully, reflectively, 
iteratively and socially construct knowledge (Papert, 1980, 
2005). This article suggests that prompts can be regarded 
as objects to think with and, therefore, proposes a con-
structionist prompting framework that incorporates five 
principles: meaningful prompting, metacognitive prompt-
response analysis, iterative prompting improvement, social 

prompting and learner-directed prompting. By integrating 
these principles, interactions between learners and LLM-
based GenAI facilitate a constructionist learning environ-
ment where learners apply and develop CT contextually 
and organically.

The proposed constructionist prompting framework has 
theoretical, practical and social implications. It enriches the 
theoretical underpinnings of AI in education. Ouyang and 
Jiao (2021) identified three paradigms of AI in education, 
with the second focusing on the aspect that AI and learn-
ers work together throughout the learning process. This 
paradigm is rooted in cognitive and social constructivism, 
which suggests that learning occurs when a learner interacts 
with people, information and technology in socially situ-
ated contexts. The proposed framework expands the sec-
ond paradigm’s theoretical basis from cognitive and social 
constructivism to constructionism by articulating prompting 
as a constructionist approach. Regarding the framework’s 
practical implication, teacher educators can adapt the pro-
posed three-phase workshop to align with their pre-service 
teacher education programmes or in-service teacher profes-
sional development workshops to implement the proposed 
framework. This adapted implementation equips future and 
current teachers to apply the proposed framework in design-
ing CT teaching and learning activities with LLM-based 
GenAI, particularly for K-12 subject areas. For example, 
a pre-service or in-service teacher could be scaffolded and 
enabled to design a middle-school mathematics lesson where 
students are tasked with creating a city park. This kind of 
project would challenge learners to creatively incorporate 
a variety of geometric shapes, such as circular fountains, 
rectangular picnic areas, and triangular flower beds, into 
their designs. The learners are also tasked to consider how 
these shapes can serve practical and aesthetic purposes in the 
park's layout. Additionally, the students may use ChatGPT 
to brainstorm and refine their designs, promoting human-to-
human and human-to-AI collaboration while reinforcing CT 
elements and subject-specific learning objectives. Finally, 
the proposed framework has significant social implications. 
Integrating CT into K-12 education equips learners with a 
transferable problem-solving mindset and skill set, enabling 
them to use and improve technology effectively, critically, 
and ethically (Angevine et al., 2017; Wing, 2006; Yadav 
et al., 2016). Moreover, CT has been widely regarded as the 
foundation for AI literacy, which is crucial for the respon-
sible and effective use of AI (Celik, 2023; Ng et al., 2021; 
Walter, 2024). By fostering CT, the proposed framework not 
only cultivates a future-ready workforce but also supports 
informed, ethical, civic engagement and responsibility in 
the digital age (Bati, 2022; Fagerlund et al., 2021; Millwood 
et al., 2018; Yadav et al., 2016).

Moreover, with the emergence of multimodal LLM-based 
GenAI tools such as Midjourney for text-to-image, Suno for 
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text-to-music and Google Sora for text-to-video, the prod-
ucts of interactions between learners and AI are not limited 
to text but also include images, audio and video. The pro-
posed framework, which leverages the application of LLM-
based GenAI, may facilitate the application and development 
of CT in multimodal settings. Additionally, although the pro-
posed framework focuses on the application of LLM-based 
GenAI and presents it as an alternative to text-based and 
visual programming approaches in CT education, it does not 
exclude the use of LLM-based GenAI tools to support text-
based and visual programming approaches in CT education. 
For example, Yilmaz and Yilmaz (2023) found that access 
to ChatGPT in the Java programming environment results in 
statistically significantly better CT development than those 
without ChatGPT access. Furthermore, it is possible to use 
LLM-based GenAI tools alongside visual programming 
platforms. For example, learners could ask ChatGPT for 
guidance on using Scratch to create a 30-s animation about 
the story of the Three Little Pigs. ChatGPT can provide text-
based guidance rather than supplying the exact code blocks.

There are several challenges associated with implement-
ing the proposed framework, even though a three-phase 
workshop has been outlined in this article. First, the use of 
natural language for programming not only brings oppor-
tunities but also challenges due to the inherent ambiguity, 
vagueness, high variability and contextual dependence of 
human language (Feng et al., 2023; Good & Howland, 2017; 
Miller, 1981; Nguyen et al., 2024). These features of natural 
language may lead to unsatisfactory responses from LLM-
based GenAI. To address this, learners could engage in a 
constructive discussion before prompting to ensure their 
ideas are expressed concisely and explicitly. Furthermore, 
due to the novelty of LLM-based GenAI tools, it is unlikely 
that the majority of pre-service and in-service teachers have 
received training on how to use these tools effectively (The 
Open Innovation Team and Department for Education, 2024; 
Mishra et al., 2024). Therefore, training in the use of LLM-
based GenAI tools is a prerequisite for employing the pro-
posed framework, which could be integrated into pre-service 
teacher education and professional development workshops 
for in-service teachers. Additionally, it is acknowledged that 
providers of LLM-based GenAI tools, such as OpenAI, use 
prompting data to train their AI models, which may raise 
concerns regarding data privacy and protection (Yan et al., 
2024). To mitigate this, learners should avoid providing 
personal or identifiable information when interacting with 
LLM-based GenAI. If avoiding the use of personal data is 
less feasible, opting for localised LLM-based GenAI tools, 
such as Chat with RTX by Nvidia (Clayton, 2024), could 
be considered. Lastly, concerns about AI-generated mis-
information and biases require careful attention (Pradana 
et al., 2023). These issues may be addressed with the help 
of teachers and teacher educators and by emphasising the 

importance of critical thinking and information triangula-
tion when interacting with LLM-based GenAI tools (Hsu, 
2023; Walter, 2024).

K-12 teachers, teacher educators, and researchers are 
recommended to implement and validate the proposed 
framework for CT development at various academic levels. 
In addition, future actions could compare this study’s con-
structionist prompting approach with other constructionist 
approaches that involve text-based and visual programming 
regarding CT development. A mixed research method is rec-
ommended to assess changes in CT before and after engage-
ment with the proposed prompting framework. In addition 
to employing a CT self-reported questionnaire, such as the 
one developed by Korkmaz et al. (2017), applying obser-
vation and interview methods to identify the relationship 
between prompting and CT elements may be beneficial. 
A mixed research method approach may help explain how 
engagement in prompting activities facilitates the applica-
tion and development of learners' CT. Finally, to support 
the implementation and validation of the proposed frame-
work, policymakers can establish clear AI ethical guidelines, 
fund teacher training aligned with the proposed framework, 
invest in internet and computer infrastructure, and facili-
tate collaborations among K-12 teachers, teacher educators 
and researchers to ensure the effective implementation and 
evaluation of the proposed framework.
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