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Generative AI-Enhanced Learning Experiences for
Computational Thinking: A Systematic Scoping

Review and Design Guidelines

Abstract

Computational thinking (CT) skills are crucial to teach. The rise of Genera-

tive AI could potentially revolutionize the teaching of these skills by changing

learning experiences and outcomes. Educators are rapidly integrating these

tools into their educational activities; however, the best practices for doing

so remain unclear. Existing reviews on GenAI are either too broad in re-

gards to studying specific tools such as ChatGPT for learning, or too limited

in terms of studying computational thinking with a focus on programming.

As such, this paper aims to summarize existing knowledge and extract best

practices and avenues for future research and practice around GenAI and

computational thinking skills. Our contributions are two-fold: 1) Insights

from a systematic scoping review of studies examining the use of GenAI

to support the teaching of CT skills in diverse contexts and their reported

learning outcomes, 2) Design guidelines to inform effective use of GenAI in

CT education for pedagogic practice. Our results reveal a young but rapidly

growing research field, with most interventions focusing on undergraduate

students and basic programming tasks, often using off-the-shelf tools with

limited integration. GenAI is typically used as a coder, tutor, debugger, or

ideator, with mixed effects on learning outcomes. A key challenge is the ten-
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sion between overreliance by beginners, who may offload thinking to GenAI,

and under-utilization by advanced learners in complex projects. We derive

seven guidelines to provide actionable recommendations from the findings

to effectively integrate GenAI for CT while minimizing associated risks and

guiding responsible AI use in education, while also suggesting directions to

inform the design of future systems and CT pedagogies.

1. Introduction

A little more than two years ago, the conversational agent revolution

seemed a distant hype. However, with the release of Generative Artificial

Intelligence (GenAI)-enabled agents such as ChatGPT, released in late 2022,

the world was provided with a proof-of-concept showing the potential (and

risks) of future conversational systems. Conversational agents are increas-

ingly integrated in various domains from healthcare to education, utilizing

the human-like capabilities of GenAI that ride the latest “AI wave” (Schöbel

et al., 2024). As such, this type of interaction shows promise and deserves

to be investigated in more detail. The literature on conversational agents

itself is still nascent, and several important challenges remain. For instance,

it is important to measure and assess these agents more holistically to de-

termine their actual benefits to users (Følstad et al., 2021). This evaluation

should take into consideration aspects such as usefulness, efficiency, and pro-

cess support (Følstad et al., 2021; Rapp et al., 2021), as well as psychological

outcomes such as motivation, anxiety, performance, and perception of using

these systems (Okonkwo and Ade-Ibijola, 2021). Despite the growing num-

ber of studies on user experience with these technologies, there is a lack of
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standardized definitions, metrics, and validated scales for evaluating key as-

pects of conversational agents, and a lack of commonly applied approaches

to evaluation (Følstad et al., 2021).

1.1. Conversational agents as learning technologies

In the educational context, a recent review of the literature shows an expo-

nentially growing interest in the use of conversational agents since 2016 (Okonkwo

and Ade-Ibijola, 2021). These agents can assist with content integration,

providing quick access to educational information, increasing motivation and

engagement, allowing multiple users to access the system at the same time,

and providing immediate assistance (Okonkwo and Ade-Ibijola, 2021). They

have been successfully implemented in various educational contexts, aiding

in time-saving (Ranoliya et al., 2017), maximizing student learning abilities,

and increasing student engagement (Clarizia et al., 2018). Conversational

agents have also been designed and deployed to function as virtual assistants

helping with administrative and academic tasks (Sinha et al., 2020) or an-

swering frequently asked questions (FAQs) to personalize and enrich the user

experience (Peyton and Unnikrishnan, 2023; Ranoliya et al., 2017; Sethi and

Farhana, 2020).

The rise of GenAI has elevated the usefulness and value of such agents,

as it enables the development of personalized learning experiences that cater

to individual student needs, resulting in enhanced learning outcomes (Su

and Yang, 2023; Ouaazki et al., 2024). It also boosts efficiency and pro-

ductivity by facilitating task automation and encouraging human-AI col-

laboration (Sun et al., 2024; Peña-Fernández et al., 2023). Recent reviews,

including a systematic review and meta-analysis by Deng et al. (Deng et al.,
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2024), suggest that ChatGPT interventions, primarily in university class-

rooms, may support academic performance, motivation, and higher-order

thinking, while potentially reducing cognitive load. However, the strength of

such early evidence remains contested. For instance, Weidlich et al. (Weidlich

and Gašević, 2025) raised concerns about the methodological limitations of

studies included in such meta-analyses, noting issues such as the absence of

random assignment, power analyses, and pre-tests, as well as broader con-

ceptual ambiguities in study designs. A recent study also showed that while

tools such as ChatGPT can improve short-term task performance, they may

not boost knowledge gain and transfer, and may trigger metacognitive lazi-

ness (Fan et al., 2025), recommending GenAI integration in teaching and

learning be done with caution.

1.2. GenAI and computational thinking abilities

One aspect of education that is particularly impacted by the GenAI revo-

lution is the teaching and learning of computational thinking (CT) skills. CT

has been touted as a fundamental skill to be added to one’s analytical ability

as it involves "solving problems, designing systems, and understanding hu-

man behavior, by drawing on the concepts fundamental to computer science"

(Wing and M, 2006). With many definitions and identified elements of CT,

such as abstraction, generalization, decomposition, algorithmic thinking, and

debugging (Angeli et al., 2016; Hsu, 2025), the need to incorporate CT in

curricula is highlighted across educational contexts for learners of different

age groups. The relevance of this particular topic stems from the fact that

with the massive digital transformation of our lives, teaching CT abilities has

become crucial for all students, not just those who wish to become software
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engineers or computer scientists (Wing and Jeannette, 2011).

With GenAI, conversational agents have significant potential for under-

standing, reviewing, revising, and creating code across languages (Denny

et al., 2024), and are thought to become major game changers for program-

ming. These agents are now used by many developers, fundamentally chang-

ing their development processes and workflows (Khemka and Houck, 2024;

Stack Overflow, 2023). They have the potential to shift how we conceptu-

alize programming, towards humans as “relegated to, at best, a supervisory

role”, overseeing AI generated software (Welsh and Matt, 2022). As such,

CT skills, i.e., the ability to structure a real-life problem in a way that al-

lows for its automation, are not obsolete in themselves. In this context,

existing literature has investigated how GenAI can be used in different com-

putational thinking learning scenarios and courses, such as data-oriented

programming, Python for data analysis, and software testing (Yilmaz and

Yilmaz, 2023; Ouaazki et al., 2023; Gottipati et al., 2023) However, learner

interactions with technologies might need revising in this context, including

towards learning experiences that integrate conversational agents, and learn-

ing objectives that focus on quality control of AI-generated code rather than

low-level code creation (Denny et al., 2024).

While computational thinking has never been solely about programming,

its emphasis on higher-order problem-solving skills becomes even more criti-

cal in the context of GenAI integration, both to fully leverage this technology

and to navigate its ethical implications. Because CT underpins how people

evaluate evidence, reason with data, and critically judge outputs, exploring

how GenAI transforms CT education is timely and consequential. GenAI
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may shift learners from constructing reasoning to curating and verifying it,

as it can reorient critical thinking toward oversight rather than primary con-

tent generation Lee et al. (2025). However, it is important to understand how

this shift influences learners’ longer-term reasoning capabilities, particularly

if they outsource these core processes completely or have fewer opportunities

to develop them in the first place. Developing CT (independent of GenAI

support) may therefore offer a “last-mile” pathway to societal impact, with

the potential to support more informed decision-making beyond the univer-

sity and widen access to digital reasoning skills that shape participation in

technology-rich futures.

1.3. Study contribution

This study aims to support educators and researchers better understand

the landscape of GenAI in the particular context of teaching CT skills. More

specifically, this literature review addresses the following research questions:

• RQ1: In which contexts are GenAI solutions for teaching CT skills

deployed?

• RQ2: What types of GenAI solutions for teaching CT skills have been

developed?

• RQ3: How mature are GenAI solutions for teaching CT skills in terms

of their evaluation?

• RQ4: What concerns and limitations are reported about the use of

GenAI solutions for teaching CT skills, and what recommendations

have been proposed for their optimal use?
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The study then builds on the findings to provide actionable guidelines to

help educators in their practice and to help academics to set their research

agendas, as well as to sketch directions for how CT education may need to

evolve in response to the growing capabilities of GenAI.

Even though several recent literature reviews have examined the broader

educational impact of GenAI, none has yet provided a specific investigation

into the design of GenAI enhanced learning experiences for CT skills. For in-

stance, Deng et al.’s meta-analysis focused on ChatGPT’s effects on general

student learning outcomes (Deng et al., 2024), Batista et al.’s synthesis re-

viewed GenAI use in higher education (Batista et al., 2024), and Ariza et al.

examined its use in general engineering education (Ariza et al., 2025). Oth-

ers are more targeted to computational thinking, but more limited in scope,

with Cambaz providing a short review on programming instruction (Cambaz

and Zhang, 2024), and Garcia et al. conducting a rapid review on computer

programming focus on programming instruction (Garcia and B, 2025).

It should be noted that in our contribution, we do not aim to evaluate the

effectiveness of GenAI learning experiences based on outcomes. Given the

limited and uneven quality of empirical evidence in this emerging field (Wei-

dlich and Gašević, 2025), the causal implications of some of the reviews that

have attempted to do so are contested, as their methodologies make it hard

to assess the quality of the primary studies they map out (Weidlich and Gaše-

vić, 2025). In contrast, the present review aims to map the current landscape

of GenAI use in CT education. It focuses on the types of solutions devel-

oped, the contexts in which they were deployed, their evaluation maturity,

how learners engaged with them, and the learning outcomes reported. It
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also offers structured insights into their limitations and provides guidelines

for effective use.

2. Methodology

The study follows a structured systematic scoping review process, based

on PRISMA guidelines (Takkouche and Norman, 2011) to identify and an-

alyze research at the intersection of GenAI and CT, selecting studies that

report on learning outcomes. The methodology consists of four main phases:

literature search, screening filter, eligibility evaluation, and analysis.

2.1. Literature Search

To ensure comprehensive coverage of relevant studies, we conducted a

systematic literature search across six academic databases: ACM Digital Li-

brary, AIS eLibrary, DBLP, IEEE Xplore, EBSCOHost, and Scopus. The

search used each database’s default settings. In ACM and AIS eLibrary,

queries targeted the full text. In IEEE Xplore, they covered metadata fields

such as abstracts, indexing terms, and bibliographic data. In EBSCOHost,

the search included title, abstract, subject headings, and keywords. In Sco-

pus, it was limited to title, abstract, and keywords. The search query was for-

mulated using three main categories of keywords: (1) Generative AI-related

terms, (2) Computational thinking-related terms, and (3) Learning-related

terms. Table 1 presents the terms used for each category. The query was

applied to all selected databases, filtering results to include peer-reviewed

journal articles and conference papers. The search was conducted in Octo-

ber 2024 without any filter on the publication year and yielded a total of

1,198 articles.
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Category Search Terms

Generative AI Generative AI, Large Language Model, ChatGPT, Copilot

Computational

Thinking

Computational Thinking, Algorithm Design, Problem Decom-

position, Pattern Recognition, Abstraction, Programming,

Coding, Software Development

Learning Learning Outcomes, Student Performance, Academic Achieve-

ment, Educational Assessment, Assessment Scores, Exam Per-

formance, Grades

Table 1: Search terms used in the systematic literature review

2.2. Screening Process

After removing duplicates and records not representing individual articles

(e.g., full proceedings volumes), 633 articles remained for title and abstract

screening. During this stage, we excluded 576 records that did not include

a combination of GenAI use, CT concepts, and learning outcomes. This

ensured our selection aligned with the study’s scope, which centers on the

intersection of these three elements. Finally, we sought to retrieve the full

text of the remaining 57 articles. Of these, three were excluded due to

unavailability (n = 1) or because they were not peer reviewed (n = 2).

2.3. Eligibility Assessment and Inclusion

A total of 56 reports underwent full-text eligibility assessment. Selections

were further refined by excluding articles that were not written in English

(n = 1), consisted only of an abstract with no full content available (n =

4), or did not report on learning outcomes despite covering GenAI and CT

concepts (n = 11). Ultimately, 38 studies met all inclusion criteria and were

included in the final synthesis. These studies form the basis of our analysis
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on the landscape of GenAI use in the context of CT to support learning

outcomes. Figure 1 shows a PRISMA flow diagram depicting the selection

process in full.

Records identified :
ACM Digital Library (n = 719)

EBSCO HOST (n = 201)
AIS eLibrary (n = 121)

Scopus (n = 73)
DBLP (n = 53)

IEEE Xplore (n = 29)
(N = 1198)

Records removed before
screening:

Duplicate records removed 
(n = 193)

Records which are not 
individual articles, such as full 

proceedings (n = 372)

Records selected for 
screening on title and 

abstract
(N = 633)

Reports sought for retrieval
(N = 57)

Records excluded:
No GenAI, CT concepts or 

learning outcomes
(n = 576)

Report excluded
Not found (n = 1)

Not peer-reviewed (n=2)

Reports assessed for 
eligibility based on full text

(N = 56)

Report excluded: 
Full text not in english (n = 1)
Only abstract present (n = 4)

No learning outcomes (n = 11)

Studies included
(N = 38)

Id
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Figure 1: Selection process of papers for the literature review

2.4. Analysis Procedure

The selected papers were analyzed using a concept-centric approach (Web-

ster and Watson). A coding framework was developed to capture key aspects

of how GenAI is used in teaching and learning computational thinking.

The framework included several dimensions, such as the learning context

(who the learners were, course types, and learning activities), how AI was

integrated (from simple tools to fully embedded solutions), and the different
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roles AI played (such as coding assistant, tutor, or idea generator). The re-

search designs and evaluation methods used in each study were also coded,

covering approaches like experiments, within-subject studies, and observa-

tions.

The coding process was iterative and performed by two coders. As the

analysis progressed, categories were added or adjusted to better reflect the

variety of approaches and designs found in the studies. Any unclear cases or

overlaps were discussed and resolved to ensure consistency. Once coding was

complete, the data were used to build a synthesis that helped organize the

studies, compare them, and prepare for identifying trends and research gaps

in the next steps of the review. The synthesis phase integrated these coded

elements to identify key research trends, recurring challenges, and avenues

for future investigation, including recommendations to guide the educational

use of Generative AI.

3. Results

In the corpus, CT concepts were primarily represented through the broader

term programming, which appeared in 33 papers (87%). Among the core CT

constructs defined by Wing and Jeannette (2011), algorithm design was the

most frequently observed (n = 24, 63%), followed by abstraction (n = 8,

21%), decomposition (n = 5, 13%), while pattern recognition was only rarely

mentioned (n = 2, 5%).

Algorithm design was typically operationalized through tasks requiring

learners to produce executable solutions, sometimes under constraints such

as passing test cases or meeting performance requirements such as memory
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or time limits, e.g. Qureshi and Basit (2023), Yang et al. (2024a). Decompo-

sition was reflected in programming activities where learners were required

to break down complex problems into smaller subgoals and, when relevant,

interact with GenAI systems iteratively for each part of the solution, e.g.

Vadaparty et al. (2024), Liao et al. (2024). Abstraction was operationalized

through tasks requiring learners to reduce problem complexity by focusing

on essential features while ignoring unnecessary details in order to formulate

solutions, e.g. Ouaazki et al. (2024), Liao et al. (2024). Pattern recognition,

although occasionally mentioned, was not accompanied by explicit descrip-

tions of how it was operationalized in learning tasks.

GenAI interactions were used either to engage with specific computa-

tional thinking (CT) concepts or with CT as a broader, unified construct.

For algorithm design, students used GenAI agents in two main ways: either

to generate an algorithmic solution to a given problem, e.g. Ouaazki et al.

(2024); Qureshi and Basit (2023), or to obtain feedback and suggestions for

improving algorithms they had already developed, e.g. Liao et al. (2024);

Yilmaz and Yilmaz (2023). For decomposition, most studies suggest that

learners remain primarily responsible for breaking down problems into sub-

components before leveraging GenAI to implement these parts, e.g. Liao

et al. (2024), Vadaparty et al. (2024). However, Kazemitabaar et al. (2024)

note that large language models can also support the decomposition process

itself. For abstraction and pattern recognition, the corpus provides limited

explicit evidence on how GenAI supports these specific CT dimensions, as

they are generally addressed implicitly within broader computational think-

ing activities rather than as distinct, targeted interactions.
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In the following, we present a detailed analysis of the corpus structured

along our four research questions, focusing on context, solution, evaluation,

along with risks and recommendations. Figure 2 provides an overview of the

distribution of the corpus per year and publisher. Given the recency of the

topic, the studies were mainly published between 2023 and 2024. Table 2

shows an overview of all results.

2023 2024
Publication year
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Figure 2: Distribution of publications in the corpus per year and publisher

3.1. Learning Context

To answer RQ1, we provide descriptions of the learning contexts discussed

in the reviewed literature.

3.1.1. Learners

The majority of studies (n = 28, 74%) focused on undergraduate students,

followed by master’s students (n = 5, 13%). Only three studies (8%) involved

younger learners, including one study that focused on high school students

((Abolnejadian et al., 2024)), and another that recruited even younger partic-

ipants. The latter recruited 69 youth aged 10-17 (M = 12.4SD = 1.8) from
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participants of coding camps in two cities, and resulted in two publications

(Kazemitabaar et al., 2024, 2023).

3.1.2. Course subject

The studies reviewed covered a variety of courses dedicated to improving

computational thinking skills. These courses can be grouped into three key

thematic categories: general introduction, basic programming, and advanced

programming. General introduction studies (8 papers, 21%) were conducted

in general IT or mathematics courses, where computational thinking skills

were only peripheral to the main content. More specifically, 3 studies (8%)

focused on mathematics, algebra, and scientific computing, while 5 studies

(13%) focused on general introductory courses, such as Information Tech-

nology, Digital Business, or AI in Everyday Life. Furthermore, multiple

studies (n = 12, 32%) were conducted in courses that explicitly teach basic

programming. Finally, a large proportion of papers (n = 14, 37%) covered

more advanced or specialized topics, such as object-oriented programming,

web development, networking, cybersecurity, and software design. Several

of these advanced courses were explicitly about data science, covering Data

Analysis in Engineering, Data-Oriented Programming, Data Structures and

Algorithms, as well as database courses such as SQL.

Figure 3 visualizes the learning contexts covered with a heatmap showing

the educational levels of learners and types of courses. It shows that most

studies target undergraduate learners, especially in advanced courses, with

basic and general courses also well represented, while teens and graduate stu-

dents are less frequently addressed. Note that three studies provide learning

experiences that are not targeted at a specific course and as such are not
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represented in Figure 3.

Teen Undergraduate Graduate
Educational Level

General

Basic

Advanced

C
ou

rs
es

7 1

1 8 1

11 3
2

4

6

8

10

Figure 3: Studies mapped by Educational Level and Course Type

3.1.3. Learning Experiences

The reviewed studies implemented a variety of learning experiences. As

shown in Figure 4, most studies focused on individual learning, where learners

completed assignments independently (n = 26, 68%). Eleven studies (29%)

targeted collaborative learning, involving two or more students working to-

gether. Some of these were explicitly structured as pair programming, where

two learners work together at one computer, one writing code while the other

reviews and guides, and peer instruction, where learners explain concepts to

one another to reinforce understanding. While most papers explored the use

of GenAI in traditional learning classrooms, 2 studies (5%) described inter-

ventions in flipped classrooms, where students prepare content before class

and consolidate their knowledge through in-class activities.
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Teen Undergraduate Graduate
Educational Level

Individual Learning

Group Learning

Le
ar

ni
ng

2 19 5

1 8 2 5

10

15

Figure 4: Studies mapped by Educational Level and Learning Experience

3.2. GenAI Solutions

To answer RQ2, we analyzed the GenAI solutions presented in the liter-

ature to support the above-mentioned learning experiences.

3.2.1. Models

Figure 5 shows the main GenAI models used in the reviewed studies. The

majority of studies used an OpenAI GPT model accessed directly through

the ChatGPT interface (n = 20, 53%). Many studies also use OpenAI’s

GPT models via API access (n = 15, 40%). GitHub Copilot is used in 4

studies (11%), while other studies reported using OpenAI’s Codex (n = 2,

5%), or EleutherAI’s GPT-J-6B (n = 1, 3%). It is worth noting that model

counts are not mutually exclusive, as a single paper in our coding could

include more than one GenAI model. The concentration of OpenAI-based

products in the reviewed studies is not surprising, as OpenAI’s GPT models,

whether accessed through the ChatGPT interface or via API, were among the

first widely adopted GenAI tools in education (Baig and Yadegaridehkordi,

2024). As a result, the current evidence base is largely shaped by OpenAI-
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based systems rather than reflecting the full diversity of emerging GenAI

tools, including Claude and Gemini, that are increasingly gaining traction.

We also acknowledge recent developments in agentic AI systems in education

Kostopoulos et al. (2025), in which models can autonomously plan, execute,

and iterate on multi-step tasks; however, these fall outside the scope of the

corpus considered in this review, given the search timeline.

Codex Copilot GPT API ChatGPT
Family

0.0

2.5

5.0

7.5

10.0

12.5

15.0

17.5

20.0

Nu
m

be
r o

f M
od

el
s

Model
OpenAI ChatGPT
OpenAI ChatGPT-3.5
OpenAI GPT-3.5
Github Copilot
OpenAI GPT-3.5-turbo
OpenAI GPT-4
OpenAI Codex
EleutherAI GPT-J-6B
OpenAI GPT-3

Figure 5: Distribution of LLM types used in the studies

3.2.2. Learning experience integration

In terms of integration with the learning experience, there have been three

levels of integration within the curriculum reported in the studies.

Level 1 - Tool-as-is (No contextual integration). On the first level, many

studies simply involved allowing students to use off-the-shelf GenAI tools

(mainly ChatGPT) as a support (n = 21, 55%). Sometimes, students were

given a prompt that they can use in the system (n = 5, 13%). At this level,

the students had to choose the GenAI tool themselves and provide it with all

necessary information through user prompts, as the tool had no awareness

of the learning context.
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Level 2 - Basic platform integration. At the second level, some studies in-

tegrated a GenAI tool into a learning system used in the course (n = 15,

39%), typically by adding a GenAI-enabled conversational agent to an ex-

isting interface. These agents were prompt-tuned in a basic way, receiving

general behavioral instructions and limited contextual information. For ex-

ample, in (Rajala et al., 2023), a chatbot named Kiran was embedded in

Microsoft Teams, allowing students to ask curriculum-related questions. At

the first level, and in all but two studies at the second level, user interaction

with GenAI took place through open, unrestricted chat conversations. The

remaining two studies at the second level restricted interactions to predefined

options, such as button clicks, rather than allowing free-text input.

Level 3 - Advanced platform integration. At the third level, the GenAI tool

is fully integrated into the system, with access to the assignment context,

students’ live code, and the reference solutions (n = 9, 24%). As such, the

system could act as a tutor, as illustrated in the prompt shown in Figure 6.

At this level, the model could also be personalized according to the spe-

cific background of the student, including their age, location, grade, and

IQ (Abolnejadian et al., 2024) as shown in Figure 7. In this particular study

targeting teens, and in several other fully integrated solutions (n = 6 in to-

tal, 16%), interaction with the GenAI tool was limited to simple clicks rather

than open-ended input.

Figure 8 presents a heatmap showing the distribution of studies across

different levels of GenAI integration and educational levels of learners. It

shows that most studies focus on undergraduate students with Level 1 in-

tegration (n = 16, 42%). Additionally, Figure 9 shows that project-based
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Act as a programming tutor and give informal feedback

in [language] to the student.

The exercise description is the following:

[description]

The students code looks like that at the moment:

[current code]

Do not provide a code solution.

The optimal solution should look like that:

[solution]

Important: Do not provide code.

Figure 6: Example of a full integration fine-tuned prompt by (Frankford et al., 2024).

Act as an introductory programming teacher who teaches Python.

I am a AGE year old student in GRADE grade from a school with SCHOOL

utilities and a CITY prestige city.

My GPA is GPA out of 20, and my math score is MATH out of 20.

I got an IQ out of 100 scores on an IQ test.

I PROGRAMMING.

Tailor your answers to the specific background that I provided.

Figure 7: Example of a full integration fine-tuned prompt with personalization by Abol-

nejadian et al. (2024).

studies did not implement any integration of Level 3, and only two stud-

ies have Level 2 integration. One of these two studies investigated Copilot

within VScode (Vadaparty et al., 2024), while the other used the integration

of Level 2 for its exercise-based assignment and integration of Level 1 for its
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project-based assignment (Ouaazki et al., 2024).

Level 1 Level 2 Level 3
Integration Level

Teen

Undergraduate

Graduate

Ed
uc

at
io

na
l L

ev
el

1 2

16 5 5

4 1
2.5

5.0

7.5

10.0

12.5

15.0

Figure 8: Studies mapped by Integration and Educational Levels

Level 1 Level 2 Level 3
Integration Level

Exercise-Based

Project-Based

Le
ar

ni
ng

15 7 9

4 2

2

4

6

8

10

12

14

Figure 9: Studies mapped by Integration level and Learning Experience

3.2.3. GenAI Role

Across the reviewed literature, many papers (n = 25, 66%) explicitly

described how GenAI tools supported learners in their computational think-

ing processes. We inductively categorized these uses into four main roles:

Coder, Tutor, Debugger, and Ideator. These categories capture the diverse

ways learners engaged with GenAI, ranging from conceptual support and
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error correction to code generation and idea exploration. In the following

paragraphs, we describe each category in detail.

Coder. Using GenAI as a coder that performs implementation tasks was the

most frequently reported category, mentioned across 22 papers (58%). Learn-

ers engaged with GenAI primarily to transform their ideas into executable

programs (e.g., (Yang et al., 2024b; Xue et al., 2024; Vadaparty et al., 2024;

Ouaazki et al., 2024). In many cases, this involved generating new code or

assembling complete solutions with the assistance of the tool. GenAI also

supported learners in modifying existing code, enabling them to adapt or

refine outputs based on evolving needs (e.g., (Lyu et al., 2024; Kazemitabaar

et al., 2024)). Some papers reported the use of GenAI for optimizing code,

helping learners improve efficiency or structure (e.g., (Groothuijsen et al.,

2024; Kosar et al., 2024)). GenAI assisted in solving individual components

or multiple parts of a larger task, guiding learners through the step-by-step

development of a complete solution (e.g., (Margulieux et al., 2024)).

Tutor. GenAI was used as a tutor that helps learners understand the material

at hand in 19 papers (50%). Learners used GenAI to deepen their grasp

of programming concepts, clarify problem statements, and make sense of

unfamiliar code. Interactions often involved asking for explanations, seeking

feedback, or comparing different approaches to enhance comprehension. For

instance, (Gottipati et al., 2023) illustrated an understanding use through a

sensemaking interaction, where learners engaged in decision-making informed

by ChatGPT’s responses. Similarly, (Rajala et al., 2023) reported that the

tool provided new perspectives and tutoring support, helping learners deepen

their subject understanding. GenAI was also used to support conceptual
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understanding by helping learners test hypotheses and explore alternative

solutions (e.g., (Yang et al., 2024b)). GenAI tools also supported learners in

understanding how to effectively decompose problems, guiding their efforts

toward structured and manageable solutions (e.g., (Liao et al., 2024)).

Debugger. Debugging tasks were another common use case of GenAI, with 11

coded instances across 11 papers (29%). Learners turned to GenAI to iden-

tify and correct errors in their code, benefiting from the tool’s ability to ana-

lyze outputs, suggest fixes, and explain potential issues (e.g., (Kazemitabaar

et al., 2024; Jošt et al., 2024; Padiyath et al., 2024)). GenAI supported both

the detection of bugs and the repair of faulty logic or syntax (e.g., (Ouaazki

et al., 2024; Kazemitabaar et al., 2024)).

Ideator. GenAI was used as an ideator that helped learners with creative

tasks for CT across 5 papers (13%). It reflects how GenAI supported learners

in generating original ideas, exploring alternative solutions, and expanding

their problem-solving approaches. Several studies highlighted GenAI’s role

in helping learners formulate new directions or subgoals during task comple-

tion, encouraging a more open-ended and exploratory mindset (e.g., (Rajala

et al., 2023; Kazemitabaar et al., 2024)). Other examples emphasized learn-

ers’ ability to ask novel questions and pursue unconventional strategies with

the support of the tool (e.g., (Yilmaz and Yilmaz, 2023)). In some cases, cre-

ativity emerged through reciprocal prompting, where the learner and GenAI

co-constructed new ideas or directions (e.g., (Katavic et al., 2023)). GenAI

was also used to support creativity in how learners approached and struc-

tured their problem-solving processes, such as wayfinding, where learners in-

teracted with ChatGPT to create a knowledge pipeline by asking questions,
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and innovation in exploring new directions (e.g., (Gottipati et al., 2023)).

3.3. Evaluation

To answer RQ3, we analyzed the different empirical evaluation methods

and results found in the literature. In the following, we discuss the study

types and metrics used.

3.3.1. Study Types

The reviewed studies employed various research methodologies, including

randomized controlled trials (RCTs), quasi-experimental designs, and obser-

vational studies. It should be noted that all but two evaluation setups have

taken place in authentic educational settings.

Randomized controlled trials. Multiple studies (n = 6, 16%) implemented

RCTs to test the impact of GenAI based on a control and experimental

condition where participants are randomly assigned. This design allowed

investigating the effect of the interventions in controlled conditions, mini-

mizing the effects of external variables. For instance, in (Yilmaz and Yilmaz,

2023), participants were randomly divided into a control and experimental

group completing activities such as weekly hands-on Java programming as-

signments (with or without ChatGPT support), to test their differences in

computational thinking, computer programming self-efficacy, and learning

motivation.

Quasi-experimental designs. Many studies (n = 8, 21%) implemented inter-

ventions using quasi-experimental designs, with a control and an experimen-

tal group that were not randomly assigned, but assigned based on a set of
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predefined rules. For instance, in (Kazemitabaar et al., 2023), participants

were divided into two groups using a matched-groups design, ensuring that

both groups had similar means and variances based on their pre-test scores

on a programming assignment.

Within-subject experiments. A large body of studies (n = 17, 45%) was based

on field experiments using a within-subject design studying the impact of

GenAI use on participants. For example, in (Yang et al., 2024b), students

were interviewed and participated in think-aloud debugging tasks at three

points throughout the semester, allowing researchers to track changes in help-

seeking behavior and perceived learning over time.

Observational studies without intervention. This category includes studies

that collect data without implementing an intervention (n = 5, 13%). It is

based on surveys distributed to participants to collect quantitative data, or

interviews to gather qualitative insights. These studies aim to describe the

effects of GenAI on CT skills without manipulating variables. For instance,

(Padiyath et al., 2024) surveyed students after coursework to examine their

attitudes and use of LLMs, followed by interviews to explore adoption con-

texts and experiences with AI tools like ChatGPT in programming classes.

3.3.2. Collected Measures and Outcomes

Many measures have been used across different studies. Most data were

collected through custom assignments and surveys, along with additional

methods such as logs, eye-tracking, and screen recordings. We have catego-

rized them into four categories, which we detail below. We also examined

the specific outcomes associated with each measure, coding whether the pa-
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pers reported a positive impact, a negative impact, no difference, or did not

measure/mention an effect. The results of this coding are shown in Table 2.

Learning outcomes. Metrics related to learning outcomes relevant to CT were

collected in all reviewed articles. The learning outcomes mostly assessed

student performance through tests, assignments and exams (n = 30, 79%).

These tests targeted measures such as accuracy scores, completion rates and

time spent on exercises. For example, Ohm et al. (2024) measured learn-

ing outcomes through weekly assignments and final exam grades, along with

transfer scores that assessed the learner’s capacity to apply acquired knowl-

edge to novel problems or contexts.

Additionally, complementary aspects of learning such as perceived compu-

tational thinking skills, engagement, confidence and creativity were assessed

using self-reported measurements (n = 12, 32%). These were evaluated ei-

ther using custom questionnaires made for the specific context of the study

(n = 9, 24%) or standard scales (n = 4, 11%) such as the Computational

Thinking scale (Tsai et al., 2021), and the Interaction and Cognitive En-

gagement in Connectivist Learning scale Wang et al. (2014). For instance,

in (Yilmaz and Yilmaz, 2023) and (Liao et al., 2024), learning was assessed

using the Computational Thinking Skills scale, which focuses on algorithmic

thinking, creativity, and critical thinking. This diversity of measurement

approaches highlights the lack of standardized methods for assessing compu-

tational thinking in GenAI-supported learning contexts, calling for greater

standardization in future research.

Overall, 25 papers (66%) reported improvements in learning outcomes in-

cluding performance measures such as exam scores, completion and submis-
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sion rates, and self-reported measures such as perceived learning, confidence,

creativity and computational thinking levels. Six papers (16%) reported

decreases in learning outcomes such as final exam grades and transfer and

reproduction skills. Finally, 6 papers (16%) reported no change in measures

like weekly assignment grades, submission rates or creativity. It is worth

noting that some papers reported increases in certain outcomes while observ-

ing a decrease in others. These mixed results should be interpreted in light

of the methodological diversity of the corpus. A total of 13 studies (35%) re-

ported some form of randomization, with only 6 studies (16%) implementing

RCTs. Sample sizes varied across studies, ranging from 12 (Hsin and Wen-

Jung, 2024) to 400 (Gabriella et al., 2024) (median ≈ 50). Power analyses

were not reported in any of these studies.

User experience (UX). Several studies (n = 15, 39%) examined UX dimen-

sions to understand how students perceived and interacted with GenAI tools.

Reported metrics included perceived usefulness, ease of use, satisfaction, us-

ability, and trust. UX was primarily assessed through self-reported question-

naires and interviews. Some studies applied established models, such as the

Technology Acceptance Model (Davis et al., 1989) to evaluate perceived use-

fulness and ease of use (Frankford et al., 2024; Khatib and Mattalo, 2024),

and the Learning Management System Acceptance Scale (Sezer and Yilmaz,

2019) to assess overall usefulness and user perceptions (Li et al., 2024). Oth-

ers relied on custom scales to measure satisfaction, GenAI assistance, and

usability (Abolnejadian et al., 2024). Additional studies also addressed con-

cerns such as fear of surveillance and trust in GenAI (Rajala et al., 2023).

Among the reviewed papers, 8 studies (21%) reported improvements in UX,
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2 (5%) reported decreases, and 2 (5%) reported no change.

Behavioral outcomes. Several studies (n = 11, 29%) also examined behavioral

outcomes to capture how GenAI tools influenced students’ actions and strate-

gies during learning. Reported metrics included collaboration between stu-

dents, attention level, intention to use, engagement, and self-efficacy, which

were often measured through self-reported surveys. Self-efficacy, for exam-

ple, was a common focus and was investigated in multiple studies (Qi et al.,

2024; Yilmaz and Yilmaz, 2023; Padiyath et al., 2024; Margulieux et al., 2024;

Gabriella et al., 2024), each exploring how confident students felt while using

GenAI. Collaboration was another key outcome, examined through measures

of cooperation in studies by Yilmaz and Yilmaz (2023) and Liao et al. (2024).

Overall, 5 studies reported positive effects on behavioral outcomes such as

engagement, self-efficacy, and intention to use, 2 studies reported negative

effects, particularly on self-efficacy and collaboration, and 2 reported no sig-

nificant change in measures like cooperativity and self-regulation.

Attitudinal outcomes. Several studies (n = 7, 18%) investigated attitudinal

outcomes to understand students’ perceptions and dispositions toward GenAI

tools. Reported metrics included general attitudes toward technology, spe-

cific attitudes toward ChatGPT and other AI systems, and comfort with

using generative AI. For example, attitudes toward ChatGPT were explored

in Xue et al. (2024), while comfort levels with GenAI were assessed using

custom questionnaires in studies such as Vadaparty et al. (2024). In total, 4

studies (11%) reported more positive attitudes, none reported more negative

attitudes, and 3 (8%) reported no change following GenAI use.
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Motivational outcomes. Motivational outcomes were less frequently measured

in the reviewed studies (n = 2, 5%). For example, Yilmaz and Yilmaz

(2023) examined motivation through factors such as reward and recognition,

punishment, and social pressure or competition, using the Learning Motiva-

tion in Computer Programming Courses Scale (Law et al., 2010). Similarly,

Gabriella et al. (2024) focused on learning motivation to assess how genera-

tive AI influenced students’ drive to engage with course material. In total,

only one study reported an increased motivation.

3.4. Limitations and Recommendations

To answer RQ4, we present the main limitations associated with the use

of GenAI learning experiences reported in the literature, along with recom-

mendations for optimal GenAI use.

3.4.1. Limitations

In terms of limitations, we have identified two categories: GenAI-related

limitations, which are related to the tool itself, such as inaccuracies and

reliability issues, and learner-related limitations, which limit learners, such

as over-reliance and threats to critical thinking. In total, 20 papers (53%)

mentioned some limitations of GenAI.

GenAI inaccuracies and reliability issues. Multiple studies (n = 9, 24%) re-

ported concerns related to the accuracy and reliability of GenAI tools. Some

studies highlighted uncertainty and inconsistency in ChatGPT’s outputs, as

well as limited transparency regarding its underlying mechanisms (Rajala

et al., 2023). Others observed that the tool often failed to produce accurate

solutions or generated code that did not pass test cases, raising doubts about
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its proficiency (Qureshi and Basit, 2023). In some cases, the production of

non-optimized or irrelevant code led students to abandon ChatGPT and re-

turn to traditional learning resources (Hu et al., 2023), or sometimes failed to

fully grasp questions or contextual details (Qureshi and Basit, 2023; Rajala

et al., 2023).

Studies reported that these shortcomings sometimes impacted students’

perceptions of the tools’ usefulness, which tended to decline over time (Mar-

gulieux et al., 2024). This, in turn, led to reduced reliance on the tool,

especially as task complexity increased (Ouaazki et al., 2024), and resulted

in some students turning back to human teaching assistants for support (Lyu

et al., 2024).

Overreliance and threats to critical thinking. While some students were crit-

ical of GenAI and even abandoned its use due to its shortcomings, many

researchers (n = 17, 44%) observed that students often failed to recognize

these limitations. As a result, they became overly reliant on GenAI, which

not only produced inadequate solutions but also hindered learning, leading

to dependency (Liao et al., 2024; Ouaazki et al., 2024) and reduced perfor-

mance when GenAI was no longer available (Ohm et al., 2024). Indeed, an

overarching concern around the use of GenAI in education is its potential

to trigger “metacognitive laziness” that can hinder students’ ability to foster

critical thinking (Fan et al., 2025; Lyu et al., 2024) and engage deeply with

their learning through self-regulation (Xue et al., 2024; Jošt et al., 2024).
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3.4.2. Recommendations

Overall, 27 papers (71%) presented recommendations about GenAI use,

emphasizing the need to train learners in prompting, foster GenAI literacy,

and adapt CT learning experiences to account for GenAI.

Train learners in prompting. Many studies (n = 11, 29%) highlighted the

importance of teaching students how to write effective prompts when work-

ing with GenAI tools to support their development of programming and CT

skills. Students themselves reported that asking the right questions was key

to obtaining accurate and detailed answers from ChatGPT, yet many lacked

the skills to frame questions properly (Liao et al., 2024). Prompt writing

was highlighted as essential for effective AI use (Yilmaz and Yilmaz, 2023),

with studies also noting that precise prompts are crucial for generating use-

ful outputs, similar to search engines (Qureshi and Basit, 2023). Several

approaches were proposed to improve students’ prompting skills, including

prompt construction templates (Lyu et al., 2024), interactive dialogue-based

systems promoting task decomposition (Kazemitabaar et al., 2023), and iter-

ative prompting, which proved more effective than single-prompt approaches

(Kazemitabaar et al., 2024).

Foster GenAI literacy. Multiple studies (n = 9, 24%) also emphasized the

importance of educating students and providing them with proper guidance

when integrating GenAI into CT education. Students themselves expressed

the need for introductory tutoring to better understand ChatGPT and the

principles behind large language models (Rajala et al., 2023). To support

this, some studies recommended that instructors offer clear guidelines on the
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appropriate use of ChatGPT, such as facilitating discussions to familiarize

students with its capabilities and limitations (Xue et al., 2024), rather than

letting students figure them out in the wild. Further, it was argued that pro-

viding students with training or guidance could improve learning outcomes

by helping them set realistic expectations, avoid misuse, and address tool

limitations (Mezzaro et al., 2024). At the curricular level, the integration of

GenAI literacy as a core component was suggested to help students effectively

use these tools for problem-solving (Lyu et al., 2024).

Adapt learning experiences. Almost half of the reviewed studies (n = 18,

47%) emphasized the need to adjust learning activities to account for the

use of GenAI tools. At a basic level, some studies suggested refining re-

sponses to deliver more detailed, code-specific guidance to better support

learners (Frankford et al., 2024) - potentially tailored to students’ individ-

ual needs to ensure feedback remains valuable as they progress (Yang et al.,

2024a; Sheese et al., 2024). Some researchers noted that traditional assign-

ments such as quizzes may no longer be effective, as students can easily

solve them by simply asking ChatGPT or similar GenAI tools (Yilmaz and

Yilmaz, 2023). To address this, research suggested that assessments should

focus on students’ ability to apply CT concepts, rather than on questions that

can be answered through straightforward information retrieval (Qureshi and

Basit, 2023). In this context, designing complex programming tasks remains

valuable, as they still require students to break down problems and generate

code independently (Groothuijsen et al., 2024). Further recommendations

include integrating assignment defenses, i.e., oral presentations where stu-

dents defend their assignments in front of an instructor through interviews
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and discussions, to encourage deeper engagement with the material (Kosar

et al., 2024). Some researchers argued that to make effective use of AI tools,

it is essential to foster students’ thinking skills and imagination (Yilmaz and

Yilmaz, 2023). Maintaining a balance between support and autonomy was

also viewed as critical. For instance, providing assistance while ensuring that

learners retain responsibility for their own progress was seen as key to effec-

tive AI-supported learning (Yang et al., 2024a), which also applies to CT

skills. To promote higher-level thinking, several techniques were proposed.

One approach involves using GenAI to generate sub-programs and then crit-

ically integrating them into a larger solution (Hu et al., 2023). Another

technique is embedding “Critical Thinking Prompts” into AI interfaces (Lyu

et al., 2024). These prompts are designed to encourage students to think crit-

ically about the AI’s output by evaluating whether responses are meaningful,

accurate, and syntactically correct. A third approach applies “metacognitive

prompts” to support self-reflection and learning regulation (Yilmaz and Yil-

maz, 2023). In this case, students are encouraged to reflect on how they used

ChatGPT during programming and what they learned from the experience.

Establish usage policies. Several papers (n = 6, 16%) argued for establishing

GenAI policies, to cover usage (Rajala et al., 2023), misconduct (Qureshi

and Basit, 2023), and shared best practices among institutions (Xue et al.,

2024). Some researchers have argued that students should be free to use

GenAI, as evidence points to improvements in learning outcomes, including

problem-solving skills (Sengewald et al., 2024), sometimes comparing GenAI

to calculators, which have become standard tools in classrooms, despite ini-

tially meeting resistance (Ohm et al., 2024). However, not all studies support
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unrestricted use, as one study warned that ChatGPT may not be suitable for

learning programming and recommended hands-on practice based on text-

books and online courses (Qureshi and Basit, 2023). Some have suggested

that the use of GenAI tools should be postponed until students have first de-

veloped basic programming skills (Vadaparty et al., 2024; Jošt et al., 2024).

Additionally, the need for clear policies to regulate the use of GenAI in ed-

ucation was highlighted in several studies (n = 4, 11%), with some focus-

ing on the societal level - calling for regulations and legislation governing

conversational agent usage (Rajala et al., 2023) - and others on the institu-

tional level - emphasizing the need to update academic integrity policies and

honor codes to address AI tools (Qureshi and Basit, 2023). Collaboration

among institutions was also deemed essential, with the sharing of experi-

ences, best practices, and challenges considered vital for developing effective

GenAI strategies and curricula (Xue et al., 2024).

4. Main Findings and Guidelines

This paper presented a systematic scoping review of the literature on

GenAI-augmented learning experiences in computational thinking (CT). Af-

ter an initial search result yielding 1198 results, our screening process, focus-

ing specifically on pieces about the use of GenAI in the context of teaching

CT concepts with investigation of learning outcomes, narrowed our corpus

to 38 papers, which we analyzed in detail. Our results show that the litera-

ture is very young (only two years old) but already rich and growing rapidly,

with several related reviews also published on related topics. Note that this

review is not without limitations. It is a scoping review on an emerging
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topic, and as such, more literature becomes available. Nevertheless, this re-

view provides a useful lens on current practices of GenAI-enhanced learning

experiences in CT. Our findings show that GenAI reshapes how CT skills

are enacted by shifting learners’ role from producing solutions to evaluat-

ing, refining, and integrating AI-generated outputs, while moving their focus

toward higher-level tasks such as problem formulation and decomposition,

suggesting that educational practices should adapt to support the develop-

ment of these evolving skills. Below, we discuss the findings along three

main design topics that emerged from our analysis: A) Designing for simple

coding exercises, B) Designing for open-ended projects, and C) Designing for

awareness and reflection. For each topics we provide actionable guidelines for

researchers and practitioners informed by CT as an educational framework.

These guidelines were iteratively refined by the authors and contextualized

in relation to the broader body of related work.

4.1. Designing for simple coding exercises

The results show that approximately two-thirds of the studies were con-

ducted in general introductory courses or basic programming courses. In

terms of learning experiences, a large majority of papers (> 80%) focused

on simple exercises as opposed to open ended projects. Regarding GenAI

integration into the learning experience, most research examined as-is in-

tegration, where students were simply given access to GenAI tools such as

ChatGPT or Copilot with little or no contextual framing. In such settings,

GenAI can easily solve simple exercises, such as writing a function to traverse

a list and count the number of occurrences of an element, by simply copy-

pasting the instructions. This ease of use and access can be tempting for
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students to over-rely on GenAI, leading to their failure to critically engage

with GenAI tools for deeper learning (Shibani et al., 2024). Indeed, nearly

half of the reviewed papers reported that over-reliance and cognitive offload-

ing were important issues faced by students. Some research even suggested

avoiding GenAI in learning experiences for beginners at all. In the literature,

two main strategies have been proposed to address this issue: (1) Limiting

the capabilities of GenAI, and (2) Expanding the abilities of students.

Guideline 1 – Guide GenAI use for beginners: Explain risks and

promote tutor-style prompting: Support students using GenAI as-is to

help them with their assignment by (1) explaining the shortcomings and risks

and (2) fostering GenAI literacy by providing best practices and example

prompts.

A large majority of papers in the corpus argue for providing guidelines to

students (> 70% of papers). At this stage, the literature has primarily high-

lighted problems like improper use, over-reliance, and cognitive laziness that

emerge without guidance, while offering few concrete guidelines in response.

Interestingly, even in scenarios where GenAI was used as-is with no contex-

tual integration, students independently used GenAI to play different roles

in their learning, from coder and debugger to tutor and ideator. For early-

stage students, it can be tempting to ask GenAI to solve or debug exercises

directly, but this defies the purpose of active learning and risks hindering the

development of essential problem-solving skills (ElSayary and Areej, 2024).

It is therefore important to raise students’ awareness of these risks. Con-

versely, using GenAI as a tutor that answers questions without giving away

the solution is an appropriate use case and can be encouraged (Ouaazki et al.,
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2023; Frankford et al., 2024). Inspired by Socratic instructional strategies,

this can involve a set of guiding questions that can scaffold students for

self-explanations to improve their programming knowledge (Alshaikh et al.,

2020). It could also be achieved through prompt construction templates,

to help users craft more effective and focused queries (Lyu et al., 2024).

Future research could further investigate how to best craft prompts to sup-

port students in this kind of Socratic tutoring to enhance their self-regulated

learning.

Guideline 2 – Confine GenAI interactions for novice and young

learners: In settings involving teenagers or beginner learners, GenAI can be

beneficial if used in a controlled manner, with limited interaction and response

capabilities.

Our review shows that in studies involving younger or novice learners,

GenAI tools were sometimes integrated in constrained ways, such as role-

limited guidance, click-based interfaces, or scaffolded prompts. In the case

of role-limited guidance, this includes assigning GenAI a specific role with

instructions on how to respond and equipping it with contextual knowledge,

such as access to the current code of the student, the instructions, and the

intended learning outcomes. Typically, the role of GenAI would be that of

a tutor that provides guidance without revealing the answer (Ouaazki et al.,

2023; Frankford et al., 2024). This allows GenAI to provide targeted sup-

port while maintaining pedagogical goals. In many beginner-level courses,

such integration may take the form of click-based interactions (e.g., clicking

to reveal hints or scaffolded suggestions) rather than an open-ended conver-

sational interaction (e.g., (Chang and Chien, 2024), (Kazemitabaar et al.,
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2024),(Yang et al., 2024a)). This could reduce the overload and noise that

might arise from exchanging with the conversational agent (Macko et al.,

2025). Designing constrained but context-aware GenAI experiences is far

from trivial, but could offer greater scalability and control, particularly for

younger learners. Prior studies also support limiting GenAI interactions in

sensitive settings, such as with children, due to concerns of misinformation

and over-trust in AI outputs (Solyst et al., 2024). Future research could

further explore how to design controlled Gen-AI learning environments that

include other motivational affordances, such as emotional integration and

gamification, to improve learning and student engagement.

4.2. Designing for open-ended projects

The literature includes only a few studies that focus on open-ended projects.

This may be because such projects typically span several weeks in authen-

tic educational settings, making them more time-consuming and resource-

intensive to study. Nevertheless, existing studies provide some valuable in-

sights. In particular, some students find it difficult to take advantage of

GenAI in such contexts where GenAI cannot solve the problem quickly. In

one study, students saw the value of GenAI on their learning decrease as their

project became more complex (Ouaazki et al., 2023). We define guidelines

for such open-ended projects next.

Guideline 3 – Combine GenAI with computational thinking con-

cepts in open-ended projects: For open-ended projects, the roles of

GenAI can be expanded beyond solution generation to include coder, debugger,

and ideator functions. To be effective, students should actively engage with

varying CT concepts. In current GenAI applications, the roles given to AI

38



predominantly focus on algorithmic design among the computational think-

ing concepts, leaving aside other key components such as abstraction, find-

ing patterns, and decomposition. Yet, these concepts are particularly helpful

when dealing with more complex tasks, particularly decomposition, which

allows students to solve complex problems by breaking problems into smaller

sub-tasks, thereby fostering their critical thinking abilities (Rich et al., 2019).

Educators should therefore design learning activities that encourage students

to combine GenAI input with multiple CT strategies to enhance depth in

problem-solving. Vadaparty et al. (2024) argue that educators do not need

to undergo a complete course redesign to integrate GenAI effectively. In-

stead, essential adjustments, including teaching decomposition and testing,

and using LLM-generated code in class examples, can significantly enhance

learning.

Guideline 4 – Explore advanced learning experience integration:

Learning experiences that incorporate GenAI in more advanced roles, such

as a pair-programmer, could be leveraged to promote higher-order outcomes

There is currently a lack of high-level (Level 3) integration for GenAI in

project-based learning experiences. However, when implemented thought-

fully, these approaches could support not only technical skills but also other

learning outcomes such as collaboration, creativity, and metacognitive skills (Kho-

timah and Rusijono, 2024). Several studies have explored GenAI as a pair

programming partner, which can simulate human collaboration by suggesting

alternatives, asking clarifying questions, or co-constructing solutions (Garcia

and B, 2025). Future research could explore how to design learning expe-

rience through structured roles, such as assigning GenAI and learners the

39



roles of driver and navigator (Bryant et al., 2008), to better understand how

role distribution influences learning. This line of work could offer valuable

insights into effective human-AI collaboration and help design systems that

support both individual accountability and collaborative problem-solving.

4.3. Designing for awareness and reflection

The previous sections highlighted how GenAI tools can support a range

of learning outcomes in computational thinking, from helping with coding

tasks to fostering productivity and collaboration. Yet, these benefits are

not guaranteed. As some papers indicated, the same tools could also lead

to over-reliance, shallow engagement, or reduced self-regulation if not used

thoughtfully. Designing effective GenAI-enhanced learning experiences there-

fore requires more than just tool integration, it calls for deliberate strategies

that promote awareness and reflection. This includes understanding how

students interact with GenAI, how these interactions shape their learning

behaviors, and how educators can guide them toward more meaningful and

ethical use.

Guideline 5 – Measure outcomes for reflection: GenAI-enhanced learn-

ing experiences should include mechanisms that promote both learner and

instructor reflection. Our review shows that while many studies focused

on learning outcomes, far fewer explored how students reflect on their use of

GenAI, or how instructors adapt their teaching in response. Given the risks of

overreliance and metacognitive laziness, measuring outcomes should not only

serve evaluation but also inform reflective practices. This includes helping

students recognize when and how GenAI supports their thinking, and encour-

aging them to critically assess its outputs. For example, integrating critical
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thinking prompts, such as asking students whether the AI’s response fully

addresses their question or what additional information might be needed,

can stimulate deeper analytical thinking and foster habits of reflection and

evaluation (Lyu et al., 2024). For educators, systematic tracking of learn-

ing patterns and engagement can reveal when instructional adjustments are

needed, for instance, by monitoring students’ interactions with GenAI tools

to detect inappropriate use, such as signs of plagiarism or excessive reliance,

and intervening when necessary to maintain academic integrity and support

deeper learning (Qureshi and Basit, 2023). Embedding reflective prompts,

post-task debriefings, or learning journals into GenAI-supported activities

can also strengthen self-regulation and deepen computational thinking skills.

Future work could design novel scales and methods to help educators better

identify both risks and the conditions for success.

Guideline 6 – Design Learning Experiences with digital ethics and

integrity in mind: GenAI tools can raise ethical concerns, ranging from

privacy and bias, to threats to academic integrity. Identifying these issues

and developing mitigation strategies is increasingly important.

One of the most frequently reported issues is inaccuracy, so it would be

useful to understand which models perform better than others. However,

in the literature, the overwhelming majority of existing learning experiences

use the tool of only one company, namely a flavor of OpenAI’s GPT models

- limiting comparative insight. Furthermore, when using OpenAI or other

proprietary solutions, interaction data may be used for further model train-

ing, which can potentially pose privacy and informed consent risks, especially

if students are unaware of these practices (Golda et al., 2024). A growing
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body of work also highlights bias embedded in LLM outputs. A recent study

has experimentally demonstrated implicit biases in large language models,

showing how GenAI responses can reinforce gender and racial stereotypes,

even in educational contexts (Warr et al., 2024). This underscores the impor-

tance of preparing students and educators to recognize and mitigate biased

outputs, especially when these tools are used in evaluative or instructional

roles. Practitioners should aim to identify these issues early and adopt miti-

gation strategies - from securing informed consent and model transparency,

to using alternate tools and models, or modifying the learning experience.

Additionally, plagiarism and academic misconduct were also recurring con-

cerns, particularly when students used GenAI to complete assignments with-

out understanding the underlying concepts (Hutson and James, 2024). In

this context, educators have a role to play to establish clear usage policies

and monitoring practices to uphold academic integrity (Qureshi and Basit,

2023), explicitly teaching students what constitutes plagiarism and accept-

able GenAI use, and sharing best practices among institutions (Xue et al.,

2024). Future research could further investigate these ethical implications,

as they are seldom discussed in depth in the current literature (notable ex-

ceptions include Katavic et al. (2023), and Santos and Cury (2023) in the

reviewed corpus), and investigate how to mitigate such issues by design (e.g.,

privacy-by-design).

Guideline 7 – Rethink targeted skills for CT: Evaluate which skills stu-

dents should acquire within CT education. In particular, CT courses should

balance instruction between algorithmic thinking and problem modeling, in-

cluding finding patterns, designing abstraction, and problem decomposition.
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With students increasingly tempted to delegate simple coding exercises to a

GenAI agent, the literature underlined the risk of over-reliance on outputs

from GenAI and underscores the importance of critical thinking and self-

regulation skills. The integration of GenAI into programming has lowered

the barrier to entry for writing code, enabling a broader population to build

software (Sarkar, 2023). Scholars have predicted a shift from hard coding to

vibe coding - that is, directing GenAI agents that write code on one’s be-

half (Ray, 2025). While this shift might suggest that computational thinking

skills are becoming obsolete, the need for people who can ensure the quality

and security of software systems remains, making it important to reconsider

the core skill set that future students should develop. Rather than translating

ideas into syntax, learners will increasingly need to operate at higher levels of

abstraction, such as designing software abstractions, reviewing and correcting

AI-generated outputs, and ensuring system security, while engaging in core

CT practices such as abstraction and iterative refinement through the evalu-

ation and improvement of prompts and AI-generated responses (Hsu, 2025).

Learners must still critically assess and guide the output of GenAI tools for

deeper learning, in contrast to shallow usage characterized by limited under-

standing of the content generated by GenAI (Shibani et al., 2024). Rather

than focusing solely on algorithmic design, especially for non-computer sci-

ence majors, CT curricula should also focus on problem formulation, i.e, the

ability to articulate real-world challenges in structured ways that can be au-

tomated, whether through code or through well-crafted prompts in natural

language.
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5. Conclusion and Future Directions

In this systematic scoping literature review, we have mapped the land-

scape of GenAI-augmented learning experiences aimed at fostering computa-

tional thinking (CT) skills. A corpus of 38 peer-reviewed papers was assem-

bled and analyzed to study four research questions. The results show a young,

but rapidly growing research area, with mixed outcomes, some promising,

others cautionary, which may partly reflect the variability in methodologi-

cal rigor across studies. In particular, stronger designs such as randomized

controlled trials remain limited, while many findings are derived from less

controlled or exploratory settings. At the same time, the space is evolving

rapidly beyond chat-based systems to other interaction paradigms and agen-

tic workflows that may change what it means to teach CT with GenAI. A

key future direction is to evaluate CT learning outcomes across a broader

range of emerging models and levels of autonomy, and to periodically update

evidence syntheses as GenAI ecosystem matures.

A recurring tension emerged between under-reliance and over-reliance

on GenAI tools for CT. Beginners can easily delegate too much to GenAI

when completing simple coding exercises, missing opportunities for meaning-

ful learning. Conversely, more advanced students may fail to see the added

value of GenAI in complex, open-ended projects where the tool cannot pro-

vide instant solutions. To address these challenges, we have inductively de-

rived seven actionable design guidelines for educators and researchers. For

instance, to support novices, GenAI should be positioned as a tutor that en-

courages critical thinking and active learning, rather than simply acting as a

coder or debugger. For open-ended projects, we highlighted the importance
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of helping students strengthen their computational thinking through strong

problem modeling skills, i.e., problem decomposition, abstraction modeling,

and pattern identification. These guidelines are to be treated as adaptive

rather than fixed: As GenAI systems diversify, educators may need to recali-

brate when and how to scaffold learner agency and responsibility to effectively

reshape CT practices.

This review provided both a snapshot of current practices using GenAI

in the curricula for CT and a foundation for future innovation in designing

effective, ethical, and pedagogically sound GenAI-enhanced learning experi-

ences for CT education. But it should be noted that, as a scoping review

of an emerging field, this study does not aim to provide strong empirical

or causal evidence, but rather to map and structure the existing body of

work. Taking this context into consideration, and based on our synthesis,

we note that the question for higher education is no longer how to integrate

GenAI responsibly into existing learning objectives, but how to reconceive

those objectives entirely, shifting from teaching students to produce compu-

tational solutions toward developing their capacity to formulate problems,

reason and critically evaluate AI-generated outputs, and exercise the ana-

lytical judgment that remains distinctively human. Answering this question

empirically is the central challenge for the next generation of research in this

field.
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