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Abstract

The variety of help that large language models (LLMs) provide has made them popular among students across fields. Computing
education has been particularly affected, as LLMs can handle coding tasks effectively and provide feedback. This has raised
hopes for supporting students, while creating concerns about learning and academic integrity. Researchers have responded
by developing tools that leverage LLMs’ potential while mitigating risks. Despite growing empirical studies on LLM-driven
tools, there is no comprehensive study examining these tools in computing education, critical for understanding the future
of learning systems. We review LLM-driven, student-facing tools in undergraduate computing education, examining their
pedagogical approaches, technical design, evaluation approaches, and educational impacts. We also discuss how these tools
impact the broader educational system, including institutional and pedagogical structures. Following PRISMA guidelines, we
systematically searched three major libraries, conducted rigorous screening, and analyzed 52 papers. Our findings reveal that
prompt engineering and multi-stage pipelines are the dominant technical approaches, with guardrails and prompt chaining
also widely adopted. Pedagogically, most systems provide scaffolding, problem-based learning, and direct instruction. For
evaluation, researchers commonly relied on student surveys and interaction logs, with limited assessment of long-term learning
outcomes. Evidence shows generally positive impacts on student performance, efficiency, and engagement, although significant
challenges remain in delivering adequate scaffolding, preventing over-reliance, and supporting the development of meta-cognitive
and problem-solving skills. Future work should focus on longitudinal outcomes, systematic evaluation of learning effectiveness,
and the integration of established pedagogical frameworks. This review provides researchers, developers, and educators with a

roadmap for designing and studying the next generation of Al-enhanced learning tools.
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Abstract

The variety of help that large language models (LLMs) provide has made
them popular among students across fields. Computing education has been
particularly affected, as LLMs can handle coding tasks effectively and pro-
vide feedback. This has raised hopes for supporting students, while creat-
ing concerns about learning and academic integrity. Researchers have re-
sponded by developing tools that leverage LLMs’ potential while mitigating
risks. Despite growing empirical studies on LLM-driven tools, there is no
comprehensive study examining these tools in computing education, critical
for understanding the future of learning systems. We review LLM-driven,
student-facing tools in undergraduate computing education, examining their
pedagogical approaches, technical design, evaluation approaches, and educa-
tional impacts. We also discuss how these tools impact the broader educa-
tional system, including institutional and pedagogical structures. Following
PRISMA guidelines, we systematically searched three major libraries, con-
ducted rigorous screening, and analyzed 52 papers. Our findings reveal that
prompt engineering and multi-stage pipelines are the dominant technical ap-
proaches, with guardrails and prompt chaining also widely adopted. Ped-
agogically, most systems provide scaffolding, problem-based learning, and
direct instruction. For evaluation, researchers commonly relied on student
surveys and interaction logs, with limited assessment of long-term learn-
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ing outcomes. Evidence shows generally positive impacts on student per-
formance, efficiency, and engagement, although significant challenges remain
in delivering adequate scaffolding, preventing over-reliance, and supporting
the development of meta-cognitive and problem-solving skills. Future work
should focus on longitudinal outcomes, systematic evaluation of learning ef-
fectiveness, and the integration of established pedagogical frameworks. This
review provides researchers, developers, and educators with a roadmap for
designing and studying the next generation of Al-enhanced learning tools.

Keywords: Systematic literature review, Large Language Models (LLMs),
Computing education, GenAl-driven Educational technology

1. Introduction

Over the past few decades, Artificial Intelligence (AI) has evolved from
rule-based systems to today’s generative systems that converse and reason
with near-human fluency. Large language models (LLMs), a relatively re-
cent and pivotal advancement in this evolution, have extensively impacted
many domains, including education, healthcare, and video games (Denny
et al., 2024c; Rodrigues and Teixeira Lopes, 2025; Sweetser, 2024). Comput-
ing education is a field with some of the earliest and most active adopters
of LLMs Prather et al. (2025); Mahon et al. (2024), largely due to their
capabilities to parse natural-language prompts, generate code, and provide
feedback (Sadat Shanto et al., 2025; Shuvo et al., 2025; Koutcheme et al.,
2024). The impact has been substantial: GPT-4 achieves scores of 99.5%
on introductory computer science (CS) exams (Denny et al., 2024c), and Al
systems exceed many students’ performance in existing assessments (Finnie-
Ansley et al., 2023). Not surprisingly, many engineering and CS students
now routinely use LLMs to help them learn course materials and complete
assignments (Bernabei et al., 2023; Zamfirescu-Pereira et al., 2025).

However, the same potential that attracts learners carries important con-
cerns, such as surface learning, overreliance (Kazemitabaar et al., 2025; Qu
et al., 2025), and academic integrity (Richards et al., 2024; Pang and Vahid,
2024). More fundamentally, these tools are increasingly challenging tradi-
tional approaches to curriculum design and assessment (Prather et al., 2023;
Feng et al., 2025). This has left educators and policy makers struggling with
the impacts of LLMs and adopting divergent approaches (Saetra, 2023).

Despite these tensions and uncertainties, the transformation of work from



the human-computer frontier to the human-Al frontier makes adapting ex-
isting curricula with LLMs essential rather than optional (Walter, 2024),
particularly in computing education. As all fields increasingly require pro-
fessionals to interact with Al to solve problems, the early-adopting field of
computing education serves as a crucial testing ground for understanding
how students learn with Al systems. Studying LLM integration in comput-
ing education is therefore likely to uncover implications for designing future
Al-based learning systems across disciplines. However, the rapid develop-
ment of this field has outpaced systematic efforts to synthesize the current
LLM applications, evaluate their effectiveness, and identify key directions for
future work.

Several reviews conducted field-level examinations of how AI and LLMs
intersect with computing education. Early work by Prather et al. (2023)
reviewed 71 papers and conducted international surveys of students and in-
structors, interviews with educators, and a benchmark of LLM capabilities in
computing education datasets, presenting a comprehensive analysis of oppor-
tunities and challenges raised by generative Al (GenAl). Alvarez Ariza et al.
(2025) conducted a scoping review of 24 empirical studies across K-12 and
university settings, analyzing how GenAl integration affects engineering and
computing education. Raihan et al. (2024) synthesized 125 studies on LLMs
in CS education by educational level, affected sub-disciplines, methodologies,
programming languages, and specific LLMs employed, identifying introduc-
tory programming courses as a common focus and GPT models as the domi-
nant technology employed. Taking a broader perspective, Tan et al. (2025b)
explored 127 papers focused on Al-enabled adaptive learning platforms cov-
ering different disciplines and levels, analyzing pedagogical foundations, Al
implementations, real-world challenges, and successes; this highlighted per-
sonalization’s positive impacts on student performance, issues like privacy,
and the need for faculty support. While these reviews have mapped the over-
all landscape of Al and LLMs in computing education, they do not provide a
focused image of student-facing LLM tools, supported by empirical evidence.

Some other reviews have focused on programming education or LLMs as
coding assistants. In a review of 119 papers, Manorat et al. (2025) investi-
gated the impact of Al on programming courses and categorized applications
into four instructional design areas (course design, implementation, assess-
ment, and monitoring) to provide an overview of practical tools for instruc-
tors. Cambaz and Zhang (2024) reviewed 21 papers for the primary uses and
ethics of Al-driven code-generation models in programming education, find-



ing that instructors use them to create assignments and students use them as
virtual tutors. Pirzado et al. (2024) reviewed 72 studies analyzing LLM be-
havior and performance as coding assistants, concluding that current LLM
limitations such as limited debugging capabilities make them still imma-
ture for integration as coding assistants. Synthesizing 35 controlled studies,
Alanazi et al. (2025) revealed the high potential of Al tools in programming
education and the need to update pedagogical strategies to counteract risks
such as student over-reliance and a decrease in problem-solving skills. Taken
together, these reviews illuminate programming education but do not offer
a focused synthesis of LLM-driven tools across computing beyond program-
ming.

Overall, prior work has emphasized (a) broad GenAI/LLM landscapes
in education, (b) mixed audiences (students, instructors, institutions), (c)
blends of general-purpose LLMs and customized tools which are context-
specific or research-tailored, (d) programming education specifically, or (e)
multiple grade bands across K-12 and higher education. There is a need to
build a focused and holistic picture of student-facing LLM tools in under-
graduate computing education: why these tools are created, how they are
framed pedagogically and technically, what data are collected to evaluate
them, which facets are assessed, and what impacts on learning outcomes,
behaviors, and perceptions are supported by empirical user studies.

Our systematic literature review addresses this gap by focusing exclu-
sively on customized, student-facing LLM tools to surface pedagogical and
technical adaptations and innovations in the literature. This focus is crucial
for several reasons. First, customized LLM tools reveal deliberate peda-
gogical design decisions and educational adaptations that are obscured in
general-purpose LLMs like ChatGPT. We focus on these purpose-built tools
to provide insights into how educators and computing education researchers
intentionally integrate AI technology to support specific learning objectives.
Second, students are comparatively more vulnerable users in education; the
design choices in student-facing tools impact the knowledge and skills of
future graduates and influence policies and practices for courses and assess-
ments. Third, student-facing LLM tools serve as primary indicators of cur-
rent and emerging educational changes. Understanding the impact of these
purpose-built tools on students allows us to examine the broader implications
for education and design pedagogically sound and effective learning tools to
help students grow their expertise and ability to solve complex problems,
even with the help of GenAl tools. These findings from computing education
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can give us early insights into the potential future impacts that LLMs will
have on learning systems across educational domains.
Consequently, our review addresses the following research questions:

1. Which pedagogical approaches guide the design and use of customized,
student-facing LLM tools for computing education?

2. What technical approaches are employed to develop these tools?

3. What empirical data sources and evaluation metrics are used to assess
these tools?

4. How do these tools impact learners?

Building on the answers to our research questions, we explore system-level
implications of LLMs that extend past individual classrooms to institutional
policies and long-term educational structures. Thus, we discuss what current
literature says about the computer science and these findings’ projection
onto necessary changes in computing curricula and education as a whole.
We argue that academia should be proactive in adapting its curricula and
assessments and promoting productive human-Al collaboration rather than
resisting these technologies.

Following PRISMA guidelines (Page et al., 2021), we conducted a system-
atic search across three major databases (ACM, IEEE, and ScienceDirect)
for studies published between 2021 and mid-2025. After rigorous screening
for eligibility and quality, 52 studies were included. Our overarching goal is
to create a unified evidence base on student-facing tools backed by user stud-
ies, to guide researchers, developers, and educators in building and deploying
GenAl tools for learning.

The rest of this article is organized as follows. Section 2 describes the
systematic review approach adopted for this study, describing the search
strings, the inclusion/exclusion criteria, quality screening, and the procedure
for analyzing included studies. Section 3 describes results organized by our
research questions. Section 4 synthesizes the results, showing key insights,
research gaps, and implications for systemic transformation of computing
education. Section 5 summarizes the threads to validity of this study. Section
6 concludes the study by summarizing its contributions and highlighting the
significance of our findings.



2. Methodology

Our study follows the PRISMA guidelines (Page et al., 2021), and the
ACM SIGSOFT Empirical Standards for Systematic Reviews (Ralph et al.,
2021). Adapting PRISMA for our research context !, we conducted this
review in four phases: (i) literature search, (ii) article screening based on
inclusion and exclusion criteria, (iii) article screening for quality assessment,
and (iv) data coding and analysis. The flowchart of our search and paper
screening process is shown in Figure 1.

2.1. Literature Search Strategqy

We conducted the literature search within three major databases in the
field of computer science and engineering?: ACM Digital Library, IEEE
Xplore, and ScienceDirect, with the date range of January 2021 to the middle
of June 2025. We selected 2021 as the starting point to capture the past five
years of leading research in this field. To reduce noise and improve preci-
sion, the search was limited to title, abstract, and author-defined keywords.
We identify keywords within five concept blocks related to our review focus:
computing topics, educational context, population, tool framing, and LLM
models, as shown in Table 1. These strings were iteratively refined until gains
in retrieval plateaued. We used wildcard expansions for terms appearing in
multiple forms (e.g., GPT-4), but kept terms that are typically without vari-
ants (e.g., Claude and OpenAl) in their exact form. The search strings were
adjusted to accommodate each database’s syntax requirements (e.g, IEEE
Xplore’s limit on ten wildcards, and ScienceDirect’s eight Boolean connector
limit).

Our initial literature search yielded 1,725 papers across all databases. We
then removed time-ineligible papers (published before 2021) and non-research
publications (e.g., reviews or book chapters) using search engine filters, and
eliminated duplicates automatically through Covidence (Covidence), result-
ing in 43 papers.

"'We did not undertake certain PRISMA-specified steps, e.g., specification of effect mea-
sures, or certainty-of-evidence grading, since our synthesis is qualitative and the included
studies are methodologically heterogeneous. We performed a study-level quality appraisal
(relevant but not identical to PRISMA’s risk of bias) using an adapted CASP checklist
described in Section 2.3

2We refer to computing to be inclusive of related fields such as computer science and
computer engineering.
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Table 1: Concept blocks and database-specific search strings

Database / Concept block

Search string

ACM DL

Computing Topics

programming OR comput* OR “software engineer-
ing” OR “data structures” OR algorithms OR
databases OR ‘“operating systems" OR “computer
networks" OR "machine learning" OR "artificial in-
telligence" OR "human-computer interaction" OR
cybersecurity

Educational Context

undergraduate* OR universit* OR colleg* OR

course®* OR class*

Population

student* OR learner* OR novice*

Tool Framing

chatbot* OR assistant* OR tool* OR system* OR
platform*

LLMs

LLM* OR (“large language" AND model*) OR “gen-
erative AI" OR GPT* OR ChatGPT OR OpenAlI OR
Copilot OR Claude OR Gemini OR Grok OR Llama
OR Mistral OR DeepSeek OR Qwen

IEEE Xplore

Computing Topics

programming OR comput* OR “software engineer-
ing" OR “data structures" OR algorithms OR
databases OR “operating systems" OR “computer
networks" OR “machine learning" OR “artificial in-
telligence" OR “human-computer interaction" OR cy-
bersecurity

Educational Context

undergraduate OR university OR college OR course
OR class

Population

student OR learner OR novice

Tool Framing

chatbot OR assistant OR tool OR system OR plat-
form

LLMs

LLM* OR “large language model" OR ‘“generative
ai" OR gpt* OR chatgpt OR openai OR copilot OR
claude OR gemini OR grok OR llama OR mistral OR
deepseek OR qwen

ScienceDirect

Computing Topics

programming OR computing OR "computer science"

Educational Context

undergraduate® OR universit* OR colleg* OR
course* OR class*

Population

student* OR learner* OR novice*

Tool Framing

chatbot* OR assistant* OR tool* OR system* OR
platform*

LLMs

“large language model" OR LLM* OR “generative
AI" OR GPT* OR ChatGPT OR OpenAl OR Copi-
lot OR Claude OR Gemini OR Grok OR Llama OR
Mistral OR DeepSeek OR Qwen




2.2. Screening: Inclusion and Ezclusion Criteria

We established five inclusion and six exclusion criteria to address two
levels of requirements. At the broad level, we required peer-reviewed papers
published within the last five years, written in English, not duplicates, con-
taining at least four pages of main text (excluding references), and accessible
through university subscriptions. At a more granular level, studies needed
to: (i) focus on student-facing tools, excluding systems designed for instruc-
tors or teaching staff; (ii) operate within computing education contexts or
involve primarily computing students ?; (iii) target undergraduate education;
(iv) involve tools beyond simple wrappers or commercial LLM products (e.g.,
ChatGPT), such as research prototypes, custom LLM technologies, or LLM
extensions incorporating novel design, and (v) incorporate a user study. It
should be noted that, in a few cases where multiple studies examined the
same tool, we included them, as user studies could still provide valuable
insights for this review.

This screening was conducted in two stages. Stage 1 was a title and
abstract review conducted by the first author, yielding 162 papers. Stage 2
was a full-text screening conducted by the second author with active guidance
from the first author, reducing the set to 57 papers.

Table 2: Inclusion and exclusion criteria

Inclusion Criteria Exclusion Criteria

1. Paper published in 2021 or later

2. Paper involves a student-facing LLM tool

3. Research is within computing education or mostly
focused on computing students

4. Research conducted in undergraduate setting

5. Research includes a user study with students.

. Paper is not in English.

Paper is not a peer-reviewed research study.

. Paper is not accessible via university subscriptions.
. Paper is a duplicate study.

. Main text (excl. references) is under four pages.

. Tool is a standalone commercial product.

oUW

2.3. Screening: Quality Assessment

We adapted the Critical Appraisal Skills Programme (CASP) qualitative
studies checklist (Loras et al., 2021; noa, 2025) for selecting rigorous studies
to include. The list is as follows:

1. Was there a clear statement of the aims of the research?

3This condition included studies where tools were not specifically designed for comput-
ing education but primarily involved computing students.



2. Was the research design appropriate to address the aims of the re-
search?

3. Does the paper clearly determine the research methods (subjects, in-
struments, data collection, data analysis)?

4. Was the data analysis sufficiently rigorous?
5. Is there a clear statement of findings?

6. Does the paper meet all of the above criteria? (if so, include)

These criteria evaluate essential aspects of papers across study types,
from design methodology to result presentation, which help ensure the rel-
evance, rigor, and clarity of included studies. The final criterion regarding
research value serves as a decisive factor. In other words, papers must meet
all criteria for inclusion, with any single “no" resulting in exclusion. Two
researchers independently applied these criteria to all papers and discussed
disagreements to reach consensus, which yielded 43 papers. These papers
were then organized in a spreadsheet for coding and analysis.

2.4. Inclusion of Supplemental Papers

Our systematic literature review evolved through iterative refinement.
Initially, we explored the broad intersection of LLMs and computing educa-
tion; however, the exponential growth of studies in this area made meaningful
synthesis challenging and necessitated a more targeted focus. We therefore
narrowed our scope to student-facing LLM tools with empirical data in under-
graduate computing education. After consolidating papers under this refined
focus (2018-2024, n = 43) and beginning our analysis, we decided to conduct
a new comprehensive systematic review following a refined search strategy,
as described in this section, to ensure rigor, reproducibility, and consistency.
When comparing results from this refined search, i.e., the basis of this paper,
against our initial broader review, we identified several relevant papers (n =
9) that met our inclusion and quality criteria but were not captured by the
new search parameters, likely due to our initially broader search terms. To
provide a comprehensive synthesis of the literature, we incorporated these
additional papers into our final analysis, resulting in a total of 52 papers for
review.
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2.5. Paper Review and Coding

We extracted data from papers on two high-level dimensions: research
question-driven categories and descriptive categories. For the former, we
extracted research purposes, pedagogical approaches, technical approaches,
data collection methods, evaluation metrics, and impacts. For the latter,
we extracted contextual information including grade level, subject domain,
user interface (UI) modality, geographic location, and publication year. The
complete list of papers with their detailed corresponding codes is presented
in Appendix A.

We followed Braun and Clarke’s six-phase reflexive thematic analysis for
the coding process: familiarization, coding, theme development, theme re-
view, theme definition, and write-up (Braun et al., 2019; Braun and Clarke,
2024) for most categories. Four researchers divided the categories, reviewed
papers independently, coded for the specific categories, and met regularly
to discuss and consolidate the coding taxonomy and coding results for each
paper. To ensure accurate representation of studies, researchers reviewed all
manuscripts to extract data for their assigned categories.

3. Results

This section provides a descriptive overview of the included studies, fol-
lowed by findings organized by research question. Figure 2 presents a com-
prehensive framework that synthesizes the key characteristics of student-
facing LLM tools identified in our systematic review, including pedagogical
approaches (RQ1), technical approaches (RQ2), and evaluation strategies
(RQ3). A complete list of papers with detailed labels is provided in Ap-
pendix A.

3.1. Descriptive Overview of Included Studies

3.1.1. Year and Country

Although our inclusion window spanned five years, all studies in the final
pool were published from 2023 onward, with 4 in 2023, 36 in 2024, and
12 in 2025. This is likely because public access to LLM tools dramatically
increased in Fall 2022. Figure 3 illustrates the geographic distribution by
country, with the United States accounting for the most studies (16), followed
by New Zealand (6) and Germany (4).
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3.1.2. Grade and Subject

We categorized the papers into two groups based on their user study pop-
ulation: early-stage (first and second-year students) and late-stage (third and
fourth-year students) undergraduate students. The majority of papers (n =
38) focused on early-stage undergraduate courses, while only three (n = 3)
concentrated on late-stage undergraduate courses. An additional four papers
(n = 4) included mixed populations, comprising studies that deployed their
tools in multiple year levels (Kuramitsu et al., 2023; Lui et al., 2024; Qadir,
2025). While all studies examined computer science or computer engineering
courses, we did not categorize papers by specific course subject due to the
varying nomenclature used across institutions. Nevertheless, introductory
programming was a standout in frequency. Other courses included cyber-
security, algorithms and data structures, advanced digital design, capstone
software engineering, design thinking, databases and information systems,
and object-oriented programming.

3.2. RQ1. Pedagogical Approaches Guiding Tools’ Design

To analyze the pedagogical foundations of LLM-based educational tools
(RQ1), we developed a taxonomy drawing from established learning science
principles (Weinstein et al., 2018), research on effective tutoring practices
(both human and AT tutors) (Zhang et al., 2024; Mercer and Howe, 2012), and

13
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Figure 4: Distribution of Pedagogical Approaches Employed Across Studies

recent work on pedagogical capability evaluation of LLM-powered Al tutors
(Maurya et al., 2025). This taxonomy includes six broad categories: scaffold-
ing, problem-based learning, direct instruction, affective/motivational sup-
port, learning by teaching, and content scope design. We coded the type of
pedagogical support by analyzing system features, prompt design strategies,
and user interaction patterns described in the reviewed literature. The count
for each of these is demonstrated in Figure 4, and detailed categories labeled
for each paper are in Appendix B.

3.2.1. Scaffolding

Scaffolding emerged as the most prevalent pedagogical approach imple-
mented in the reviewed tools (n = 43). This approach aligns with Vygotsky’s
zone of proximal development theory, where the tools provide support to help
students achieve learning goals they cannot accomplish independently (Vy-
gotsky, 1978). Scaffolding usually involves active learning principles that
engage students (Chi and Wylie, 2014). Examples of these active learning
principles can be seen within the five scaffolding subcategories we defined
based on papers that explicitly mentioned specific approaches, including: 1)
feedback, 2) Socratic methods, 3) metacognitive supports, and 4) personal-
ization, described in more detail below.

1) Feedback on student work (n = 18) was the most common sub-
category, where tools provided targeted responses to student work, offering
corrections, suggestions, and guidance. For instance, Taylor et al. (2024)
provides actionable error explanations and guidance to help students under-
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stand and resolve problems. Similarly, Gipy (Gabbay and Cohen, 2024) gen-
erates LLM feedback on student assignment submissions regarding whether
the solution is correct or incorrect, and if incorrect, identifies the errors and
discrepancies. In Smith et al. (2024), students write an explanation (EiPE:
Explain-in-Plain-English), and the system provides immediate feedback by
generating code from their explanation and testing it for correctness, allowing
students to see whether their conceptual understanding aligns with functional
code.

2) Socratic scaffolding (n = 14) instructs the LLM not to reveal direct
answers to students (Knezic et al., 2010). This “no direct answer” approach is
applied to most systems and reflects the pedagogical principle that student-
generated knowledge is more durable than passively received information.

3) Metacognitive support (n = 7) refers to the tool prompting stu-
dents to reflect on their thinking processes through open-ended questions.
This is closely relevant to self-regulated learning theory (Zimmerman, 2002).
For example, Menezes et al. (2024) asks students “standup” questions such
as “What did you do yesterday? What are you doing today? Is anything
blocking you?”, which are commonly used in the technology industry.

4) Adaptive and personalized learning (n = 6) represents systems
that adapt their feedback and pace based on student responses or detected
misconceptions, tracking user input patterns, and adjusting challenge levels.
For instance, Yang et al. (2024a) presents different types of hints as students
progress through programming exercises.

3.2.2. Problem-based learning

Problem-based learning (n = 18) is the second most common approach
utilized by these tools that guides students through problem-solving steps
in open-ended problems (typically programming assignments). For instance,
Bassner et al. (2024) accesses the problem statement, student code, and
automated feedback to provide tailored advice that helps students navigate
their programming challenges.

3.2.3. Direct instruction

Direct instruction (n = 18) includes tools that explicitly provide educa-
tional content rather than guiding students to discover for themselves. This
contains two primary subcategories: (1) teaching concepts, where systems
generate step-by-step explanations, generating exercises for students and cor-
recting their answers (Neumann et al., 2025) and answering students’ con-
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ceptual questions (Kazemitabaar et al., 2024), and (2) writing codes, where
systems generate complete code solutions, sample code, and documentation
(Kuramitsu et al., 2023; Birillo et al., 2024).

3.2.4. Affective/motivational support

Affective/motivational support (n = 3) provides encouragement, emo-
tional support, and normalizes errors as part of the learning process. For
example, Goddard et al. (2024) designed a self-disclosing chatbot to promote
student self-disclosure of learning challenges and to help students feel less
alone. CodeHelp uses prompts to generate responses that are “positive and
encouraging” (Denny et al., 2024b).

3.2.5. Learning by teaching

This (n = 3) is an effective pedagogical approach where learners take on
the role of instructors, explaining concepts to the Al or treating it as a learn-
ing partner in collaborative problem-solving scenarios (Allen and Feldman,
1973). For example, Rogers et al. (2025) introduced an LLM teachable agent
“MatlabTutee” and showed it can replicate the ideal learning-by-teaching in-
teraction achieved with a human partner, encouraging students to practice
elaborating and explaining topics at levels similar to human interaction.

3.2.6. Content Scope Design

Another pedagogical design dimension we considered was content scope
design: whether the LLM was specifically designed to provide responses lim-
ited to course-specific content to maintain curriculum alignment, or rather
provide unrestricted access for open-ended exploration. We only tagged
systems that explicitly addressed this design choice. Our results reveal that
15 systems were implemented with high constraints, limited to course-specific
contexts, while three systems did not impose constraints on the context or
types of help offered. These low-constraint systems usually focus on explor-
ing students’ help-seeking behavior in the field (Lyu et al., 2024; Shin et al.,
2024) and the impact of other design characteristics, such as avatar design
(Tan et al., 2025a).

3.3. RQ2. Technical Approaches Employed in Tools’ Development

For RQ2, we analyzed how LLM tools are developed along two dimen-
sions: their user interface modalities and the underlying LLM techniques.
We identified six types of UI modalities and eleven LLM techniques. This
section provides a detailed description of these technical approaches.
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3.3.1. UI Modalities

We categorized the tools’ UI modalities into six groups: (1) Web-based
UI, (2) Learning Platform Integrations, (3) Development Environment In-
tegrations, (4) Communication Platform Integrations, (5) Command-Line
Interfaces (CLI), and (6) GitHub Actions. Their distribution across studies
is shown in Figure 5. Three of these are general: (1) web-based Uls are sep-
arately accessed chatbots on the web, (2) learning platforms such as Moodle
or Canvas, or (3) communication platforms such as Slack. The remaining
groups are related to how students access coding environments within their
CS classes. Web-based Uls represented the vast majority of modalities in 39
of the studies (Padurean et al., 2025; Pua et al., 2025; Smith et al., 2024),
thanks to features like cross-platform accessibility, no user-side installations,
and centralized updates. Learning platform integrations ranked second with
six studies (Fan et al., 2025; Pankiewicz and Baker, 2024; Neumann et al.,
2025). These enable assistance directly where users engage with lessons,
assessments, or assignments. Development environment integrations (e.g.,
Visual Studio Code, where students write code) followed by five studies (Ku-
ramitsu et al., 2023; Birillo et al., 2024; Woodrow et al., 2024), allowing for
lower context switching during coding and debugging, a highly beneficial fea-
ture for a learner. Communication platform integrations (e.g., within Slack)
were next (Goddard et al., 2024; Neyem et al., 2024b; Menezes et al., 2024)
as they can provide Al-powered assistance within readily established team
communication workflows, and their interaction styles are already via nat-
ural language, as are LLMs. CLI integrations were selected by researchers
offering compiler-integrated Al (Renzella et al., 2025; Taylor et al., 2024),
and GitHub Actions integration was used to incorporate Al-powered code
review feedback directly into development pipelines (Crandall et al., 2023).

3.8.2. LLM techniques

We identified eleven LLM techniques proposed or adopted into customized
LLM tools across the reviewed papers. Since this field is still developing,
different authors define and apply these concepts with varying degrees of
precision, and some of these approaches may overlap. While we worked
to classify them consistently, some variation in how these approaches are
conceptualized remains inevitable. The distribution of these approaches is
illustrated in Figure 6.

1) Prompt Engineering (n = 51) is the most frequent approach used to
build the customized LLM tools in the reviewed studies. Prompt engineering
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provides a fixed system instruction in the prompt (e.g., “do not give direct
answer to students”) along with additional context, ranging from the stu-
dent’s query alone to external information (e.g., runtime state or evaluation
results), incorporated into the prompt prior to model inference. For exam-
ple, KOGI, developed by Kuramitsu et al. (2023), integrates runtime data
from the Jupyter coding environment into the prompts before sending them
to LLM. Rivera et al. (2024) integrates multiple elements into the prompt,
including examples of complex data structures, the task’s function header
(renamed to avoid bias), the student’s plan, step-by-step instructions for
converting the plan into code, and relevant functions defined by the student
in prior tasks.

2) Multi-Stage Pipeline (n = 37) includes tools that involve multiple
stages, with typically different roles assigned to each stage. For example,
CodeTailor, created by Hou et al. (2024), where a student submits incorrect
code, the tool generates a personalized, correct solution similar to the stu-
dent’s code, and creates an interactive Parsons puzzle for students to learn
from their mistakes. During this process, when the initial LLM-generated
solution fails correctness tests or lacks sufficient similarity to the student’s
code, the system makes additional API calls with updated prompts, includ-
ing failure reasons and the code from the previous attempts. As another
example, Neyem et al. (2024b) proposed a Slack-based tool for helping stu-
dents in improving their software project stand-up reports, which receives
students’ stand-up reports, uses LLMs to process them and generate sugges-
tions, sends these recommendations to students, and allow students to keep
or revise their report and submit them, which the bot collects and stores
along with the original reports and suggestions.

3) Guardrails is the third common approach in tools (n = 32), which
involves using guardrails, which can be constraints expressed via instructions
in the prompt or mechanisms beyond wording, e.g., code-block detection. For
instance, Hassan et al. (2025) used an extensive prompt, including “Avoid
giving code-specific hints; instead, provide hints for independent understand-
ing of the code." Similarly, Rivera et al. (2024), who designed a tool for the
translation of students’ plans to code and test suites for evaluating them,
used instructions for LLMs to not correct errors in students’ plans to allow
students to find and resolve their mistakes.

4) Prompt Chaining, as the fourth common method (n = 20), incorpo-
rates tools where two or more sequential LLM calls are made and the output
of one serves as the input to the next. As an example of this, Iris, developed
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by Bassner et al. (2024), first checks the student’s query relevance, retrieves
relevant exercise context and student code with build log from the Artemis
learning management system, generates feedback, and finally self-reviews the
response to ensure it follows the guidelines. Jacobs and Jaschke (2024) took a
different approach with a two-stage RAG architecture. In the first stage, their
system augments student code with compiler output and problem descrip-
tions. Using this context, it generates internal questions about programming
concepts missing from the student’s code. The second stage retrieves answers
to these generated questions from the course lectures transcripts and sends
them to the LLM to generate the final response.

5) Retrieval Augmented Generation (RAG) (n = 12), which grounds
LLM responses in an external corpus (such as lecture slides and lecture tran-
scripts), was also a relatively common approach among the reviewed papers.
For instance, Neumann et al. (2025) developed MoodleBot, which integrates
with the Moodle learning management system and uses RAG to provide
course-specific assistance to students. Another example is RAGMan, pro-
posed by Ma et al. (2024), which incorporates a knowledge base from project
descriptions and historical student discussion posts to provide course-specific
guidance without revealing solutions.

6) Fact-Checker or Validator (n = 12) means a correctness check inte-
grated into the tool’s pipeline, where either a component was responsible for
testing, or human vetting was enforced before delivery, or suggested through
tool-embedded tests after delivery. For example, Birillo et al. (2024), in their
tool for next-step hint generation, applied static analysis to LLM-generated
responses to control hint size and code quality. As another example, Denny
et al. (2024a) developed a tool that requires students to write prompts to
generate code that matches given outputs. The system constrains the LLM
to produce only code through prompt instructions, tests the generated code
in a sandbox, and displays test success or failures directly to students for
prompt refinement.

7) Few-Shot Prompting (n = 11), as a specific form of prompt en-
gineering, integrates one or more examples of query and response into the
prompt to teach LLM the desired behavior or pattern in response. For in-
stance, in the tool that helps students with compiler errors, Pankiewicz and
Baker (2024) included an example of an ideal response in the prompt, which
includes an error explanation, a solution strategy, and a hint about the un-
derlying concept.

8) Fine-Tuning (n = 6) was employed by a small number of studies to
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adapt LLM responses to educational contexts and desired interaction styles
(Jin et al., 2024; Menezes et al., 2024; Gao et al., 2025; Liu et al., 2025a). For
instance, Liu et al. (2025a) illustrated the potential of fine-tuning by align-
ing model responses with specific instructional strategies and tones. They
assembled a diverse dataset of 50 student-tutor conversations covering code
generation, debugging, and conceptual questions, then used this data to train
an LLM. They found fine-tuning more effective than few-shot prompting
in reflecting nuanced pedagogical requests. Menezes et al. (2024) created
a chatbot for facilitating daily stand-up updates in project-based courses.
They fine-tuned an LLM using a dataset of 566 human-rated standups and
found that it outperformed zero-shot learning significantly in two tasks: de-
termining whether a standup response was vague/specific, and whether it
represented certain work hours.

Less common LLM techniques were: (9) multi-modality (n = 3), i.e.,
tools incorporating non-text content in their ingestion or generation process;
(10) in-context learning (n = 1), which in their tool, Huo et al. (2024)
translated it to feeding LLM with supplementary course materials without
a complicated RAG architecture; and (11) customized performer ar-
chitecture (n = 1), where Wang (2023) proposed an optimized version of
Performer model, which improves feedback generation in programming edu-
cation and targets space-time complexity and inference speed.

3.4. RQ3. Empirical Data Sources and Evaluation Metrics in Tools” Studies

To assess the effectiveness and overall impact of the developed tools, the
studies employed various evaluation approaches, both in the data collected
and the outcomes measured. Of the 52 papers, a substantial proportion
used multiple data-collection methods (n = 38) or measured multiple types
of student outcomes (n = 46), which reflects a tendency to mixed-method,
multi-dimensional evaluations in the area. This section illustrates the com-
mon data collection methods and evaluation metrics used in the reviewed
studies.

3.4.1. Empirical Data Sources

We identified eight categories of data sources: surveys, interaction logs,
tool-response evaluations, LLM chat histories, student performance data,
interviews, artifacts, and discussion board posts. The distribution of these
sources is shown in Figure 7. Below, we describe the most frequently used
data collection types.
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Figure 7: Distribution of Data Collection Methods Used across Studies

1) Surveys (n = 36) emerged as the most common data source, cap-
turing students’ perceptions and feedback on the implemented tools. These
surveys varied in both design and administration methods. Some were de-
ployed at regular intervals (e.g., weekly or after each activity), while others
were embedded within the tool for real-time responses or administered only
upon completion of the interaction. Survey designs ranged from numeric sat-
isfaction and feedback ratings (Neyem et al., 2024a; Frankford et al., 2024;
Tan et al., 2025a), to open-ended questions for qualitative feedback (Qadir,
2025).

2) Interaction Log Analytics (n = 24) involved analysis of tool usage
data to understand user engagement with the tools. For example, Birillo et al.
(2024) analyzed all internal system actions performed during task completion.
Renzella et al. (2025) analyzed the relationship between different types of
error assistance requests and reported that, as students progressed, their
requests shifted from compile-time errors toward runtime errors.

3) Tool Response Evaluation (n = 14) addressed the uncertainty of
LLM-generated responses through reviews of the tool outputs by the in-
structional team. For example, researchers assessed tool responses based
on students’ ratings of their correctness (accuracy) (Neyem et al., 2024a;
Yang et al., 2024a; Jury et al., 2024; Pankiewicz and Baker, 2024; Denny
et al., 2024b). With a different approach, Neyem et al. (2024b) conducted
a linguistic analysis of the recommendations utilizing LLMs to gauge read-
ing ease and comprehension complexity. Neumann et al. (2025) evaluated
Al-generated responses using a combination of TA feedback on accuracy and
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quality, alongside an automated LLM-driven assessment pipeline.

4) LLM Chat Histories (n = 10) were collected to examine student-
LLM dialogue patterns to understand the interaction dynamics and help-
seeking behaviors. In KOGI, the authors observed that students in the Algo-
rithms course primarily sought explanations for code errors, requesting fixes,
whereas students in the Data Science course more frequently requested addi-
tional code examples, suggesting distinct patterns in how students sought Al
assistance (Kuramitsu et al., 2023). The student-LLM chat analysis in Ma
et al. (2024) revealed that Al support helped students refine and correctly
formulate their queries; engaging in dialogue with an Al tutor enabled them
to clarify their inquiries and explore them in greater depth.

5) Additional methods were employed less frequently but also provided
valuable data. Student performance data (n = 9) enabled assessment
of learning outcomes, such as analyzing the effectiveness of Al grading on
project success and individual contributions (Menezes et al., 2024). Inter-
views (n = 8) captured qualitative insights into student experiences and
preferences, with studies like Hou et al. (2024) finding that 88% of students
preferred interactive Al tools over direct solution generation for collaborative
problem-solving opportunities. Artifact analysis (n = 5) examined student
work products to understand engagement patterns, such as investigating how
students incorporated Al feedback and analyzing the nature of code edits fol-
lowing AI guidance (Woodrow et al., 2024). Discussion board data (n = 1)
was used in one study to train LLMs on historical question-answer patterns
and integrate the system into discussion platforms to efficiently generate re-
sponses for unanswered or unresolved questions (Huo et al., 2024).

3.4.2. Evaluation Metrics

To understand the effectiveness of LLM-based educational tools and ed-
ucational impact, the collected data was analyzed across six primary cat-
egories: student perception and experience, tool usage patterns, technical
performance, academic performance, learning behavior changes, and motiva-
tion and attitude. The distribution of these categories across studies is in
Figure 8.

1) Student Perception and Experience (n = 43) represents the most
frequently measured outcome, typically through administering surveys. This
category encompasses perceived usefulness, satisfaction scores, willingness to
continue using, and users’ preferences compared to human tutors or alter-
native systems. For instance, Neyem et al. (2024a) gathered student ratings

23



Motivation/Attitude - 5
Learning Behavior - 12
Academic Performance - 16
Technical Performance - 22
Tool Usage 29
Perception and Experience 43

r T T T T
0 10 20 30 40

Number of Studies

Figure 8: Distribution of Evaluation Metrics Identified in Studies.

of Al-generated responses on usefulness and impact of student affect, and
Pankiewicz and Baker (2024) on ease of understanding, relevance, novelty,
and serendipity (positive surprise). Some studies employed established theo-
retical frameworks such as the Technology Acceptance Model (TAM) (Frank-
ford et al., 2024; Tan et al., 2025a). Other researchers examined specific
aspects of the user experience, such as Hussein et al. (2024), who focused
on students’ usage experiences, and Hou et al. (2024), who collected self-
reported engagement scores. This type of outcome also includes qualitative
feedback collected in open-ended survey questions (Qadir, 2025).

2) Tool Usage (n = 29) metrics focus on behavioral patterns of stu-
dent interaction with the systems. Researchers measured tool utilization
frequency to understand adoption rates (Lui et al., 2024), time spent engag-
ing with the tool (Yang et al., 2024a), query quality improvements in student
question formulation (Denny et al., 2024a), and help-secking behavior pat-
terns identifying when and how students requested assistance (Taylor et al.,
2024; Ma et al., 2024).

3) Technical Performance (n = 22) evaluates the system’s capabil-
ity and reliability. Key metrics include response correctness rates (Taylor
et al., 2024), hallucination incidents (Liu et al., 2024a), response clarity rat-
ings (Neyem et al., 2024b; Kuramitsu et al., 2023), and error identification
accuracy, measuring the tool’s ability to correctly detect student mistakes
(Rivera et al., 2024; Pankiewicz and Baker, 2024).

4) Academic Performance Outcomes (n = 16) measure traditional
educational success indicators. These include course grades or assessment
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performance on exams, assignments, and exercises (Padurean et al., 2025),
course completion rates (Huo et al., 2024; Smith et al., 2024), and pre/post
test scores measuring performance changes before and after tool implemen-
tation (Yang et al., 2024a).

5) Learning Behavior (n = 12) captures how students’ learning pro-
cesses change with tool use. Metrics include independence development,
measuring reduced need for external help (Liffiton et al., 2024), active par-
ticipation and involvement levels (Yang et al., 2024a), students’ ability to
identify and fix mistakes (Gabbay and Cohen, 2024), dependency patterns,
recognizing signs of over-reliance on the tool (Ahmed et al., 2025; Liu et al.,
2025a), and critical thinking development (Hassan et al., 2025), providing
evidence of analytical skill improvement.

6) Motivation/Attitude (n = 5) represents an important psychological
dimension in CS education. This includes motivation and interest changes in
learning computing subjects (Bassner et al., 2024), self-confidence changes
through pre/post measures of student confidence (Kumar et al., 2024), and
attitude toward computing (Lyu et al., 2024).

3.5. RQ4. Impacts on Students

To answer RQ4, we examined the empirical evidence on how LLM-driven
tools impact student learning outcomes, behaviors, and perceptions in com-
puting education. The reviewed empirical studies highlighted both positive
and negative impacts of LLM-driven tools. Specifically, they reported that
these tools improve student scores, reduce task completion times, and en-
hance confidence and engagement through continuous availability. However,
the evidence also reveals persistent challenges, particularly regarding the pro-
vision of adequate scaffolding and the risk of student over-reliance. In this
section, we detail these impacts across learning performance, personalized
support, engagement, and implementation challenges.

3.5.1. Impacts on Learning Performance

Several studies have reported that LLM-augmented tools helped students
with task completion and problem-solving, yielding positive impacts on learn-
ing (Fan et al., 2025; Kumar et al., 2024). For instance, Huo et al. (2024)
reported that the chatbot contributed to higher completion rates for chal-
lenging programming exercises. In addition, Birillo et al. (2024) found that
providing hints in multiple formats, such as textual explanations and code,
supported students with diverse learning styles, offering particular benefits
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to novices and visual learners. In the context of group work, Al scoring of
stand-up reports effectively improved project success by delivering targeted
support to low-performing students (Menezes et al., 2024). Additionally, stu-
dents appreciated the automated review tool (ART) for its professional and
constructive feedback (Crandall et al., 2023).

Studies on the correlation between Al assistant use and student perfor-
mance showed mixed results; some demonstrated a positive impact of Al
tutors on student scores and overall performance (Lui et al., 2024;
Pankiewicz and Baker, 2024; Liu et al., 2024b; Shin et al., 2024). In Lui et al.
(2024), the authors observed that the higher use of GPTutor directly corre-
lated with improved performance, attributing to GPTutor’s precise, lecture-
aligned answers, validated with references, and follow-up questions that pro-
moted deeper exploration. Similarly, in Pankiewicz and Baker (2024), GPT
hints significantly reduced students’ confusion and frustration (“confrustion”),
enabling greater focus on problem-solving and contributing to higher scores.
Additionally, in Denny et al. (2024b), students value the feedback provided
by AI teaching assistants, expressing a preference for features that preserve
their autonomy, such as scaffolding (e.g., hints) that guide problem-solving
rather than giving direct solutions.

3.5.2. Targeted Scaffolding and Personalized Learning Support

Many studies examined the quality of tool-generated exercises, emphasiz-
ing their potential to deliver learning support tailored to individual student
needs (Pua et al., 2025; Jury et al., 2024; Shin et al., 2024). For example, the
automated Parsons’ Puzzle generator by del Carpio Gutierrez et al. (2024)
increased student engagement and improved programming skills by allowing
learners to select the concepts and contexts for their programs. This aligns
with prior research suggesting that autonomy is a key feature for learners to
choose to engage (Boud, 2012). On the other hand, Padurean et al. (2025)
observed that LLM-generated exercises matched expert difficulty and were
perceived positively by teachers and students, creating debugging exercises
that catered to learner needs and learning objectives. Moreover, the tool de-
veloped by Riazi and Rooshenas (2025) helped students iteratively improve
the Entity Relationship Diagrams (ERD) in the Database Systems course,
providing targeted guidance by effectively identifying and addressing com-
mon errors.

Our analysis indicated that a key objective for many researchers was the
integration of targeted scaffolding into these tools (Gao et al., 2025). For
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instance, Hassan et al. (2025) found that their chatbot provided scaffolded
support by assisting with debugging and code decomposition, targeting areas
where learners required help to promote problem-solving. On the other hand,
CodeTailor by changing the order of the correct solution, prompted students
to think through the program flow, promoting deeper thinking compared to
a direct code solution (Hou et al., 2024). The different formats of hints, i.e.,
detailed textual explanations including suggested fixes for errors or error lo-
cation identification, were highly appreciated by students, leading to better
performance in (Wang, 2023). Jacobs and Jaschke (2024) utilized a RAG-
based approach to connect lecture materials with Al-generated responses,
providing concise assistance that promoted problem-solving without directly
providing solutions. Jin et al. (2024) demonstrated that their TeachYou sys-
tem, through its targeted meta-cognitive prompts, guides students through
“why” and “how” explanations, fostering deeper knowledge building with min-
imal cognitive load.

3.5.83. Impact on Learner Engagement

Another key aspect of these tools is their capacity to enhance student
engagement thanks to their continuous availability. Researchers consistently
noted that such availability encouraged learners to engage with course con-
cepts during off-hours when instructional staff were less accessible. This
underscores the vital role these tools play in sustaining students’ learning
engagement (Liffiton et al., 2024). For instance, Taylor et al. (2024) and
Kazemitabaar et al. (2024) reported that nearly half of tool use happened
during off-hours, and near exams. In addition, Nelson et al. (2025) reported
that the continuous availability of the Al tool SENSAI significantly reduced
problem-solving time. With a different take, Woodrow et al. (2024) argued
that students who received timely feedback were five times more likely to
engage with it than those who received delayed feedback, subsequently in-
corporating the suggestions in the later assignments as well.

Furthermore, Ma et al. (2024) reported that Al tutors provided a judgment-
free environment conducive to learning. Similarly, students described Al re-
sponses as non-judgmental, which supported non-native English speakers by
boosting their confidence (Qadir, 2025). An intriguing study on avatars as
AT assistants found that students with more advanced computing skills pre-
ferred no avatar, while others trusted deepfake avatars for handling complex
questions (Tan et al., 2025a).
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3.5.4. Reported challenges

Despite documented benefits, challenges persist, including over-reliance
on Al tools and insufficient scaffolding. While some studies showed promis-
ing targeted support, many highlighted difficulties in incorporating the hu-
man elements (scaffolding) essential for meta-cognition and problem-solving,
pointing to the need for guidance beyond automated assistance (Ahmed et al.,
2025; Neumann et al., 2025; Yang et al., 2024b; Sheese et al., 2024; Bassner
et al., 2024). For instance, Renzella et al. (2025) and Hussein et al. (2024)
noticed that students used the tool mostly to learn about compile-time or
runtime errors and expressed a desire for better human scaffolding in skill
learning. Frankford et al. (2024) reported that students found that the feed-
back lacked scaffolding and targeted support. Similarly, despite improved
score gains for newcomers and majors outside computer science, Lyu et al.
(2024) doubted CodeTutor’s impact on promoting critical thinking.

Some studies reported little to no improvement or cited issues such as hal-
lucinations, inconsistencies, and reduced reliability when handling advanced
or complex problems (Zoénnchen et al., 2025; Yang et al., 2024a; Liu et al.,
2025a; Kuramitsu et al., 2023). Smith et al. (2024) raised concerns about
over-reliance, although the tool helped students quickly complete tasks. On
the other hand, Gabbay and Cohen (2024) reported inconsistencies in feed-
back for advanced coding tasks, despite LLM-generated guidance providing
context-aware explanations of errors. Additionally, Rivera et al. (2024) re-
ported that students appreciated the Al assistant for planning and testing
edge cases, but found its responses to be inconsistent or insufficient.

4. Discussion

In this section, we first provide an overview of current trends in student-
facing LLM tools for computing education by synthesizing findings from our
four research questions and identifying key gaps in pedagogical approaches,
technical implementation methods, evaluation practices, and documented
student impacts. We then outline five future directions for researchers and
practitioners. Lastly, we position these findings within the broader context of
educational transformation as computing education navigates the emerging
human-AlI frontier.
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4.1. Overview of Current Trends in Student-Facing LLM Tools for Comput-
ing Fducation

4.1.1. RQ1. Pedagogical Approaches Guiding Tools’ Design

The predominance of scaffolding as the pedagogical strategy employed
across studies reveals a logical extension of LLMs’ capabilities to longstand-
ing instructional goals in computing education. The flexibility of LLMs in
modulating tone, depth, and structure enables some forms of support that
were previously difficult to operationalize at scale (Raihan et al., 2024). The
categories within scaffolding demonstrate the emphasis on feedback mecha-
nisms, Socratic scaffolding, meta-cognitive support, and personalization, all
of which illustrate the field’s intent to preserve student agency in knowledge
construction while contextualizing the support to meet student needs and
align with the course materials (Taylor et al., 2024; Knezic et al., 2010; Yang
et al., 2024a; Zimmerman, 2002). Particularly, the ability of LLMs to inte-
grate multimodal inputs, such as student code, assignment instructions, or
course materials, and contextualize the responses, makes them highly suited
for personalized scaffolding, problem-based learning, and instructional in-
tents (Neumann et al., 2025; Gabbay and Cohen, 2024; Hou et al., 2024;
Yang et al., 2024a). However, like prior approaches to individualized in-
struction, some studies have shown that the LLM tool’s scaffolding may not
have been sufficient to adapt to all types of students. A systematic litera-
ture review of the past two decades of research on student-centered learning
approaches reveals nuance in how these approaches work (Bernard et al.,
2019). Their research suggests that teachers who adopt a more student-
centered instructional role improve student achievement, while more student
choice/autonomy in learning pace and contexts decreases learning. On the
other hand, adaptive approaches have improved learning across different lev-
els of student-centeredness, and more active learning approaches are more
effective, regardless of students’ levels of agency and autonomy (Bernard
et al., 2019). The studies in our systematic review appear to reflect the
awareness of LLM tool designers regarding the importance of active learner
engagement, and they are purposefully adopting a student-centered, active
learning approach that provides individualization.

Multiple studies’ focus on direct instruction approaches demonstrates re-
searchers’ exploration of LLMs’ potential as instructional intermediaries that
can alleviate faculty workload pressures while being cost-effective and contin-
uously available (Liffiton et al., 2024; Kazemitabaar et al., 2024). Within this
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category, the emergence of systems that provide complete solutions suggests
that instructional contexts requiring explicit guidance, such as teaching pro-
gramming syntax or step-by-step problem-solving, may particularly benefit
from these tools (Hassan et al., 2025; Renzella et al., 2025). This aligns with
prior work suggesting that fully worked examples, showing hints that solve
a problem completely, can benefit learners (Shih et al., 2008; Salden et al.,
2010). Furthermore, the presence of specialized approaches such as meta-
cognitive support, personalization, and affective/motivational support sug-
gests that LLMs are being customized in domains where teaching staff inter-
actions are neither entirely feasible nor optimal (Nelson et al., 2025). Studies
around learning-by-teaching approaches demonstrate LLMs’ role-playing ca-
pabilities, which, despite the nuances of this scenario, have shown promising
results in improving knowledge building during the problem-solving phase,
while still being limited in fostering meta-cognitive skills (Jin et al., 2024).
Prior work in learning by teaching, as seen in Betty’s Brain by Biswas et al.
(2016), suggests that this approach can be highly effective but requires ex-
tensive scaffolding to support the complex task of becoming an independent
learner for complex problem-solving. The decades of work on this system and
intelligent tutoring systems may help LLM tool designers, combined with the
ability to quickly create new content using LLMs, along with strategies such
as multi-armed bandits to deploy and test diverse adaptations at scale (Raf-
ferty et al., 2019; Schmucker et al., 2025).

The course-specificity dimension reported in the literature, based on stud-
ies that explicitly describe this aspect of their tool architecture, reveals a
tendency for LLM-based tools to operate on instructor-approved materials,
whether through tools particularly built for a course or through general-
purpose designs that can be constrained to selected content (Neumann et al.,
2025; Pua et al., 2025; Alario-Hoyos et al., 2024; Taylor et al., 2024). This
inclination has both advantages and drawbacks. On the positive side, in
programming education (as a core component of computing curricula), con-
ventions vary considerably across courses, ranging from stylistic norms to
preferred libraries and functions. As a result, divergence from instructor-
approved materials, especially in the learning process, can hinder student
learning, create confusion, and increase the instructional burden. On the
negative side, this choice makes tool performance heavily dependent on the
quality and breadth of the curated content. Incorporating lecture transcripts,
for example, is valuable in courses with content-intensive lectures, but can
add noise in discussion-based or demonstration-focused instruction. More-
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over, for tools not equipped to ingest multimodal inputs, constraining them to
those materials reliably may bring more detriments than benefits. Applying
the lenses of cognitive load theory (one of the most commonly used theories
in computing education research (Berssanette and de Francisco, 2021)) and
the aptitude-treatment interaction theory (Kanfer and Ackerman, 1989), we
suggest that more novice learners may require more highly contextualized or
affective scaffolds. In contrast, students with more expertise or prior expe-
rience can become more independent learners and leverage more expert-like
and general supports with broader and less curated material (e.g., primary
sources, online forums, Google search). These findings are similar to those
on decades of research on learning by teaching (Biswas et al., 2016) and on
becoming an expert (Sigmundsson, 2024); this is a long and complex process
and each part of the process needs scaffolding appropriate for the learner’s
abilities, attitudes (including motivation and self-efficacy), prior knowledge,
meta-cognitive skills, and must take into account the interactions between
cognitive load and learner tasks (Skulmowski and Xu, 2022).

4.1.2. RQ2. Technical Approaches Employed in Tools’ Development

The trend in technical approaches demonstrates a methodological matu-
rity in the field, with researchers consistently selecting approaches that strike
a balance between educational effectiveness and technical complexity. This
is reflected in the studies’ apparent preference for established, practical tech-
niques, such as prompt engineering, prompt chaining, and RAG, which are all
capable of addressing specific educational considerations. Through this lens,
the popularity of prompt engineering (Gabbay and Cohen, 2024; Crandall
et al., 2023; Rivera et al., 2024), a technique that can adjust the tone, depth,
and structure of responses, is not surprising, as it is crucial for many edu-
cational uses, such as Socratic scaffolding (Jin et al., 2024; Zoénnchen et al.,
2025), and affective/motivational tone (Goddard et al., 2024).

Following that, the widespread use of multi-stage pipelines (Riazi and
Rooshenas, 2025; Hassan et al., 2025; Woodrow et al., 2024), which is found
in over half of the papers, demonstrates the field’s growing confidence in
positioning LLMs as components within larger systems or complex multi-
agent frameworks. This trend is also supported by the popularity of prompt
chaining (Jin et al., 2024; Alario-Hoyos et al., 2024), which allows LLMs
to decompose tasks into smaller subtasks for sequential processing. Given
the paramount importance of tools’ accuracy and student learning outcomes
in educational tool design, researchers have implemented both guardrails to
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mitigate misuse and inaccuracy, as well as post-processing validators or fact-
checkers to verify response quality and reliability.

RAG, initially proposed by Lewis et al. (2020), is popular among re-
searchers (Liu et al., 2025a; Lui et al., 2024; Yang et al., 2024b) since it
grounds LLM responses in users’ desired documents, which addresses curric-
ular fidelity and, to a reasonable extent, the accuracy of responses. In ad-
dition to the advantages and disadvantages of limiting LLM tool responses
to course-aligned materials discussed in Subsection 4.1.1, such a provision
can decrease learner cognitive load and also aligns with Vygotsky’s Zone of
Proximal Development, which posits that students can more rapidly learn
things that are closest to their existing knowledge (Vygotsky, 1978).

The limited adoption of fine-tuning among researchers can be attributed
to the training data required for it, as well as the hardware and software in-
frastructure needed to support it at scale (Menezes et al., 2024). Moreover,
as educational data typically requires Institutional Review Board (IRB) ap-
proval, acquiring appropriate training datasets is also logistically challenging.
Similarly, multimodal capabilities received little attention in the literature,
despite the growing prevalence of drag-and-drop document uploading ca-
pabilities in contemporary LLM tools. This suggests their integration into
educational tools warrants greater attention.

4.1.3. RQ3. Empirical Data Sources and Evaluation Metrics in Tools’ Stud-
1es

Our analysis reveals several gaps in how LLM-based educational tools
are being evaluated. The widespread adoption of surveys (n = 36) as the
primary data collection method is understandable due to their ease of col-
lection, but this has led to the evaluation being heavily focused on student
perceptions rather than learning effectiveness. Most studies measure their
outcomes through perception and experience (n = 43), while only a small
portion evaluates actual learning impacts, such as academic performance (n
= 16) and changes in learning behavior (n = 12).

Most studies rely on short-term data collection, such as one-time surveys
or week-long logs, rather than tracking long-term learning retention and be-
havioral changes across multiple semesters and multiple courses. Addition-
ally, the majority of papers (n = 38) focused on early-stage undergraduate
courses compared to only three (n = 3) on late-stage courses, with intro-
ductory programming being particularly overrepresented. This highlights a
gap in equipping students with LLM skills and knowledge as they approach
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graduation, when they will need these skills for their jobs (Benhayoun and
Lang, 2021).

The evaluation of current studies indicates a potential misalignment with
broader computing education goals. While computing education research has
long emphasized fostering interest in computing (Michaelis and Weintrop,
2022; Decker and McGill, 2019; Margulieux et al., 2019), building problem-
solving and collaboration skills (Priemer et al., 2020), and developing career
readiness (Scaffidi, 2018; Radermacher et al., 2014), we found that very few
studies evaluate the impact of LLMs on these outcomes. Only five stud-
ies measured changes in motivation and attitude, suggesting that we may
be missing important implications for understanding students’ sustained en-
gagement with computing.

These patterns suggest that, while we know students generally like these
tools, we have a limited understanding of whether they actually improve
learning or prepare students for careers in computing. Future research should
focus on a comprehensive evaluation that includes long-term learning out-
comes, impacts across different course levels, and alignment with fundamen-
tal computing education objectives.

4.1.4. RQ4. Impacts on Students

The assessment of impact can broadly be grouped into learning and per-
formance, personalized support and scaffolding, and student engagement.
Empirical evidence suggests that tools are capable of supporting students
in completing challenging tasks and providing targeted assistance to low-
performing learners. They also offer hints in various formats that help novices
and visual learners, which supports contiguity, an important aspect in prior
research on designing multimedia learning environments (Mayer and Moreno,
2002) and designing to reduce the cognitive load of learners (Mayer and
Moreno, 2003).

However, the impact of these tools on student performance is mixed.
Positive effects are reported when tools align with course content, provide
context-aware hints, and include follow-up questions that deepen conceptual
understanding to support problem-solving. These findings support theories of
expertise development, allowing learners to apply domain principles through
practice on critical aspects of the task (Sigmundsson, 2024). The quality of
tool-generated exercises and the personalized support are another key aspect
of impact. Studies show that such exercises effectively engage students, pro-
vide tailored guidance that aligns with expert-level difficulty. This supports
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the need for adaptive responses tailored to individual learners, recognizing
that students at different levels require differentiated support (Liu et al.,
2025b).

Support for targeted scaffolding and problem-solving remained another
issue for researchers. Some studies achieved this through prompting students
to reason through problems rather than providing direct solutions. Also of-
fering multiple forms of hints allowed learners to select preferred support,
fostering autonomy and agency. These designs help students focus on rele-
vant details, reducing extraneous cognitive load and easing working memory
demands during complex problem-solving (Haynes and Ericson, 2021).

Enhancing student engagement through the continuous availability of
these tools was another key focus. Researchers observed that this accessibility
encouraged learning beyond regular hours. Additionally, the judgment-free
environment fostered active engagement and conducive learning conditions.
This aligns with prior research demonstrating that learners with lower prior
experience may require more motivational support, while those with higher
proficiency benefit from targeted, detailed feedback without additional affec-
tive guidance. (Kanfer and Ackerman, 1989).

Despite the promises, several challenges remain. The support was mostly
limited to foundational topics in a few subjects, and the effectiveness of
problem-solving and scaffolding is largely underexplored, underscoring the
need to extend validation across diverse courses, topics, and student popu-
lations. This highlights the need to develop new methods to address such
limitations. Despite these challenges, findings show that LLM tools can
effectively provide appropriate support; although there is a need to adapt
interventions to individual student needs (Idowu, 2024).

4.2. Future Directions for Researchers and Practitioners in Computing Ed-
ucation

4.2.1. Direction 1: Ezpanding Pedagogical Approaches

Despite decades of empirical validation in educational research, numerous
established pedagogical frameworks remain underexplored in LLM-based ed-
ucational applications. Our analysis revealed an under-exploration of metacog-
nitive support, personalization tools, effective motivational support systems,
learning-by-teaching implementations, and methods that integrate course-
specific resources. Other areas, such as peer tutoring (Markel and Guo,
2021) and collaborative learning tools (Rodriguez et al., 2017), were not ex-
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plored, leaving vast potential for future LLM-integrated learning systems to
leverage and support other effective learning supports.

4.2.2. Direction 2: More Advanced Technical LLM Adaptation Methods

The development of technically innovative LLM adaptation models and
architectures presents substantial opportunities for researchers with machine
learning expertise seeking to contribute to interdisciplinary educational uses.
This direction includes both novel training methodologies and architectural
innovations specifically designed to address the unique constraints and re-
quirements of educational contexts. These include highly technical approaches

to improving knowledge construction and reasoning abilities within LLMs
(Zhu et al., 2024).

4.2.3. Direction 3: Integrate Fstablished Educational Research

A promising direction involves systematically integrating decades of de-
sign and data-driven insights on adaptive, personalized, and affective learn-
ing supports into LLM systems. Our review has identified opportunities
for personalization and adaptation that have had a positive impact on stu-
dent learning, perceptions, and attitudes; however, not all LLM tools have
achieved these goals to the same extent. Future systems could leverage estab-
lished research from intelligent tutoring systems (Arroyo et al., 2009; Woolf
et al., 2009), cognitive load theory (Sweller, 1988), and learning by teaching
(Fiorella and Mayer, 2013) to accelerate innovation while maintaining high
quality for learners with varied prior experience, abilities, knowledge, motiva-
tion, and attitudes. Student-centered approaches that value active learning
and encourage increasing agency and independence over the trajectory of
student learning are promising.

4.2.4. Direction 4: Supporting Instructor Control and Stakeholder Input
There is a critical need for developing low-cost methods that allow in-
structors without LLM technical expertise or computing resources to inte-
grate their course materials into LLM-based educational tools. Furthermore,
due to their drawbacks, including over-reliance and under-performance in
specific domains and situations, as well as the sometimes high-stakes edu-
cational decisions, stakeholder control becomes essential for the responsible
deployment. LLM tools need to be engineered to provide meaningful op-
portunities for human stakeholders, including instructors, caregivers, admin-
istrators, and students, to provide feedback, choose whether to use or not
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use them, and guide system improvements. The importance of these human
oversight features increases with the stakes of educational decisions, partic-
ularly when learning interaction data influences high-stakes assessments or
academic outcomes (Barnes et al., 2024).

4.2.5. Direction 5: Cross-course potential for learning systems

Given the ability to rapidly deploy and adapt LLM tools for student
learning, there may now be potential for more transfer of techniques and
personalized insights between systems. Although none of the research re-
viewed here attempted to build systems that can be ported between learning
contexts, an important future direction for learning systems is to determine
ways to share the important adaptive gains learned within one course or
problem-solving context with future learning support systems. The unique
ability of LLMs to translate data into narratives may pose a potential way for
such findings to be exported from diverse systems that use divergent types
of data and imported into promote for LLM tools. For example, at the end
of a learning session, future LLM tools may be rapidly built to provide a
textual and vectorized summary of the adaptive strategies and data features
(such as time and learning metrics) that could be imported within prompts
for future LLM-based tools. Such exports may also be tailored to explain a
student’s learning strengths, weaknesses, and needs, helping students learn
more about their own learning to support metacognitive development, as
with open learner models (Hooshyar et al., 2019).

4.8. A Window into Broader Educational Change

Examining the past, we can observe similar trends in the emergence of
new technologies and their impact on learning systems as a whole. The
emergence of the internet, with its ability to connect, share solutions, and
compensate people for creating solutions, has had a profound impact on
education. Search engines, such as Google, furthered this impact, as students
no longer had to purchase each textbook; instead, they could look for answers
online. However, students have always needed to contextualize the found
information to their specific course and grade level (with or without help
or guidance from their instructors). With LLMs, the story has changed.
They offer a single, easily accessible tool that can solve student problems
in context, with grades similar to or even higher than those of students
themselves. While the studies in this review demonstrate that instructors and
researchers still consider it essential to contextualize learning, no innovation
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to date has challenged the abilities of instructors to support students in
undertaking independent, project-based work in the same manner as LLMs.

The field of computing education is unique because it is one of the few
fields where students are already learning with continual computer-based
feedback on complex, constructed problem solutions (i.e., computer programs
designed to solve the posed problems). What is particular about secondary
computing educators is that they have always had to adopt and integrate
the latest technologies to address problem-based learning, provide feedback,
and prepare students for the future of work at the human-computer frontier.
The future of work at the human-computer frontier is now the human-Al
frontier. All fields will require students to interact with Al to solve problems.
Therefore, we believe that studying the current trends in LLM applications in
computing education will provide insights into the future of learning systems
that integrate generative AI. This research highlights the dimensions that
both educators and learners can expect to change as Al becomes increasingly
pervasive across various fields.

This systematic literature review highlights some of the challenges that
learning systems will encounter. Furthermore, it illustrates how educators
can utilize Al to motivate students and personalize learning. We suggest that
the current innovations are building preliminary strategies that are needed
to prepare learners for the human-Al frontier. We posit that more research
and strategies are needed that explicitly prepare learners to work directly
with Al for problem solving, including the identification and elaboration of
the knowledge that students will need to develop to understand, critically
evaluate, and modify the solutions that Al provides. This review emphasizes
the importance of continuous reflection and adaptation of learning systems
to integrate with AI, thereby supporting both educators and students in
ways that facilitate students’ development of expertise and the ability to
solve complex problems. This means there is a critical need for proactive
strategies to support educators in learning about and teaching with these
technologies, while emphasizing the importance of human learning and the
application of Al to address the larger problems that our world faces.

While this review focused on computing education, it highlights the need
for supporting learners who need to interact with Al that can solve problems
in their domain. It is becoming increasingly evident that LLM-based tools
can solve problems across various domains. Still, their ability to provide
reliable and valid responses remains inconsistent, particularly when issues
become more complex. However, it is these specific scenarios that are al-
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ready present in computing education, where we need the most work to
determine when and how LLM-based tools require adaptation to continue
supporting human learning despite inaccuracies, hallucinations, or lower sys-
tem capabilities in complex problem-solving. As we tackle more complex
global challenges, such as access to food and clean water, and the interac-
tions of geopolitics with health, education, and human rights, it is imperative
that we learn to leverage cutting-edge Al capabilities while remaining con-
tinually aware of its limitations and biases, and that humans be enabled to
learn and contribute to new solutions in complex learning systems.

It is true that Al systems will perform beyond the cognitive capabilities
of a large part of the population. Within the field of computing education,
this is already the case. Similar to the emergence of automobiles, however,
there is the potential to enable every person to leverage new technologies
with proper design and consideration of what humans and machines need to
know and do. We do not advocate that Al replace humans, but rather that
it is essential to develop Al tools that support human learning, enabling indi-
viduals to tackle complex cognitive tasks within challenging domains. As the
need for human problem-solving continues to grow, this approach becomes
increasingly important. Learning systems must continue to strive to promote
human learning, enabling human learners to contribute to problem-solving
for ever-more complex problems. This requires learning systems that engage
learners in learning about Al and the problem-solving domains in which they
will operate, and help focus learner tasks by appropriately adapting to the
specific learner needs within these tasks, thereby reducing cognitive load in
ways that enable and promote human learning, engagement, and motivation.

Generative Al tools, similar to LLMs, will continue to evolve to solve
a broader range of problems at higher complexity levels. Our societies and
learning systems need to evolve more rapidly to engage all humans in complex
problem-solving processes in roles and ways tailored to their unique abilities,
thereby contributing to novel and transformative solutions. This will require
more interconnected systems that support human-human interactions (such
as teacher-student and student-student) and human-Al interactions (such
as LLM tool-student and beyond) to promote learning. Learning systems
must become more accessible, accept more human modifications by teachers,
caregivers, and students as appropriate to specific contexts and needs, and
they must continually adapt to changing needs. While we have not focused
on this as a particular area, it is also imperative that these evolving learning
systems promote Al in education in ethical ways, particularly by centering

38



ethics and impacts on learners as primary design goals, not afterthoughts. A
critical need is the development of new frameworks that would have enabled,
for example, the authors of the papers in this review direction in LLM tool
design to elaborate and adhere to specifically targeted ethics principles and
goals (Barnes et al., 2024).

5. Threats to validity

Internal Validity. The subjective nature of inclusion/exclusion crite-
ria, quality assessment, and thematic analysis creates potential for bias and
inconsistent decision-making and interpretation. To mitigate these risks, we
adhered to a well-defined protocol from the very first phase of finding pa-
pers to the thematic analysis, with regular team discussions. Specifically,
the two researchers involved in the screening phases followed standardized
procedures and independently conducted quality reviews of all selected pa-
pers before proceeding to subsequent steps. Additionally, during the analysis
phase, all researchers held regular meetings to discuss findings and maintain
consistency.

External Validity. Our focus on student-facing tools in computing ed-
ucation limits the applicability of results to other academic disciplines and
tool types, such as instructor-facing or institutional platforms. Addition-
ally, most reviewed studies were conducted in the United States, which may
restrict the relevance of our findings to regions with different pedagogical ap-
proaches and infrastructures. Furthermore, we excluded non-peer-reviewed
papers to ensure quality standards; however, we acknowledge that this deci-
sion may have excluded some innovative works published on platforms such
as arXiv. Finally, our analysis did not differentiate findings by specific LLM
models, which may potentially limit the generalizability of the results to
different Al systems.

Construct Validity. The constructs examined in our analysis (e.g.,
engagement or performance) were not operationalized identically across the
reviewed studies. Although we maintained fidelity to each paper’s original
terminology, we acknowledge that potential discrepancies in those papers
may have impacted our synthesis.

Conclusion Validity. The reliability of our conclusions depends fun-
damentally on the methodological quality and rigor of the studies included
in our review. In other words, limitations or biases in the original research
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can propagate into the aggregated findings. To mitigate this, we imple-
mented stringent quality assessment criteria and restricted our analysis to
peer-reviewed publications, but we acknowledge that quality assessment can-
not eliminate all issues in the primary literature.

6. Conclusion

This review synthesized 52 articles published in journals and conferences
indexed in ACM, IEEE, and ScienceDirect between 2021 and mid-June 2025
to examine practices and trends in student-facing, LLM-driven tools for un-
dergraduate computing education. The reviewed studies demonstrated that
these tools are increasingly utilizing pedagogical frameworks, employ diverse
assessments of student-LLM interaction, and leverage multi-modal data to
foster engagement and support learning. However, some concerns remain,
particularly regarding the limited scaffolding, potential over-reliance on Al-
generated solutions, and insufficient development of students’ meta-cognitive
and problem-solving skills.

Overall, while LLM-driven tools show promise in enhancing engagement
and supporting instruction, the field requires further research to establish
their effectiveness and inform effective implementation. Specifically, there
is a critical need for empirical evidence from large-scale deployments, longi-
tudinal studies examining long-term impacts on teaching and learning, and
the development or adoption of pedagogical and technical frameworks suit-
able for this new context. Furthermore, the field must prioritize creating
comprehensive design frameworks that guide the development of LLM tools
for specific domains, learners, and educational contexts. These frameworks
should particularly emphasize the creation of safe, reliable, and ethical tools
that genuinely prioritize student learning outcomes over technological capa-
bilities alone.
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Table A.3: Data

extraction categories

Author(s) | Title Grade Subject Location | Research Purposes Ul Modal- | Technical Data Col- | Evaluation
ity Approaches | lection Focus
Methods
(Ahmed Feasibility Study of | Early-stage | CS1 India Explore Al-generated feedback | Web-based Prompt En- | Survey, Academic
et al., 2025) | Augmenting Teach- for human teaching assistants | UL gineering, Tool Re- | Perfor-
ing Assistants with in CS1 programming exercises Multi-Stage sponse mance,
Al for CS1 Program- and student perceptions of Al- Pipeline, Evaluation Perception
ming Feedback augmented TA responses Fact- and Ex-
Checker/Validator perience,
Learning
Behavior
(Alario- Tailoring Your | Early-stage | Systems Pro- | Spain Support first-year engineer- | Web-based RAG, Interaction | Tool Usage,
Hoyos Code Companion: gramming ing students in a Java pro- | Ul Prompt logs , LLM | Technical
et al., 2024) | Leveraging LLMs gramming course with context- Engineering , | Chat  His- | Perfor-
and RAG to De- specific answers Multi-Stage tory mance,
velop a Chatbot to Pipeline, Percep-
Support Students Guardrails, tion and
in a Programming Prompt Experience
Course Chaining,
Multimodal
(Birillo One Step at a Time: | Early-stage | introduction to | Unclear Combine LLMs with static [ IDE- Prompt En- | Interaction | Perception
et al., 2024) | Combining LLMs kotlin analysis to provide textual and | integrated gineering, logs and Ex-
and Static Anal- code hints for programming | Agent Multi-Stage perience,
ysis to  Generate tasks Pipeline, Tool Usage,
Next-Step Hints for Prompt Technical
Programming Tasks Chain- Perfor-
ing, Fact- mance
Checker /Validator
(Crandall Generative Pre- | Early-stage | 2nd-semester CS | USA Provide timely, automated [ GitHub Prompt En- | Survey Perception
et al., 2023) | Trained Transformer course code reviews for undergradu- | Actions gineering, and Experi-
(GPT) Models as ate CS students Interface Multi-Stage ence
a Code Review Pipeline,
Feedback Tool in Guardrails
Computer Science
Programs
(del Car- | Automating Per- | Early-stage | CS1 New Generate personalized Parsons | Web-based Prompt En- | Interaction | Tool Usage,
pio Gutier- | sonalized Parsons Zealand problems with customizable | Ul gineering, logs , Sur- | Percep-
rez et al., | Problems with Cus- contexts for novice program- Multi-Stage vey tion and
2024) tomized Contexts mers. Pipeline Experience
and Concepts
(Denny Desirable Char- | Early-stage | Introductory New Investigate student views on [ Web-based Prompt En- | Interaction | Perception
et al., | acteristics for Al programming Zealand digital TAs and compare their | UI gineering, logs , Tool | and Experi-
2024b) Teaching Assistants preferences for automated as- Guardrails, Response ence, Tool
in Programming sistance and human tutors Multi-Stage Evaluation | Usage
Education Pipeline, , Survey
Prompt
Chaining
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# | Author(s) | Title Grade Subject Location | Research Purposes Ul Modal- | Technical Data Col- | Evaluation
ity Approaches | lection Focus
Methods
7 (Denny Prompt Problems: | Early-stage | Python-based New Help students learn how to | Web-based Prompt Engi- | Survey, Tool Usage,
et al., | A New Program- courses CS1 and | Zealand write effective prompts for AI | UI neering Interaction | Percep-
2024a) ming Exercise for Cs2 code generators logs tion and
the Generative AI Experience
Era
8 | (Fan et al., | Software Engineer- | Early-stage | CS1 Singapore | Provide automated, real-time | Learning Prompt En- | Survey, Academic
2025) ing Educational Ex- feedback for novice students platform- gineering, Student Perfor-
perience in Building integrated Multi-Stage Perfor- mance,
an Intelligent Tutor- Agent Pipeline, mance Percep-
ing System Guardrails Metrics tion and
Experience
9 | (Gabbay Combining LLM- | Early-stage | Introductory Israel Integrate LLM-generated feed- | Web-based Prompt Engi- | Interaction | Technical
and Cohen, | Generated and python back into Automated Test- | UI neering, Fact- | logs , Sur- | Perfor-
2024) Test-Based Feed- based Feedback (ATF) in a Checker /Validatay, Tool | mance,
back in a MOOC for MOOC to provide tailored sup- Response Percep-
Programming port for learners in code as- Evaluation | tion and
signments Experience
10 | (Hassan On Teaching | Early-stage | Introductory USA Enhance novice programmers’ | Web-based Prompt En- | Interviews Perception
et al., 2025) | Novices Compu- programming computational thinking skills | UI gineering, and Ex-
tational Thinking through scalable feedback and Multi-Stage perience,
by Utilizing Large integrated assessments Pipeline, Learning
Language Models Guardrails, Behavior
Within Assessments Multimodal
11 | (Huo et al., | Accelerating Learn- | Early-stage | Programming 2 Australia | Explore a personalized pro- | Learning Prompt En- | LLM Chat | Tool Usage,
2024) ing with AI: Im- gramming feedback system us- | platform- gineering , | History, Academic
proving Students’ ing a fine-tuned LLM and de- | integrated In-context Survey, Perfor-
Capability to Re- velop a visualized interaction | Agent Learning, Discus- mance,
ceive and Build Au- tool to help students interpret Fine tun- | sion Board | Technical
tomated Feedback code and optimize prompts for ing, Prompt | Analysis, Perfor-
for Programming debugging Chaining Student mance,
Courses Perfor- Percep-
mance tion and
Metrics Experience
12 | (Hussein Integrating Person- | Late-stage Advanced digital | USA Provide personalized AI- | Web-based Prompt En- | Survey Perception
et al., 2024) | alized AlI-Assisted design course assisted instruction in remote | Ul, IDE- | gineering, and Experi-
Instruction Into Re- laboratories, promoting inde- | integrated Guardrails ence
mote Laboratories: pendent learning and critical | Agent
Enhancing Engi- thinking
neering Education
with OpenAl’'s GPT
Models
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13 | (Jury et al., | Evaluating LLM- | Early-stage | Introductory CS | New Generate interactive worked | Web-based Prompt En- | Interaction | Tool Usage,
2024) generated ‘Worked Class Zealand examples Ul gineering, logs , Sur- | Perception
Examples in an Prompt vey, Tool | and Ex-
Introductory Pro- Chaining, Response perience,
gramming Course Multi-Stage Evaluation | Technical
Pipeline, Perfor-
Few Shot mance
Prompting,
Guardrails
14 | (KazemitabapfodeAid: Evalu- | Early-stage | C programming Canada Meet the needs of both stu- | Web-based Prompt En- | Interaction | Tool Usage,
et al., 2024) | ating a Classroom dents and educators by be- | Ul gineering, logs , | Technical
Deployment of an ing helpful and technically cor- Multi-Stage Survey, Perfor-
LLM-based Pro- rect, while not directly reveal- Pipeline, Interviews mance,
gramming Assistant ing code solutions. Few Shot Percep-
that Balances Stu- Prompting, tion and
dent and Educator Guardrails, Experience
Needs Prompt
Chaining
15 | (Kumar Supporting Self- | Mixed Introduction Canada Facilitate students’ self- | Web-based Prompt Engi- | Survey, Academic
et al., 2024) | Reflection at Scale to Databases reflection with the goal of | Ul neering LLM Chat | Perfor-
with Large Lan- and Intro to enabling interactive reflection History, mance,
guage Models: Computer Pro- at scale Student Perception
Insights from Ran- gramming Perfor- and Ex-
domized Field mance perience,
Experiments in Metrics Motiva-
Classrooms tion/Attitud
Tool Usage
16 | (Kuramitsu | KOGI: A Seamless | Mixed Algorithm  and | Japan Provide Al-based learning [ IDE- Prompt En- | Survey, Tool Usage,
et al., 2023) | Integration of Chat- Data Science assistance to students who | integrated gineering, Interac- Learning
GPT into Jupyter encounter programming chal- | Agent Guardrails, tion logs , | Behavior,
Environments for lenges, such as wunresolved Prompt LLM Chat | Technical
Programming Edu- errors, unknown terms, un- Chaining History Perfor-
cation explained code, and code mance
modification
17 | (Liffiton CodeHelp: Us- | Early-stage | a first-year com- | USA Provide on-demand assistance | Web-based Prompt En- | Interaction | Perception
et al., 2024) | ing Large Lan- puter and data- to programming students with- | UI gineering, logs, Survey | and Experi-
guage Models with science course out directly revealing solu- Multi-Stage ence, Tool
Guardrails for tions, mitigating the over- Pipeline, Usage
Scalable Support reliance trap Guardrails,
in Programming Prompt
Classes Chaining
18 | (Liu et al., | Improving AI in | Early-stage | Introductory Israel Propose a continuous improve- | Web-based Prompt Engi- | Interaction | Technical
2025a) CS50: Leveraging Python ment process for educational | UI neering, Fact- | logs , Sur- | Perfor-
Human Feedback for Al systems, combining human Checker/Validatay, Tool | mance,
Better Learning evaluations, automated assess- Response Percep-
ments, few-shot prompting and Evaluation | tion and
fine-tuning techniques to en- Experience
sure pedagogically sound help

Continued on next page
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# | Author(s) | Title Grade Subject Location | Research Purposes Ul Modal- | Technical Data Col- | Evaluation
ity Approaches | lection Focus
Methods
19 | (Liu et al., | Teaching CS50 with | Early-stage | Intro to CS | USA Provide students with an AI | Web-based Prompt En- | Survey, Perception
2024b) AI: Leveraging Gen- (CS50) tutor that acts as a personal | UI gineering, Interaction | and Ex-
erative Artificial In- expert by avoiding direct an- Multi-Stage logs , Tool | perience,
telligence in Com- swers and adapting to course Pipeline, Response Tool Usage,
puter Science Edu- updates. Prompt Evaluation Technical
cation Chaining, Perfor-
Fine tuning, mance
Guardrails,
Fact-
Checker/Validator,
Few Shot
Prompting
20 [ (Lui et al., | GPTutor: A Gen- | Mixed Two software en- | Hong Enhance interactive learning, | Web-based RAG, Survey, Academic
2024) erative Al-powered gineering courses | Kong and student engagement, | Ul Prompt Interaction | Perfor-
Intelligent Tutoring through course material- Engineering, logs mance,
System to Support grounded question-answering Multi-Stage Perception
Interactive Learning Pipeline, and Experi-
with Knowledge- Guardrails ence, Tool
Grounded Question Usage
Answering
21 [ (Lyu et al., | Evaluating the | Early-stage | Programming in | USA Explore the effectiveness of an | Web-based Prompt Engi- | Interaction | Academic
2024) Effectiveness of Python LLM-powered tool in enhanc- | Ul neering logs , Stu- | Perfor-
LLMs in Intro- ing learning outcomes and en- dent Per- | mance,
ductory Computer gagement in introductory CS formance Motiva-
Science Education: courses Metrics , | tion/Attitud
A Semester-Long LLM Chat | Tool Usage
Field Study History
22 [ (Ma et al., | Integrating AI Tu- | Early-stage | Introductory USA Provide programming students | Web-based RAG, LLM Chat | Tool Usage,
2024) tors in a Program- programming with indirect support and | UI Prompt History Perception
ming Course (Python) nudge them towards possible Engineering, and Ex-
next steps relative to their Few Shot perience,
questions Prompting, Technical
Guardrails Perfor-
mance,
Academic
Perfor-
mance
23 | (Menezes AI-Grading Standup | Unspecified | Code-Day Labs | USA Collect and share student | Chat App | Prompt Engi- | Survey, Technical
et al., 2024) | Updates to Im- (College-level standup updates in team Slack | Integra- neering, Fine | Tool Re- | Perfor-
prove Project-Based program for channels, propose a grading | tion (Slack, | tuning sponse mance,
Learning Outcomes software  devel- rubric, and train an AI to | Discord) Evaluation | Academic
opment) automate grading. s Student | Perfor-
Perfor- mance,
mance Percep-
Metrics tion and
Experience

Continued on next page
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# | Author(s) | Title Grade Subject Location | Research Purposes Ul Modal- | Technical Data Col- | Evaluation
ity Approaches | lection Focus
Methods
24 | (Nelson SENSAI: Large Lan- | Unspecified | Cybersecurity USA Provide personalized learning | Web-based Prompt En- | Survey, Perception
et al., 2025) | guage Models as Ap- support in cybersecurity ed- | UI gineering, Interaction | and Ex-
plied Cybersecurity ucation by analyzing a stu- Fine tuning, | logs perience,
Tutors dent’s working context, includ- Multi-Stage Learning
ing their active terminals and Pipeline Behavior
edited files
25 | (Neumann An LLM-Driven | Unspecified | Databases and | Germany | Integrate LLMs into LMSs | Learning RAG, Survey, Perception
et al., 2025) | Chatbot in Higher Information like Moodle to support self- | platform- Prompt LLM Chat | and Ex-
Education for Systems regulated learning (SRL) and | integrated Engineering, History, perience,
Databases and In- help-seeking behavior Agent Multi-Stage Tool Re- | Motiva-
formation Systems Pipeline, sponse tion/Attitud
Fact- Evaluation Technical
Checker/Validator, Perfor-
Prompt mance
Chaining
26 | (Neyem Exploring the Im- | Late-stage Capstone soft- | Chile Explore the impact of gener- | Chat App | Prompt En- | Submission | Perception
et al pact of Generative ware engineering ative AI on improving quality | Integra- gineering, artifacts and Ex-
2024b) Al for StandUp course and effectiveness of StandUp | tion (Slack, | Multi-Stage s Survey, | perience,
Report Recommen- Reports in software engineer- | Discord) Pipeline Tool Re- | Technical
dations in Software ing capstone courses sponse Perfor-
Capstone Project Evaluation mance
Development
27 | (Neyem Toward an Al | Late-stage Software devel- | Chile Enhance LLM’s quality and | Web-based RAG, Survey, Perception
et al., | Knowledge Assis- opment relevance through integra- | Ul Prompt Tool Re- | and Ex-
2024a) tant for Context- tion with a capstone course Engineering, sponse perience,
Aware Learning database Multi-Stage Evaluation | Technical
Experiences in Pipeline s Interac- | Perfor-
Software Capstone tion logs mance
Project Develop-
ment
28 | (Pankiewicz | Navigating Com- | Early-stage | Introductry pro- | Poland Explore the effectiveness of Al- [ Learning Prompt En- | Survey, Perception
and Baker, | piler Errors with gramming generated hints in helping in- | platform- gineering, Tool Re- | and Ex-
2024) AI Assistance - A troductory programming stu- | integrated Multi-Stage sponse perience,
Study of GPT Hints dents navigate compiler errors | Agent, Web- | Pipeline, Evaluation, | Learning
in an Introduc- based UI Few Shot | Submission | Behavior,
tory Programming Prompting artifacts Academic
Course Perfor-
mance
29 | (P?durean BugSpotter: Auto- | Early-stage | Introductory C | New Produce buggy code based on | Web-based Prompt En- | Student Technical
et al., 2025) | mated Generation of programming Zealand a problem description and val- | UI gineering, Perfor- Perfor-
Code Debugging Ex- idate the added bugs using a Multi-Stage mance mance,
ercises test suite Pipeline Metrics Academic
Perfor-
mance

Continued on next page
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# | Author(s) | Title Grade Subject Location | Research Purposes Ul Modal- | Technical Data Col- | Evaluation
ity Approaches | lection Focus
Methods
30 [ (Pua et al., | CustomAlIzEd: Early-stage | Introductory AI | Singapore | Create personalized assign- | Web-based Prompt Engi- | Interviews Perception
2025) Bridging Interdis- ments and quizzes focused on | UI neering, Few and Experi-
ciplinary Gaps in AT concepts Shot Prompt- ence
AI Education with ing, Prompt
Customized Content Chaining,
Using LLMs Guardrails,
Fact-
Checker /Validator
31 | (Qadir, Generative AI in | Mixed Data and Com- | Qatar Study the integration of a cus- | Web-based RAG, Survey Perception
2025) Undergraduate puter Communi- tomized AI chatbot into under- | UI Prompt and Experi-
Classrooms: Lessons cations Networks graduate courses with majorly Engineering, ence
from Implementing I (DCCN-I) non-native English speakers Guardrails
a Customized GPT Course and
Chatbot for Learn- Computer Ethics
ing Enhancement Course
32 | (Renzella Compiler- Early-stage | CS1 Australia | Present a compiler-integrated | Web- Prompt En- | Interaction | Tool Usage,
et al., 2025) | Integrated, Con- Al tool designed to enhance de- | based Ul, | gineering, logs Percep-
versational AI for bugging support for CS1 pro- | Command- Guardrails, tion and
Debugging Cs1 gramming students line Interface | Multi-Stage Experience
Programs (CLI) Pipeline,
Prompt
Chaining
33 | (Riazi and | LLM-Driven Feed- | Unspecified | Database Sys- | USA Provide targeted feedback on | Web-based Prompt En- | Survey, Perception
Rooshenas, | back for Enhancing tems course conceptual design tasks in | Ul gineering, Tool Re- | and Ex-
2025) Conceptual De- Database Systems courses Multi-Stage sponse perience,
sign Learning in Pipeline, Evaluation Technical
Database  Systems Prompt Perfor-
Courses Chaining mance
34 | (Rivera Iterative Student | Early-stage | CS1 Austria Utilize LLMs to generate code | Web-based Prompt En- | Survey Perception
et al., 2024) | Program  Planning based on students’ plans, and | UI gineering, and Ex-
using Transformer- evaluate the code against Multi-Stage perience,
Driven Feedback expert-defined test suites. Pipeline, Tool Usage,
Guardrails, Learning
Fact- Behavior,
Checker/Validator Technical
Perfor-
mance
35 | (Rogers Playing Dumb to | Early-stage | Introductory USA Present the iterative design | Web-based Prompt En- | Survey, Perception
et al., 2025) | Get Smart: Creat- MATLAB and evaluation of an LLM- | Ul gineering, Interviews, | and Ex-
ing and Evaluating based teachable agent that Guardrails LLM Chat | perience,
an LLM-based facilitates learning-by-teaching History Motiva-
Teachable Agent in CS courses tion/Attitud
within University Academic
Computer Science Perfor-
Classes mance

Continued on next page
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# | Author(s) | Title Grade Subject Location | Research Purposes Ul Modal- | Technical Data Col- | Evaluation
ity Approaches | lection Focus
Methods
36 | (Sheese Patterns of Stu- | Early-stage | introductory USA Study students’ use of LLMs in | Web-based Prompt En- | Interaction | Learning
et al., 2024) | dent Help-Seeking computer- and practice and their help-seeking | UI gineering, logs , Stu- | Behavior,
‘When Using a data-science patterns Multi-Stage dent Per- | Tool Usage,
Large Language course Pipeline, formance Academic
Model-Powered Pro- Guardrails, Metrics Perfor-
gramming Assistant Prompt mance
Chaining
37 | (Shin et al., | Understanding Op- | Early-stage | CS2 USA Study students’ effective help- | Web-based Prompt En- | Submission | Tool Usage,
2024) timal Interactions seeking behaviors and the | UI gineering, artifacts , | Learning
Between Students correlation between problem- Multi-Stage Interaction | Behavior
and A Chatbot Dur- solving strategies and learning Pipeline, logs
ing A Programming outcomes. Guardrails,
Task Prompt
Chaining
38 | (Smith Prompting for | Early-stage | Introductory New Combine "Explain in Plain En- | Web-based Prompt En- | Student Perception
et al., 2024) | Comprehension: programming Zealand glish" questions and LLMs to | UI gineering, Perfor- and Ex-
Exploring the Inter- enhance student learning and Guardrails, mance perience,
section of Explain in feedback Multi-Stage Metrics Academic
Plain English Ques- Pipeline, Perfor-
tions and Prompt Fact- mance,
Writing Checker/Validator Learning
Behavior
39 | (Tan et al., | Explore the Impact | Unspecified | Design thinking | Singapore | Explore how different AI chat- | Web-based RAG, Survey, In- | Perception
2025a) of Avatar Represen- course bot avatar representations, | Ul Prompt terviews and Experi-
tations in AI Chat- e.g., visual and auditory ele- Engineering, ence
bot Tutors on Learn- ments, impact student engage- Multimodal,
ing Experiences ment, prompting behaviors, Multi-Stage
and perceived response quality Pipeline
40 | (Taylor dcc —help: Trans- | Early-stage | CS1 and CS2 Australia | Generate context-aware, | Command- Prompt En- | Interaction | Tool Usage,
et al., 2024) | forming the Role novice-focused error expla- | line Interface | gineering, logs , Tool | Technical
of the Compiler by nations in programming | (CLI) Guardrails Response Perfor-
Generating Context- environment (terminal) Evaluation | mance
Aware Error Expla-
nations with Large
Language Models
41 [ (Yang Debugging with | Early-stage | Introductory USA Explore how a pedagogically- | Web-based RAG, Interviews Learning
et al.,, [an AI Tutor: In- programming designed chatbot supports stu- | Ul Prompt Behavior,
2024b) vestigating Novice dents’ debugging in an intro- Engineering, Perception
Help-seeking Behav- ductory programming course Multi-Stage and Experi-
iors and Perceived Pipeline, ence, Tool
Learning Guardrails Usage
42 | (Yang Enhancing python | Early-stage | Python program- | Taiwan Support novice Python pro- [ Web-based RAG, Student Tool Usage,
et al., | learning with Py- ming grammers Ul Prompt Perfor- Academic
2024a) Tutor: Efficacy of Engineering, mance Perfor-
a ChatGPT-Based Guardrails, Metrics , | mance
intelligent tutoring Fact- Interaction
system in program- Checker/Validatogs
ming education

Continued on next page
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# | Author(s) | Title Grade Subject Location | Research Purposes Ul Modal- | Technical Data Col- | Evaluation
ity Approaches | lection Focus
Methods
43 | (Zénnchen Exploring the Role | Early-stage | Computational Germany Investigate students’ percep- | Web-based Prompt Engi- | Survey, Perception
et al., 2025) | of Large Language Thinking course tions, engagement, and use of | UI neering Submission | and Ex-
Models as Artificial the CS50 Duck in Computa- artifacts perience,
Tutors tional Thinking course Learning
Behavior,
Tool Usage,
Motiva-
tion/Attitud
Supplementary Papers
44 | (Bassner Iris: An AI-Driven | Early-stage | Programming Germany | Integrate the LLM into the in- | Learning Prompt En- | Survey Perception
et al., 2024) | Virtual Tutor for fundamentals teractive learning platform to | platform- gineering, and Experi-
Computer  Science (CS1) guide students with hints and | integrated Multi-Stage ence
Education counter-questions, without re- | Agent Pipeline, Few
vealing complete solutions Shot Prompt-
ing, Prompt
Chaining,
Guardrails
45 | (Frankford AI-Tutoring in Soft- | Early-stage | Introduction to | Austria Evaluate LLMs’ integration in | Learning Prompt Engi- | Interaction | Perception
et al., 2024) | ware Engineering programming Automated Programming As- | platform- neering logs , Sur- | and Experi-
Education sessment Systems (APASs) integrated vey ence, Tool
Agent Usage
46 | (Gao et al., | Fine-Tuned Large | Unspecified | Unspecified China Create an intelligent visualiza- | Web-based Fine tuning, | Survey, Perception
2025) Language Model tion system to support begin- | UI Multi-Stage Interaction | and Ex-
for Visualization ners’ self-regulated learning Pipeline, logs perience,
System: A Study Prompt En- Tool Usage,
on Self-Regulated gineering Technical
Learning in Educa- s Prompt Perfor-
tion Chaining mance
47 | (Goddard A Chatbot Won’t | Early-stage | Introductory CS | Canada Foster a more inclusive CS | Chat App | Multi-Stage Survey, Perception
et al., 2024) | Judge Me: An Ex- culture and normalize chal- | Integra- Pipeline, Interviews , | and Experi-
ploratory Study of lenges in learning through self- | tion  (Slack, | Prompt LLM Chat | ence, Tool
Self-disclosing Chat- disclosing chatbot’s imaginary | Discord) Engineering History Usage
bots in Introductory struggles with course materials
Computer  Science
Classes
48 | (Hou et al., | CodeTailor: LLM- | Early-stage | Introductory USA Generate correct code solu- | Web-based RAG, Survey, Perception
2024) Powered Personal- python tions and encourage student | UI Prompt Interac- and Ex-
ized Parsons Puzzles engagement and active learn- Engineering tion logs , | perience,
for Engaging Sup- ing , Few Shot | Interviews Academic
port While Learning Prompting, Perfor-
Programming Multi-Stage mance
Pipeline,
Guardrails,
Fact-
Checker/Validator,
Prompt
Chaining

Continued on next page
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# | Author(s) | Title Grade Subject Location | Research Purposes Ul Modal- | Technical Data Col- | Evaluation
ity Approaches | lection Focus
Methods
49 | (Jacobs and | Leveraging Lecture | Early-stage | Introductory Germany Encourage students’ indepen- | Web-based RAG, Survey Perception
Jaschke, Content for Im- programming dent problem solving without | UI Prompt and Ex-
2024) proved Feedback: revealing answers Engineering, perience,
Explorations with Multi-Stage Tool Usage,
GPT-4 and Re- Pipeline, Technical
trieval ~Augmented Few Shot Perfor-
Generation Prompting, mance
Guardrails,
Prompt
Chaining
50 | (Jin et al., | Teach AI How to | Early-stage | Introductory al- | Korea Investigate LLMs as teachable | Web-based Prompt En- | Survey, Perception
2024) Code: Using Large gorithm learning agents for “learning by teach- | Ul gineering, LLM Chat | and Ex-
Language Models as ing (LBT)" by proposing a Multi-Stage History perience,
Teachable Agents pipeline that restrains LLMs’ Pipeline, Tool Usage,
for Programming knowledge and makes them ini- Few Shot Technical
Education tiate ’'why’ and ’how’ ques- Prompting, Perfor-
tions for effective knowledge- Guardrails, mance
building Prompt
Chain-
ing, Fact-
Checker/Validator,
Fine tuning
51 | (Wang, Efficient generation | Unspecified | Object-oriented Taiwan Propose a cached Performer | Web-based Cache aug- | Survey, Perception
2023) of text feedback in programming model to address Transformer | UI mented Tool Re- | and Ex-
object-oriented pro- (OOP) architecture’s speed and scal- prompt sponse perience,
gramming education ability issues when generat- pipeline, Evaluation | Technical
using cached per- ing text feedback for object- Customized Perfor-
former revision oriented programming educa- Performer mance
tion (Trans-
former)
52 | (Woodrow Al Teaches the Art | Early-stage | CS1 Worldwide | Provide “style feedback” to | IDE- Multi-Stage Interaction | Academic
et al., 2024) | of Elegant Coding: help introductory program- | integrated Pipeline, logs , Sub- | Perfor-
Timely, Fair, and ming students write elegant, | Agent Prompt En- | mission mance,
Helpful Style Feed- reusable, and comprehensible gineering, artifacts Learning
back in a Global code Guardrails Behavior,
Course Tool Usage




Appendix B. Pedagogical Approaches Utilized in the Papers

Table B.4: Papers with Pedagogical Approaches

Author(s)

Title

Scaff. Socratic

Scaff. Metacognitive

Scaff. Personalization

Affective/Motivational

Dir. Write Code
Learn by Teach
Course-Specific

Unrestricted

Tl

(Ahmed et al., 2025)

Feasibility = Study  of
Augmenting  Teaching
Assistants with Al
for CS1 Programming
Feedback

<] Scaff. General

<] Scaff. Feedback

<|Problem-Based Learning]

<|Dir. Teach Concept

(Alario-Hoyos et al.,
2024)

Tailoring Your Code
Companion: Leveraging
LLMs and RAG to
Develop a Chatbot to
Support Students in a
Programming Course

(Birillo et al., 2024)

One Step at a Time:
Combining LLMs and
Static Analysis to Gen-
erate Next-Step Hints
for Programming Tasks

(Crandall et al., 2023)

Generative Pre-Trained
Transformer (GPT)
Models as a Code Re-
view  Feedback Tool
in Computer Science
Programs

(del Carpio Gutierrez
et al., 2024)

Automating Personal-
ized Parsons Problems
with Customized Con-
texts and Concepts

(Denny et al., 2024b)

Desirable Character-
istics for AI Teaching
Assistants in Program-
ming Education

(Denny et al., 2024a)

Prompt Problems: A
New Programming Ex-
ercise for the Generative
Al Era

(Fan et al., 2025)

Software Engineering
Educational Experi-
ence in Building an
Intelligent Tutoring
System

(Gabbay
2024)

and Cohen,

Combining LLM-
Generated and Test-
Based Feedback in a
MOOC for Program-
ming

10

(Hassan et al., 2025)

On Teaching Novices
Computational Think-
ing by Utilizing Large
Language Models
Within Assessments

11

(Huo et al., 2024)

Accelerating Learning
with Al Improving
Students’ Capability to
Receive and Build Au-
tomated Feedback for
Programming Courses

Continued on next page
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Author(s)

Title

Scaff. Feed.

Scaff. Meta.

Scaff. Pers.

Prob.-Based

10US page
=]
Q

Teach

Dir. Write
Affect./Motiv.

Learn by Tea
Unrestricted

Dir.

(Hussein et al., 2024)

Integrating Personalized
Al-Assisted Instruction
Into Remote Laborato-
ries: Enhancing Engi-
neering Education with
OpenAl’s GPT Models

<J|Scaff. Gen.

<] Scaff. Socr.

< | Course-Spec.

13

(Jury et al., 2024)

Evaluating LLM-
generated Worked
Examples in an Intro-
ductory  Programming
Course

14

(Kazemitabaar et al.,
2024)

CodeAid: Evaluating
a Classroom Deploy-
ment of an LLM-based
Programming Assistant
that Balances Student
and Educator Needs

15

(Kumar et al., 2024)

Supporting Self-
Reflection at Scale
with Large Language
Models: Insights from
Randomized Field Ex-
periments in Classrooms

16

(Kuramitsu et al., 2023)

KOGI: A Seamless In-
tegration of ChatGPT
into Jupyter Environ-
ments for Programming
Education

17

(Liffiton et al., 2024)

CodeHelp: Using Large
Language Models with
Guardrails for Scalable
Support in Program-
ming Classes

18

(Liu et al., 2025a)

Improving AI in CS50:
Leveraging Human
Feedback for Better
Learning

19

(Tiu et al., 2024b)

Teaching CS50 with AI:
Leveraging Generative
Artificial Intelligence
in Computer Science
Education

20

(Lui et al., 2024)

GPTutor: A Generative
Al-powered Intelli-
gent Tutoring System
to  Support Interac-
tive Learning with
Knowledge-Grounded

Question Answering

21

(Lyu et al., 2024)

Evaluating the Effec-
tiveness of LLMs in
Introductory Computer
Science Education: A
Semester-Long Field
Study

22

(Ma et al., 2024)

Integrating AI Tutors in
a Programming Course

23

(Menezes et al., 2024)

AI-Grading Standup
Updates to Improve
Project-Based Learning
Outcomes

24

(Nelson et al., 2025)

SENSAI: Large Lan-
guage Models as Applied
Cybersecurity Tutors

v

Continued on next page
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Author(s)

Title

Scaff. Gen.

Scaff. Feed.

Socr.

Scaff.

Scaff. Meta.

Scaff. Pers.

Prob.-Based

10US page
=]
Q

Dir. Write
Affect./Motiv.

Learn by Tea
Unrestricted

(Neumann et al., 2025)

An LLM-Driven Chat-
bot in Higher Education
for Databases and Infor-
mation Systems

<|Dir. Teach
< | Course-Spec.

26

(Neyem et al., 2024b)

Exploring the Impact
of Generative AI for
StandUp Report Recom-
mendations in Software
Capstone Project Devel-
opment

27

(Neyem et al., 2024a)

Toward an AI Knowl-
edge Assistant for
Context-Aware Learn-
ing Experiences in
Software Capstone
Project Development

28

(Pankiewicz and Baker,
2024)

Navigating Compiler Er-
rors with AI Assistance
— A Study of GPT Hints
in an Introductory Pro-
gramming Course

29

(P?durean et al., 2025)

BugSpotter: Automated
Generation of Code De-
bugging Exercises

30

(Pua et al., 2025)

CustomAIzEd: Bridging
Interdisciplinary Gaps
in AI Education with
Customized Content
Using LLMs

31

(Qadir, 2025)

Generative AT in Under-
graduate Classrooms:
Lessons from Imple-
menting a Customized
GPT Chatbot for
Learning Enhancement

32

(Renzella et al., 2025)

Compiler-Integrated,
Conversational Al
for Debugging CS1
Programs

33

(Riazi
2025)

and Rooshenas,

LLM-Driven Feedback
for Enhancing Concep-
tual Design Learning
in Database Systems
Courses

34

(Rivera et al., 2024)

Iterative Student Pro-
gram Planning using
Transformer-Driven
Feedback

35

(Rogers et al., 2025)

Playing Dumb to Get
Smart: Creating and
Evaluating an LLM-
based Teachable Agent
within University Com-
puter Science Classes

36

(Sheese et al., 2024)

Patterns of Student
Help-Seeking When
Using a Large Lan-
guage Model-Powered
Programming Assistant

37

(Shin et al., 2024)

Understanding Optimal
Interactions Between
Students and a Chatbot
During a Programming
Task

Continued on next page
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Continued from prev

Author(s)

Title

Socr.

Scaff.

Scaff. Meta.

ir.

Prob.-Based
Dir. Teach

D ‘Write
Affect./Motiv.

Scaff. Pers.

7
=

0US page
Q

Course-Spec.

Unrestricted

(Smith et al., 2024)

Prompting for Compre-
hension: Exploring the
Intersection of “Explain
in Plain English” Ques-
tions and Prompt Writ-
ing

<J|Scaff. Gen.

<|Scaff. Feed.

<|Learn by Tea

39

(Tan et al., 2025a)

Explore the Impact of
Avatar Representations
in AI Chatbot Tutors on
Learning Experiences

40

(Taylor et al., 2024)

dcc —help: Transforming
the Role of the Compiler
by Generating Context-
Aware Error Explana-
tions with Large Lan-
guage Models

41

(Yang et al., 2024b)

Debugging with an Al
Tutor: Investigating
Novice Help-Seeking
Behaviors and Perceived
Learning

42

(Yang et al., 2024a)

Enhancing
Learning with Py-
Tutor: Efficacy of
a ChatGPT-Based
Intelligent Tutoring
System in Programming
Education

Python

43

44

(Zonnchen et al., 2025)

(Bassner et al., 2024)

Exploring the Role of
Large Language Models
as Artificial Tutors

Iris: An AI-Driven Vir-
tual Tutor for Computer
Science Education

v

v

v

v

v

v

v

v

Supplementary Papers

45

(Frankford et al., 2024)

Al-Tutoring in Software
Engineering Education

v

v

v

v

46

(Gao et al., 2025)

Fine-Tuned Large Lan-
guage Model for Vi-
sualization System: A
Study on Self-Regulated
Learning in Education

47

(Goddard et al., 2024)

A Chatbot Won’t Judge
Me: An Exploratory
Study of Self-Disclosing
Chatbots in Introduc-
tory Computer Science
Classes

48

(Hou et al., 2024)

CodeTailor: LLM-
Powered Personalized
Parsons Puzzles for En-
gaging Support While
Learning Programming

49

(Jacobs
2024)

and Jaschke,

Leveraging Lecture Con-
tent for Improved Feed-
back: Explorations with
GPT-4 and Retrieval-
Augmented Generation

50

(Jin et al., 2024)

Teach AI How to Code:
Using Large Language
Models as Teachable
Agents for Programming

Education
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# | Author(s) Title w|lw|lon|wn|n|&|A]|A|<|AA]|0 =
51 (Wang, 2023) Efficient Generation v vV

of Text Feedback in
Object-Oriented Pro-
gramming Education
Using Cached Performer
Revision

52 (Woodrow et al., 2024) Al Teaches the Art v
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