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Abstract. Educational chatbots have gained prominence as support tools for
teaching programming, particularly in introductory learning contexts. This pa-
per presents a Systematic Mapping Study (SMS) that investigated how such
agents have been developed and applied in programming education. From an
initial set of 3,216 publications, 54 studies were selected and analyzed based on
five research subquestions, addressing chatbot types, programming languages
used, educational content covered, interaction models, and application contexts.
The results reveal a predominance of chatbots designed for Python instruction,
focusing on fundamental programming concepts, and employing a wide variety
of pedagogical approaches and technological architectures. In addition to iden-
tifying trends and gaps in the literature, this study provides insights to inform
the development of new educational tools for programming instruction.

1. Introduction
Programming poses challenges from both didactic and cognitive perspectives, hinder-
ing its assimilation by students and its effective mediation by instructors [Robins 2019,
Luxton-Reilly 2016]. As a result, introductory programming courses have historically
shown high rates of failure [Alves et al. 2019] and dropout [Penney et al. 2023], under-
scoring the need for pedagogical strategies that combine individualized support, instruc-
tional clarity, and continuous engagement. These difficulties go beyond technical content,
being closely related to how knowledge is presented, contextualized, and internalized
by learners [Guo 2018, López-Pernas et al. 2019]. According to Cognitive Load The-
ory [Sweller et al. 2011], effective learning environments must reduce unnecessary de-
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mands on working memory by offering structured and context-sensitive instruction tai-
lored to learners’ proficiency levels. In this sense, instructional personalization — that is,
adjusting the level of guidance to learners’ cognitive maturity — is a key factor in ensuring
accessibility and meaningful learning [Van Merrienboer e Sweller 2005, Renkl 2014].

This scenario has driven the development of solutions that integrate tech-
nological affordances with sound pedagogical principles. Among these, chatbots
have emerged as promising tools for continuous learning mediation, offering imme-
diate feedback and fostering learner autonomy [Ruan et al. 2019, Clarizia et al. 2018,
Smutny e Schreiberova 2020]. These intelligent applications are capable of interacting
with learners through natural language or pre-structured dialogues [Mageira et al. 2022],
and can be integrated into virtual learning environments or personalized educational sys-
tems, enabling various forms of automated and adaptive tutoring digital scaffolding mech-
anisms [Hobert 2019, Carreira et al. 2022, Kasinathan et al. 2018]. These tools extend
learners’ exposure time to instructional content, creating opportunities for deliberate prac-
tice [Ericsson et al. 1993], in which students experiment, test hypotheses, refine their un-
derstanding, and internalize concepts actively and reflectively.

Despite the growing number of initiatives involving the use of chatbots in Educa-
tion, the literature still lacks comprehensive systematizations that consolidate the existing
body of knowledge, particularly regarding their adoption in undergraduate programming
education. The dispersed nature of current publications across various sources makes
it difficult to identify methodological patterns, pedagogical foundations, and application
contexts. Organizing and analyzing such evidence is essential not only to support more
informed decision-making but also to foster the development of more effective educa-
tional solutions that align with the instructional needs of both students and educators.
Given this context, in this paper, we present a Systematic Mapping Study (SMS) car-
ried out to investigate how chatbots have been adopted in the teaching and learning of
programming in undergraduate courses. SMS is a research method designed to catego-
rize and synthesize scientific evidence in a rigorous, transparent, and reproducible man-
ner, enabling the identification of gaps, emerging trends, and directions for future re-
search [Kitchenham e Charters 2007, Petersen et al. 2015].

Based on the analysis of 2,497 retrieved studies, we selected 34 primary studies
through the rigorous application of predefined inclusion and exclusion criteria. Our find-
ings offer a comprehensive, structured, and reproducible overview of the state of the art
in chatbot-based programming education, providing valuable insights from both techni-
cal and pedagogical perspectives. The main contributions of this study are as follows:
(i) a catalog of chatbots proposed for programming education; (ii) the identification of
the programming contents and concepts addressed by these solutions; (iii) the analysis
of interaction strategies used to mediate the learning process; and (iv) the mapping of
programming languages employed in educational interactions supported by chatbots.

2. Research Method

In this study, we conducted a Systematic Mapping Study (SMS) following the guidelines
proposed by Kitchenham et al. (2007). Our goal is to investigate the chatbots described
in the literature that support the teaching of programming in undergraduate courses. We
detailed the procedures adopted in this study in the following subsections.
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2.1. Research Questions

The following research question guided our study: How have chatbots been employed
as pedagogical tools in undergraduate programming education? We defined a set of
Research subquestions (SQs) to guide the data extraction and analysis process. Table 1
presents the SQs along with their respective motivations.

Table 1. Research subquestions and their motivations.

Research Subquestions Motivation
SQ1. Which chatbots have been
proposed to support programming
learning?

To identify and systematize chatbots described in the scientific literature that focus on
programming education, providing a comprehensive overview of the solutions already de-
veloped or evaluated in educational contexts.

SQ2. What programming concepts
are addressed by educational chat-
bots

To understand which programming concepts, skills, or domains are most frequently tar-
geted through chatbot-based learning, highlighting trends and areas of concentrated use.

SQ3. Which programming lan-
guages are employed in chatbot-
mediated learning interactions?

To investigate the diversity and prevalence of programming languages used in educational
chatbot approaches, and to map their suitability across different levels of complexity and
learner profiles.

SQ4. What interaction strategies
are used by educational chatbots?

To identify the communication mechanisms employed by chatbots (Pattern-based models
( menu/script-based interactions), Retrieval-based models, Generative models).

2.2. Digital Databases

We selected four digital libraries to conduct our SMS: ACM Digital Library (ACM), Engi-
neering Village (Compendex), IEEE Xplore Digital Library (IEEE) e Scopus. We chose
these databases for their recognized relevance in Computing Education and their broad
coverage of high-quality scientific publications.

2.3. Search Strategy

We adopted a refinement process similar to the one proposed by Zhang et al. (2010),
which included the analysis of previously selected studies and the use of control papers
to validate the effectiveness of the formulated search strings. We applied the search string
presented below for automated retrieval in the selected digital libraries, combining alter-
native spellings and synonyms using the OR boolean operator. Additionally, we used the
AND operator to combine the three core concepts of interest.

(“chatbot” OR “chatterbot” OR “artificial conversational entity” OR “chatbots”
OR “mobile chatbots” OR “conversational agent*” OR “talkbot*” OR “talk

bot*” OR “conversational interface” OR “conversational system” OR “dialogue
system”) AND (“programming*” OR “program” OR “CS2” OR “CS1” OR

“computer programming” OR “introductory computer” OR “introductory
programming” OR “novice programming” OR “coding education” OR

“introductory computer science”) AND (“student” OR “learning” OR “course”
OR “teaching” OR “training”)

2.4. Inclusion and Exclusion Criteria

We defined the Inclusion Criteria (IC) and Exclusion Criteria (EC), as outlined in the
guidelines by Kuhrmann et al. (2017). Table 2 presents the criteria adopted in this SMS.
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Table 2. Criteria for inclusion or exclusion of studies.

ID Description

IC1 Studies that discuss the use of chatbots to support programming learning in undergraduate education.
IC2 Studies that report empirical evidence (e.g., experiments, evaluations) involving chatbot use in undergraduate programming

education.
IC3 Studies that describe chatbots as learning support tools for programming in undergraduate contexts.

EC1 Studies that address educational chatbots outside the scope of programming education.
EC2 Duplicate studies (e.g., versions published in different venues or dates); In this case, we considered only the most complete

and latest version.
EC3 Studies that are not written in English.
EC4 The following types of publication: books, doctoral theses, master’s dissertations, patents, tutorials, workshop proposals, or

posters.
EC5 The study’s full text is not available for download.

2.5. Establishment of the Selection Process

We adopted the search string presented in Subsection 2.3 to retrieve the candidate studies
for analysis in this SMS, conducted in April 2025. We carried out the selection process
iteratively and incrementally, in two main stages. In the first stage, we screened studies
based on their titles and abstracts, applying the inclusion and exclusion criteria described
in Subsection 2.4. Two researchers jointly discussed decisions. In cases of doubt or lack
of consensus, we retained the study for the next stage of analysis. In the second stage, we
performed a full-text review of the previously selected studies, systematically applying
the predefined selection criteria. This stage aimed to ensure a more accurate assessment
of each study’s relevance. We reviewed and discussed all results collaboratively, and we
resolved any disagreements through consensus among the researchers.

Figure 1 summarizes the complete data selection and extraction process. Initially,
we found 3,216 publications in the digital libraries: 112 from the ACM Digital Library,
855 from Engineering Village, 984 from IEEE Xplore, and 1,265 from Scopus. Some
articles were indexed in more than one database but were counted only once, following
a predefined priority order: ACM, then Engineering Village, IEEE, and finally Scopus.
We accessed all potential studies through our institutional network. When full-text access
was not available, we contacted the authors directly to request preprint versions. After
applying the inclusion and exclusion criteria, we selected a final set of 54 studies to be
included in this SMS.

2.6. Data Extraction Strategy

After thoroughly reading each study, we systematically extracted relevant information
to answer each research subquestion presented in Table 1 Two additional authors subse-
quently reviewed all extracted data to ensure the consistency and accuracy of the collected
information. Any disagreements were discussed among the researchers until a consensus
was reached.

3. Results
Table 3 presents the complete list of selected studies.

The selected studies were published between 2003 and 2025. From the temporal
perspective, the earliest relevant study was published in 2003, followed by a ten-year gap.
A new study emerged in 2013, but once again, there was a hiatus until 2018, when we
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Figure 1. Results of systematic mapping filters.

Table 3. Selected studies.

ID Reference ID Reference ID Referece
S01 [Coronado et al. 2018] S19 [Kumar et al. 2024] S37 [Wijaya e Purwarianti 2024]
S02 [Verleger e Pembridge 2018] S20 [Gupta et al. 2025b] S38 [Vintila 2024]
S03 [Lane e VanLehn 2003] S21 [Gupta et al. 2025a] S39 [Liu et al. 2024]
S04 [Nguyen et al. 2022] S22 [Frankford et al. 2024] S40 [Lin 2022]
S05 [Ardimansyah e Widianto 2021] S23 [Xue et al. 2024] S41 [Scholl et al. 2025]
S06 [Chen et al. 2021] S24 [Vadaparty et al. 2025] S42 [da Silva et al. 2024]
S07 [Bilgin e Yavuz 2022] S25 [Troussas et al. 2024] S43 [Kosar et al. 2024]
S08 [Ismail e Ade-Ibijola 2019] S26 [Lee et al. 2024] S44 [Modran et al. 2024]
S09 [Carreira et al. 2022] S27 [Wei et al. 2023] S45 [Zabala e Narman 2024]
S10 [Okonkwo e Ade-Ibijola 2020] S28 [Kiesler et al. 2023] S46 [Haindl e Weinberger 2024a]
S11 [Okonkwo e Ade-Ibijola 2022] S29 [Cubillos et al. 2025] S47 [Lepp e Kaimre 2025]
S12 [Winkler et al. 2020] S30 [Pirzado et al. 2024] S48 [Callejo et al. 2024]
S13 [Hobert 2019] S31 [Arteaga Garcia et al. 2024] S49 [Fernandez et al. 2024]
S14 [Kuo e Chen 2023] S32 [Palahan 2025] S50 [Farah et al. 2023]
S15 [Kasinathan et al. 2018] S33 [Bobadilla et al. 2023] S51 [Tayeb et al. 2024]
S16 [Hamzah et al. 2021] S34 [Gabriella et al. 2024] S52 [Haindl e Weinberger 2024b]
S17 [Mitchell et al. 2013] S35 [Xiao et al. 2024] S53 [Prather et al. 2024]
S18 [Groothuijsen et al. 2024] S36 [Akçapınar e Sidan 2024] S54 [Andersen-Kiel e Linos 2024]

identified three relevant publications. After a slight decline in 2020, we observed a steady
increase in the following years, with four studies published in 2021 and five in 2022. This
increase may be associated with significant advancements in the field of Natural Language
Processing (NLP), particularly following the introduction of the Transformer architecture
in 2017, which enabled the development of more sophisticated chatbots with enhanced
contextual understanding [Bran e Schwaller 2024]. In addition, the COVID-19 pandemic
created an urgent need to restructure teaching and learning models, demanding accessible
and interactive educational solutions. These factors, combined, have contributed to the
growing interest among educators in adopting chatbots for programming education.

We present the results for each of the outlined SQs below.

3.1. SQ1. Which chatbots have been proposed to support programming learning?

From the 54 selected studies, we identified and characterized 36 distinct chatbots designed
to support programming learning.
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We organized the identified chatbots according to the predominant pedagogical
strategies adopted in their design. This categorization allowed us to recognize instruc-
tional patterns that transcend technological mediation, highlighting distinct modes of in-
teraction with knowledge, learners, and the educational context.

The definition of these pedagogical categories was informed by theoretical guide-
lines from [Renkl 2014, Keuning et al. 2018, Okonkwo e Ade-Ibijola 2021] and derived
inductively through a systematic reading of the studies. We grouped the chatbots into the
following categories:

• Content-based direct instruction. This category includes chatbots designed to
deliver structured explanations, definitions, and direct instructional support related
to programming syntax, commands, and foundational concepts. These agents typ-
ically follow a transmissive pedagogical approach, focusing on the clear presen-
tation of knowledge through predefined responses or rule-based logic. They are
especially suited for novice learners, helping to reinforce basic understanding and
support early-stage learning. Examples include: RPL Course (S5), Lecturer’s Ap-
prentice (S8), Coding Tutor (S13), JavaTutor (S17), Duke (S1), Web Programming
(S16), WeLast (S16), Intelligence Concentration Framework (S39), Chatbot Script
(S40), and inumerous ChatGPT-based implementations (S19, S34, S41, S42, S43,
S44, S48, S49, S51, S52, S53, S54).

• Reflective and metacognitive tutoring. This category comprises chatbots de-
signed to promote self-regulated learning by incorporating pedagogical strategies
such as Socratic questioning, emotional scaffolding, and mediation of reasoning
processes. Rather than merely transmitting content, these agents aim to stimulate
learners’ critical thinking, enhance metacognitive awareness, and reduce cognitive
load through dialogic interaction. They often adapt their responses to encourage
reflection, support the development of learning strategies, and deepen conceptual
understanding. Examples include: Edubot (S2), Pseudocode Tutor (S3), Anony-
mous Chatbot (S4), Disha AI (S21), ChatGPT-based implementations (S18, S27,
S28), Gemini 1.5 (S29), Newton (S31), PythonPal (S32), QuickTA (S35), and
Chatbot Avert (S38).

• Automated feedback on programming tasks. This category encompasses chat-
bots designed to provide immediate and automated feedback on programming ex-
ercises. These agents analyze submitted code, identify syntactic or logical errors,
and offer tailored suggestions for improvement. Their primary goal is to support
learners in debugging and refining their code autonomously, thereby reinforcing
concepts through iterative practice and reducing dependence on instructor inter-
vention. Many of these chatbots integrate AI-powered techniques—especially
generative models—to enhance the clarity, adaptiveness, and pedagogical effec-
tiveness of their responses. Examples include: Copilot (S24), ChatGPT-4 (S26),
SOBO (S33), AI Programming Assistant (S36), ChatGPT-based implementations
(S18, S25, S45, S46, S47), and Rule-Based Chatbot (S50).

• Contextual and multimodal tutoring. This category includes chatbots that en-
rich the instructional experience by incorporating multimodal resources—such
as videos, audio narration, and annotated materials—into the learning process.
These agents are typically deployed in synchronous or blended learning environ-
ments, where they provide real-time or near-real-time guidance aligned with the
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presented content. By leveraging diverse media formats, these chatbots aim to en-
hance engagement, contextual understanding, and retention, particularly for visual
and auditory learners. Examples include: Sara (S12), Anonymous Chatbot (S14),
TicTad (S15), and Intelligent Tutoring QA System (S37).

• Autonomous instruction and self-study support. This category comprises chat-
bots designed to support individual and self-paced learning, often embedded di-
rectly within coding environments or functioning as on-demand tutors. These
agents provide personalized guidance without requiring instructor mediation, of-
fering features such as intelligent feedback, scheduled sessions, interactive exer-
cises, and support for advanced topics. Their goal is to foster learner autonomy,
reinforce continuous engagement, and promote knowledge retention in both in-
troductory and advanced programming contexts. Examples include: PyNar (S7),
Pyo (S9), Python-Bot (S10), Revision-Bot (S11), AI Tutor (S22), Newton (S31),
ChatGPT (S23, S52).

• Practical assistance in domain-specific contexts. This category includes chat-
bots developed to support programming in applied or specialized domains, such
as embedded systems, hardware integration, or large-scale educational settings.
These agents are tailored to context-specific needs, providing targeted guidance,
technical assistance, or organizational support beyond traditional instructional
content. Their role is to bridge the gap between programming knowledge and
real-world applications, enhancing the authenticity and relevance of learning ex-
periences. Examples include: GSI Agent (S1), FritzBot (S6), and Anonymous
Chatbot (S20).

The diversity of pedagogical strategies identified — ranging from direct instruc-
tion to adaptive and metacognitive support — reflects the growing maturity of chatbot-
based learning approaches and the initial incorporation of theoretical foundations into
agent design. However, we observed that many studies still emphasize technological
innovation at the expense of explicit instructional grounding, reinforcing the need for
evidence-based pedagogical models in the design of educational chatbots. This analy-
sis provides valuable insights for understanding the current state of the field and guiding
future research that combines pedagogical rigor with technical sophistication in the de-
velopment of conversational agents for programming education.

3.2. SQ2. What programming concepts are addressed by educational chatbots?

The analysis of the selected studies revealed that educational chatbots have primarily
focused on supporting foundational programming concepts. Among the 54 studies ana-
lyzed, we identified six thematic categories based on the instructional content addressed
by the chatbots:

• Language-Specific Programming (S1–S5, S7–S13, S15–S17, S25–S28, S31,
S32, S34–S42, S44, S45, S48, S50, S51, S53, S54): The majority of chatbots were
designed to teach introductory programming concepts—such as variables, control
structures, and basic syntax—through specific programming languages, especially
Python, Java, and C-family languages. This prevalence reflects a pedagogical em-
phasis on early-stage skill development, where syntactic fluency and basic logic
are critical. This prevalence reflects a pedagogical emphasis on early-stage skill
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development, where syntactic fluency and basic logic are critical. Examples in-
clude: Python-Bot (S10), JavaTutor (S17), Coding Tutor (S13), and WebProgram-
ming (S16).

• General Programming Concepts (S18, S20–S22, S24, S30, S33, S46, S47, S49,
and S52): Several chatbots (e.g., Disha AI – S21, ChatGPT – S18, S24) addressed
core programming logic, problem-solving skills, and algorithmic reasoning with-
out being tied to a specific language. These tools are especially useful for scaf-
folding abstract thinking and conceptual understanding, often employing natural
language explanations or pseudocode to reduce cognitive load for beginners.

• Object-Oriented Programming (OOP) (S3, S23, S43, S46, S47, S49, S52–S54):
A subset of chatbots focused on learning OOP principles, such as classes, inher-
itance, and encapsulation. These include S23, S43, and S52, often leveraging
ChatGPT to support student understanding of advanced concepts in Java or C++.

• Data Structures (S14 and S29): Two studies used chatbots to support learning in
the context of data structures learning, suggesting a potential yet underexplored
application area for educational chatbots.

• Web Programming (S19): One study focused on teaching web development con-
cepts through interactions with ChatGPT and other MLLMs, highlighting oppor-
tunities for applying chatbots in frontend/backend education.

• Physical Computing (S6): FritzBot was the only chatbot aimed at physical com-
puting and embedded systems, supporting students in programming with Arduino
and prototyping.

An analysis of the included studies revealed that some chatbots addressed multi-
ple programming content categories simultaneously (S4, S46, S47, and S49), illustrating
the potential for broader instructional scope. For instance, Study S4 was classified un-
der both Object-Oriented Programming (OOP) and Language-Specific Programming, as
it supported the teaching of basic C++ syntax and structures alongside core OOP concepts
such as classes and inheritance. This overlap highlights the possibility of designing edu-
cational chatbots capable of supporting learners through different stages of programming
knowledge development, from foundational constructs to more abstract paradigms. It also
reinforces the need for flexible classification frameworks that reflect the multidimensional
nature of programming instruction.

Our results indicate a predominance of chatbots aimed at introductory program-
ming education, reflecting a strong interest in supporting students at the beginner level.
However, the presence of chatbots designed for more advanced topics—such as data struc-
tures, object-oriented programming, and web development—reveals a trend toward diver-
sification and pedagogical maturity. Furthermore, the incorporation of features related to
emotional support and institutional mediation points to an ongoing movement toward per-
sonalization, scope expansion, and multifunctionality in the use of educational chatbots.

3.3. SQ3. Which programming languages have been taught using educational
chatbots?

Our analysis of the selected studies revealed a diversity of programming languages em-
ployed by educational chatbots designed to support programming education.

Python emerged as the most frequently used language (S7, S9–S12, S18–S21,
S24, S26, S31, S32, S35, S36, S39, S40, S44, S45, S48, S49, and S54). This prevalence
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reflects Python’s growing popularity in both academic and professional contexts, particu-
larly in introductory programming courses. We also identified chatbots that support other
commonly adopted languages, including Java (S1, S13, S17, S21, S23, S25, S28, S33,
S39, S46, S47, S52, and S54), C (S18, S22, S27, S29, S42, S44), C++ (S4, S21, S43,
S53, S54), C# (S15, S19, S36), Matlab (S2), JavaScript (S19), TypeScript (S19), PHP
(S16) and Arduino (S6).

In a few cases, pseudocode was adopted as an instructional language (S3, S8),
serving as a cognitive educational tool between algorithmic thinking and formal coding
syntax. Some chatbots focused exclusively on conceptual explanations or textual defini-
tions without relying on any specific programming language (e.g., S5 for natural language
explanations and S14 for data structures). Finally, some studies did not explicitly report
the programming language employed in the chatbot’s design or usage (S30, S34, S37,
S38, S41, S49–S51), which may reflect either a focus on pedagogical strategies over
technical implementation or an intentional emphasis on language-agnostic instruction.

These findings underscore the diversity of instructional strategies in chatbot-
mediated programming education—from language-specific instruction aligned with in-
dustry practices to abstract, conceptual approaches designed to reduce cognitive load and
support novice learners in building foundational understanding.

3.4. SQ4. What interaction strategies are used in the educational chatbots?

The interaction between students and educational chatbots plays an important role in the
pedagogical effectiveness of these agents. According to the taxonomy proposed by Hien
et al. (2018), chatbots can be categorized into three main types of interaction models:

• Pattern-based models rely on fixed input–output rules, typically structured as
predefined question–answer pairs. While computationally simpler, these systems
provide predictable and constrained interactions, making them suitable for do-
mains with well-defined scopes. Examples include: Duke (S1), Pseudocode Tutor
(S3), RPL Course (S5), Lecturer’s Apprentice (S8), Anonymous Chatbot (S14),
TicTad (S15), Newton (S31), SOBO (S33), Chatbot Script (S40), and Rule-based
Chatbot (S50).

• Retrieval-based models operate by querying structured repositories or APIs, and
returning responses based on semantic similarity or contextual matching. These
models enhance interactional flexibility but depend heavily on the quality and cov-
erage of the knowledge base. Examples include: EduBot (S2), Anonymous Chat-
bot (S4), PyNar (S7), Pyo (S9), Python-Bot (S10), Revision-Bot (S11), Coding
Tutor (S13), JavaTutor (S17), SOBO (S33), as well as more recent studies like the
Intelligent Tutoring QA System (S37).

• Generative models leverage machine learning techniques— particularly LLMs
— to produce dynamic, context-aware responses. These agents demonstrate
adaptability to natural language and conversational complexity, though they raise
concerns about pedagogical coherence and content control. Examples include:
FritzBot (S6), Sara (S12), WeLast (S16), WebProgramming (S16), ChatGPT (S18,
S19, S23–S28, S34, S41–S48, S49, S51–S54), Anonymous Chatbot (S20), Disha
AI (S21), AI Tutor (S22), GitHub Copilot (S24, S53), Google Gemini 1.5 (S29,
S49), Newton (S31), PythonPal (S32), QuickTA (S35), AI Programming Assis-
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tant (S36), Chatbot AVERT (S38), Intelligence Concentration Framework (S39),
and Bing (S49).

In addition to these categories, hybrid architectures have emerged as a promis-
ing alternative, combining multiple approaches to balance robustness and adaptability.
For instance, SOBO (S33) integrates rule-based patterns with information retrieval mech-
anisms, while S27 stands out for incorporating all three models—pattern-based, retrieval-
based, and generative—demonstrating the complementary potential of predefined struc-
tures, knowledge queries, and contextualized language generation. One study (S30) did
not provide sufficient detail to determine the specific interaction model employed by the
chatbots. Our data analysis reveals a progressive shift from pattern- and retrieval-based
architectures toward generative models, driven by the increasing availability and maturity
of LLMs. This trend reflects not only technological advances in AI but also a pedagogical
paradigm shift—from traditional instructional delivery to more responsive, personalized,
and learner-sensitive experiences. Nevertheless, the adoption of generative models does
not negate the relevance of hybrid approaches. These can be particularly effective in con-
texts requiring both stability and adaptability, such as large-scale introductory program-
ming courses or platforms that combine technical content with emotional or motivational
support. In this light, the selection of an interaction model becomes a strategic decision
that should account not only for computational resources, but also for instructional goals
and the cognitive profiles of the learners being served.

4. Discussion
The analysis of our sub-research questions revealed a comprehensive landscape regarding
the use of chatbots in programming education, highlighting both technological advance-
ments and pedagogical challenges. In this section, we discuss our findings in light of
existing literature, aiming to identify recurring patterns, tensions, and emerging opportu-
nities. By integrating theoretical and practical perspectives, we seek to understand how
instructional strategies, targeted content, supported programming languages, and inter-
action models adopted by chatbots contribute to—or hinder—the development of more
effective, personalized, and scalable learning experiences.

4.1. Functional Diversity and Maturation of Educational Chatbots

Our chronological analysis of the selected studies (SQ1) reveals a clear evolution in the
design of educational chatbots, with noticeable acceleration starting around 2018. Initially
limited to rule-based and narrowly scoped applications, contemporary chatbots have be-
gun to incorporate more sophisticated approaches, expanding their roles beyond teaching
basic syntax or commands. The presence of chatbots with multiple functionalities—such
as emotional support (Lecturer’s Apprentice – S8), metacognitive tutoring (Disha AI –
S21), and self-paced learning support with code analysis (Newton – S31; PythonPal –
S32)—suggests a shift toward personalized learning experiences, positioning chatbots as
key components of hybrid and adaptive educational ecosystems. This trend reinforces
a sociotechnical perspective of technology-mediated education, where chatbots are not
merely content transmitters, but also facilitators of cognitive, emotional, and social re-
lationships between learners and knowledge. As noted by Keuning et al. (2018) , the
potential of chatbots lies in their ability to engage with the authentic challenges of peda-
gogical practice—a priority increasingly reflected in recent studies.
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4.2. Prevalence of Introductory Content and Gaps in Advanced Topics
Our findings for SQ2 reveal a predominance of chatbots designed to teach introductory
programming content, typically structured around specific programming languages. This
emphasis reflects a legitimate concern within the educational community to support learn-
ers during their initial contact with programming—a stage often marked by high cogni-
tive load, high dropout rates, and difficulties in understanding control flow, syntax, and
debugging. However, the scarcity of chatbots targeting more advanced topics—such as
data structures, object-oriented programming, or web development—exposes a relevant
gap in the field. From an instructional perspective, this limitation reduces the potential of
chatbots to serve as mediators throughout the full spectrum of a student’s learning jour-
ney. Addressing this issue involves not only expanding content coverage but also adapting
pedagogical strategies by incorporating principles such as fading, example variation, and
self-explanation prompts [Renkl 2014], which are essential for fostering the acquisition
of more complex skills.

4.3. Adoption of Accessible Languages and Cognitive Transition Strategies
The analysis of SQ3 indicates a substantial prevalence of programming languages such
as Python and Java in educational chatbots, which aligns with their widespread use in
introductory curricula and professional settings. These choices are not only techni-
cally sound but also pedagogically informed, as these languages offer a broad commu-
nity support and extensive learning resources that facilitate self-directed learning and re-
duce initial barriers. On the other hand, the use of pseudocode in agents such as Pseu-
docode Tutor (S3) and Lecturer’s Apprentice (S8) demonstrates a conscious adoption of
cognitive transition strategies, particularly in contexts that emphasize conceptual under-
standing before implementation. This approach is supported by Cognitive Load Theory
[Sweller et al. 1998, Sweller et al. 2011], which highlights the importance of minimizing
extraneous load in the early stages of learning, and by the principles of progressive scaf-
folding that underpin Example-Based Learning. The observed diversity of languages and
representations also reflects the need to accommodate student heterogeneity, acknowledg-
ing different learning styles, paces, and prior knowledge.

4.4. Transition to Generative Models and Their Educational Implications
Our findings for SQ4 suggest a paradigm shift in how chatbots interact with students,
moving from rigid pattern-based models to more fluid and adaptive generative models,
powered by LLMs such as GPT-3.5, GPT-4, and Gemini. This evolution marks a signif-
icant milestone in the integration of AI and education, enabling agents to dynamically
respond to learners’ needs, questions, and communication styles in real time. However,
this technical advancement also introduces new pedagogical challenges. Key concerns in-
clude the risk of incorrect or pedagogically unsound responses, the opacity of generative
models, and the difficulty of ensuring alignment with instructional goals. As highlighted
by Jury et al. (2024) and Pirzado et al. (2024), the mere integration of LLMs does not au-
tomatically translate into effective educational outcomes. The conversational architecture
of chatbots must be designed around explicit pedagogical principles, such as personalized
feedback, reflective reasoning, and the promotion of learner autonomy. In this regard,
hybrid solutions—which combine generative models with information retrieval mecha-
nisms and predefined instructional patterns—emerge as promising alternatives, offering a
balance between pedagogical control and AI responsiveness.
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4.5. Contemporary Implications and Emerging Challenges

Beyond the direct evidence provided by this SMS, the current literature reinforces the
notion that educational chatbots are not merely technical tools, but rather social and cog-
nitive technologies. Their impact extends beyond operational efficiency, influencing stu-
dent engagement, autonomy, confidence, and knowledge construction. The widespread
use of Python is not solely a result of its syntactic simplicity, but also of its strong inte-
gration with NLP libraries and educational platforms. Examples such as PythonPal and
Python-Bot illustrate how technical integration can enhance instructional support. How-
ever, several latent challenges remain. The continuous use of chatbots—if not guided
by intentional pedagogical design—may undermine the development of critical thinking
skills. The replacement of human mediation by automated agents, when poorly planned,
tends to reduce opportunities for argumentation, idea exchange, and collaborative learn-
ing. Therefore, the future of educational chatbots will depend on our ability to combine
technological innovation with robust pedagogical principles, such as personalization, for-
mative feedback, and the fostering of reflective reasoning.

5. Final Considerations

Our SMS investigated how chatbots have been developed and applied to support the teach-
ing and learning of programming in undergraduate contexts. In response to the research
question presented in Section 2.1, we found that chatbots have been predominantly em-
ployed to support the learning of introductory programming concepts, especially using
languages such as Python, Java, and C++. These agents typically serve as automated
tutors, offering on-demand explanations, immediate feedback, problem-solving support,
code suggestions, and self-study assistance. Most chatbots analyzed were designed to in-
teract responsively with students, ranging from pattern-based systems to, more recently,
generative natural language models powered by LLMs. Despite this evolution, we ob-
served a predominance of systems lacking grounding in learning theories, with minimal
explicit instructional foundations. Furthermore, there is a clear concentration on basic
programming topics, with limited focus on more advanced areas such as data structures,
object-oriented programming, or web development.

This study contributes to the field by organizing and characterizing underexplored
gaps—namely, the scarcity of agents designed for advanced programming topics and the
absence of pedagogical guidelines for chatbot design in computer science education. By
compiling and analyzing these findings, we provide valuable insights for the development
of future educational tools and research agendas that focus on the effective integration of
chatbots, learning theories, and pedagogical practices. We hope our results inspire the
design of agents that go beyond automated response systems, serving instead as dialogic
mediators of the learning process—sensitive to learners’ cognitive needs and aligned with
contemporary theories in computing education. For future work, we recommend sys-
tematically investigating the impact of different types of chatbots on student learning,
considering variables such as academic performance, engagement, motivation, and the
development of cognitive skills. Rather than merely expanding chatbot presence in class-
rooms, we emphasize the importance of ensuring that their use aligns with principles of
equity, instructional clarity, and the promotion of learner autonomy.
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