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Abstract 

This study aimed to identify and synthesize how vibe coding and AI-assisted programming are 

defined, conceptualized, and operationalized in undergraduate computer education programs; 

examine and categorize the reported pedagogical benefits of AI-assisted coding approaches; 

and identify the risks and challenges associated with them. A systematic review was conducted 

across major academic databases, including Scopus, IEEE Xplore, ACM Digital Library, and 

ERIC, covering the period from 2023 to 2025. A total of 19 studies met the predefined inclusion 

criteria for analysis. The synthesized findings reveal that GitHub Copilot and ChatGPT were 

often used as an AI pair programmer and an AI conversational assistant, respectively. The 

primary pedagogical benefits are the acceleration of rapid prototyping, the reduction of 

cognitive load associated with syntactic errors, and increased student motivation. Students 

often transition from low-level to higher-level coding, focusing on problem definition and 

critical code review. Conversely, significant foundational skill risks were identified, including 

a potential decline in core debugging skills, reduced deep understanding of algorithms and data 

structures, and an increased reliance on generated code, which may hinder mastery of 

fundamental programming constructs. The review also highlighted the emerging challenge of 

teaching proper prompt engineering and adequate code verification as essential new skills. 

Keywords: AI-assisted Programming, Computer Education, Undergraduate, Vibe Coding 

1. Introduction 

The rapid integration of Large Language Models (LLMs) into the software development 

workflow has given rise to “Vibe Coding”—the practice of coding using natural language 

prompts. The term was introduced in February 2025 by Andrej Karpathy, an AI researcher, on 

his X post (Edwards, 2025). Vibe coding allows developers to quickly program without being 

bound by software development rules or formal procedures. The programmer specifies the 

desired software features and lets the AI prototype them. This practice has shifted away from 

traditional AI-assisted programming, where a specific tool, such as GitHub Copilot or Tabnine, 

suggests the following line of code based on what the programmer has already written (Glance, 

2025). 

The paradigm shift mandates a re-evaluation of pedagogical strategies in undergraduate 

curricula, as many university students have reportedly integrated artificial intelligence (AI) into 

their classroom assignments (Cavazos et al., 2024), ranging from simple data collection to 

completing writing tasks (Goulart et al., 2024; Thitivesa et al., 2025). However, allowing 
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students to use AI in classrooms might alter traditional teaching dynamics and raise ethical 

concerns (Salloum, 2024). In 2025, The Scottish Sun reported over 1,000 AI-related cheating 

incidents with students using chatbots like ChatGPT to complete coursework and assessments, 

a 700% increase from the past year (Rodger, 2025). The New York Post reported that 97% of 

Gen-Z students are using AI to write essays, do homework, and even get into college (Olander, 

2025) 

The Joint Council for Qualifications (2025) stated that copying/paraphrasing AI-generated 

content does not reflect the student’s own thinking and should be considered AI misuse. In 

computer engineering education, where AI and coding are closely linked, allowing students to 

code with AI might hinder their coding skills, especially in introductory programming courses 

(Lau & Guo, 2023). This might raise the question: “If programmers use AI for coding, then 

who will code the AI?”  

This systematic review examines the current state of research on integrating vibe coding 

practices into undergraduate curricula, focusing on reported pedagogical benefits and potential 

risks to foundational programming skills. 

2. Research Objectives 

This research study was aimed: 

1. To synthesize existing definitions and conceptual frameworks of vibe coding and AI-

assisted programming in undergraduate computer education. 

2. To evaluate the pedagogical benefits and learning outcomes associated with vibe coding 

and AI-assisted programming practices. 

3. To identify risks to foundational programming skills linked to these approaches. 

4. To analyze instructional and curricular strategies proposed to balance between 

increasing productivity and lowering risk. 

3. Methodology 

To systematically examine empirical and conceptual literature on vibe coding / AI-assisted 

programming practices in undergraduate computer engineering (and closely related computing 

disciplines), this study followed the PRISMA-style systematic review plan (Page et al., 2021) 

described as follows: 

Inclusion Criteria 

Population: Undergraduate students in computer engineering, computer science, software 

engineering, or closely related fields 

Intervention/Phenomenon: Explicit mention of vibe coding or AI-assisted programming 

(or similar terms), ChatGPT or Copilot-like tools 

Outcomes: Programming performance, conceptual understanding of programming 

language, debugging ability, risks, and ethical concerns 

Study types: Peer-reviewed sources that present empirical studies (experimental, quasi-

experimental, survey, mixed-methods), systematic reviews, or meta-analyses 
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Publication years: 2023–present, as ChatGPT was publicly released as a free research 

preview at the end of 2022 (Walsh, 2025) 

Language: English 

Exclusion Criteria 

 Studies that focus solely on technical LLM performance benchmarks with no educational 

implications, studies that include K–12 education only, and non-peer-reviewed sources were 

excluded from the analyses (except for discussion). 

Information Sources 

 This systematic review includes publications from the following sources (databases): 

Scopus, IEEE Xplore, ACM Digital Library, and ERIC. 

Search Strategy 

Three structured query blocks were run per database. Block-A looked up “vibe coding” as 

an emerging term. Block-B searched for AI-assisted programming in education, a core evidence 

preceding vibe coding. Block-C focused on specific tools, such as ChatGPT and GitHub Copilot. 

Search Block-A:  

("vibe coding" OR "vibe-coding") 

AND 

(education OR curriculum OR student* OR undergraduate*) 

Search Block-B:  

("AI-assisted programming" OR "AI assisted coding" OR "AI coding assistant" 

 OR "code generation" OR "generative AI") 

AND 

(student* OR undergraduate* OR "higher education") 

AND 

(programming OR software OR coding) 

Search Block C: 

("GitHub Copilot" OR "ChatGPT" OR "LLM" OR "large language model") 

AND 

(programming OR coding) 

AND 

(education OR student* OR learning) 

Data Extraction Framework 

 A synthesis matrix was created with the following fields: 

Bibliographic info: Author(s), year 

Discipline: Computer Eng. (CE), Computer Science (CS), Software Eng. (SE), … 
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Subject: Intro. programming, web development (greenfield/brownfield), data science, … 

AI tool: Copilot, ChatGPT, custom LLM 

Study design: Experiment, survey, systematic review, mixed, … 

Sample size: n 

Reported benefits: Speed, motivation, confidence, design focus, … 

Reported risks: Surface-level learning, debugging weakness, security, … 

Foundational skills affected: Syntax, logic, debugging, code reading, … 

Mitigation strategies: Scaffolding, AI restrictions, assessments, … 

Key conclusions: Author claims 

4. Result 

According to the eligibility criteria, a total of 19 peer-reviewed sources were included in the 

analysis. Table 1 shows a synthesis of nine research papers that cover all aspects designed for 

the analysis. 

Table 1 Synthesis Matrix  
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The key findings from all reviewed sources can be divided into four main points, which can 

be summarized as follows: 

The Landscape of AI Tools in Coding 

AI tools are capable of suggesting solutions, generating code, explaining errors, and 

accelerating development workflows (Čerňanský et al., 2025). Some tools primarily act as AI-

first coders that rely on natural language input, while others are often used as pair-programming 

agents in which programmers write code first. Key tools mentioned include: 

GitHub Copilot is often described as an AI pair programmer (Čerňanský et al., 2025; Fan et 

al., 2025; Park et al., 2025) that provides inline code autocompletion and suggestions based on 

context (Čerňanský et al., 2025; Park et al., 2025). It leverages OpenAI Codex, a language 

model trained on public Git repository datasets (Haruto et al., 2025; Johanyák et al., 2023; Park 

et al., 2025). Its features extend to a conversational interface (Copilot Chat) for answering 

questions and suggesting unit tests. Copilot is highly integrated with Integrated Development 

Environments (IDEs) like Visual Studio Code (Čerňanský et al., 2025). 

ChatGPT is a conversational agent based on LLMs. It excels at tasks like defining 

assignments, correcting errors, explaining code, and providing interactive help (Johanyák et 

al., 2023; Güner & Er, 2025). It is widely adopted in programming contexts, even dominating 

the attribution found in public GitHub repositories analyzed in one study (Schreiber & Tippe, 

2025). 

Cursor is an AI-first code editor that deeply embeds LLMs into the development experience, 

offering context-aware editing and high-level features such as code explanation and refactoring 

directly in the UI (Čerňanský et al., 2025). 

The most widely adopted use case is code generation and completion, where LLMs predict 

the next lines or blocks of code, often accelerated by comments written in natural language 

(Čerňanský et al., 2025). Beyond code generation, these tools offer essential support for 

learning and productivity: 

Code debugging and error correction: AI tools can identify and explain syntax or logical 

errors in code, suggesting fixes to reduce student frustration (Adhikari et al., 2024; Chen et al., 

2024; Güner & Er, 2025; He & Li, 2025; Johanyák et al., 2023). For students, this translates to 

real-time assistance, helping quickly locate and correct errors (Cao, 2025; Wang et al., 2025). 

 Code explanation: LLMs excel at transforming complex code into accessible natural 

language explanations or summaries, aiding comprehension and debugging (Adhikari et al., 

2024; Čerňanský et al., 2025; Güner & Er, 2025; He & Li, 2025; Johanyák et al., 2023). This 

capacity is valued, particularly for helping students understand code they did not write 

themselves (Adhikari et al., 2024; Bakharia & Abdi, 2024). 

Testing and quality assurance: LLMs can generate unit and integration tests, reducing the 

manual effort required for verification (Blasquez, 2025; Čerňanský et al., 2025; Roy et al., 

2025). 

Impact on Programming Performance and Efficiency 

The integration of these assistive tools significantly enhances efficiency and productivity, 

suggesting that AI can expedite coding workflows by acting as a supplementary knowledge 

source. 
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Productivity gains: Shihab et al. (2025) found that professionals using Copilot reported 

productivity increases (24% average, 44% for junior developers). Students using Copilot 

completed coding tasks significantly faster and made more progress in implementing solutions 

than when working without AI. 

Reduced cognitive load: AI assistance reduces the extraneous cognitive load associated with 

non-essential tasks such as syntax recall and boilerplate code generation (Cao, 2025; Park et 

al., 2025; Shihab et al., 2025). This freeing up of memory allows students to focus more on the 

inherent complexity of the task (Shihab et al., 2025). 

Enhanced learning outcomes: AI assistance can effectively improve students’ programming 

performance, self-efficacy, and programming interest (He & Li, 2025). Research comparing 

AI-assisted pair programming with human-human pairing and individual approaches found that 

AI-assisted groups demonstrated superior performance and higher intrinsic motivation than 

individual programming (Fan et al., 2025). 

Challenges: Dependency, Quality, and Ethical Concerns 

Despite the benefits, relying on generative AI tools presents critical pedagogical and 

technical challenges that require careful management (Haruto et al., 2025; Park et al., 2025). 

Over-reliance and skill atrophy: Excessive dependence on AI tools may hinder the 

development of independent problem-solving skills and deeper conceptual understanding 

(Chen et al., 2024; Güner & Er, 2025; Haruto et al., 2025; Park et al., 2025; Shihab et al., 2025). 

Students often adopt a passive learning approach, seeking quick answers rather than engaging 

in deeper reasoning, potentially leading to long-term skill deficits (Fan et al., 2025; Haruto et 

al., 2025). 

Code quality and inaccuracy (hallucinations): AI-generated code is not guaranteed to be 

correct (Park et al., 2025; Schreiber & Tippe, 2025). LLMs are prone to “hallucinations”—

generating believable but incorrect or irrelevant content, including non-existent libraries or 

subtle logic flaws (Čerňanský et al., 2025; Bakharia & Abdi, 2024; Blasquez, 2025; Roy et al., 

2025). This necessitates continuous critical human oversight (Čerňanský et al., 2025; Karnalim 

et al., 2024; Schreiber & Tippe, 2025). 

Security vulnerabilities: A large-scale analysis (Schreiber & Tippe, 2025) revealed that 

although 87.9% of AI-generated code lacks identifiable Common Weakness Enumeration 

(CWE)- mapped vulnerabilities, AI systems still generate code containing widely known and 

severe security weaknesses (e.g., SQL Injection, OS Command Injection). Python code, in 

particular, consistently exhibited higher vulnerability rates across tools compared to JavaScript 

and TypeScript. 

Effective Integration and Pedagogical Strategies 

To leverage AI tools effectively, educators must adopt strategies that shift the focus from 

manual coding to critical thinking and refinement (Bakharia & Abdi, 2024). 

Fostering critical evaluation: Students must be trained to critically evaluate and verify AI-

generated outputs, treating them as first drafts rather than final solutions (Blasquez , 2025; 

Čerňanský et al., 2025; Roy et al., 2025). Industry practitioners emphasize the need for students 

to assess the correctness, applicability, and quality of AI-generated code (Ocay & Rodrigo, 

2025). 
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Teaching prompt engineering: A critical new skill is “prompt engineering,” or the ability to 

ask precise, contextually relevant questions to optimize AI output (Güner & Er, 2025; Ocay & 

Rodrigo, 2025). This strategy is essential for iteratively refining AI-generated code (Roy et al., 

2025). 

Scaffolding and guidance: The integration should be structured, perhaps using a hierarchical 

guidance strategy that provides support (Q&A, error correction) without immediately yielding 

complete solutions (He & Li, 2025). 

Reflection and feedback: AI tools like ChatGPT can generate personalized reflective reports 

based on a student’s coding errors, promoting reflection and enhancing higher-order thinking 

skills (HOTS), such as critical thinking and problem-solving (Chen et al., 2024). 

Balancing AI use: Educators should balance AI assistance with traditional learning activities 

and may use AI-free assessments to ensure students develop independent problem-solving 

skills and retain core concepts without becoming dependent on AI (Johanyák et al., 2023; Park 

et al., 2025). 

5. Conclusion 

This study examined the growing integration of AI into undergraduate computer education 

through a systematic review. Two different coding approaches can be concluded from 19 peer-

reviewed sources. With vibe coding, or AI-first coding, students identify prompts in natural 

language; the AI agent then generates the code, and students debug or modify it. AI-assisted 

programming lets students code first, and the AI assistant suggests the next line. 

Studies indicate that AI-assisted problem-based learning and pair programming can 

significantly enhance student performance, increase intrinsic motivation, and reduce learning 

anxiety. However, these tools also pose challenges, such as a potential decline in fundamental 

syntax mastery and an increased risk of academic plagiarism through code obfuscation.  

Beyond the classroom, the emergence of coding agents and assistants like GitHub Copilot 

and Cursor is shifting the development workflow toward “vibe coding,” where creators focus 

on high-level intent rather than manual implementation. While these autonomous tools enable 

non-experts to build complex applications, they still require careful evaluation to mitigate 

model hallucinations and navigate intricate technical infrastructures. Together, the texts 

highlight a shift toward collaborative human-AI workflows that prioritize problem-solving and 

logic over traditional manual coding skills. 
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