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Abstract 

Software Engineering (SE) education struggles to align graduate competencies with industry 

needs, a challenge compounded by Generative AI (GenAI). This study’s purpose is to explore 

how structured GenAI utilization can enhance student competencies and learning 

perceptions. This exploratory case study used a mixed-method design involving four students 

in a controlled experiment. Data was collected via quantitative (SWEBOK-based artifact 

assessments, questionnaires) and qualitative narrative reflections. Results show the group 

using AI produced higher-quality artifacts and reported a more efficient, positive experience. 

A key finding is the transformation of work processes, shifting the primary challenge from 

manual execution to the critical evaluation of AI outputs. Due to its small scale, the findings 

are preliminary but suggest GenAI can enhance competencies. This requires an educational 

shift toward human-AI collaboration skills like critical evaluation and prompt engineering. 

Further validation with larger, more comprehensive studies is essential to generalize these 

initial insights. 

Keywords:  Generative AI, software engineering education, skills gap, SWEBOK, case study, 

human-AI collaboration, prompt engineering 

 

Introduction 

The global technology sector is navigating a period of notable adjustment. Recent trends, including 

widespread layoffs during the “tech winter,” have created a complex job market (Afifa, 2023). 

Paradoxically, this volatility has only intensified a persistent skills gap, with a majority of business 
executives now predicting a significant talent shortage (Cantrell, 2022). This misalignment between the 

competencies of university graduates and the dynamic needs of the software industry has been a 

documented challenge in Software Engineering (SE) education for decades. Educators continuously 

struggle to develop relevant competencies—such as requirements analysis, architectural design, and 

complex problem-solving—that extend beyond mere coding proficiency (Garousi et al., 2020; Oguz & 

Oguz, 2019; Zönnchen et al., 2024). 

This foundational challenge is now being reshaped by the emergence of Generative Artificial 

Intelligence (GenAI). The rapid adoption of GenAI tools in the industry is transforming software 

development workflows, with studies reporting significant productivity gains and a shift in the nature 

of developer tasks (Coutinho et al., 2024; Gao, 2024). This technological wave presents both a challenge 

 

* Corresponding Author 

mailto:ghozy.ghulamul@ui.ac.id
mailto:hadiputra@cs.ui.ac.id


Afif, Putra/Leveraging Generative AI to Enhance Software 

  

                         Jurnal Sistem Informasi (Journal of Information System), Volume 22, Issue 2, October 2026 2 

and an opportunity for SE education. It presents challenges to traditional pedagogical approaches while 

also offering a powerful means to enhance learning, for instance, by helping students brainstorm 

requirements (Pereira et al., 2024), generate initial code (Zönnchen et al., 2024), or understand complex 

design concepts (Chen, 2024). It is important to move beyond speculation and empirically investigate 

how these tools can be leveraged effectively. 

While the potential of GenAI in education is a topic of widespread discussion, there remains a notable 

gap in systematic, evidence-based research on its structured application within the SE curriculum. 

Current educational approaches face hurdles in keeping curricula relevant to rapid technological change 

(Kozov et al., 2024) and in providing scalable, personalized feedback to students (Sengul et al., 2024). 

Many existing studies on GenAI in this context are exploratory, focus on user perceptions, or are limited 

to basic programming tasks (Sengul et al., 2024). It is still largely unclear how the integration of GenAI 

as a core component of the development process—rather than just an auxiliary tool—affects specific 

student competencies as defined by established frameworks like the Software Engineering Body of 

Knowledge (SWEBOK). 

This discrepancy between the rapid adoption of GenAI in industry and its cautious, often unstructured, 

application in higher education creates a notable tension. While industry professionals are leveraging 

these tools to accelerate development, academic institutions are left without clear, evidence-based 

guidance on how to prepare the next generation of software engineers for this new reality. This study 

addresses this research gap by examining the direct impact of structured GenAI use on student 

performance and learning experiences in a controlled educational setting. Therefore, the primary 

objective of this research is to explore how the structured integration of GenAI into software 

engineering coursework influences student competency development and their perceptions of the 

learning process. 

To achieve this objective, this study is guided by the following central research question: “How can the 

utilization of Generative AI in the Software Engineering learning process enhance the competencies of 
IT students to meet industry needs?” By focusing on this question, the research aims not to provide a 

comprehensive solution to the entire skills gap, but to investigate the potential of GenAI as a strategic 

tool to address specific facets of it, such as accelerating the mastery of fundamental SE skills and 

exposing students to the latest technologies being adopted by the industry. 

This study is expected to provide contributions to both theory and practice. Theoretically, it will offer 

a preliminary framework for understanding the role of human-AI collaboration in competency 

development within SE education. This aligns with a growing body of research indicating an evolving 

skill shift away from manual coding and toward strategic competencies like critical output evaluation 

and prompt engineering (Fan et al., 2023; Ozkaya & Schmidt, 2024; Zönnchen et al., 2024). Practically, 

the findings will provide educators and curriculum designers with initial, evidence-based insights into 

how they can effectively adapt their teaching methodologies for the GenAI era. By illuminating the 

benefits, challenges, and the “learning paradox”—where effective AI use requires strong foundational 

knowledge—this research aims to help shape a pedagogical approach that prepares students for the 

future of software engineering.  

Literature Review 

Definition and Fundamental Principles of SE 

Software Engineering (SE) is formally defined as the application of a systematic, disciplined, and 

measurable approach to the development, operation, and maintenance of software (International 

Organization for Standardization, 2011). This discipline, as articulated by pioneers like Fritz Bauer and 

Ian Sommerville, emphasizes producing economically efficient and technically reliable software that 

encompasses all aspects of its production lifecycle (Bauer, 1972; Sommerville, 2011). Despite its status, 

SE is an evolving field, and unlike traditional engineering disciplines, it has not yet reached a universal 

consensus on its fundamental principles, reflecting an ongoing refinement of its theoretical foundations 

(Al-Sarayreh et al., 2021). 
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SWEBOK: The Map of Software Engineering Knowledge 

A significant step toward standardizing competencies and knowledge in SE is the development of the 

Software Engineering Body of Knowledge (SWEBOK). Compiled as an official guide by the IEEE 

Computer Society and adopted as ISO/IEC TR 19759, SWEBOK establishes a generally accepted 

knowledge framework for the SE community. Its primary goal is to foster a uniform understanding of 

the discipline globally and to serve as a basis for educational curricula and professional certification 

(Washizaki et al., 2025). 

Table 1. SWEBOK v4.0 KAs (Washizaki, 2024) 

No Knowledge Areas 

1 Software Requirements 

2 Software Architecture 

3 Software Design 

4 Software Construction 

5 Software Testing 

6 Software Engineering Operations 

7 Software Maintenance 

8 Software Configuration Management 

9 Software Engineering Management 

10 Software Engineering Process 

11 Software Engineering Models and Methods 

12 Software Quality 

13 Software Security 

14 Software Engineering Professional Practice 

15 Software Engineering Economics 

16 Computing Foundations 

17 Mathematical Foundations 

18 Engineering Foundations 

The latest edition, SWEBOK v4.0 released in 2024, organizes the SE discipline into 18 main 

Knowledge Areas (KAs) that cover the entire software lifecycle and relevant engineering practices. 

These KAs range from requirements analysis to software maintenance, including managerial and 

quality assurance aspects, underscoring that SE is a complex and comprehensive discipline that extends 

far beyond coding. Table 1 lists these 18 Knowledge Areas. 

Competency Gap 

SE education aims to prepare students for industry careers by delivering the conceptual foundations of 

the software lifecycle and developing professional competencies through practical experience (Kirova 

et al., 2024). However, a persistent gap exists between the competencies of IT graduates and the actual 

needs of the software industry (Garousi et al., 2020; Oguz & Oguz, 2019). This gap is often attributed 

to factors such as curricula that are not aligned with industry dynamics, insufficient student experience 

in real-world projects, and suboptimal development of soft skills during the educational process 

(Garousi et al., 2020; Ozkaya & Schmidt, 2024). 

SE competency itself is a crucial combination of knowledge, skills, and personal attributes required by 

the industry for effective software development (Assyne et al., 2022b, 2022a; Rivera-Ibarra et al., 2010). 

This includes technical mastery aligned with SWEBOK knowledge areas and essential soft skills like 
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problem-solving, communication, and teamwork (Assyne et al., 2022a; Garousi et al., 2020; Kirova et 

al., 2024). The rise of GenAI is predicted to shift competency needs, demanding that professionals be 

able to analyze, validate, and integrate AI-generated work meticulously (Pereira et al., 2024; Zönnchen 

et al., 2024). The focus may shift from manual coding to higher-level tasks such as design, requirements 

engineering, and testing of AI outputs (Zönnchen et al., 2024). This shift adds another layer of 

complexity to the challenge of bridging the existing skills gap, underscoring the urgency for curriculum 

adaptation in SE education (Ozkaya & Schmidt, 2024). 

Generative Artificial Intelligence (GenAI) 

Generative Artificial Intelligence (GenAI) is technology capable of producing new and original content 

such as code, designs, or documentation in Software Engineering (SE) (Pereira et al., 2024). This 

technology is being adopted to increase productivity and simplify the development process (Coutinho 

et al., 2024), with applications spanning various stages from requirements elicitation, diagram creation, 

and API simulation to code writing, explanation, testing, and documentation (Pereira et al., 2024). 

While tools like GitHub Copilot and ChatGPT are often used to support these activities (Coutinho et 

al., 2024), the effectiveness of their use heavily depends on user interaction, where careful prompt 

design (Pereira et al., 2024) and the ability to formulate precise instructions are key to obtaining desired 

results (Coutinho et al., 2024). The generated outputs often require manual refinement and critical 

validation by the user (Coutinho et al., 2024; Kuhail et al., 2024; Pereira et al., 2024) due to significant 

challenges. These challenges include issues of reliability and accuracy (Coutinho et al., 2024; Pereira 

et al., 2024), the potential for hallucination or generating misleading information (Pereira et al., 2024), 

the risk of over-reliance that can hinder skill development (Pereira et al., 2024), potential biases in the 

models (Pereira et al., 2024), and concerns related to security and privacy when handling sensitive data 

(Coutinho et al., 2024). Therefore, understanding both the potential and the challenges, along with the 

importance of skilled interaction, is essential for the effective use of GenAI in SE. 

Methodology 

Research Design 

This study employs an explanatory mixed-method design, which is well-suited for research that aims 

to first identify quantitative outcomes and then explain those results with in-depth qualitative data 

(Creswell, 2014). The research was structured as an evaluative case study involving an experimental 

design. Four third-year (6th semester) IT students were selected through purposive sampling and divided 

into two groups: a control group (manual work) and an experimental group (using Generative AI). 

 

Figure 1. Research Process Flowchart 
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Figure 1 illustrates the overall research process from beginning to end. The study was organized into 

seven phases. It began with participant selection and the assignment of students to control and 

experimental groups, followed by the preparation of the course on the Moodle LMS. In Module 1, both 

groups were introduced to fundamental concepts in Software Engineering (SE) and Generative AI 

(GenAI). Module 2 focused on prompt engineering and provided guidance for the capstone project. 

The main project activities were conducted across five sessions (Modules 3–7). During these sessions, 

the control group completed the tasks manually, while the experimental group was allowed to use 

GenAI tools. Each session was aligned with a specific SWEBOK Knowledge Area. After every session, 

data were collected using scoring rubrics, questionnaires, and students’ written reflections. The final 

stage consisted of a two-phase analysis that combined descriptive quantitative comparisons with 

thematic analysis of the qualitative data. The figure also indicates the stage where the two groups began 

to differ, starting from Module 3, and the point where their data were brought together again for the 

final analysis. 

 

Figure 2. Structured Learning Environment on Moodle 

The independent variable was the use of GenAI, while the dependent variables were the quality of the 

software engineering artifacts produced and the students’ perceptions of the learning experience. The 

entire experiment was facilitated through a dedicated course on the Moodle Learning Management 

System (LMS) to ensure standardized delivery of materials, instructions, and data collection across both 

groups. The research process followed a sequential structure, beginning with two preparatory modules 

and followed by five core project sessions aligned with key SWEBOK Knowledge Areas: Software 

Requirements, SE Management, Software Architecture, Software Design, and Software Construction. 

Figure 2 shows the resulting structured learning environment on Moodle. 

This study is positioned as an exploratory, education-oriented case study that aims to identify emerging 

patterns in students’ learning processes and competency development when Generative AI is integrated 

into Software Engineering coursework. Given the small sample size and the pedagogical focus of the 

research, the study does not seek statistical generalization. Instead, it emphasizes in-depth analysis of 

observed tendencies, supported by descriptive quantitative results and qualitative reflections, in line 

with established practices in computing education research. 

Research Instruments 

To align with the mixed-method research design, both quantitative and qualitative data collection 

instruments were employed as follows: 

1. Scoring Rubrics 

Structured rubrics were developed before data collection began for each of the five project 

sessions. Each rubric translated the relevant SWEBOK competency into a set of specific criteria 
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rated on a five-point scale, with distinct behavioral descriptors defined for every score level. 

The criteria addressed aspects such as the completeness and testability of acceptance criteria, 

the quality of architectural justification, and the functional correctness of the implemented code. 

All artifacts were scored by the primary researcher. The researcher holds a graduate degree in 

Computer Science with a focus on Software Engineering and has practical experience in 

software development across the knowledge areas being assessed. Only one scorer was 

involved, which is acknowledged as a limitation later in this paper. To maintain consistency in 

scoring, three measures were applied. First, the rubric descriptors were finalized before any 

student work was reviewed so that the evaluation criteria remained fixed throughout the study. 

Second, a written justification was recorded for each assigned score at the time of assessment, 

providing a clear rationale for every evaluation decision. Third, each artifact was assessed 

against the rubric criteria independently rather than through comparison with other participants’ 

work. Because the study used a single scorer, no inter-rater reliability coefficient was 

calculated. This limitation is discussed further in a later section. 

2. Learning Experience Questionnaire 

A Likert-scale questionnaire was administered after each session to gather quantitative data on 

students’ subjective learning experiences. The instrument captured responses related to 

perceived task difficulty, confidence in the quality of their outputs, satisfaction with the 

development process, perceived efficiency, and comprehension of key software engineering 

concepts. 

3. Written Reflections 

To obtain qualitative insights, participants were invited to complete a guided reflection 

consisting of open-ended questions after each session. These reflections solicited narrative 

accounts regarding the challenges encountered, problem-solving strategies adopted, and critical 

takeaways from the learning experience. The qualitative data served to contextualize and 

deepen the interpretation of the quantitative results. Figure 3 presents the written reflection 

prompt used for this data collection. 

 

Figure 3. Written Reflection Prompt for Data Collection 

Data Collection 

Data collection was conducted systematically through the Moodle platform following the completion 

of each of the five core project sessions (Session 3 to Session 7). This centralized approach ensured that 

all data was collected in a standardized manner. 

The quantitative data collection involved two primary sources. First, the software engineering artifacts 

(e.g., Product Requirements Document, architecture diagrams, source code) produced by each student 
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were uploaded to designated submission slots on Moodle. Second, responses to the learning experience 

questionnaire were collected directly through the platform’s questionnaire feature at the end of each 

session. 

The qualitative data were gathered from the written narrative reflections submitted by participants 

through Moodle. This method allowed for the consistent collection of in-depth insights into each 

student’s thought process and experience throughout the project. 

Data Analysis 

The data analysis was conducted in two phases that together reflect the explanatory mixed-method 

design of this study. In the first phase, the quantitative data, consisting of artifact scores and 

questionnaire responses, were examined. An important consideration is that each group included only 

two participants. Because of this small sample, applying standard inferential statistical tests would be 

inappropriate. For this reason, the analysis relies on descriptive comparison rather than hypothesis 

testing. Each participant’s scores were averaged across the five sessions to produce a single aggregate 

value per person, and these values were then compared between groups. To provide a standardized 

indication of the magnitude of the observed difference, Hedges’ g was calculated using participant-level 

mean scores (g ≈ 3.48), indicating a very large descriptive separation between groups. However, given 

the extremely small sample size (n = 2 per group), this value should be interpreted only as an exploratory 

magnitude indicator rather than a stable estimate of population effect size. Accordingly, no p-values are 

reported, because inferential testing would require treating repeated session scores as independent 

observations, which would violate the assumption of independence and risk pseudoreplication. 

In the second phase, the written reflections were analyzed using Thematic Analysis. The responses were 

reviewed, coded, and grouped into recurring patterns that captured how students in each group 

experienced the project, including the challenges they encountered, the strategies they used, and the 

lessons they drew from each session. The resulting themes were then used to help interpret the 

quantitative findings from the first phase, linking the numerical patterns in the scores to the underlying 

learning experiences that may have produced them. 

Result 

Descriptive Overview of Group Performance 

Before discussing the results by knowledge area, a brief note on interpretation is necessary. With only 

two participants per group, none of the comparisons here should be read as statistically conclusive. The 

numbers are reported because they reveal a consistent directional pattern worth examining, but readers 

should treat them as preliminary observations from a small exploratory study rather than evidence that 

generalizes beyond these four students. 

When each participant’s scores are averaged across the five sessions, P3 achieved a mean of 93.0, and 

P4 achieved 89.0, while P1 and P2 scored 74.0 and 69.0, respectively. Both experimental group 

members thus outperformed both control group members on this aggregate measure. Hedges’ g 

computed from these four participant means was 3.48, suggesting a large observed difference (Hedges, 

1981). However, with n = 2 per group, this value should be interpreted as descriptive only. Table 2 

breaks down the scores session by session. 

Table 3 presents each participant’s average questionnaire score for each dimension across the five 

sessions (scale 1–5). A consistent pattern is evident. On every dimension, both P3 and P4 rated their 

experience higher than P1 and P2. The gap in completion time was also notable. Because P1’s time for 

the Software Construction session was not recorded, time comparisons are based on the four sessions 

where complete data exists for all participants. On this basis, the control group averaged approximately 

260 minutes per session (P1: 290 min; P2: 230 min), compared to around 76 minutes for the 

experimental group (P3: 76 min; P4: 76 min). 
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Table 2. Artifact Scores by Knowledge Area and Participant 

Knowledge 

Area 

P1 

(Control) 

P2 

(Control) 

Control 

Avg 

P3 

(Exp.) 

P4 

(Exp.) 

Exp. 

Avg 
Difference 

Software 

Requirements 
100 80 90.0 100 100 100.0 +10.0 

SE 

Management 
70 90 80.0 100 70 85.0 +5.0 

Software 

Architecture 
80 30 55.0 80 80 80.0 +25.0 

Software 

Design 
90 65 77.5 95 95 95.0 +17.5 

Software 

Construction 
30 80 55.0 90 100 95.0 +40.0 

Overall 

Mean 
74.0 69.0 71.5 93.0 89.0 91.0 +19.5 

Table 3. Per-Participant Average Questionnaire Scores (Scale 1–5) 

Dimension 
P1 

(Control) 

P2 

(Control) 

Control 

Avg 
P3 (Exp.) P4 (Exp.) Exp. Avg 

Perceived 

Task 

Difficulty 

1.4 1.8 1.6 3.4 3.8 3.6 

Confidence in 

Output 

Quality 

1.0 1.8 1.4 4.4 4.2 4.3 

Process 

Satisfaction 
2.4 1.8 2.1 4.4 4.2 4.3 

Process 

Efficiency 
1.6 1.8 1.7 4.2 4.6 4.4 

Core Concept 

Understanding 
2.2 1.8 2.0 3.8 4.4 4.1 

Taken together, the descriptive data points in the same direction across both instruments. The 

experimental group produced higher-quality artifacts and reported a more positive learning experience 

throughout the sessions. The difference was modest in the earlier, more structured activities and became 

more pronounced as the tasks grew more technically demanding, particularly in Software Architecture, 

Software Design, and Software Construction. The sections below examine each knowledge area in 

detail, drawing on the qualitative reflections to explain what drove these patterns. 

Artifact Quality and Performance 

The primary quantitative findings are derived from the descriptive comparison of software engineering 

artifact quality across five SWEBOK Knowledge Areas (KAs). An aggregate review of rubric scores 

reveals a consistent tendency for participants in the GenAI-supported group to produce artifacts with 

higher average scores across most assessed competencies compared to the control group. These results 

reflect observable patterns rather than statistically significant differences and are interpreted within the 

exploratory scope of the study. Figure 4 compares the competency profiles of the individual 

participants. 
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Figure 4. Comparative Competency Profiles of Participants 

A breakdown of performance by each SWEBOK Knowledge Area provides more specific insights, 

integrating qualitative reflections to explain the quantitative scores. Figure 5 summarizes the average 

artifact quality scores by knowledge area. 

 

Figure 5. Average Artifact Quality Scores by Knowledge Area 

1. Software Requirements (KA1) 

The experimental group achieved consistently optimal scores, while the control group's 

performance was varied. This discrepancy is explained by the different strategies employed. 

The control group relied on manual cognitive effort, with one participant noting the primary 

challenge was “...composing clear and unambiguous Acceptance Criteria and Non-Functional 

Requirements” (P2, Control). In contrast, the experimental group leveraged GenAI as a core 

strategy. One participant stated their process was simply “Using GenAI” (P4, Experimental), 
which standardized their output at a high level of quality by assisting with tasks like 

brainstorming and identifying edge cases. 

2. Software Engineering Management (KA9) 

Performance in this area was highly heterogeneous, with the GenAI intervention not 

guaranteeing superior results. The key challenge for both groups was justifying effort 

estimation, a task requiring experience. The experimental group’s reliance on AI for this task 

proved to be a “black box.” One participant (P3, Experimental) admitted, “...even though GPT 
gave an estimate, I couldn’t justify it,” while another (P4, Experimental) stated, “The 

determining factors: GenAI decided them here.” This lack of personal rationale explains why 

their estimation scores were lower than a high-performing control group participant who relied 

on experience. 
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3. Software Architecture (KA2) 

The results were divergent. The experimental group excelled in providing detailed justifications 

for technology choices, using AI as a research assistant to compare options. However, a control 

group participant (P1) produced the highest quality architectural diagram. The experimental 

group’s reflections reveal the limitations of AI in this visual task, with one noting, “...using 

ChatGPT to help make the diagram—the format was often inconsistent...” (P3, Experimental). 

This suggests that for tasks requiring formal visual abstraction, individual capability remains 

dominant. 

4. Software Design (KA3) 

The experimental group showed a slight overall superiority, driven by notably higher scores in 

creating Sequence Diagrams. The qualitative data reveal a fundamental difference like the 

challenge. The control group experienced a high cognitive load, which one participant 

described as “traumatizing” (P1, Control). The experimental group, however, faced a different 

challenge: evaluation. Their advantage in creating Sequence Diagrams stemmed from an AI-

driven reverse-engineering strategy, where they prompted the AI to analyze existing code to 

generate the diagram automatically. 

5. Software Construction (KA4) 

A clear performance hierarchy emerged, with the experimental group demonstrating markedly 

superior outcomes. GenAI acted as a powerful accelerator for participants who already 

possessed foundational skills. This was articulated by one participant (P3, Experimental) who 

noted, “...the development process using LLM was faster, especially... the Copilot agent could 
read the code structure.” This allowed them to focus on business logic rather than boilerplate 

code. Conversely, for participants with weaker foundational skills, the time saved on writing 

code was lost in the effort required to integrate and revise the AI’s output, diminishing the tool’s 

effectiveness. 

Student Perceptions and Learning Experience 

Data from the post-session questionnaires revealed notable differences in the subjective learning 

experience between the two groups across several dimensions. 

1. Time and Efficiency 

The experimental group consistently reported requiring substantially less time to complete 

tasks. For instance, in the SE Management session, the control group spent an average of 245 

minutes, whereas the experimental group spent only 50 minutes. This trend was consistent 

across all sessions. This pattern is illustrated in Figure 6 and Figure 7. 

 

 

Figure 6. Comparison of Completion Time 
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Figure 7. Trend of Process Efficiency 

2. Confidence and Difficulty 

Participants using GenAI reported substantially higher confidence in the quality of their work 

and perceived the tasks as less difficult compared to the control group. These trends are shown 

in Figure 8 and Figure 9. 

 

 

Figure 8. Trend of Confidence in Work Quality 

 

Figure 9. Trend of Perceived Ease 
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3. Concept Comprehension 

The experimental group consistently reported a high level of understanding of the core concepts 

for each session. The control group’s self-reported understanding was lower and more variable, 

particularly in the more complex design and construction phases. Figure 10 depicts this trend 

in core concept understanding. 

 

 

Figure 10. Trend of Core Concept Understanding 

Theme 1: Paradigm Shift in Work Strategy: Manual vs. AI-Orchestrated 

A fundamental difference in work strategy was evident between the groups. The control group relied 

on manual cognitive processes, involving independent research and analogical reasoning to complete 

tasks. This placed the entire analytical burden on the individual. 

“...looking at examples... searching for precedents from similar applications... [doing] additional 

research...” - P1 (Control) 

In contrast, the experimental group integrated GenAI as a core component of their workflow, 

transforming the process from manual execution to AI-assisted orchestration. This advanced strategy 

included using AI for reverse engineering, which helps explain the clear descriptive performance 

difference observed in the quantitative scores for complex tasks like Software Design and Construction. 

“...asked the agent copilot to access the source code and create an ERD, Sequence Diagram... based 

on the source code...” - P4 (Experimental) 

Theme 2: Transformation of Challenges: From Burden of Execution to Burden of 

Evaluation 

The nature of the primary challenge faced by the participants was fundamentally different. The control 

group struggled with the burden of execution—the high cognitive load required to create complex 

artifacts from scratch. This was acutely felt in the design phase. 

“[The design task was] traumatizing because of the high complexity and precision required in the 

manual process.” - P1 (Control) 

Conversely, the experimental group’s main challenge shifted to the burden of evaluation. Their 

difficulty was not in generating content, but in critically assessing, contextualizing, and validating the 

output provided by the AI. This explains why their performance was not uniformly perfect, particularly 

in the SE Management task, where analytical justification was paramount. 

“...creating the diagram... wasn’t hard... the hard part was having to evaluate the results/answers 

from GenAI.” - P4 (Experimental) 
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Theme 3: The Learning Paradox: Efficiency vs. Depth of Understanding 

A recurring theme was the perceived trade-off between the efficiency gained from using AI and the 

depth of understanding acquired. Participants acknowledged that a manual process, while slower, often 

felt like it led to a more profound comprehension. However, they also realized that using AI effectively 

was not a shortcut that bypassed the need for knowledge. Instead, a strong foundational understanding 

was a prerequisite to guide the AI and validate its output, preventing it from becoming a passive user. 

“...if we can’t understand the code, we will surely be easily replaced by GenAI in the future.” - P4 

(Experimental) 

Theme 4: Redefinition of Engineer Competencies 

Across their reflections, participants described a shift in how they understood their role as engineers, 

moving away from the view of a developer as someone who manually produces outputs toward a more 

evaluative and coordinating role. Figure 11 presents the four competencies that emerged from this theme 

and illustrates how they relate to one another. The arrows are not merely decorative. They represent a 

working cycle. When working with AI, an engineer first provides context, since without it the AI tends 

to generate generic and often unusable outputs. This context then informs the prompt, introducing the 

second competency, prompt design. The AI subsequently generates an output, after which the third 

competency, critical validation, becomes necessary to review, correct, and determine what should be 

retained. Overarching these steps is the fourth role, ethical guardianship, which functions less as a 

separate stage and more as an ongoing responsibility that influences decisions throughout the cycle. 

The arrows between the components are bidirectional to indicate that the process is iterative. If 

validation fails, the engineer may return to refine the prompt or reconsider the context until the output 

meets the required standard. 

 

Figure 11. Four Key Competencies of Software Engineers in the AI Era 

Each competency is elaborated below, supported by participants’ own reflections: 

1. Context Provider 

Successful interaction with AI was found to be highly dependent on providing precise and 

complete problem context. Participants realized that without it, AI tends to produce generic or 

Context 
Provider

Prompt 
Design

Critical 
Validator

Guardian 
of Ethics
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unsuitable output. As one participant concluded, “...the thinking must still come from the 

programmer, because the [AI’s] context is limited” (P4, Experimental).  

2. Prompt Design 

The ability to design effective and clear commands, or prompts, was recognized as key to 

obtaining desired results from the AI. One participant explicitly mentioned the challenge of 

“...composing a clear prompt...” as a primary difficulty when interacting with the LLM. 

3. Critical Validator 

The first and most fundamental competency is the ability to not accept AI output at face value, 

but to actively validate, test, and refine it. This was described as the most difficult part of the 

process, with one participant stating, “...the hard part is having to evaluate the results/answers 

from GenAI...” (P4, Experimental). This competency shifts the engineer’s role from “creator” 

to “curator” and “quality assurer”. 

4. Guardian of Ethics 

Finally, participants recognized a broader role that includes the responsibility to reshape 

“...ethical standards...” in using AI technology responsibly. These four pillars collectively 

redefine the profile of a software engineer who is relevant and ready to face the challenges of 

the modern industry. 

Discussion and Implications 

This study demonstrates that integrating Generative AI (GenAI) into software engineering coursework 

fundamentally shifts students’ focus from routine artifact creation toward critical evaluation and higher-

order design activities. Rather than simply automating coding or modeling tasks, GenAI tools serve as 

catalysts for deeper engagement: students allocate saved time to validate AI outputs, refine architectural 

decisions, and articulate rationale for their design choices (Fan et al., 2023). 

A key novel insight is the “learning paradox”: while GenAI accelerates production of deliverables, it 

simultaneously demands stronger conceptual understanding to detect and correct AI-introduced 

inaccuracies. In educational settings, this paradox implies that GenAI adoption without scaffolded 

support may inadvertently mask learning gaps (Zönnchen et al., 2024). Accordingly, curricula should 

be redesigned to balance tool-driven efficiency with structured opportunities for manual problem 

solving and error analysis (Pereira et al., 2024). 

Practically, educators can leverage these findings by: 

1. Embedding prompt engineering exercises that guide students in formulating effective queries 

and interpreting AI responses (Coutinho et al., 2024). 

2. Incorporating reflection checkpoints where learners must critique AI outputs, document 

identified errors, and propose corrective actions. 

3. Adopting hybrid assignments that alternate between fully manual implementations and AI-

augmented workflows, ensuring proficiency in both modalities (Ozkaya & Schmidt, 2024). 

4. Updating assessment rubrics to evaluate not only artifact quality but also the rigor of students’ 

AI interaction strategies and validation processes. 

Unexpectedly, a subset of students became over-reliant on AI suggestions, producing superficially 

correct artifacts that concealed underlying misconceptions. This finding highlights the importance of 

continuous monitoring and targeted intervention to prevent surface-level learning. Furthermore, the 

small sample size and single-institution context limit broad generalizability; future research should 

replicate this approach across diverse cohorts and course formats. 

In sum, GenAI holds substantial promise for enhancing software engineering education, but only when 

it is supported by pedagogical frameworks that emphasize critical oversight and conceptual rigor. By 

aligning learning objectives with a new profile of competencies, namely the Context Provider, Prompt 
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Design, Critical Validator, and Ethical Guardian, educators can better prepare students for a 

professional landscape where human–AI collaboration is increasingly the norm. 

Conclusion 

This exploratory case study provides preliminary evidence that the structured integration of Generative 

AI (GenAI) may support the development of software engineering competencies among students. The 

findings suggest that GenAI not only accelerates artifact production but was also associated with more 

positive learning experiences, including higher self-reported confidence, efficiency, and conceptual 

understanding. The research identified a fundamental transformation in the engineering workflow, 

shifting the primary challenge from manual execution to the critical evaluation of AI-generated outputs. 

This shift underscores the need to redefine SE competencies, emphasizing skills like critical validation, 

context provision, and prompt engineering. 

Limitations and Future Works 

Despite these contributions, this study has several limitations that must be acknowledged. First, the case 

study approach with a very small sample size (four students) and reliance on subjective perceptual data 

significantly limits the statistical generalizability of the findings to a broader population. Second, the 

research was conducted in a controlled academic environment, which may not fully reflect the 

complexities and dynamics of real-world industry contexts. Third, the study did not involve direct 

validation from industry practitioners; therefore, the definition of “industry needs” was based on 

theoretical frameworks and literature rather than direct market assessment. 

Based on these findings and limitations, we propose several directions for future research. First, there 

is a clear need to validate and expand upon these initial findings through larger-scale studies that include 

direct involvement from industry practitioners in the evaluation process. This would test the 

transferability of the identified human-AI collaboration dynamics to contexts aligned with actual 

industry standards. Second, the “learning paradox” identified in this study—where effective AI use 

requires strong foundational knowledge—highlights an urgent need for research focused on developing 

new pedagogical models. Future studies could investigate how to best leverage GenAI not just as a 

productivity tool but as an instrument to reinforce fundamental concepts, potentially leading to strategic 

frameworks for its effective and responsible integration into SE curricula. 

A further limitation concerns the scoring of student artifacts. Because all assessments were conducted 

by a single researcher, no inter-rater reliability measure, such as Cohen’s Kappa or an intraclass 

correlation coefficient, could be calculated. Steps were taken to support consistency, including 

predefined rubric anchors and documented justifications for each score. However, these measures do 

not substitute for independent verification by a second qualified rater. Future studies in this area should 

involve at least two assessors with relevant domain expertise and report agreement statistics to establish 

the reliability of the scoring process. 
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