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WIP: Use of Reflective Writing to Guide the Use of Generative 
 AI Tools in a Software Engineering Course 

 
 
 
 

 
Abstract 
 
This paper describes the authors’ experiences introducing the use of generative AI (GenAI) in a 
software engineering course. On our campus hybrid courses have both in-person and online 
students participating in a single course taught by the same instructor. The authors argue that use 
of GenAI in commercial software development is inevitable. We believe that students should be 
given opportunities to experiment with GenAI tool use on some software engineering activities. 
In this paper, the authors discuss how they integrated GenAI tools to help students complete 
several software engineering process tasks. The authors created a prompt engineering module to 
introduce students to the use of ChatGPT. They adapted eight active learning modules from a 
junior-level course to include the use of ChatGPT. The course was delivered using a flipped 
classroom. Students were encouraged to use GenAI in the completion of software design, testing, 
and project management tasks. Students were asked to use reflective writing to assess the quality 
of AI-generated artifacts and identify unsatisfactory work products. Students were allowed to use 
ChatGPT as part of a seven-week term project, where student teams develop web-based software 
engineering tools. Their use of GenAI programming tools was not assessed formally. Most 
students, both in-person and online, successfully completed the team project, The students 
demonstrated comparable levels of engagement across both in-person and online course delivery 
modalities. In-person students reported that ChatGPT helped them complete software design and 
process tasks more efficiently. Analysis of student survey responses and course analytics 
reinforce the efficacy of our structured approach for teaching responsible GenAI use in software 
project courses. 
 
 
Background 
 
Generative Artificial Intelligence (GenAI) represents a cutting edge field within artificial 
intelligence that focuses on developing algorithms capable of producing content that mirrors 
human-like outputs, such as text, images, audio and video [1], [2]. One of the most promising 
and widely popular applications using GenAI today is ChatGPT [3], a GenAI-based large 
language model (LLM) developed by OpenAI [3], which has gained global recognition for its 
ability to handle complex language processing tasks and generate responses in an interactive 
conversational way. The recent advent of ChatGPT, with its fast growing user base of 
approximately 700 million users [4] and free version offerings, has made it easily accessible [5], 
thus introducing the domain of GenAI to a large general audience of users. Additionally, it has 
spurred growing interest in both research and industry, driving a wide range of applications 
across multiple fields. [6]. 
 



The shift to the use of code libraries has had a profound impact on the efficiency of commercial 
software development. This higher level of code abstraction makes it difficult for novice 
programmers to determine the root causes of defects that may only be observed in the run-time 
behavior of the software. AI tools may be a useful way to augment developer capabilities in 
several phases of the software development life cycle (SDLC) besides coding (i.e. requirements 
analysis, design, testing, maintenance). Likely, significant interaction between software 
developers and AI tools will be necessary for some time to come [7].  
 
GenAI tools can help to increase the efficiency and productivity of software developers. 
Software engineers want some freedom to configure their development environment to allow 
them to exercise their own creativity. Software engineers have a deeper and more holistic 
understanding of the SDLC that extends beyond the technical assistance provided by an AI tool. 
This expertise is the key to ensuring the quality of a software product. Engineers rely on their 
own creativity when refactoring code, they have not seen before or when reusing code in clever 
ways [8].  
 
Recent advances in GenAI tools have led to their widespread adoption in professional software 
engineering practice, where they are increasingly embedded in developers’ daily workflows [9-
16]. Empirical evidence from industry surveys indicates that LLM-based tools are commonly 
used across multiple phases of the software development lifecycle such as implementation, 
maintenance, verification, and knowledge-intensive tasks [9,10]. 
 
In software engineering practice, GenAI tools are most frequently applied to code-based tasks, 
including code generation [13], code completion [14], explanation [15], and documentation [16]. 
Practitioners report productivity gains through reduced development time, and improved support 
when working with unfamiliar or legacy codebases [9,10]. Beyond implementation, recent 
studies demonstrate the applicability of LLMs to software maintenance and quality-related tasks 
such identifying code smells and supporting refactoring decisions particularly when prompts are 
enriched with contextual information and software metrics [11]. 
 
Other studies have explored the use of GenAI in requirements engineering, showing that prompt-
based LLMs can support the classification and analysis of software requirements with little or no 
task-specific training [12]. They achieved performance comparable to supervised models while 
significantly reducing the need for large, annotated datasets, making them particularly attractive 
for industrial settings where labeled data is limited or costly to obtain. 

Among the many areas influenced by GenAI, education has seen some of the most visible 
changes, particularly in software engineering. Tools such as ChatGPT are now commonly used 
by students as personal learning assistants, helping them quickly access information, ask 
questions, and generate or explain code based on specific needs [17]. With the ability to answer a 
wide range of questions, these tools encourage more independent learning, allowing students to 
delve deeper into subjects that interest them, reinforcing classroom learning and promoting 
curiosity [18,19]. 

However, the growing popularity of these tools has also raised concerns about their possible 
impact on students’ learning and educational achievements. Some educational institutions have 
even started taking measures to prohibit the use of certain AI platforms to maintain conventional 



teaching methods and skills [20]. One of the major reasons behind restricting the usage of 
ChatGPT by educational institutions tends to be concerns related to direct copy-pasting of 
content, which may decrease student engagement and diminish critical thinking skills. Educators 
face challenges in preventing the use of ChatGPT for completing assignments, coding tasks, and 
homework, which could lead to issues like plagiarism, overreliance on technology, 
misinformation, and ethical problems [5]. Despite efforts to limit its usage in the educational 
domain, its widespread availability and easy access make it challenging to control its adoption by 
students [21]. 
 
Based on the authors’ experience with teaching and ChatGPT, we believe that rather than 
banning ChatGPT, instructors should teach students how to utilize such tools effectively to 
enhance their learning experiences. We believe the advantages offered by GenAI tools in the 
educational domain outweigh the disadvantages, since their widespread usage is almost 
inevitable. Research has demonstrated that tools like ChatGPT can significantly improve student 
learning by acting as a personal tutor, providing immediate feedback, and generating new ideas 
[22], [23].  
 
GenAI may have untapped potential due to students’ limited knowledge of how to engage with 
these tools effectively. One study [24] found that despite students’ intentions to use ChatGPT, 
there is a noticeable gap in their ability to engage with it effectively. Additionally, prior research 
indicates that enhancing students’ interaction skills with large language models (LLMs) is crucial 
for maximizing the educational benefits, such as increased motivation and engagement [25], and 
enhancing their learning interest [26]. 
 
We believe that learning can be enhanced if students learn to make effective use of prompt 
engineering and to critically assess the resulting GenAI recommendations. Research on student 
learning shows many benefits to the use of reflective writing in problem solving situations [27]. 
Therefore, rather than restricting access to GenAI tools like ChatGPT, educators should focus on 
equipping students with the necessary skills to leverage these tools effectively for their academic 
improvement. This approach underpins the motivation for this work. This paper makes the 
following contributions: 
 

1. We created a GenAI video module on prompt engineering that can be completed 
asynchronously outside of class time. This makes it useful to online students and to in-
person students participating in a flipped classroom.  
 

2. We created eight active learning exercises that utilize GenAI tools and asked students to 
formulate ChatGPT prompts requesting suggestions for completing several software 
engineering design and project management tasks. Students were asked to reflect on each 
recommendation and correct any deficiencies in the artifacts created by ChatGPT. 

 
3. We asked students to reflect on their experience using ChatGPT as a software 

engineering design and project management tool. How effective was ChatGPT in 
suggesting solutions? Did using ChatGPT enhance their understanding of the software 
engineering processes? What were the challenges or benefits of adding ChatGPT to their 
workflow? 



In this paper, the authors discuss how they integrate GenAI tool use in software process tasks. 
The authors created a prompt engineering module and adapted eight active learning modules 
from a junior-level software engineering course to include the use of ChatGPT. The course was 
delivered using active learning in a flipped classroom. Student assignments in CIS 375 (Software 
Engineering 1) routinely incorporate the use of reflective writing. 
 
 
Active Learning 
 
Engineering educators regard experiential learning as the best way to train the next generation of 
engineers [28]. It is reasonable to believe that the soft skills practiced in active learning 
classrooms can improve the capabilities of software engineering students and better prepare them 
for their capstone projects [29]. Active learning is “embodied in a learning environment where 
the teachers and students are actively engaged with the content through discussions, problem-
solving, critical thinking, debate, and a host of other activities that promote interaction among 
learners, instructors and the material” [30]. Prince defines active learning as any classroom 
activity that requires students to do something other than listen and take notes [31]. Active 
learning opportunities can complement or replace lectures to make class participation more 
interesting to students. Active learning using a flipped classroom approach can also foster 
development of an attitude of lifelong learning among students [32]. 
 
Active learning helps students develop problem-solving, critical reasoning [33], and analytical 
skills, all of which are valuable tools that prepare students to make better decisions, become 
better students, and better employees [22]. Raju and Sankar undertook a study to develop 
teaching methodologies that could bring real-world issues into engineering classrooms [34]. The 
results of their research led to recommendations to engineering educators on the importance of 
developing interdisciplinary technical case studies that facilitate the communication of 
engineering innovations to students in the classroom. 
 
Active learning helps students learn by increasing their engagement in the educational process 
[35], [36]. The group work that often accompanies active learning instruction helps students 
develop their soft skills [37]. Some instructors believe that the project activities inherent in real-
world software development encourage students to improve their written and oral 
communication skills [38].  
 
Day and Foley used class time exclusively for exercises by having their students prepare 
themselves through the study of materials provided online [39]. Research suggests that the 
success of flipped classroom approaches depends on the nature of the course being taught. The 
investment in time required for instructors to develop quality out-of-class materials and in-class 
active learning experiences can be substantial [40]. The instructor’s time commitment becomes 
greater if both in-person and online students are in the same course.  
 
The authors chose to make use of a flipped classroom approach for the software engineering 
course discussed in this paper. Students viewed short video lectures before beginning the class 
activities. 
 



Project-based Learning 
 
Project-based learning (PBL) is a dynamic classroom approach in which students actively 
explore real-world problems and challenges and acquire transferable knowledge. PBL has 
consistently demonstrated it can lead to positive learning outcomes such as self-directed learning 
habits, critical thinking skills, and deep disciplinary knowledge while engaging students in 
collaborative, authentic learning situations [41]. While PBL was first incorporated into medical 
school curricula in 1969, it is currently used in a wide variety of courses [42]. For instance, 
within the field of engineering, Warnock and Mohammadi-Aragh investigated the impact of PBL 
on student learning in a biomedical materials course and found that students made significant 
improvements in their problem-solving, communication, and teamwork skills [43]. 
  
PBL has been used in senior level engineering courses with the same positive results [44]. 
Although students in one PBL software engineering course reported that the projects were more 
time intensive than a typical course project, they were receptive to the approach since they 
thought it was related to the professional environment and provided them with opportunities to 
relate theory and practice. This contrasted with students taught using a traditional lecture and 
project approach to the course who viewed completing a traditional course project more 
negatively [45]. Each of our project courses contains a significant group project that requires 
several weeks to complete 
 
 
Student Engagement 
 
Student engagement refers to the degree of interest and attention shown in course activities. 
Student engagement can be a predictor for course completion and retention rates [46]. Active 
learning techniques such as think-pair-share exercises [47], pair programming [48], peer 
instruction [49], and flipped classrooms [50] have been demonstrated to increase student 
engagement [35]. Many of these interventions are used for introductory level instruction, 
primarily to address broadening participation in large classes [51].  
 
In software engineering courses, the use of real-world, community-based projects may be an 
effective way to engage students with meaningful problem solving while teaching them software 
engineering concepts [52]. Students often become more invested in their projects when they see 
that their products are more than simply paper designs. We made sure that the daily course 
activities help students practice skills they need to complete the larger team projects. We 
surveyed online and in-person students to see if there were differences in their perceived levels 
of engagement with the course materials.  
 
 
Reflective Writing 
 
Research on student learning shows many benefits to the use of reflective writing in clinical or 
professional experiences. This suggests its use as an authentic assessment technique. Students 
asked to reflect on their learning experiences are better able to retain and transfer their learning 



to new contexts. The act of reflecting requires retrieval, elaboration, and generation of 
information can make learning more durable for students [53]. 
 
Promoting reflective thinking is important to helping learners develop strategies to apply added 
information to unpredictable situations in real life. Knowledge is created through the 
transformation of experience. Reflective writing could be one method for promoting reflective 
thinking that allows learners to consider their experiences and transform them into knowledge 
that can be applied in new contexts. Reflective writing is an effective method for promoting 
metacognitive thinking. Reflective writing can be a useful tool for communication between 
students and mentors in experiential learning activities [54]. 
 
Reflection provides opportunities for students to think about their performance, consider which 
strategies were effective, and contemplate how to improve their process. In work contexts, 
individuals who engage in reflection have lower error rates when learning new skills [55]. In 
asynchronous on-line courses, student reflective activities are important since students and 
instructors do not have opportunities for face to face communication. If gathered over time, 
student writings can guide instructors in refreshing course content. If reflections are collected 
over the course delivery, students can use them to monitor their own progress. In face to face 
classes, reflective writing can be used to initiate in-class discussions in small group activities 
[56]. 
 
In active learning, students working in small groups or by themselves, are required to summarize 
the lessons learned from each hands-on assignment. If students are assigned to read a textbook 
before coming to class, it may be helpful to have them summarize their reactions to the reading 
in writing. Writing critiques of student presentations in-class also encourages the development of 
critical thinking, which is a valuable lifelong learning skill. It can be time consuming for 
instructors to grade large numbers of reflection documents, so this effort can be reduced by 
making use of peer evaluation strategies or allowing the submission of group reflection 
documents.  
 
 
Instructional Delivery 
 
One of the authors teaches an undergraduate software engineering course CIS 375. This course is 
offered in-person on campus and merged with an online section that allows enrolled students to 
complete the course requirements asynchronously online. The authors determined that a PBL 
(project-based learning) approach was well suited for the delivery of junior level software project 
courses.  
 
We use the class activities to motivate students to design software products and use software 
engineering techniques to solve real-world programming problems. The investigators included 
small group activities with the expectation that students would provide written or oral summaries 
(either live in-person or virtually using video) of the strategies used to complete their tasks and 
their lessons learned. Online students need to complete group work asynchronously. Both groups 
of students reflect on lessons learned from exercises as written or oral presentations. 
  



Course Overview: CIS 375 Software Engineering 1 
 
The junior level software engineering course, CIS 375 (Software Engineering 1), offered by the 
Computer and Information Science (CIS) department is organized as a fifteen week, four credit-
hour course, meeting two days a week (Table 1).  
 
 

Table 1: Activity Question Rubric 
Topic Activity 

Course Introduction Ice breaking activity. 
Group chapter reflection 

Process Models Waterfall process - paper airplane construction activity 
Process improvement game 
Scrum trigger video - group viewing with discussion 

Requirements Engineering Requirements video - group viewing with discussion. 
Requirements ambiguity exercise 
User story and use case exercises 

Requirements Modeling CRC modeling exercise 
UML modeling exercise 

Reviews and Inspections Prompt Engineering Module 
SRS document review exercise 
Inspection video - group viewing with discussion 
Formal code inspection review – roleplay (activity 8) 

Cost and Time Estimation and 
Project Scheduling 

Project cost estimation exercise 
Project scheduling exercise (activity 10) 

Risk Management and 
Software Architecture 

Project risk management exercise (activity 11) 
Architecture tradeoff analysis exercise 

SRS Peer Review and 
Configuration Management 

Software requirements document with peer review 
Version control system assessment exercise 

User Experience Design 1 Web page usability assessment exercise 
UI Design Pattern Creation (activity 15) 

User Experience Design 2 Roleplay web user interface design (activity 16) 
Project planning document peer reviews 

Software Quality  Defect life cycle exercise 
Creating test cases from requirements (activity 18) 

Testing – part 1  Test plan analysis and critique exercise (activity 19) 
Software design document peer review 

Testing – part 2  Cost effective testing activity. 
Web page accessibility and redesign exercise (activity 22) 

Security Engineering  Security inspection video - group view with discussion 
Test plan peer review 

Term Project Delivery Tiny Tool Prototype Demonstrations 
  



The in-person meetings are recorded and made available for viewing after the class meetings 
end. Students in both sections had access to prerecorded video lectures. Students are allowed to 
enroll in the asynchronous section of CIS 375 and complete the course activities by themselves 
at home. For most online students, viewing the video lectures and reading the textbook were 
their primary sources of instruction 
 
Prior to attending class meetings, the in-person students were expected to read the sections of the 
required course textbook [57] and view two 20-minute video lectures created as part of the 
weekly course module. The online students were expected to do the same.  
 
During Fall 2024, students were expected to complete the course activities without any use of 
ChatGPT. This cohort had 38 students (30% female) attending the in-person section of the CIS 
375 and 20 students (23% female) registered in the online section. These students were 
organized into 12 project teams for outside of class project work. During Fall 2025, CIS 375 
students were given instruction on the use of prompt engineering and completed laboratory 
activities requiring the use of ChatGPT.  This cohort had 45 students (24% female) attending the 
class in-person and 25 (18% female) students registered in the online section. These students 
were organized into 14 project teams for outside of class project work.  
 
 
Laboratory Activities 
 
The laboratory activities make use of just in time learning. The in-person (FF) activities in CIS 
375 are taught using a flipped classroom. Students watch lecture videos before beginning the 
class activities. The activities often consisted of small group design or problem-solving activities. 
Online (AO) students are asked to complete similar activities at home by themselves. 
 
All students are asked to write reflections on each weekly activity. Both in-person (FF) students 
and online (AO) students participate in peer reviews of work products produced by other 
students or teams. The sequence of GenAI activities appears in Figure 1. 
 
Typical reflection questions for the GenAI exercises include: 
 
• Did using GenAI make it easier to organize your thoughts or structure your answers? In what 

specific way? 
• How did you verify that the AI-generated information or examples were accurate and relevant 

to your work? 
• If you were to redo this task without GenAI, which parts would be most challenging for you 

and why? 
• In future projects, which steps would you prefer to complete manually? Which would you 

prefer to use GenAI tools? 
• How can GenAI tools be used responsibly to support (not replace) your own problem-solving 

process? 
 



 
Figure 1: Sequence of GenAI Modules 

 
 
In the formal code inspection activity, students viewed prompt engineering and code inspection 
videos before coming to class. Students organized into groups of 6 and asked ChatGPT to 
analyze the code for three C++ functions using a code quality checklist provided by the 
instructor. Once each student created an issues list, inspection roles were assigned: reader, 
recorded, facilitator, and inspector. Each group of students conducting the code inspection 
discussed the issues that really needed correction and the group made a consensus 
recommendation for the C++ functions. 
 
In the scheduling activity, student groups of 3 or 4 used ChatGPT to assist in the creation of an 
agile project schedule. ChatGPT listed the project deliverables and milestones from a list of 
ATM system user stories. ChatGPT was used to create a draft project schedule based on four 4-
week sprints assuming the usual Scrum ceremonies. ChatGPT was asked to create a work 
breakdown structure with durations for a typical sprint and represent it as an activity graph and 
Gantt chart. 
 
For the risk management activity, students worked in groups of 3 or 4 to create a risk table and 
risk information sheets for the ATM system. ChatGPT listed suggested project, technical, and 
business risks that should be considered. ChatGPT suggested severity ratings for the 
consequences for each risk. ChatGPT was then asked to create risk table with columns labeled – 
risk, impact, probability and identify risks that need to be managed. Students identified their 3 
most significant risks and asked ChatGPT to create risk information sheets to help document 
how to monitor and manage these risks. 
 



Creating design patterns is hard for students. Students worked individually with ChatGPT to 
create paper prototypes and keystroke models for an alarm clock app from a set of simple user 
stories. Once done, students paired up and simulated their partner’s paper prototype while 
completing the user stories. Two pairs of students joined up to form a group of four students and 
looked for features common to each prototype. Once identified, the group of four asked 
ChatGPT to create a design pattern that could be used by developers of other mobile apps. 
 
The website design role play involved having students work in groups of four and use ChatGPT 
to create a list of features and user stories for two page web site from a set of clothing store 
business requirements. ChatGPT was used to create a list of functional and non-functional 
requirements which was passed to another team to create a prototype for the web site design. 
Each group took the requirements received and asked ChatGPT to create sketches of the web 
pages. The draft web pages were sent back to the requesting team for iterative feedback and 
revision requests. 
 
GenAI was used for test case creation. Students worked in groups and asked ChatGPT to suggest 
strategies to test an online ordering system, conduct unit testing of an image processing system, 
and thread testing of the image processing library. Student groups asked ChatGPT to generate 
test cases for three requirements from a student registration system (password change, financial 
system access authorization, student account status verification for course registration). They 
were also asked to criticize and correct these suggestions. 
 
Student groups were asked to use ChatGPT to perform a scenario analysis on a test plan 
(functionality tested and the adequacy of testing proposed). Groups used ChatGPT to evaluate 
test plan scope, resources, schedule, test case development, pass-fail criteria, and incident 
reports, summary reports, and metrics. Student groups were asked to present their findings to the 
class using 5 or 6 human created power point slides. 
 
Student project groups asked ChatGPT to create a graphical storyboard for their web based tiny 
tool based on their design document. They asked ChatGPT to create a list of accessibility 
features the team should consider in their web tool design. Students were asked to consider 
which changes should be included. Teams asked ChatGPT to create a storyboard showing their 
tiny tool with their proposed accessibility changes added. 
 
Online students were assigned versions of these activities that were designed to be completed by 
students working alone. Online students were allowed to work with partners. Sometimes online 
students were required to work with in-person students virtually. All project teams contained 
both in-person and online students. 
  
 
Assessment 
 
The authors created three research questions to compare the experiences of students taking recent 
offerings of CIS 375 under the in-person (FF) delivery of active learning materials to students 
taking the same courses under asynchronous online (AO) delivery.  
 



RQ1: Does the delivery mode (FF or AO) affect student performance in taking either 
offering of CIS 375? 
 
RQ2: Does the course delivery mode (FF or AO) affect student perceptions of engagement 
as reported on surveys taken in either offering of CIS 375? 
 
RQ3: Does the course delivery mode (FF or AO) affect CIS 375 student perceptions of the 
effectiveness of GenAI to complete SE tasks as reported on the Fall 2025 survey? 
 
RQ1 examines differences in student performance based on assessment measures in each course 
offering. RQ2 examines differences in student perceptions of engagement at the end of each 
offering of CIS 375. RQ3 examines student reactions to their experiences using ChatGPT for 
software engineering tasks other than programming. 
 
 
Student Performance 
 
Each of the course assignments (lab writeups, reading reflections, documents, and final project) 
was evaluated using Canvas rubrics designed by the instructor for each type of submission. Each 
rubric contains two to ten criteria; each scored from 0 to 5. The total course grade was based on 
the points earned on all assignments, including peer evaluations on the project performance score 
card (Figure 2). 
 

 

Figure 2: Final Prototype Score Card 
 

 
Table 2 compares FF and AO student performance from Fall 2024. Table 3 compares FF and AO 
students from Fall 2025. 
 



No statistical comparisons of student performance on the individual course assignments were 
made between students in the in-person (FF) section and the asynchronous online (AO) section 
in either offering, Students were allowed to skip 2 of 21 lab write-ups and 2 of 18 reading 
reflections. No statistical comparisons were made between students Fall 2024 and the Fall 2025 
offerings of CIS 375. 
 
In both offerings of CIS 375 the student sections (FF and AO) worked independently of each 
other with the students in-person completing the class assignments in-class or at least discussing 
them heavily before submitting together as a group. The online students worked independently 
and submitted their work without much or any interaction with their peers. The term projects in 
CIS 375 were completed by teams composed of both in-person and online students.  
 
For Fall 2024 (Table 2), students in the FF section had slightly better overall grades (96.4% vs. 
93.1% respectively) than students in the AO section of the course. The FF students had slightly 
lower number of missing labs (1.24 vs. 2.50) and number of missing reading reflections (0.84 vs. 
1.15). The in-person students had slightly fewer late assignments (11.78 vs 11.95) and higher 
prototype contribution scores (39.24 vs. 37.25).  One-tail Student t-tests comparing the FF and 
OA students revealed that the significant differences between these groups at the 95% 
confidence level only existed for course grades which favored the FF students. 
  
 

Table 2: CIS 375 Student Performance Fall 2024 

 FF 
(N=38) 

AO 
(N=20) 

Average Course Grade 96.4% 93.1% 
Average Number of  Late 
Assignments per Student 

11.78 11.95 

Average Number of  Missing 
lab Assignments per Student 

1.24 2.50 

Average Number of  Missing 
Reflections per Student 

0.84 1.15 

Average Prototype Score (40 
max.) per Student 

39.24 37.25 

 
 
For Fall 2025 (Table 3) students in the FF section had slightly better overall grades (96.3% vs. 
93.2% respectively) than students in the AO section of the course. The FF students had a lower 
number of missing labs (1.11 vs. 2.88) and late assignments (7.07 vs. 11.88). The in-person 
students had slightly more missing reflection assignments (0.71vs 0.63) and higher prototype 
contribution scores (39.02 vs. 36.33).   One-tail Student t-tests comparing the FF and OA 
students revealed that only significant differences between these groups at the 95% confidence 
level were for the average course grades, number of late assignments, and number of missing lab 
assignments favoring the FF students.  
 
 
 
 



Table 3: CIS 375 Student performance Fall 2025 

 FF 
(N=45) 

AO 
(N=25) 

Average Course Grade 96.3% 93.2% 
Average Number of  Late 
Assignments per Student 

7.07 11.88 

Average Number of  
Missing lab Assignments 
per Student 

1.11 2.88 

Average Number of  
Missing Reflections per 
Student 

0.71 0.63 

Average Prototype Score 
(40 max.) per Student 

39.02 36.33 

 
 
Student Engagement Survey Comparisons 
 
Students were surveyed during the final weeks of the Fall 2024 (Table 4) and Fall 2025 offerings 
(Table 5) to gather their perceptions of engagement with the active learning materials.  
 
 

Table 4: CIS 375 Final Survey Student Perceptions of Engagement for Fall 2024 
FF (N = 34) vs. AO (N = 18) 

Survey Statement Strongly 
Disagree 

Disagre
e 

Neutral Agree Strongly 
Agree 

Course 
(Median) 

1. There were 
opportunities 
for me to 
actively engage 
in learning 

0 
 
2 (11%) 
 

0 
 
1 (6%) 
 

1 (3%) 
 
2 (11%) 
 

8 (24%) 
 
7 (39%) 
 

25 (74%) 
 
6 (33%) 
 

FF 
(5.0) 
AO 
(4.0) 

2. Course 
activities were 
useful way to 
learn 

0 
 
2 (11%) 
 

0 
 
0 
 

0 
 
3 (17%) 
 

13 (38%) 
 
7 (39%) 
 

21 (62%) 
 
6 (33%) 
 

FF 
(5.0) 
AO 
(4.0) 

3. Course 
activities let me 
apply what I 
learned 

0 
 
2 (11%) 
 

0 
 
0 
 

4 (12%) 
 
1 (6%) 
 

8 (24%) 
 
8 (44%) 
 

22 (65%) 
 
7 (39%) 
 

FF 
(5.0) 
AO 
(4.0) 

4. Course is an 
example of 
active learning 

0 
 
2 (11%) 
 

0 
 
1 (6%) 
 

0 
 
2 (11%) 

12 (35%) 
 
6 (33%) 
 

22 (65%) 
 
7 (39%) 
 

FF 
(5.0) 
AO 
(4.0) 

5. I felt more 
engaged during 
the activities 
than during 
video lectures 

0 
 
2 (11%) 
 

0 
 
0 
 

1 (3%) 
 
3 (17%) 
 

5 (15%) 
 
6 (33%) 
 

28 (82%) 
 
7 (39%) 
 

FF 
(5.0) 
AO 
(4.0) 



 
Students in all sections rated a series of instructor designed survey statements using a five-point 
Likert scale (1 = Strongly Disagree to 5 = Strongly Agree). The Mann-Whitney U test (one-
tailed, α = 0.05) was used to compare response distributions between the in-person (FF = Face-
to-Face) and asynchronous online (AO) sections. The median test evaluated the hypothesis that 
FF student responses would be more favourable than AO responses for each survey item. 
 
For Fall 2024 (Table 4), the analysis revealed no statistically significant differences between FF 
and AO students on any of the five core engagement questions. While median responses for FF 
students were consistently at 5.0 (Strongly Agree) compared to medians of 4.0 for AO students, 
these distributions were not significantly different at the 95% confidence level. This indicates a 
statistically equivalent perception of the active learning model’s effectiveness across both 
delivery modes. 
 
For Fall 2025 (Table 5), the results for the five core engagement questions again showing no 
significant differences. However, the medians for both FF and AO students are consistently 5.0. 
This consistency reinforces the finding that the course’s active learning pedagogy translates 
successfully to both instructional formats. For 2025 survey the authors added survey questions 
evaluating student perceptions of Generative AI use in the lab activities (Table 6). 
 
 

Table 5: CIS 375 Final Survey Student Perceptions of Engagement for Fall 2025 
FF (N = 41) vs. AO (N = 25) 

Survey Statement Strongly 
Disagree 

Disagree Neutral Agree Strongly 
Agree 

Course 
(Median) 

1. There were 
opportunities 
for me to 
actively engage 
in learning 

4 (10%) 
 
2 (8%) 
 

2 (5%) 
 
0 
 

1 (2%) 
 
1 (4%) 
 

8 (20%) 
 
8 (32%) 
 

26 (63%) 
 
14 (56%) 
 

FF 
(5.0) 
AO 
(5.0) 

2. Course 
activities were 
useful way to 
learn 

4 (10%) 
 
2 (8%) 
 

1 (2%) 
 
0 
 

0 
 
0 
 

8 (20%) 
 
10 (40%) 
 

28 (68%) 
 
13 (52%) 
 

FF 
(5.0) 
AO 
(5.0) 

3. Course 
activities let me 
apply what I 
learned 

4 (10%) 
 
2 (8%) 
 

2 (5%) 
 
0 
 

0 
 
1 (4%) 
 

5 (12%) 
 
11 (44%) 
 

30 (73%) 
 
11 (44%) 
 

FF 
(5.0) 
AO 
(5.0) 

4. Course is an 
example of 
active learning 

4 (10%) 
 
2 (8%) 
 

2 (5%) 
 
0 
 

0 
 
1 (4%) 
 

5 (12%) 
 
12 (48%) 
 

30 (73%) 
 
10 (40%) 
 

FF 
(5.0) 
AO 
(5.0) 

5. I felt more 
engaged during 
the activities 
than during 
video lectures 

4 (10%) 
 
2 (8%) 
 

1 (2%) 
 
0 
 

0 
 
3 (12%) 
 

8 (20%) 
 
9 (36%) 
 

28 (68%) 
 
11 (44%) 
 

FF 
(5.0) 
AO 
(5.0) 

 



Table 6: CIS 375 Final Survey Student Perceptions of GenAI for Fall 2025 
FF (N = 41) vs. AO (N = 25) 

Survey Statement Strongly 
Disagree 

Disagree Neutral Agree Strongly 
Agree 

Course 
(Median) 

1. Generative AI 
tools helped me 
understand the 
SE content 

4 (10%) 
 
2 (8%) 
 

0 
 
1 (4%) 
 

7 (17%) 
 
7 (28%) 
 

13 (32%) 
 
9 (36%) 
 

17 (41%) 
 
6 (24%) 
 

FF 
(4.0) 
AO 
(4.0) 

2. GenAI 
suggestions 
improved the 
quality of my 
deliverables  

4 (10%) 
 
2 (8%) 
 

0 
 
1 (4%) 
 

4 (10%) 
 
5 (20%) 
 

18 (44%) 
 
8 (32%) 
 

15 (37%) 
 
9 (36%) 
 

FF 
(4.0) 
AO 
(4.0) 

3. Using GenAI 
saved me time 
and made the 
assignments 
easier  

4 (10%) 
 
2 (8%) 
 

0 
 
0 
 

3 (7%) 
 
3 (12%) 
 

8 (20%) 
 
12 (48%) 
 

26 (63%) 
 
8 (32%) 
 

FF 
(5.0) 
AO 
(4.0) 

4. I was confident 
in evaluating 
AI content as 
correct and 
relevant. 

4 (10%) 
 
2 (8%) 
 

0 
 
0 
 

5 (12%) 
 
7 (28%) 
 

10 (24%) 
 
8 (32%) 
 

22 (54%) 
 
8 (32%) 
 

FF 
(5.0) 
AO 
(4.0) 

5. Using GenAI 
increased my 
confidence in 
completing SE 
tasks. 

4 (10%) 
 
2 (8%) 
 

1 (2%) 
 
1 (4%) 
 

7 (17%) 
 
7 (28%) 
 

10 (24%) 
 
9 (36%) 
 

19 (46%) 
 
6 (24%) 
 

FF 
(4.0) 
AO 
(4.0) 

6. Using GenAI 
encouraged me 
to critically 
evaluate 
suggestions  

4 (10%) 
 
2 (8%) 
 

1 (2%) 
 
1 (4%) 
 

6 (15%) 
 
6 (24%) 
 

8 (20%) 
 
9 (36%) 
 

22 (54%) 
 
7 (28%) 
 

FF 
(5.0) 
AO 
(4.0) 

7. I was aware of 
and followed 
the ethical 
guidelines for 
using GenAI in 
coursework 

4 (10%) 
 
2 (8%) 
 

0 
 
1 (4%) 
 

1 (2%) 
 
3 (12%) 
 

10 (24%) 
 
6 (24%) 
 

26 (63%) 
 
13 (52%) 
 

FF 
(5.0) 
AO 
(5.0) 

8. Using GenAI 
helped me 
focus more on 
design and 
reasoning, 
rather than 
repetitive or 
mechanical 
tasks 

4 (10%) 
 
2 (8%) 
 

1 (2%) 
 
0 
 

2 (5%) 
 
3 (12%) 
 

6 (15%) 
 
9 (36%) 
 

28 (68%) 
 
11 (44%) 
 

FF 
(5.0) 
AO 
(4.0) 

 



Only one statistically significant difference (p = 0.033) emerged: FF students reported 
significantly stronger agreement than AO students that “Using GenAI saved me time and made 
the assignments easier to complete.” While most students claimed to respect and follow ethical 
guidelines. The authors did not assess the use of GenAI on the term project. 
 
An analysis of response trends revealed that FF students also reported higher percentages of 
agreement on nearly all other GenAI perception items - including AI’s help in understanding 
content (p = 0.069) and confidence in evaluating output (p = 0.051) - though these differences 
did not reach the 95% threshold for statistical significance. This pattern suggests that while all 
students viewed GenAI as a beneficial course tool, the in-person setting may have fostered a 
more uniformly positive and efficient experience with the technology. 
 
Open-ended survey questions asked students to indicate what the most and least engaging 
parts of the course were. The FF students most frequently cited collaborative, hands-on 
activities such as in-class group projects, labs, and presentations. AO students also 
emphasized the value of group projects but specifically noted the importance of 
connecting with their teammates and the applied nature of the term project work. Both FF 
and AO students identified individual reading reflections as their least engaging activity, 
often attributing this to its solitary nature in contrast to the preferred collaborative work. 
 
 
Related Works 

Recent research has examined the integration of GenAI, particularly LLMs such as ChatGPT, as 
adaptive learning supports in educational contexts. Across disciplines, LLMs have been 
positioned as tools capable of providing personalized explanations, iterative tutoring, and 
immediate feedback tailored to student needs [58–60]. In computing education, empirical studies 
report gains in computational thinking, confidence, and motivation when students use ChatGPT 
to assist with programming tasks [61], [62]. In project-based learning settings, GenAI has been 
received as a collaborative assistant that supports idea refinement, debugging, and incremental 
solution development [63], [64]. 

Within software engineering (SE) education, this adaptive support has embedded into structured 
quality-focused activities. AlOmar et al. [65] integrate ChatGPT into static analysis and code 
review exercises, demonstrating that learning effectiveness depends on prompt specificity and 
students’ critical evaluation of AI-generated explanations. Similarly, Menolli et al. [66] examine 
LLM-assisted refactoring in undergraduate courses, reporting that students addressed 86% of 
identified code smells, with ChatGPT contributing to 66% of the refactoring effort. Importantly, 
deeper conceptual understanding emerged when students reflectively assessed AI suggestions 
rather than applying them mechanically. Together, these studies frame LLMs as scaffolds that 
enhance reasoning about software quality rather than as autonomous coding agents. 

A related strand extends beyond code-level assistance to examine LLM use across multiple 
phases of the SE lifecycle. Baresi et al. [67] report that students perceive LLMs as most helpful 
for implementation tasks (coding, debugging, testing) but less effective for higher-level activities 
such as requirements engineering and architectural reasoning. Dosaru et al. [68] propose a 
comparative instructional framework in which AI-generated solutions are artifacts for critique, 



encouraging validation, trade-off analysis, and metacognitive reflection. These studies highlight 
the importance of instructional design in enabling LLMs to support higher-order reasoning 
across lifecycle activities. 

Despite these promising findings, the broader educational literature consistently raises concerns 
about academic integrity, over-reliance, and superficial engagement with AI-generated outputs 
[59], [60]. Faculty adoption remains limited due to insufficient training and uncertainty regarding 
responsible use [69–71]. Accordingly, recent work emphasizes that the educational value of 
LLMs depends on structured integration, ethical framing, and sustained human oversight [72], 
[73]. Systematic reviews further stress the need to redesign assessments and pedagogy, so 
students engage critically with AI while maintaining foundational reasoning skills [74], [75]. 

Our work extends this literature by systematically embedding LLM-supported activities across 
multiple SE lifecycle phases within an active-learning and reflective framework. Rather than 
focusing solely on coding assistance or isolated quality tasks, we investigate how GenAI can 
scaffold higher-order reasoning, structured decision-making, and critical evaluation while 
mitigating risks associated with over-reliance. 

 
Threats to Validity 
 
We recognize that one of the limitations of this study was that we did not have a control group. 
Having the same instructor teaching both course offerings may account for the small numbers of 
significant differences in the performance measures in CIS 375. The instructor practices mastery 
learning in project classes, which means students may resubmit their work for regrading after 
fixing any deficiencies. This tends to result in higher grades for student who exercise this option. 
 
A few students in both sections (FF and AO) failed to turn in any lab write-ups. This may be the 
reason for the differences between the evaluation measures for the FF and AO students in Fall 
2025. AO students seemed to struggle with the use of ChatGPT to complete the 8 new modules. 
 
The pairing of an asynchronous distance learning section with a face-to-face section of the same 
course does not guarantee students receive the same educational experience, The live class 
sessions were captured, verbatim on video, for later viewing online by the FF and AO students. 
This allowed AO students the opportunity to witness the live lecture and class activities as a 
virtual classroom observer. 
 
AO students were not allowed to attend FF sessions in either 2024 or 2025. It is not clear how 
often AO students viewed the lecture capture videos. On the final survey most AO students 
indicated they viewed 5 or more class recordings, but this could not be verified. It is possible the 
asynchronous students experienced more uncertainty when attempting to complete the activities 
alone. 
 
One area of uncertainty when measuring the student responses is the unknown amount of 
interaction between students in the two sections in the same course. Students in the CIS 
department know each other from other classes that they have taken together. Even though a 
student registered in the asynchronous online section was not allowed to attend any in-person 



class meetings, it is quite possible that a friend from an in-person course section may have shared 
their course experiences with them giving them additional insight into group activities completed 
in the classroom.  
 
Student engagement can only be measured indirectly in online courses using surveys and course 
analytics. In previous studies conducted by the authors, direct observation of student behavior 
was used to provide insight into the levels of engagement of in-person students. The authors 
could not use direct observation of students in the AO sections. The average number of late and 
missing assignments is the best data that could be obtained.  
 
 
Conclusions and Future Direction 
 
In this paper the authors demonstrated that it is possible to offer software engineering project 
courses to online students without significant loss of student satisfaction or perception of 
engagement. The introduction of GenAI tools in 2025 did not change this. This might be 
considered as evidence that it is possible to manage a hybrid software project course and keep 
most online students engaged. The active learning components of the classes and the levels of 
student interaction that accompany should be credited for making this possible. The active 
learning components of the course, the hybrid project teams, and peer evaluation work also 
should be credited with the success of the project work. 
 
The use of reflective writing as an alternative to traditional testing was well received by the 
students. Both FF and AO students read the textbook and were forced to interact with it every 
week. This was not true in previous course offerings. Based on students’ comments, reflective 
writing helped students to analyze the suggestions produced by ChatGPT. 
 
The short, daily lab write ups and weekly reading reflections provided students with many 
opportunities for the instructor to provide feedback on their work. This also allowed the 
instructor many opportunities to identify student issues before the end of the semester. We 
encourage instructors to develop authentic assessment practices and modify them as needed to 
manage their hybrid course deliveries to achieve higher levels of student satisfaction and 
engagement. It was interesting to note that the in-person students felt ChatGPT was more of a 
time saver than the on-line students. Perhaps this was because the in-person students were able to 
discuss both prompt creation and assessment of the artifacts produced in small groups. 
 
It may be important to continue developing ways in which asynchronous students are encouraged 
to participate in more experiences with face-to-face students outside formal class meetings. We 
are continuing to search for additional authentic assessment techniques that will help to catch 
slackers early during team project work. While we emphasize agile software development in our 
courses the assessment and management techniques we used could be adapted to fit other 
engineering process models. 
 
We are continuing to develop tools to provide scaffolding assistance for student activities for 
both FF and AO students. One of the authors also teaches game design courses using active 



learning, authentic assessment, and GenAI tools. The current plan is to create additional 
scaffolded lab activities using GenAI tools for several software design courses. 
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