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Abstract

With the rapid development of AI technologies, digital software, and teaching methods,
flipped-learning approaches are becoming increasingly popular for academic education.
Next-generation teaching modules will potentially enhance the learning experiences of
students. In this study, the impact and enhancement of students’ end-user experience in
learning computational fluid dynamics (CFD) fire models have been evaluated based on
course evaluation surveys. This paper will explore three key objectives of the proposed
flipped-learning approach, including (i) the engagement and enhanced willingness of stu-
dents’ self-adaptive learning; (ii) the effectiveness of pre-class study and practice towards
students’ total understanding of the learning materials; and (iii) the overall quality of the
delivery mode towards the learning outcomes. Additionally, the AI-enabled technology to
convert legacy teaching materials to online-adaptive tutorials with visual-aided compo-
nents will be discussed in this paper. Survey responses show generally positive perceptions
of the flipped-learning format and AI-supported resources. The students’ feedback on new
functions and their effectiveness in software skills acquisition will also be investigated.

Keywords: flipped learning; engineering teaching; AI-enabled approach

1. Introduction
The rapid advancement of digital technologies [1,2], artificial intelligence (AI) [3–5],

and simulation tools has significantly reshaped engineering education over the past
decade [6]. In building fire safety engineering, computational tools such as the Fire Dy-
namics Simulator (FDS) and its graphical user interface PyroSim have become essential
for analysing fire development, smoke movement, heat transfer, and occupant safety per-
formance [7]. Mastery of such computational fluid dynamics (CFD)-based fire models
is increasingly required for graduates entering professional practice [8]. However, the
technical complexity of these tools, together with steep learning curves in numerical mod-
elling, scripting logic, and result interpretation, poses substantial challenges to conventional
teaching approaches.

Traditionally, modelling courses in fire engineering have been delivered through
lecture-based instruction supplemented by laboratory demonstrations. In this instructor-
centred format, CFD basic theories, including conservation equations [9], turbulence mod-
elling [10], combustion modelling [11], pyrolysis modelling [12], radiation modelling [13]
and boundary condition settings [14], are introduced during class time. Meanwhile, stu-
dents attempt to learn and practice software operation and scenario development inde-
pendently after class [8,15]. This structure often results in limited hands-on engagement
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during lessons, insufficient time for troubleshooting modelling errors, and uneven learning
outcomes among students with different levels of computational background. As CFD fire
modelling requires iterative testing, parameter sensitivity analysis [16,17], and interpreta-
tion of visual outputs, passive learning modes may constrain students’ deeper conceptual
understanding and practical competence.

Flipped learning has emerged as a pedagogical strategy aimed at addressing these lim-
itations [18–22]. Under the flipped-learning paradigm, foundational knowledge acquisition
occurs before class through structured digital materials, including video lectures, inter-
active tutorials, and guided reading, while classroom time is reallocated to collaborative
problem-solving, applied exercises, and instructor-guided discussions [23]. This student-
centred approach encourages self-paced learning, promotes active engagement, and allows
educators to focus on higher-order cognitive tasks during face-to-face sessions. Active
and adaptive learning significantly improve STEM education by enhancing engagement,
reducing achievement gaps, and supporting personalised learning. Flipped classrooms
combined with adaptive technology show particularly strong effects on problem-solving
skills and learning satisfaction among engineering students [23,24]. Nevertheless, its appli-
cation in highly technical modelling courses, particularly in fire safety engineering, remains
relatively underexplored [21,25,26].

Concurrently, AI-enabled technologies provide new opportunities to enhance flipped-
learning environments [27,28]. Generative AI tools and adaptive digital platforms can assist
in transforming legacy teaching materials. This includes static lecture slides and printed
manuals to be converted into interactive online modules with embedded visualisations,
automated feedback, and scenario-based simulations [29,30]. CFD modelling typically
produces a variety of results ranging from temperature and fire-related parameter data [31],
to 2D contour plots showing the cutting-plane results (i.e., temperature, smoke visibility,
gas species, etc.) [32], to 3D visualisation of the fire and smoke developments convertible to
visual fire developments [33]. AI-assisted features may include automated explanation of
error messages, guided parameter selection, visual interpretation of simulation outputs, and
step-by-step workflow recommendations. Such enhancements have the potential to reduce
cognitive overload, support self-adaptive learning, and improve software skill acquisition.

Recent research has also emphasized that AI-supported analytical frameworks should
be accompanied by appropriate validation and interpretability considerations to ensure
reliable and transparent use of AI-based methods [34,35]. Despite the growing adoption
of AI-assisted educational tools, there is limited empirical evidence evaluating their effec-
tiveness in specialised engineering domains. In particular, few studies have systematically
investigated students’ end-user experiences when flipped learning is integrated with AI-
enabled support tools in simulation-based fire modelling courses. Understanding learners’
perceptions, engagement levels, and skill development outcomes is essential for assessing
whether these innovations meaningfully improve teaching effectiveness.

In this paper, a flipped-learning framework integrated with AI-enabled instructional
components was developed and evaluated for a building fire modelling course using
FDS and PyroSim. Unlike previous studies that mainly focus on student satisfaction or
perception-based evaluations, this work explores the systematic integration of AI-assisted
technologies into instructional design to enhance learning material development, pre-class
preparation, conceptual understanding, and CFD software skill acquisition. By com-
bining AI-supported content refinement, multimedia learning resources, and structured
flipped-learning activities, this study provides a reproducible pedagogical framework for
computational engineering education. Through analysis of survey responses and reflective
feedback, this research extends existing flipped-learning and AI-assisted education studies
by demonstrating a practical implementation pathway for teaching complex simulation-
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based engineering courses and offering insights for future curriculum innovation. Based
on the above research objectives, research hypotheses were formulated to systematically
evaluate the effectiveness of the proposed flipped-learning and AI-enabled CFD teach-
ing framework: (1) The flipped-learning approach integrated with AI-enabled learning
resources can enhance students’ learning engagement and willingness for self-directed
learning compared with conventional lecture-based learning modes; (2) The combination
of pre-class learning activities and AI-supported practice can improve students’ under-
standing of CFD modelling concepts and their ability to apply simulation knowledge in
engineering scenarios; (3) The proposed flipped-learning and AI-enabled teaching frame-
work can positively influence students’ perceived learning outcomes, overall satisfaction,
and acceptance of the instructional delivery mode. These hypotheses were examined
based on students’ questionnaire responses regarding learning effectiveness, motivation,
engagement, AI-assisted learning experience, and software skill development.

2. Methodology
This study adopted a structured case-study approach to examine a flipped-learning

model integrated with AI-enabled instructional components in a building fire modelling
course. The methodology was designed to describe students’ learning engagement, per-
ceived effectiveness of pre-class preparation, perceived usefulness of AI-assisted resources,
and perceived support for software learning through quantitative and qualitative end-user
feedback. The study was exploratory and evaluative rather than a controlled experimental
study; consequently, the survey data were not used to establish causal effects or objective
gains in learning performance.

The research framework consisted of three major components: (i) the design and
implementation of the flipped-learning structure, (ii) the development and deployment
of AI-enabled adaptive learning materials, and (iii) the collection and analysis of student
survey data [36]. The study was conducted within an undergraduate/graduate-level
computational fire modelling course offered by the Department of Building Environment
and Energy Engineering at The Hong Kong Polytechnic University. The course primarily
focused on the application of Fire Dynamics Simulator (FDS) and PyroSim for performance-
based fire engineering analysis.

To enhance students’ understanding of the modelling theory revolving around the
computational fluid dynamics (CFD) approach and large-eddy-simulation (LES) techniques
utilised in the FDS framework for fire applications, lecture slides were built based on past
lecture and tutorial recordings from the subject “Computational Fire Modelling for Building
Designs”. Additional information with regard to governing equations for turbulent reacting
flows, pyrolytic solid fire developments and compartment room fire dynamics coupled
with underlying theories was included in the pre-class slides. Also, work examples based
on previously established studies in compartment room and tunnel fire scenarios [37–40]
were provided as a skill benchmark study for students to validate their model and examine
their understanding.

To ensure replicability and transparency, the instructional design, digital materials,
survey instruments, and evaluation procedures are described in detail in the following
subsections. The flipped-learning intervention was implemented over a full academic
semester, allowing sufficient time to observe student adaptation to the revised teaching
format. AI-enabled components were embedded into pre-class and post-class learning
resources to facilitate guided practice and visual-assisted understanding.

A mixed-method approach was employed for data collection. Quantitative data were
obtained through structured five-point Likert-scale survey questions measuring students’
engagement, perceived clarity of instructional materials, perceived effectiveness of AI-
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assisted tools, and confidence in software operation. Qualitative feedback was collected
through open-ended questions to capture students’ reflections on learning experiences,
challenges encountered, and suggestions for improvement. The survey was administered
at the end of the semester after students had experienced the full teaching cycle. The final
pooled dataset contained 26 usable student responses from the two participating course
offerings. The analysis was descriptive, focusing on response percentages and mean Likert
scores; no inferential significance tests were applied to the pooled survey results because
the available data were limited to a small, self-selected end-user sample and were not
collected under a controlled experimental design. Future work should use larger samples
and pre-specified inferential analyses where the study design permits.

2.1. Flipped-Learning Methods

The flipped-learning implementation in this study is based on the constructivist
learning theory and cognitive load theory [41]. Constructivist learning theory holds that
knowledge is actively constructed by learners rather than passively accepted, which is
consistent with the core requirement of flipped learning that guides students to complete
independent learning before class. Cognitive load theory emphasises reducing unnec-
essary cognitive load in the learning process to improve learning efficiency; therefore,
the design of pre-class learning resources (videos, PPT guides) in this study focuses on
simplifying complex knowledge and optimising information presentation to help students
complete knowledge acquisition efficiently [42]. The research adopts a practical research
paradigm, focusing on the operability and effectiveness of flipped-learning resource devel-
opment, and takes the whole process of pre-class learning resource construction as the key
research object.

2.2. Development of Pre-Class Learning Resources

Pre-class learning resources are the foundation of flipped learning implementation,
and their quality directly impacts the effect of students’ independent pre-class learning. This
study completes the development of pre-class learning resources through four consecutive
steps: Zoom cloud video recording, video editing and optimization, PPT integration and
AI-assisted logic improvement, as shown in Scheme 1:

Scheme 1. Development of Pre-Class Learning Resources.

(1) Recording of Complete Video Materials
Before recording, the researcher will sort out the course knowledge system, clarify

the key points, difficulties and logical context of each knowledge module, and formulate
a detailed video recording plan, including the determination of teaching content and the
design of explanation logic. In the recording process, the teaching staff with professional
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teaching experience were invited to explain the course content, ensuring the accuracy and
professionalism of the knowledge.

(2) Video Editing and Learning Module Division
After the completion of the initial video recording, the research team used video

editing tools in CapCut (Version 9.3.0) to edit and optimise the video materials, which is an
important step to realise the fragmentation and modularisation of learning content. The
editing work mainly focuses on three aspects. First, trimming the redundant content in
the video, eliminating the irrelevant explanation and pause segments, and ensuring the
conciseness and focus of the video. Second, dividing the complete video into different
independent learning modules according to the knowledge hierarchy and logical structure
of the course; each module corresponds to a specific knowledge point or learning task,
and the duration of each module is controlled within a reasonable range to adapt to the
characteristics of students’ fragmented learning [43]. Lastly, the automatically generated
subtitles from Zoom will be optimised by an AI tool to improve coherence. The optimised
subtitles will be transferred to voice via TTSMAKER (https://ttsmaker.com/) and then
integrated into the video by CapCut.

In this section, where applicable, authors are required to disclose details of how
generative artificial intelligence (GenAI) has been used in this paper (e.g., to generate text,
data, or graphics, or to assist in study design, data collection, analysis, or interpretation).
The use of GenAI for superficial text editing (e.g., grammar, spelling, punctuation, and
formatting) does not need to be declared.

(3) PPT Integration and Text Guidance Configuration
To further improve the effectiveness of students’ pre-class independent learning, the

edited video modules were integrated into PPT to form a systematic pre-class learning
resource package (Figure 1). One or more slides correspond to a video module, and the
video is embedded in the PPT to facilitate students’ watching and learning. At the same
time, relevant text guidance is added to each video module in the PPT, including the
learning objectives of the module, key and difficult prompts, learning steps and thinking
questions. The text guidance is designed to help students clarify the learning focus, guide
them to carry out targeted learning, and avoid blind learning in the pre-class stage, thus
improving the efficiency of independent learning.

Figure 1. The simulation process of the tutorial for the Steckler case study: (a) Basic Setup (Reaction,
Mesh, Burner); (b) Coordinate Setup (Compartment & Boundaries); (c) 2D Slices (Visualise Tempera-
ture & Velocity); (d) Thermocouple & Velocity-Coupled Trees; (e) Result Output & Data Reading.

2.3. AI-Enabled Developed Components

To enhance the effectiveness and accessibility of the flipped-learning CFD fire mod-
elling module, several AI-assisted components were incorporated into the instructional
design and content development workflow. Rather than replacing instructor-led teach-
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ing, AI tools were employed as supportive technologies to improve learning material
preparation, multimedia development, and learning accessibility.

First, ChatGPT (Version 5.6 Luna) was utilised during the instructional design stage to
assist with learning-objective generation, refinement of teaching content, and optimisation
of explanatory texts. By supporting the restructuring of technical descriptions and improv-
ing the clarity of learning materials, ChatGPT helped ensure that complex CFD modelling
concepts were presented in a more organised and student-friendly manner. Second, AI-
assisted subtitle correction was applied to recorded Zoom lectures to improve the accuracy
and readability of video-based learning resources. Since CFD fire modelling involves ex-
tensive technical terminology, automated subtitle refinement reduced transcription errors
and enhanced students’ comprehension during self-paced learning. Third, TTSMaker
was employed to generate AI-based narration for selected learning materials, providing
consistent audio explanations and improving the accessibility of instructional videos. The
generated narration was integrated with visual teaching content through CapCut, which
was used for video editing, multimedia integration, and synchronisation of audio, subtitles,
and simulation demonstrations. Finally, AI-assisted workflow optimisation was applied
to improve the logical sequence and structure of the learning modules. By reorganising
learning activities from fundamental concepts to CFD modelling procedures and practi-
cal simulations, the developed framework provided students with a more coherent and
progressive learning experience.

Overall, the AI-assisted workflow provided a reproducible approach for preparing
interactive CFD fire modelling resources. Its role was primarily to improve the organ-
isation, accessibility, narration, subtitle quality, and presentation of learning materials; the
substantive instructional content, modelling examples, and classroom activities remained
instructor-designed.

2.4. End-User Feedback Survey

A questionnaire will be designed and distributed to students to collect feedback. The
present study reports descriptive item-level results rather than a formally validated latent-
construct scale. Accordingly, the questionnaire should be regarded as a course-evaluation
instrument used to characterize students’ perceptions rather than as a psychometrically
validated measurement scale.

3. Results
3.1. Survey Responses

A preliminary analysis was conducted based on pooled student responses (n = 26)
collected from courses “Computational Fire Modelling in Building Designs” and “Fire
Safety Systems”, both of which adopted the same CFD fire modelling flipped-learning
module. The respondent cohort mainly consisted of postgraduate and Year 3 undergrad-
uate students, with most participants reporting mid-to-high academic performance. In
addition, the majority of respondents were local Cantonese-speaking students. Importantly,
nearly 90% of students reported that this was their first experience with flipped learning,
suggesting that the positive responses observed in this study were achieved despite limited
prior exposure to this teaching format. The demographic profile of respondents is sum-
marised in Table 1. Overall, students demonstrated strong preferences for visualised and
hands-on learning approaches, which aligns well with the pedagogical characteristics of
CFD fire modelling courses that heavily rely on simulation visualisation, scenario analysis,
and problem-solving activities.
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Table 1. Respondent demographic profile and learning background.

Category Description Percentage (%)

Academic level Year 3 undergraduate 42.3
Academic level Postgraduate 53.8

GPA profile GPA 3.0–3.69 65.4
Language background Cantonese/local students 76.9

First flipped-learning experience Yes 88.5

The questionnaire items were evaluated using a five-point Likert scale, where 1 rep-
resented “strongly disagree” and 5 represented “strongly agree”. Therefore, mean scores
above 4.0 indicate a generally positive perception among students, while values approach-
ing 5 represent strong agreement. This scoring criterion was adopted throughout the
analysis to interpret students’ perceived learning experience. The results in Table 2 and
Figure 2 provide quantitative evidence supporting the hypotheses. The overall satisfaction
score reached 4.46/5, with 92.3% of students selecting “Agree” or “Strongly Agree”. More
importantly, the item “Better learning outcomes than traditional lectures” obtained an iden-
tical mean score of 4.46, suggesting that students perceived the flipped-learning framework
as not only acceptable but also more effective than conventional teaching approaches.

Table 2. Perceived learning effectiveness of the flipped CFD module.

Evaluation Item Mean Score Agree/Strongly Agree (%)

Overall satisfaction 4.46 92.3
Better learning outcomes than traditional lectures 4.46 96.2

Better met learning needs 4.42 92.3
More effective than traditional lectures 4.35 92.3

Would recommend to peers 4.23 84.6

Figure 2. Perceived learning effectiveness of the flipped CFD module.

Similarly, the items “Better met learning needs” and “More effective than traditional
lectures” obtained mean scores of 4.42 and 4.35, respectively, further demonstrating that
students considered flipped learning to be more effective and supportive for their learning
needs. Furthermore, 84.6% of students indicated that they would recommend this teaching
approach to their peers, reflecting a high level of acceptance and recognition of the flipped-
learning model. The results suggest that flipped learning can significantly enhance students’
learning satisfaction and perceived learning effectiveness.

The survey results related to motivation and engagement are presented in Table 3.
Overall, students showed positive attitudes toward the flipped-learning approach. The
item “Flipped approach was interesting” received the highest mean score (4.15), with
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80.8% of students agreeing or strongly agreeing, indicating that the flipped-learning model
effectively increased students’ interest in learning. In addition, “Learning was enjoyable”
also achieved a relatively high score (4.08), suggesting that students generally had pos-
itive learning experiences. Collaborative learning activities showed higher engagement
levels. Students reported active participation in small-group activities (mean = 3.92) and
discussions with peers/instructors (mean = 3.85), demonstrating that flipped learning pro-
moted interaction and communication in class. Furthermore, 65.4% of students felt more
motivated compared with traditional lecture-based classes. However, the item “Raised
hands/contributed answers publicly” received the lowest score, indicating that students
were less confident in speaking publicly during full-class sessions. Overall, the findings
suggest that flipped learning was particularly effective in enhancing engagement within
collaborative and discussion-based learning environments.

Table 3. Student motivation and engagement in flipped-learning activities.

Evaluation Item Mean Score Agree/Strongly Agree (%)

Flipped approach was interesting 4.15 80.8
Learning was enjoyable 4.08 69.2

More motivated than traditional classes 3.85 65.4
Participated actively in small-group activities 3.92 69.2

Engaged in discussions with peers/instructors 3.85 65.4
Encouraged more active participation 3.92 69.2

Raised hands/contributed answers publicly 3.23 42.3

The development of 4C competencies, including communication, collaboration, critical
thinking, and creativity, is shown in Figure 3. Among these competencies, the greatest
perceived improvements were observed in critical thinking and creativity, followed by
collaboration. This pattern is particularly favourable for CFD fire modelling education,
where problem-solving, interpretation of simulation results, and engineering judgement
are essential learning outcomes.

Figure 3. Mean score of student motivation and engagement in flipped-learning activities.

Table 4 summarises students’ perceptions of workload and AI-supported learning
experiences. The results provide evidence supporting H2. Although some students per-
ceived slightly increased mental effort during the flipped-learning process (38.5%), most
students considered the workload comparable with traditional learning approaches. More
importantly, AI-assisted learning resources received positive evaluations, with mean scores
of 3.96–4.04 for pre-class and in-class learning support. These findings indicate that AI
tools did not simply replace conventional instruction but functioned as supplementary
learning assistants by improving students’ preparation efficiency, supporting conceptual
understanding, and reducing difficulties in mastering CFD modelling procedures.
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Table 4. Perceived workload and AI-supported learning.

Evaluation Item Main Findings

Mental effort 57.7% about the same; 38.5% higher
Time pressure 69.2% about the same; 30.8% higher
Overall effort 57.7% about the same

AI useful for pre-class learning Mean 3.96; 65.4% A/SA
AI improved pre-class effectiveness Mean 4.04; 65.4% A/SA

AI useful for in-class learning Mean 4.00; 57.7% A/SA
AI improved in-class effectiveness Mean 3.96; 61.5% A/SA

3.2. Reflection on Learning Experiences

To demonstrate the improvement of the tutorial in 2025, Figure 4 compares the typical
modelling procedures of the standard Steckler room fire. As shown in Figure 4a, the
guidance introduces the detailed procedures to construct the Steckler room fire model in
FDS. For example, it lists the operational steps to build a wall and doorway with precise
dimensions. Meanwhile, it allows the student to watch the flipped-learning-enhanced
video with clear subtitles and sound, as shown in the Supplementary Material, which will
help them to operate and master FDS faster. However, in the tutorial in 2024, there are only
general descriptions about the modelling procedure of the Steckler room fire, as presented
in Figure 4b. Thus, the flipped-learning-enhanced tutorial will help students to engage in
the lecture and spark their interest in fire simulations.

To elaborate on the effectiveness of the flipped-learning-enhanced tutorial, Table 5 pro-
vides a comparison of students’ learning experiences between the 2024 and 2025 semesters
and shows a consistent improvement across all four evaluated dimensions. The mean
score for students’ understanding of what they were expected to learn increased from
3.8 in 2024 to 4.4 in 2025. Similarly, the perceived contribution of teaching and learning
activities to achieving the intended subject learning outcomes increased from 3.9 to 4.4. The
largest score in 2025 was observed for the statement that assessments required students to
demonstrate their knowledge, skills, and understanding of the subject, which increased
from 3.9 to 4.5. Students’ understanding of the criteria according to which they would be
graded also increased from 3.9 to 4.4. Thus, the improvement was not limited to a single
aspect of the learning experience but was observed consistently in learning expectations,
learning activities, assessment alignment, and assessment transparency.

These results indicate that the 2025 teaching arrangement was perceived as providing
a clearer and more coherent learning structure than the 2024 arrangement. This finding is
consistent with the flipped-learning design described in Section 2, where pre-class materials
provided explicit learning objectives, key points, learning steps, and guiding questions,
while video materials were organised into focused learning modules. This structure may
have helped students establish clearer connections between pre-class preparation, class-
room activities, and assessment tasks. Meanwhile, reallocating classroom time from basic
content delivery to discussion, case analysis, problem-solving, and practical modelling
enabled students to apply concepts after pre-class preparation.

The improvement in assessment-related perceptions is also noteworthy. The increase
from 3.9 to 4.5 in the alignment between assessment and students’ knowledge and skills,
together with the increase from 3.9 to 4.4 in understanding grading criteria, suggests that
students perceived stronger alignment and transparency in assessment. This is particularly
relevant to CFD fire modelling, where students need to integrate theoretical knowledge,
software operation, modelling decisions, and simulation interpretation.
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Figure 4. Typical tutorial slide with (a) and without (b) flipped-learning enhancement.

Table 5. The feedback of learning experience of the subject in different semesters.

Item Mean Score
(2024)

Mean Score
(2025)

I have a clear understanding of what I am expected to learn from this subject. 3.8 4.4
The teaching and learning activities (e.g., lectures, discussions, case studies, projects, etc.) have
helped me to achieve the subject learning outcomes. 3.9 4.4

The assessments require me to demonstrate my knowledge, skills and understanding of the subject. 3.9 4.5
I understand the criteria according to which I will be graded. 3.9 4.4

These findings should also be considered alongside the workload perceptions reported
in Table 4. Although some students reported increased mental effort and time pressure,
most considered the overall workload comparable with traditional learning. This suggests
that flipped learning may have redistributed learning effort toward pre-class preparation
while allowing classroom time to focus more on application and interaction.

Overall, Tables 2–5 suggest that students perceived the flipped-learning framework
as clearer, more structured, and more application-oriented. However, because Table 5
compares student feedback from different semesters without statistical testing or controls
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for cohort differences, the findings should be interpreted as evidence of improved student
perceptions rather than definitive evidence of a causal effect of the intervention.

3.3. Reflection on Software Skills Acquisition

Beyond the general learning experience, it is important to examine whether the re-
designed learning resources were perceived as useful for learning CFD software and
understanding modelling procedures. CFD fire modelling requires students to integrate
theoretical knowledge with software operations, including model setup, parameter con-
figuration, simulation, and result interpretation. Table 6 therefore focuses on students’
perceptions of online adaptive tutorials, tutorial guides, and interactive learning compo-
nents. The results show consistently positive evaluations across all three items. Online
adaptive tutorials and teaching materials received the highest mean score of 4.3, while both
online tutorial guides for software learning and interactive components for understanding
received scores of 4.2. The similar scores suggest that students perceived these resources as
complementary components of the learning process.

Table 6. The feedback of reflection on software skills acquisition.

Item Mean Score (2025)

Are the online adaptive learning tutorials and teaching materials helpful to your learning experience? 4.3
Do you learn the software more easily with the online tutorial guides? 4.2
Do you find the online interactive components helpful for your understanding? 4.2

These findings can be further understood in relation to the flipped-learning sequence.
Before class, students could use the online tutorials and guided materials to become familiar
with software interfaces, modelling procedures, and the CFD simulation workflow. This
allowed classroom time to focus more on practical modelling, problem-solving, discussion,
and interpretation of simulation results. Thus, the online resources served as a bridge
between conceptual learning and practical application, while allowing students to review
difficult procedures independently. The positive evaluation of the interactive components
also suggests that visual and procedural guidance may be particularly useful for CFD
fire modelling. Because CFD modelling involves interdependent operations, such as
geometry, mesh, boundary conditions, and reaction settings, structured tutorials may help
students follow the modelling workflow more systematically and reduce the difficulty
of managing multiple software procedures. This finding is also consistent with students’
positive responses to visualised and hands-on learning activities reported earlier.

The findings from Table 6 complement the AI-supported learning results in Table 4.
While Table 4 shows that students generally perceived AI-assisted resources as useful
for pre-class and in-class learning, Table 6 provides more specific evidence of the per-
ceived usefulness of the resulting online materials for software learning. These findings
suggest that AI primarily played a supportive role by improving the organisation, acces-
sibility, narration, subtitles, and presentation of learning resources, while CFD learning
remained centred on instructor-developed content, guided tutorials, practical exercises,
and classroom interaction.

Nevertheless, the findings should be interpreted cautiously. Although the mean
scores of 4.2–4.3 indicate positive perceptions, they do not directly demonstrate improved
software proficiency. Students’ abilities to construct CFD models, identify modelling errors,
select parameters, and interpret simulation results were not assessed through standardised
practical tests. Therefore, Table 6 provides supportive evidence of the perceived usefulness
of the online resources rather than conclusive evidence of improved software competence.
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4. Conclusions
This study demonstrated the feasibility of integrating AI-assisted tools into flipped

CFD fire modelling education. Students reported generally positive perceptions of the
learning experience, engagement, pre-class resources, and AI-supported instructional
materials, with AI primarily facilitating the preparation, organisation, narration, subtitle
correction, and accessibility of learning resources. However, given the small sample
(n = 26), reliance on self-reported data, absence of objective learning assessments, and lack
of statistical control for cohort differences, the findings should be interpreted as evidence
of perceived usefulness rather than demonstrated learning gains or causal effects. Future
research should employ larger samples, validated instruments, objective pre-/post-course
assessments, and controlled comparisons of conventional, flipped, and AI-supported
flipped instruction. Overall, this study provides a practical foundation for further rigorous
evaluation of AI-enhanced flipped learning in CFD fire modelling education.
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