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Abstract
The use of Artificial Intelligence (AI) in education has trig-
gered discussions ranging from redesigning courses around
AI to restricting its use entirely. However, before fundamen-
tally restructuring curricula, it is essential to establish how
students can be trained to use AI effectively within existing
courses to strengthen reasoning and critical thinking skills.
This is particularly important in practical engineering ed-
ucation, where simulation plays a central role in enabling
students to connect theoretical models with observable sys-
tem behavior through experimentation and analysis. In such
courses, generative AI offers new opportunities for person-
alized, dialogue-based support on demand, but its value de-
pends on how it is pedagogically integrated. Our primary
objective is to shift students from answer-seeking code gen-
eration toward a reasoning-first learning approach. To this
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end, this paper evaluates a Think-First workflow that restruc-
tures simulation exercises to emphasize problem formulation,
result prediction, and pseudocode development prior to im-
plementation. We examine students’ AI interaction patterns,
simulation reasoning, and perceptions of the workflow in a
master’s course on Simulation of Communication Networks.

Keywords
Engineering Education, Generative AI, Student Autonomy,
CommunicationNetwork Simulation, Simulation-Based Learn-
ing, Conceptual Reasoning, AI-Assisted Learning

1 Introduction
Simulation is a central component of practical engineering
education [8, 10, 22], connecting theoretical concepts with
implementation and observable system behavior. This is par-
ticularly important in communication networks, where con-
cepts such as traffic generation, queueing, delay, throughput,
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congestion, and protocol behavior are often difficult to un-
derstand from equations and protocol specifications alone.
In our previous work on the Project-Based Learning (PBL)
Simulation of Communication Networks (SimCN) course
[18, 19], we established an exercise environment designed
to connect communication network theory with hands-on
tasks using the OMNeT++ simulator [28]. In the era of AI,
students can obtain implementation solutions and result ex-
planations instantly, often bypassing the critical reasoning
needed to understand simulation tasks. As a result, activities
intended to support explanation, prediction, and interpreta-
tion may become dominated by trial-and-error debugging
and reliance on AI-generated outputs.

One-to-one mentoring is widely recognized as one of the
most effective forms of educational support, as highlighted
by Bloom’s 2 Sigma Problem [5]. However, such individu-
alized guidance has historically been difficult to scale. The
increasing availability of generative AI offers new oppor-
tunities for scalable individualized support, particularly in
practical engineering courses where students require itera-
tive feedback during problem formulation, implementation,
debugging, and result interpretation. With appropriate guid-
ance, these tools can support conceptual clarification and
error explanation [4]. The key challenge, therefore, is not
whether students use generative AI, but how its use is ped-
agogically integrated into the learning process. This per-
spective aligns with Socratic learning principles, where un-
derstanding emerges through questioning, justification, and
reflection rather than direct answer delivery.
To address this issue, we adapted our SimCN course to

introduce a Think-First workflow. A short game-based quiz
at the beginning of each exercise session activates prior lec-
ture knowledge. Students then explain their understanding
of the problem, predict expected results, and develop struc-
tured pseudocode before implementation. Within this se-
quence, generative AI is positioned as guided support for
questioning, clarification, reasoning, and debugging. This
paper investigates whether the redesigned workflow shifts
students from syntax-first toward reasoning-first work and
encourages more reflective use of AI. The evaluation com-
bines prompt categorization, an analytic exercise rubric, and
survey responses to examine students’ AI interaction pat-
terns, reasoning in simulation tasks, and perceptions of the
workflow. The main contributions are:

• A Think-First workflow for reasoning before coding in
practical engineering courses.

• A classroom evaluation of reasoning-oriented genera-
tive AI use.

2 Related Work
Generative AI has recently been explored as a source of per-
sonalized learning support, offering clarification, feedback,
and iterative questioning [1, 21]. However, these models can
be unreliable when used as a primary source of informa-
tion [3]. Their educational value therefore depends not only
on access to the technology, but also on the pedagogical
structure in which students use it. Accordingly, generative
AI should be integrated through workflows that guide stu-
dent interaction, promote critical evaluation, and require
verification of responses generated by AI.

In practical engineering courses that involve program-
ming, students often use generative AI for implementation
support, code generation, and debugging [11, 16]. Such sup-
port can reduce the burden created by syntax errors and
unfamiliar programming environments, which may other-
wise prevent students from engaging with the intended engi-
neering concepts [29]. However, in simulation and modeling
courses, this advantage also introduces a specific pedagog-
ical risk. The intended learning outcomes in these courses
extend beyond producing executable code: students must
formulate the problem, identify assumptions, abstract the
logic of the system, predict expected behavior, and interpret
the resulting measurements. If students use generative AI
for code generation without guidance, their attention may
shift from these reasoning tasks to the mere production of
a working implementation [6]. This creates a scenario in
which students may obtain a functional simulation without
understanding the underlying logic. Similar concerns have
been reported in other disciplines, where generative AI use
may shift students from independent critical thinking toward
dependence on outputs from the AI [14]. These challenges
motivate the need for a Think-First workflow, in which stu-
dents formulate the problem and plan the solution before
seeking support for technical implementation [2].

Existing literature frequently evaluates the educational use
of generative AI through surveys that capture student percep-
tions of usefulness and support [9, 26]. These studies provide
valuable evidence about student attitudes and adoption, but
they offer limited insight into what students actually ask AI
systems during practical learning tasks. Other investigations
assess the quality of AI generated responses, yet often rely on
prompts constructed by researchers rather than prompts for-
mulated by students in classroom settings [11, 15, 30]. Such
studies are useful for assessing the capability of the tools, but
they do not fully capture how students formulate prompts,
follow up on answers, or use AI support. Prompt analysis
is therefore needed to distinguish interactions that support
reasoning from those that mainly seek direct answers [32].
The present study addresses this gap in the context of a

graduate course on Simulation of Communication Networks.
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Rather than examining generative AI only through student
perceptions or the quality of AI generated responses, the
study investigates its role within a guided simulation work-
flow that treats implementation as the final stage of a rea-
soning process.

3 Pedagogical Approach
HamburgUniversity of Technologymainly uses PBL in courses
with a larger workload. In master’s courses, the focus is
less on memorizing facts and more on understanding, trans-
ferring, and applying scientific methods. PBL emphasizes
collaborative problem-solving and aims to achieve four key
learning outcomes:

(1) Theoretical Knowledge: Students learn scientific
methods andmodels as in traditional teaching, through
task-oriented learning that increases motivation.

(2) Practical Skills: Students apply learned concepts us-
ing relevant tools and platforms to solve realistic engi-
neering problems.

(3) Social Competence: Students collaborate to build ex-
pertise, present and discuss solutions, and strengthen
communication and professional teamwork abilities.

(4) Autonomy: Students learn to work independently,
address challenges on their own, and critically evaluate
their results.

We have offered the PBL course Simulation of Communi-
cation Networks as a Master’s course since 2014. Over the
past year, however, we observed that one of the intended
learning outcomes student autonomy has become increas-
ingly challenging to achieve, as some students tend to rely
heavily on AI-based tools. This observation motivated us to
redesign the course for 2026. The following sections present
the adaptations made to the existing course structure and
discuss our initial experiences with these changes.

3.1 Course Contents and Foundation
The course covers core concepts of discrete-event simulation,
including random number generation, stochastic processes,
simulation modeling, result analysis, and wireless network
simulation. It is offered as a Master’s-level PBL course for
computer science and electrical engineering students. Over
a 14-week semester (4 hours per week), students work in
small teams on a series of practical exercises using OMNeT++
network simulator [28]. The course concludes with a team-
based project in which students design, implement, and eval-
uate a complete network scenario. Assessment is conducted
through a colloquium, where teams of two students present
and discuss their results. As students come from diverse
academic backgrounds, their prior knowledge in areas such
as networking fundamentals and C++ programming varies

significantly. This creates the challenge of supporting dif-
ferent skill levels while ensuring active participation and
engagement throughout the course.
As illustrated in Figure 1, the course tightly couples the-

oretical lectures with practical exercises and is organized
into three phases: learning simulation fundamentals, model-
ing communication network characteristics, and analyzing
complex network scenarios.

3.2 The Think-First Workflow
Previously, the exercises focused primarily on implementa-
tion, simulation execution, and result analysis, with most
tasks completed as homework assignments. In the redesigned
course, we introduced a revised workflow that emphasizes
knowledge activation and reasoning prior to coding, before
students begin implementing the exercises. The purpose
is to delay implementation until students have formulated
the problem, reviewed the relevant theory, predicted the ex-
pected behavior, and planned the simulation logic. Each ex-
ercise is scheduled one week after the corresponding lecture,
giving students time to review the relevant concepts before
the practical session. Our newly adapted workflow called
Think-First Workflow is organized into four sequential
stages: knowledge activation, reasoning before coding, imple-
mentation and simulation execution, and result justification.

Knowledge Activation: At the beginning of the exercise
session, a short quiz-based activity serves as an activation
phase before the exercise. The quiz is intended to increase
engagement, motivate preparation, and reactivate lecture
concepts. Kahoot is used as the platform for this game-based
quiz (https://kahoot.com/). The quiz includes both multiple-
choice and true/false questions. Students participate in their
exercise teams of two, which encourages collaboration and
joint reasoning. For each exercise, 5–10 questions are pre-
pared, requiring approximately 10–20 minutes including the
discussion after each question. The questions are designed
so that the answer options challenge students’ assumptions
and address possible misconceptions about the topic. After
each question, students are asked to explain why the selected
answer is correct and why the alternatives are incorrect.
Each exercise begins with a Problem Description section

that presents the simulation problem, the main assumptions,
the required tasks, and the expected outputs. This is fol-
lowed by a Think Before You Code section that shifts student
attention from immediate implementation toward reasoning,
questioning, and conceptual clarification. Figure 2 illustrates
the contents of Exercise 2 as an example of the execution of
the Think-First Workflow.

Reasoning before Coding: This section consists of four
tasks that must be completed before coding: Understanding
the Problem, Theory, Expected Behavior, and Pseudocode. The

https://kahoot.com/


A4NE @ SIGCOMM ’26, August 17, 2026, Denver, CO Ahmed et al.

3 Lectures: Basic understanding of simulation concepts (discrete event

simulations, stochastic processes, random number generators)

Exercise 1:


Two-node 


communication

Exercise 2:


Probability distributions


Exercise 3:


Random number

generation

Phase 1

4 Lectures: Model a communication network (traffic, mobility, and channel

models), validation of simulation results and hypothesis testing


Exercise 4:


Simulations with TCP/IP

protocol stack


Exercise 5:


Hypothesis testing


Exercise 6:


Results analysis


Phase 2

2 Lectures: Recap of TCP and CSMA/CA protocols, advanced topics in

simulations

Exercise 7:


Modelling & performance analysis


of wide area network


Phase 3

Exercise 8:


Modelling & performance analysis of

wireless network


Figure 1: Course Contents

first three tasks are designed to engage students with the
core concepts of the exercise and to challenge their assump-
tions through guiding questions. Students are encouraged
to use generative AI to ask follow-up questions, evaluate
explanations critically, and clarify concepts according to
their individual needs. These tasks are designed to reduce
direct outsourcing of pseudocode and code generation to
generative AI by requiring students to first define the simu-
lation logic themselves. The Understanding the Problem task
asks students to identify the inputs, assumptions, tasks, and
required outputs. This analysis helps clarify possible misun-
derstandings regarding the problem statement. The Theory
task asks students to connect the exercise to the relevant
theoretical background. This requirement establishes the
conceptual basis needed later to justify and interpret the
simulation results. The Expected Behavior task asks students
to predict results and reason about the relationship between
inputs and outputs. This predictive stage prepares students
to validate their obtained results and to identify possible mis-
conceptions when the observed behavior differs from their
prediction. We used a fading scaffolding approach [7, 31], in
which students initially receive explicit guiding questions
and the level of guidance is gradually reduced across ex-
ercises. These guiding questions support reasoning rather
than substitute for student questioning. In the final four exer-
cises, the same reasoning structure is preserved, but students
formulate their own questions.
After completing the first three reasoning tasks within

their pair, students discuss their answers for approximately
10 minutes with another pair. This peer discussion allows

students to compare arguments, question assumptions, and
refine their understanding before moving to implementa-
tion. The final pre-implementation task is the Pseudocode
section. In this task, students specify the implementation
steps, identify periodic and triggered events in the simula-
tion, determine which statistics must be recorded, and decide
where these measurements should be collected. Once the
pseudocode is completed, students may implement the solu-
tion themselves or ask generative AI for support with specific
parts of the code. At this stage, the AI interaction is more
controlled because the task becomes a process of translating
the students’ own pseudocode into an implementation.
Result Justification: This year, we encourage students

to complete most of the tasks during the in-person session
(approximately 2.5 hours). A week after, a result justification
discussion is held based on the previous exercise. In this dis-
cussion format, two student pairs present and discuss their
results while the remaining students continue working on
the new exercise. Each pair briefly describes its approach
and then presents the key results obtained. The discussion
assesses not only whether the simulation was implemented
correctly, but also whether students can justify their rea-
soning before and after implementation. For each pair, one
main question is selected based on the submitted work or
presented results. The answer is used to trigger follow-up
questions and peer feedback, allowing the two pairs to com-
pare assumptions, interpretations, and reasoning. Each dis-
cussion session with the two pairs lasts approximately 10
minutes. The goal is to evaluate whether students only pro-
duced the required results or also developed the reasoning
skills associated with the intended learning outcomes.

3.3 Guided AI Support
We encourage students to use generative AI as a thinking
partner before coding to clarify the problem, define the sim-
ulation logic, explore ideas, check their reasoning, and ask
questions about OMNeT++, Python, or related theoretical
concepts. AI interaction is performed within student pairs,
allowing students to discuss, compare, and critique AI re-
sponses together. The interaction is therefore framed as sup-
port for reasoning rather than as a mechanism for obtaining
a complete solution. To make this distinction explicit, the
exercise instructions include interaction guardrails for gen-
erative AI use as shown in Figure 2. Encouraged uses include
conceptual clarification, explanation of error logic, question-
ing of assumptions, validation of reasoning, and targeted
implementation support. Discouraged uses include direct
generation of the full task solution or error fixing without ac-
companying reasoning. Students are also reminded to verify
technical and mathematical details using official OMNeT++
documentation and trusted references.
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    Exercise 2: Probability Distribution

Problem Description


In this exercise, you will study how different


probability distributions affect the inter-arrival 


times of packets ( ) in a simple sender-receiver model.


Create a simple model consisting of:


one sender S

one receiver R
S R

Distributions


In this exercise, use the following two distributions

for the random variable :

Uniform distribution: 

Exponential distribution: 

    In Python, plot the theoretical Probability Density 

    Function (PDF) and the Cumulative Distribution 


    Function (CDF) of the specific distribution.


    


    Implement the sender–receiver model in OMNeT++


    such that the time  between generated packets 


    follows this distribution.


    


    Run the simulation and stop it after 100, 1000, and 


    10000 messages.


    


    Record the inter-arrival time vector at the receiver 


    and inspect its histogram in the OMNeT++ IDE.


    


    For each sample size, plot the empirical histogram 


    and compare it with the theoretical PDF.


    Compute the sample mean and sample standard 


    deviation and compare them with the 


    theoretical values.


Tasks
 Theory


What does the PDF tell you about ?

What does the CDF tell you about ?

How do you compute the theoretical mean and standard

deviation for each selected distribution?

 


 Expected Behaviour


What should happen to the histogram as the number of

received messages increases?

What should happen to the sample mean as the number

of received messages increases?

What should happen to the sample standard deviation as

the number of received messages increases?

 Understanding the Problem


What event causes the sender to generate the next

message?

What should the receiver store in order to compute the

next inter-arrival time?

Why do we use different numbers of received

messages?

What differences do you expect between the inter-arrival

times generated by the uniform and exponential

distributions?

 Pseudocode


 Write pseudocode for each module, e.g.,
 

 // Sender

  initialize:

      ...

Original PBL Style Exercise Content Guided Generative AI Additions

6

You are encouraged to use Generative AI tools as a
thinking partner to clarify concepts related to this
exercise. However, always verify important details using
trusted references. Use AI to support your reasoning.
Avoid asking questions such as ‘’Here is the exercise,
solve it for me’’. 

Figure 2: Example of the redesigned exercise structure.

To analyze AI use without identifying individual pairs,
each group uses a single AI chat window and shares its link
anonymously through Padlet [24] at the end of the exercise
session. While log submission is voluntary and not required
to pass the course, almost all groups chose to submit theirs.
This anonymous procedure reduces social desirability bias,
allowing students to interact with the AI naturally without
concern that specific prompts can be traced back to them.
Finally, the submitted interactions are not discussed with the
class to avoid influencing future AI use.

4 AI Prompt Analysis
To examine how students used generative AI during the
exercises, the chat histories from each student team were
collected for exercises 2 to 5. Each team voluntarily and
anonymously shared a link to their chatbot conversation by
posting it as a comment on a university-owned Padlet plat-
form after providing consent for research use. These chat
histories represented students’ interactions with AI tools
while working on the exercises. The collected conversations
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were reviewed, and only student-written prompts were ex-
tracted for analysis. AI responses were used only as context
when needed to interpret the intent of a prompt. The col-
lected chat histories were then analyzed, and each prompt
was coded into one of the following four categories:

• Answer Seeking (P1): Requests for direct source code,
complete solutions, or final answers.

• Implementation & Debugging (P2): Requests for
assistance with specific implementation tasks, compi-
lation errors, syntax, or code bugs.

• Conceptual Help (P3): Queries clarifying theory, sys-
tem assumptions, variables, or simulation models.

• Result Validation (P4): Queries asking about ex-
pected results, validation, or interpretation of simula-
tion output.

All other prompts that do not fall under one of the above
four categories are classified as "Others", and therefore not
used in our analysis.
In the context of our course, P1-type prompts were con-

sidered undesirable because they reflect direct requests for
final solutions or code generation rather than active and
conceptual learning. P2 prompts were regarded as partially
acceptable, since they involve using AI tools to identify or
resolve implementation and debugging issues commonly
encountered during code implementations. The primary fo-
cus of the analysis, however, was on P3 and P4 prompts, as
these categories reflect reasoning-oriented use of AI, includ-
ing conceptual understanding, model interpretation, valida-
tion, and critical reflection on simulation outcomes. We then
grouped prompts by team and category, counted the number
of prompts in each category, and calculate the metric used
for our analysis to reflect Reasoning-Oriented AI Use as:

Reasoning-Oriented AI Use =
𝑁𝑃3 + 𝑁𝑃4∑4

𝑖=1 𝑁𝑃𝑖

(1)

Prompts classified as Others were excluded from this met-
ric, e.g., “Hi chatty” or “Thank you!”. This metric captures
the extent to which students used generative AI to support
conceptual reasoning, modeling, prediction, validation, and
interpretation rather than direct answer generation or im-
plementation support.
The distribution of AI prompt categories (P1-P4) across

the different exercises is shown in Figure 3. Student interac-
tions with the AI were more mixed in Exercise 2, spanning
all four prompt categories. In contrast, a substantial shift to-
ward reasoning-oriented interactions is observed in Exercise
3, where P3 prompts accounted for 67% of all categorized
prompts and P4 contributing an additional 29%. Exercise
4 maintained this reasoning-oriented trend, although with
a moderate increase in P2 prompts, mostly related to in-
stallation and debugging support. This increase is expected
because Exercise 4 marked the beginning of the second phase

Exercise2 Exercise3 Exercise4 Exercise50

20

40

60

80

100

Pe
rc

en
ta

ge
(%

)

P1: Answer seeking
P2: Debugging help

P3: Conceptual help
P4: Result validation

Figure 3: Distribution of AI prompt categories (P1-P4)
across different exercises.
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Figure 4: Reasoning-oriented AI use score across dif-
ferent exercises.

of the exercises, where students install and work with the
INET framework in the OMNeT++ simulator. This framework
implements the fundamental protocols, agents, and building
blocks required to simulate communication networks and
the TCP/IP stack. Exercise 5 further strengthened this trend,
with P3 prompts accounting for nearly 85% of all categorized
prompts and P4 prompts contributing about 10%, while both
P1 and P2 prompts remained close to zero. This reflects the
conceptual nature of the exercise as it builds on Exercise 4
and hence students can reuse its code. Importantly, unlike
the previous exercises, Exercise 5 did not provide students
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with guiding questions, yet the strong dominance of P3 and
P4 prompts suggests that students had developed the in-
tended AI usage pattern, engaging with the tool primarily
for conceptual reasoning and interpretation.
This trend is further illustrated in Figure 4 using the

“Reasoning-Oriented AI Use” metric defined above. Exercise 2
achieved a reasoning-oriented AI use score of approximately
60%, suggesting that although students frequently engaged
in conceptual discussions and interpretation tasks, a consid-
erable portion of interactions still focused on direct answers
and debugging assistance. Exercise 3 and 5 demonstrated
the highest score, approximately 95%, indicating that nearly
all AI interactions were centered on conceptual reasoning,
model understanding, validation, and interpretation. In Ex-
ercise 4, the score remained relatively high at approximately
76%, despite the increase in debugging-oriented prompts
caused by the INET framework installation phase. This in-
crease in debugging prompts could be due to the difficult-to-
follow official INET documentation.

In general, the results suggest that students progressively
adopted more productive and pedagogically desirable uses
of AI, shifting away from answer-oriented assistance toward
deeper reasoning, interpretation, and engagement with the
exercise materials.

5 Exercise Assessment
In accordance with the Think-First approach, students’ un-
derstanding is assessed through an oral justification of their
task submission, conducted with two pairs of students si-
multaneously. It is compulsory to discuss the results during
the week following each exercise session. The students are
expected to act as the responsible problem solver (handling
reasoning, verification, and interpretation), while the AI is
limited to providing clarification and targeted suggestions.
This ensures control remains with the student, while the AI
provides only controlled support. To distinguish between
students who developed expertise and those who prioritized
grades with minimal effort, a brief oral inquiry is conducted
during the session. This questioning evaluates the student’s
perceived control over the solution and their confidence in
justifying it, specifically identifying whether the AI was used
as a reasoning aid or merely as a shortcut for answer-seeking.
The grading criteria used for each exercise are shown in

Table 1. Approximately 50% of the grade evaluates the en-
gineering implementation, including successful simulation
execution and result visualization. The remaining assessment
focuses on the students’ ability to critically interpret, justify,
and discuss the obtained results from a scientific perspec-
tive. The oral inquiry component effectively distinguished
students who developed genuine conceptual understanding

Table 1: Exercise assessment grading rubric

Grade Assessment Criteria

0.00 No results
0.25 Partial completion
0.50 Full completion (working code & plots)
0.75 Correct interpretation and justification of results

with minor flaws
1.00 Excellent (full completion, accurate interpretation

& strong understanding of the results)

from those who primarily relied on AI tools for answer re-
trieval without deeper reasoning.

The grade distribution for Exercises 2, 3, and 5 is shown in
Figure 5. Introductory Exercises 1 and 4were ungraded. From
Exercise 2 to Exercise 3, the distribution shifts toward 1.00,
suggesting that students adapted to the Think-First workflow.
In Exercise 5, the first graded exercise without guiding ques-
tions, most teams reached 0.75, indicating full completion
without excellent result justification. Tutor observations sug-
gest that more engaged students were better able to use AI
as support for reasoning and implementation. Since exercise
points contribute to the final grade, continuous assessment
also encouraged continuous participation.

Exercise 2 Exercise 3 Exercise 5
Grading Assessment

0

5

10

15

Nu
m

be
ro

fT
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m
s

0.00
0.25

0.50
0.75

1.00

Figure 5: Performance assessment of Exercise 2, 3 and 5
for around 14 teams.

6 Student Survey
To gather feedback on the Think-First workflow, we con-
ducted an intermediate survey to evaluate how the newly
introduced generative AI workflow supported the students.



A4NE @ SIGCOMM ’26, August 17, 2026, Denver, CO Ahmed et al.

Table 2: SimCN course evaluation form for Exercise 3.

SimCN Course Evaluation: Intermediate Stage up to Exercise 3

Please reflect on how the “Think Before You Code / Generative AI” workflow supported your understanding of the exercise.
For each statement, select the number that best represents your level of understanding (1 = low, 5 = high). Your feedback on
the effectiveness of this workflow in Exercise 3 is highly appreciated.
At the course beginning Self-evaluation of knowledge and abilities related to: After Exercise 3
1 2 3 4 5 A) Understanding what is being done in the exercise and why 1 2 3 4 5
1 2 3 4 5 B) Understanding the theoretical concepts used in the exercise 1 2 3 4 5
1 2 3 4 5 C) Implementing the solution using pseudocode 1 2 3 4 5
1 2 3 4 5 D) Applying critical thinking and justifying the results 1 2 3 4 5

The questionnaire provided to each student is shown in Ta-
ble 2. The survey was specifically designed to evaluate the
perceived impact of the Think-First workflow after complet-
ing Exercise 3, which represents the first stage where stu-
dents had sufficient exposure to the workflow and collabora-
tive simulation tasks.
Each student was asked to retrospectively assess their

level of understanding and their ability before and after
completing Exercise 3. This before and after self-evaluation
approach was selected to capture perceived learning pro-
gression within the same exercise context. The evaluation
focused on the following four areas:

• A - Understanding what is being done in the exercise
and why

• B - Understanding the theoretical concepts used in the
exercise

• C - Implementing the solution using pseudocode
• D - Applying critical thinking and justifying the results

A total of 25 students participated in the survey. The re-
sults indicate a clear improvement in the self-evaluation
scores after students used the Think-First workflow during
Exercise 3, as summarized in Table 3. Figure 6 further illus-
trates these trends across all evaluated categories.

Table 3: Mean Evaluation Scores

Statements (A) (B) (C) (D)

Before 2.41 2.54 2.70 2.61
After 4.18 4.00 3.82 4.08

However, a small number of students still reported difficul-
ties in Implementing the solution using pseudocode and Apply-
ing critical thinking and justifying the results. Based on tutor
observations, some students were not sufficiently familiar
with pseudocode-based problem formulation, which influ-
enced their confidence in these areas. These two categories

also require higher-order reasoning skills and therefore typi-
cally need more guided practice and repeated exposure.
We expect further improvement in all four evaluated as-

pects by the end of the course as students continue practicing
the Think-First workflow with structured tutor guidance and
the rest of our exercises.

1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5

Score rating within each question group

0

4

8

12

16

Nu
m

be
ro

fS
tu

de
nt

s

(A) (B) (C) (D)

Before After

Figure 6: Perception survey on use of AI with 25 stu-
dents.

7 Autonomy in AI-Supported Learning
The redesign of the course and the introduction of the Think-
First workflow were motivated by the concern that students
may overrely on AI tools and outsource essential cognitive
tasks. This raises a critical question: how can AI-supported
learning preserve student autonomy while still enabling
learners to benefit from generative AI? To address this ques-
tion, it is helpful to distinguish between two conceptions of
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autonomy in modern philosophy. According to the opportu-
nity conception, autonomy depends on external conditions
and opportunities that enable individuals to exercise prac-
tical control over their activities and decisions [23, 27]. Ac-
cording to the competence conception, autonomy depends
on an agent’s internal reflective, rational, and critical ca-
pacities [12, 13]. Mackenzie characterises these dimensions
respectively as self-determination and self-governance [20].

In AI-supported engineering education, these two dimen-
sions create a fundamental tension. AI can expand students’
learning opportunities through personalised support, rapid
feedback, and exploration, but overreliance may weaken self-
governance and engineering competence if students delegate
problem formulation, prediction, interpretation, or justifi-
cation to the system. The Think-First workflow addresses
this tension by requiring students to formulate the problem,
predict expected outcomes, and develop pseudocode before
relying on AI-supported implementation. In this way, stu-
dents first construct and clarify their own reasoning, while
still learning to use state-of-the-art tools productively and
critically as engineering competence evolves alongside tech-
nological change.

A further dimension of autonomy is self-authorisation: the
recognition that one has the normative authority to take re-
sponsibility for one’s own judgments and commitments [20].
Thinking before prompting can therefore be understood as a
practice of cultivating intellectual responsibility. A responsi-
ble learner is not merely someone who produces a functional
simulation output, but an agent who remains answerable for
the assumptions, decisions, and interpretations behind it [17].
Students must therefore be able to explain not only what
they produced, but why they believe it and how they can
defend it under questioning. This account resonates with the
Socratic view that genuine understanding is not passively re-
ceived from an authority, but achieved through questioning,
dialogue, and critical exchange [25]. Generative AI should
therefore be approached not as an oracle delivering final
answers, but as an interlocutor that supports clarification,
challenges assumptions, and sharpens reasoning. Ultimately,
the value of the Think-First workflow lies in preserving bidi-
rectional answerability: helping students formulate better
questions and justify better answers. In this way, students
can benefit from AI-supported learning while still genuinely
owning the reasoning behind their engineering solutions.

8 Discussion and Conclusion
This work presents our preliminary experiences with in-
tegrating a Think-First workflow supported by generative
AI into PBL-based simulation exercises. The approach was
motivated by the need to strengthen critical thinking and

reflective reasoning, shifting students away from immediate
solution-seeking toward structured problem analysis.

This teaching philosophy reflects a Socratic view of learn-
ing, in which understanding develops through guided ques-
tioning, reflection, and reasoning rather than through the
passive reception of answers. In the proposed Think-First
workflow, students are encouraged to formulate problems,
predict simulation outcomes, and construct pseudocode be-
fore turning to implementation or AI-generated solutions.
This mirrors the Socratic approach of leading learners to ex-
amine their assumptions, articulate their reasoning, and de-
velop understanding through dialogue and self-explanation.
Rather than positioning AI as an automated answer engine,
the course frames it as a conversational partner that can
support inquiry, challenge thinking, and scaffold deeper con-
ceptual understanding.

Here are key highlights from our observations:
• Teaching should move beyond rapid information re-
trieval and use generative AI as a “thinking brake” that
promotes reflection through deeper questioning rather
than speed.

• Early exercises include guiding questions for reason-
ing. The initial questions are not intended to replace
student questioning, but to model the type of reason-
ing expected in simulation work. As students gain
experience, this scaffolding is gradually removed so
that they assume greater responsibility for formulating
their own questions.

• Instead of restricting students to a course-specific chat-
bot, we acknowledge their use of multiple GenAI tools
and focus on guided use, verification practices, and
anonymized interaction logs to study real behavior.

We introduced the Think-First workflow during the 2026
summer semester. The main lessons learned are as follows:

• Exercise Time: Students commonly continued exercise
tasks as homework in the previous course structure.
With the revisedworkflow, less effort was spent on cod-
ing errors and more on conceptual reasoning, allowing
more teams to make progress during the 2.5-hour ses-
sion.

• Tutor Supervision: Tutors spent less time fixing coding
errors and more on reasoning, while active monitoring
during the initial Think-First phase remained essential.

• Final Presentation: Discussions were valuable but time-
consuming. Future work should study how to extend
the scalability of this approach to larger courses.

• Continuous Assessment: Each exercise contributes to
the final grade. This approach encourages physical
attendance and promotes effective teamwork.

”If we teach today as we taught yesterday, we rob our
children of tomorrow” by John Dewey
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