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Abstract
This paper provides an experience report on introducing GenAI into
an undergraduate software design class. Students were required to
use GenAI (in the form of ChatGPT) to help complete a team-based
assignment in which they were tasked with designing the core of
the solution for how an educational traffic simulator could keep
track of the elements in the simulation as well as how to advance the
simulation over time. We collected and analyzed both the ChatGPT
conversation logs and the teams’ reflections on using ChatGPT for
the assignment. We report on how the teams used ChatGPT, reflect
on how they felt ChatGPT helped them and where they felt it had
shortcomings, and identify several key lessons for educators in how
to deploy GenAI in a software design class.

CCS Concepts
• Software and its engineering→ Software design engineer-
ing; • Applied computing→ Computer-assisted instruction.

Keywords
Software Design, Generative AI, Software Engineering Education

ACM Reference Format:
Victoria Jackson, Susannah Liu, and André van der Hoek. 2026. Using
Generative AI in Software Design Education. In 3rd International Work-
shop on Designing Software (Designing ’26) (Designing ’26), April 12–18,
2026, Rio de Janeiro, Brazil. ACM, New York, NY, USA, 8 pages. https:
//doi.org/10.1145/3786152.3788589

1 Introduction
The advent of freely available off-the-shelf Generative AI (GenAI)
tools such as ChatGPT and GitHub Copilot is having a significant
impact on software development. Students, too, have started to use
GenAI tools for their own purposes, including assistance in their
course work. While some advocate such use should be prohibited
(e.g., [23]), we feel that for students to learn to use GenAI well is
essential in preparing them for working in the software profession.
Our view aligns with many educators who are also determining the
best way to incorporate GenAI tools into their curriculum and for
what purpose [22]. Some examples include using GenAI to provide
automated code feedback to students [27], explaining code [25],
and helping students learn code linting [2].

To date, integrating GenAI into software design education has
not yet received a lot of attention. This is perhaps unsurprising,
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given that there is limited research in the first place on how pro-
fessionals use GenAI in software design [30], which leaves little
for educators to draw upon. Nonetheless, several reports on using
GenAI in software design education exist, with a primary focus on
how it can assist in software modeling (e.g., [11]).

To contribute to the ongoing discussion of how GenAI can be
brought into undergraduate software design work, we provide an
experience report where 179 students grouped into 36 teams used
GenAI to help complete a design studio assignment. The assign-
ment required them to design the core of an educational traffic light
simulator, with a specific focus on providing a solution to capture
the state of the simulation (e.g., cars, lights, roads, lanes) and a com-
mensurate solution for how to advance the state of the simulation.
As part of the assignment, student teams were required to hold
a minimum of ten conversations with ChatGPT, through which
they were encouraged to explore different aspects of the design
problem and solution they were proposing. Teams submitted the
conversations as part of the assignment, and were required to write
a reflection on their experience that they also submitted. Below, we
report on how the students brought GenAI into their design work,
what they felt worked well and what not, and from this derive some
general lessons learned that others may be able to leverage when
they choose to incorporate GenAI in their software design class.

2 Related Work
While Large Language Models, and GenAI more broadly, have been
well studied in recent years [16], with many studies focused on cod-
ing [18], there is little research that considers how GenAI can aid
software design [18]. One area considered is the use of GenAI to gen-
erate UML models [28], observing that, while ChatGPT-generated
UML models were generally syntactically correct, they were not
always semantically correct [10], missed elements such as rela-
tionships [7], and required the diagrams to be manually checked
for correctness and completeness [17]. Another study introduces a
novel, ChatGPT-based tool that shows promise for improving the
quality of use cases [13]. Mixed opinions on the value of ChatGPT-
generated architectures were expressed in yet another study exam-
ining its capabilities to generate C4 architecture diagrams [20].

Beyond software engineering, design is essential in areas like
user experience (UX) and product design. UX designers perceive
GenAI as helpful for ideation and at the beginning stages of design
[31], and helps to automate monotonous work [24]. However, con-
cerns exist about the accuracy of GenAI-generated content due to
GenAI not fully understanding the context of the design [31] or
its lack of empathy [24]. Thus, humans must remain in charge to
check the results and to provide empathy and user involvement
[24, 31]. Within product design, GenAI aids ideation processes by
generating ideas quickly [33] and augmenting human creativity
[8].
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SE educators recognize that software engineering education
needs to evolve to incorporate GenAI [22]. Proposals to change
course content include the teaching of higher-level conceptual
understanding [22], prompt engineering to encourage helpful re-
sponses [14], how to critically review and validate the responses
to prompts [22], along with a focus on ethics [26]. Various ways
in which GenAI can assist students in their learning include pro-
viding personalized feedback [25] and interacting with students
via a Socratic approach [1] to help them solve problems. Notably,
much research on GenAI in software engineering education has
focused on using GenAI to aid students in learning to program [6].
Benefits include improvements to computational thinking skills
[4], programming self-efficacy [35], and increased performance
in code-authoring tasks compared to students who did not use
GenAI [21]. While recognizing the benefits, educators have raised
concerns about the use of GenAI in the classroom including an
over-reliance on the use of GenAI, and whether it is appropriate
for beginners to use GenAI [6], with some evidence that learners
with some programming experience may benefit more from GenAI
for code generation tasks [21].

Little research exists about using GenAI to aid students in learn-
ing software design. One paper [11] notes that students who used
ChatGPT to produce UML class diagrams in formative assessments
performed better in the final summative assessment than those who
did not use ChatGPT. Students also observed that, while effort was
required to use ChatGPT to generate a complete solution, it helped
provide a preliminary solution to be manually improved later. Some
work takes a step back, questioning how to best deliver software
design education. The philosophy and pedagogical approaches to
designing two new software design courses forming part of a new
degree program was shared in [3]. Both courses were designed
to encourage design-minded thinking and to balance theory and
practice. A different approach incorporated design studios to em-
phasize hands-on, in-class activities to aid students learn aspects of
software engineering, often using reflective techniques [5].

3 Setting
Rather than run an experiment to test what differences GenAI may
make to learning software design, we decided to integrate GenAI
into the classroom and take a more exploratory approach, whereby
students would be required to use GenAI for a single assignment
and reflect on their experience. The students were asked to use
GenAI partway through the course rather than at the start. This
delayed introduction allowed the students to receive instruction on
foundational expert software design practices (shown in Table 1
and discussed further below) and practice design without GenAI.

The course is a 10-week, mandatory upper-division undergrad-
uate course taught at the University of California, Irvine. Each
week, there are two lectures (each 80 minutes) and a compulsory
discussion section where students can seek help from the teach-
ing assistants on the course assignments. The course is one of six
core requirements for the Software Engineering B.S. degree along-
side other courses such as Requirements Analysis and Engineering
and Human-Computer Interaction (HCI). It makes extensive use
of expert practices [29] used by professional designers to help stu-
dents learn about strategies beneficial to software design, along

Table 1: Expert Practices From [29] Taught Prior To The
GenAI Assignment. The Observed column notes whether
students seemed to apply the practice in the GenAI required
assignment. Key: Y = Practice was applied, - = no evidence or
cannot tell, N/A = not applicable to the assignment.

Expert Practice Observed

Focus on the essence Y
Address knowledge deficiencies Y
Prefer solutions that they know work -
Generate alternatives Y
Know design is not done until the code is delivered
and running

N/A

Dialog between problem and solution Y
Solve simpler problems first Y
Draw the problem as much as they draw the solution -
Go as deep as needed -
Simulate continually Y
Think about what they are not designing -

with other design topics such as UML modeling. Among the ex-
pert design practices taught are focusing on the essence of design
problems, generating alternatives to solving a problem, and reusing
partial solutions from elsewhere as applicable.

Collaboration is also a key learning point, so the course is struc-
tured such that topics are introduced in a lecture before students
work in small teams to practice the topic within the lecture (e.g.,
identifying the stakeholders for an example design problem, pro-
duce a UML class model representing the design essence) and in
completing assignments. In keeping with the practical ethos of the
course, the coursework consists of three design studio assignments,
each worth 20% of the final grade. Each design studio asks the stu-
dents to work in small teams of five to solve a design problem, thus
allowing students to practice the design techniques learned in class.
The use of GenAI was introduced in the second design studio, the
results of which form the basis for the observations in this paper.
In total, 179 students took the course, grouped into 36 teams for
each design studio.

The design studio in which GenAI was introduced consisted
of two parts. Part 1 asked the students to design an educational
traffic flow simulator to help civil engineering students understand
traffic signal timing. The provided requirements described how
students would use the simulator to create a visual map of the area,
adjust the behavior of the traffic lights at intersections, and control
the flow of traffic, including the density. Simplifying constraints
were provided, such as all cars traveling at the same speed and no
pedestrian crossings. The assignment required the completion of
three design artifacts: (i) a list of stakeholders, (ii) a supporting
data structure for tracking the state of the simulation at a given
point in time in the form of a UML class diagram, and (iii) an
algorithm in pseudocode that advances the state of the simulator
“one tick”. The assignment asked the students to use the expert
practices introduced in class, such as solving simpler problems first,
generating alternatives (thus encouraging ideation), and focusing
on the essence to help them address the design problem (see Table 1).
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Figure 1: Guidance for generating a design artifact in GenAI

The students were mandated to use GenAI (ChatGPT) by engaging
in at least ten conversations with ChatGPT, and each conversation
had to be different in purpose. At least two team members were
requested to collaboratively write each prompt, review the response,
and participate in the GenAI conversation. Students had two weeks
to complete the first part of Design Studio 2.

Part 2 asked the students to extend their initial design to incor-
porate changed requirements. They had one week for this part and
were required to submit an amended design document with the
revised UML class diagram and updated pseudocode. Using GenAI
was optional for this part, though all teams had to submit a reflection
after completing parts 1 and 2 on how they felt GenAI helped and
hindered them in the design process. All ChatGPT conversations
had to be included when submitting parts 1 and 2.

Before the design studio, students were first introduced to UML
class diagrams in lecture. Among other topics, they were shown
how to produce a starting point for their UML class diagram by
identifying key pieces of information in a design prompt, such as
nouns and verbs. Principles such as separation of concerns, KISS
(Keep It Simple, Stupid), and YAGNI (You Ain’t Going to Need It)
were also introduced to help the students focus on the most critical
part of designing. Students were given time in class to practice
specifying UML diagrams, with the instructor reflecting on their
attempts. In a subsequent lecture, the students were introduced
to a GenAI tool (specifically OpenAI ChatGPT 3.5, as this was the
most popular text-based GenAI tool at the time of the course and
free to use) and how it could be used to generate a UML class
diagram and pseudocode. The lecture was purposefully designed
to show how GenAI could be used, but not to be prescriptive in
how it should be used, as one of the goals of introducing GenAI
in the course was to see how the students would use it creatively.
That said, the lecture did introduce the iterative process shown in
Figure 1, three high-level prompt engineering strategies (brute force
– copy/paste the entire design problem into a prompt; start small
and grow – provide a snippet of the problem and generate a small
class model to be refined with subsequent prompts; and focus on the
problem’s goal – share information about the overarching goal of the
problem and guide ChatGPT to the problem under consideration),
and the usage of ChatGPT in tandemwith the publicly available and
open-source PlantUML server [32] to visualize generated UML class
diagrams. The suggested iterative process of having a conversation
with ChatGPT (Figure 1) emphasized the need to first provide some
context before iterating through sequential steps of prompting,
reviewing the response, and entering a further prompt to help
guide ChatGPT into producing an acceptable design artifact.

The training material and the assignment in which ChatGPT was
required to be used are available as supplementary material [19].

4 Data Analysis
Despite this being an experience report, we engaged in some data
analysis to prepare for presenting our findings. The data used in
this report stems from the Fall 2023 iteration of the class. Before
the analysis, the assignments were anonymized by removing the
student names from the submitted assignments and assigning a
random number to each team, hereafter identified as 𝑇𝑥 where 𝑥
is a random number between 100 and 200. All 36 teams submitted
conversation logs; 30 provided reflections.

Firstly, thematic analysis [9] was performed on the reflections.
One researcher, as guided by a second researcher, read each reflec-
tion carefully and authored a short memo highlighting interesting
points contained in the reflection. These interesting points were
subsequently placed onto a FigJam board. Once all points were on
the board, they were iteratively organized into themes. Secondly,
the same researcher analyzed the prompts and responses in the
conversation logs. In total, 360 conversations were analyzed (36
teams, 10 conversations each). The analysis sought to determine the
strategies used by teams when conversing with GenAI, the amount
of context put into the prompts, and the types of questions asked.
This analysis was performed incrementally, starting with a few
conversations at a time, to enable the second researcher to review
the observations and further refine the analysis approach together
with the first researcher. The observations were then clustered on
the same FigJam board containing the themes from the reflections.

Finally, in reviewing the collated observations, it was evident that
some of the expert practices taught in class were visible in the teams’
reflections and conversation logs. For example, various teams talked
about “essence” or “alternatives” in their reflections, and some teams
were asking questions of GenAI that implied they were “seeking
knowledge”. The conversations were therefore further analyzed to
determine if there was evidence of the expert practices being used.

5 Observations
We report our observations along four questions:

• For what purpose did the students engage with GenAI?1
• How did GenAI’s replies contribute to their final designs?
• What were issues encountered in using GenAI?
• What overarching feelings did the students have on using
GenAI for software design?

5.1 Engaging with ChatGPT
The majority of teams used ChatGPT to aid with their UML class
diagram and the algorithm necessary to address the design studio,
with fewer using it to explore the stakeholders (which the design
studio also required). How they used it differed, with the usages
described below exemplary of the broader use across the teams.

5.1.1 Ideation. Many teams used ChatGPT to generate ideas, for
example by generating a list of stakeholders or asking for a starting
set of classes for their UML diagram. Indeed, the ability of ChatGPT
to generate ideas was commonly praised by the teams:

“We believe that the place that AI really shines is getting
initial ideas and the brainstorming phase of design.

1As all the teams used ChatGPT, we will use the term ChatGPT rather than GenAI in
the remainder of this section.
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This is because ChatGPT has so much knowledge and
data to pull from, that when asking it a broad question,
it can return many potential answers and ideas. This
allows our group to explore many different ideas before
deciding on the best one to use for our specific design.
(𝑇155)”

Teams benefited from the ideas generated by ChatGPT, as they
noted it was able to “Quickly generate a range of ideas” (𝑇130) and that
it provided a “Diverse range of perspectives” (𝑇141) and “Alternate ap-
proaches and methods” (𝑇150). Moreover, it was helpful in identifying
potential edge cases that some teams had not considered.

The teams had mixed opinions on the novelty of the ideas gen-
erated. Sometimes ChatGPT proposed ideas that the team had not
considered, “We ended up using some of the ideas it suggested that
we had not thought of.” (𝑇150), but other times it generated ideas
that were the same as ones already identified by the team. This may
reflect the choice of when to engage ChatGPT in brainstorming:
either first to contribute ideas that the team then builds upon or the
team first generates some ideas and then asks GenAI to contribute.

5.1.2 Knowledge Seeking. Although prior studies have noted the
extensive use of GenAI tools as conversational search engines [12],
we saw little evidence of this form of usage among the teams. This
could be due to the design prompt providing extensive details about
the traffic simulator, or it could be because the teams were strongly
focused on using ChatGPT to help them with ideas and producing
starting points. Nonetheless, a few teams did occasionally seek
additional knowledge. For example, one team wanted to understand
sensors better:
T105: “How do sensors at traffic lights work?”
ChatGPT: Describes different sensors such as inductive loop sen-
sors, video cameras, and radar

5.1.3 Decision Making. Some teams used ChatGPT to aid their
decision making. We observed two approaches, varying by own-
ership. In one approach (illustrated below), the team would ask
ChatGPT for various suggestions first and subsequently ask it to
take the decision as to which one to select, effectively outsourcing
the choice. Notably, ChatGPT always refused to make the decision,
instead providing a list of advantages and disadvantages about the
various options to better inform a team about potential trade-offs.
T177: “You are an expert software designer tasked with creating
a traffic flow simulation program for students to use in a civil
engineering class. Give 5 different ways the program can decide
which direction each car will go (straight, left, or right)?”
ChatGPT: Provides five suggestions
T177: “Would you have the user choose a destination for each
car or have the program choose?”
In the second approach, the team made the decision themselves,

but still asked ChatGPT to offer one or more alternative viewpoints:

“When we were considering two options we realized
that we could ask ChatGPT about the situation we were
trying to solve and ask it for its solution, comparing
it to ours. This leads to another valuable opinion and
helps the group overcome hurdles when we were stuck
on how and where to proceed.” (𝑇155)

5.1.4 Validation. Some teams used ChatGPT to validate their de-
sign by using it as a “Second-pair of eyes” (𝑇146). That is, they gener-
ated the design themselves, provided this design along with infor-
mation about the design problem to ChatGPT, and then asked it to
validate the design against the problem.
T112: “For the prompt below, we currently have the classes for
the UML Diagram, which are [Listed 12 classes]. Is there any
other classes we are forgetting? Here is the prompt: [Pasted in
the entire design prompt].”
ChatGPT: Provides nine additional classes, each with a descrip-
tion
Teams also used ChatGPT to check consistency between arti-

facts:

“We asked the AI to compare our UML diagram and
pseudocode to the prompt to check if our solution may
have been missing any components. We also asked it to
evaluate the UML diagram and pseudocode ... to ensure
that the two were compatible.” (𝑇176)

Using GenAI to check their designs has the potential to help teams
to improve their design quality both in terms of: (1) ensuring re-
quirements were satisfied as GenAI was able to identify omissions,
and (2) consistency by recommending naming conventions, mean-
ingful functions, and variable names.

5.1.5 Other uses. There were some unexpected uses of GenAI in
the assignment. One team used ChatGPT to test the accuracy of
their UML model by asking it to “run” the simulation and identify
any missing methods. In its answer, ChatGPT identified missing
methods, which the team promptly asked it to incorporate.

Reflection is an important aspect of design [29]. Some teams
asked ChatGPT to reflect on the design they had worked on thus
far—whether with or without ChatGPT—as shown below. This is
also another case where the team delegates the decision about what
to change to ChatGPT.
Team had previously asked ChatGPT to generate the pseudocode
T183: “Can you talk about the weakness of your algorithm?”
ChatGPT: Provides weaknesses
T183: “And also tell me about some of the good points of the
algorithm as well”
ChatGPT: Provides some good points
T183: “As considering the weakness of the algorithm, can you
make more improvements?”
ChatGPT: Provides revised pseudocode
Interestingly, when it comes to the expert software design be-

haviors (Table 1), we mostly observed them playing out implicitly
in the prompts to ChatGPT. Even for clear cases, such as ideation
to generate alternatives, the prompts being used did not explicitly
mention the behavior or objective, which could perhaps have been
helpful in setting context for the GenAI to take into consideration.
Only on a few occasions did teams explicitly mention the behavior,
mostly when they asked ChatGPT to focus on generating a UML
diagram for the essence of the design problem they were addressing:
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T130: “Especially for UML diagram, it is important not to include
extraneous attributes andmethods that distract from the essence.
Therefore, can you point out any attributes that you mentioned
previously that may not be as necessary and can instead be
classfied under another class”
ChatGPT: Provides an updated, simplified design

5.2 Incorporating Responses into the Design
Building on the earlier discussion of ideation, we identified three
distinct models through which teams incorporated ChatGPT’s re-
sponses into their design process.

5.2.1 Starting Point. Some teams experienced difficulties in getting
started and thus appreciated that ChatGPT could generate a begin-
ning for them to develop further, “It definitely helped us in getting
something down on paper right off the bat. This saved us a lot of time
since it is often hard to get started in the beginning.” (𝑇199) Be it as a
list of stakeholders, a UML class diagram, or some pseudocode for
the algorithm required, in these cases incorporating the response
from the LLM into the design was trivial: since the teams did not
yet have an artifact of this kind, it adopted whatever resulted at
the end of their conversation (since sometimes they iterated some
with ChatGPT to generate the final starting point) and then worked
from there to improve it.

For textual artifacts, the teamwould typically copy-and-paste the
generated set of stakeholders or initial version of the pseudocode
in a text editor. UML class diagrams generated by ChatGPT are also
represented as text in its replies, so teams usually would manually
“redraw” the diagram in a tool such as LucidChart or Draw.io, “We
moved forward with expanding from what ChatGPT had and what
we came up with as well to create our UML diagram.”(𝑇133), despite
knowing that tools such as PlantUML [32] can do this automatically.
Sometimes, they copied the diagram from ChatGPT verbatim before
they started refining it; other times, refinement started during the
copying process.

5.2.2 Cherry Pick. Such cherry picking would also take place when
teams asked ChatGPT for improvements to the designs they had
made thus far. Teams would engage in a conversation, at the end
of which they would update the design that they are maintaining
elsewhere manually with just the pieces they wanted, ignoring the
rest. For a few teams, however, choosing the parts to keep and not
keep was more difficult, because they were attempting to refine a
UML class diagram or pseudocode within ChatGPT. In such cases,
they attempted to steer ChatGPT with details instructions, as in
the example below.
Team had already asked ChatGPT to generate the class model
T101: “What about students as a class?”
ChatGPT: Updates the class model with students
T101: “we aren’t gonna have any roads that start within the
middle of the map. All roads start and end on the edge of the
map”
ChatGPT: Updates the class model
T101: “I think that road should be separated from the intersection
class, intersection can be a child right?”
ChatGPT: Updates the class model

This did not always produce the right result, sometimes incorpo-
rating unwanted additions and other times not doing enough. This
let to further detailed back-and-forth with ChatGPT, with some
teams eventually giving up and doing what they wanted by hand.

5.2.3 Reject. At times, teams were unhappy with the response, so
ended up doing the work themselves and ignoring the suggestions
by ChatGPT, “How a tick should be measured within the simulation
was hard for the model to understand and implement in a logical
manner, so it was designed manually.” (𝑇143) Even in such cases,
at times some of the suggestions made by ChatGPT would shine
through in the discussions the teams held, though direct traceability
is more difficult to establish.

5.3 Issues with ChatGPT’s Responses
Many teams commented on issues encountered when reviewing
ChatGPT’s responses. These issues ranged from somewhat irksome
ones (e.g., syntax errors) to more fundamental ones where the
teams questioned the value and usefulness of the response (e.g.,
undue complexity, superficiality). These issues are not necessarily
unique to our setting, but bear bringing out for they impact what
instructors may need to educate students about in terms of GenAI
limitations in this context.

5.3.1 Syntax Errors. More an annoyance than anything else, but
teams observed syntax errors in generated PlantUML code and
also the pseudo-code. This led to additional work for the teams to
correct the generated code, “Sometimes it will generate things with
index errors and you need to debug the PlantUML codes.” (𝑇112)

5.3.2 Reliability. Teams noted that ChatGPT could be unreliable.
Sometimes ChatGPT would forget things discussed earlier in the
conversation, made inaccurate assumptions instead of asking for
additional information, disagreed with its own earlier responses, or
left out details. This resulted in additional labor, such as reminding
it of previously discussed requirements:

“ChatGPT will sometimes contradict itself or leave out
details from earlier in the discussion, as the conversation
progresses, so we had to keep double checking its work
and reassessing that the work we incorporated from it
was correct.” (𝑇171)

One recurring issue was the struggles ChatGPT had with rela-
tionships. It was unable to distinguish dependency and aggregation
relationships, and omitted key relationships between classes. Even
when teams attempted to correct this via detailed prompts, Chat-
GPT was unable to make the necessary changes to the UML.

5.3.3 Introducing Complexity. The teams noted that the responses
often contained, from their perspectives, unnecessary complexity
that they therefore did not incorporate into their design. Two such
examples are the following: (1) offering suggestions deemed by the
team to be outside the scope of the requirements, and (2) including
additional classes such as helper classes that were not needed to
address the essence of the problem in UML diagrams. Having to
review the designs for such complexity caused an unnecessary
distraction for some, “It often began making unnecessary changes
or additions that distracted from tackling the real problem.” (𝑇199)
Teams applied the expert practices (Table 1) to help them identify



Designing ’26, April 12–18, 2026, Rio de Janeiro, Brazil Jackson, Liu, van der Hoek

potential complexities, specifically by focusing on the essence of
the problem and preferring simpler solutions:

5.3.4 Superficiality. Teams noted that the responses returned by
ChatGPT were sometimes unhelpful, as they were too general or
lacked depth to really address the prompt. The use of the taught
expert practices particularly helped them realize when responses
that initially seemed good and to the point actually lacked, “The
generality of the answers meant that they often strayed from the
essence of the problem.” (𝑇183) or when responses focused on func-
tionality that distracted from the task at hand “Adding in sound
effects, gamification, and a tutorial/help system strays too far from
the essence of the software.” (𝑇154)

5.4 Student Reflections
When reflecting on their use of ChatGPT for the assignment (as
was a mandatory part of the design studio), there was a consensus
that it was beneficial, but many teams felt they themselves still had
a critical role to play in shaping the design. Below, we introduce
five themes that emerged from across the reflections by the teams.

5.4.1 Helpful for Some Aspects of the Design Process. Many teams
noted that, while ChatGPT was helpful, they felt it could only be
used for parts of the design process, especially at the start when
facedwith an empty slate. They got their design kickstarted through
ChatGPT’s ability to quickly generate many ideas that could be
discussed and taken forward into the design. One team noted that
getting started, was “Usually the hardest part” (T100), and so it helped
them get over the initial hump faced when faced with a new project.

Teams felt ChatGPT was less beneficial once the design became
larger and slightly more complex. None of the teams felt it was good
enough to complete the entire design without the team leading the
process.

Arguably, the underlying reason teams considered the ChatGPT
generated designs as merely starting points was due to inaccura-
cies that they spotted in the responses (discussed in Section 5.3).
Many teams recognized a review was necessary as ChatGPT was
not perfect, and that its responses should be taken as suggestions,
treated with skepticism, and that “Its suggestions should be critically
evaluated.” (𝑇141) For some, realizing ChatGPT was fallible was a
learning point, “At first, I unfortunately made the mistake of taking
its responses too seriously; that is, I thought that whatever it cooked
up was going to be in the final design. This caused some panic in me
because I did not get ChatGPT to give me satisfying results” (𝑇146).

5.4.2 Collaboration. Despite the issues, teams felt ChatGPT acted
as a valued team member able to support and coach the team. It
supported teams in many different ways, including helping to spark
new ideas when a team would riff off the ideas provided by GenAI,
supplying alternative perspectives to those identified by the team,
unblocking the teamwhen stuck, or “Jumpstarting the sessions when
we reached lulls or obstacles” (𝑇183), or even providing a “Platform
to bounce ideas off.” (T153) By reviewing its responses, it can also
help the team better understand the problem, “Including another
perspective in our brainstorming process helped to identify other edge
cases and further our understanding of the problem at hand.” (𝑇130).

One team mentioned that, because it was viewed as being “An
impartial platform for idea growth and confirmation” (𝑇122), it felt

that using ChatGPT improved team dynamics. This is an interesting
perspective given students’ teamwork struggles when working on
team projects [15].

5.4.3 The Role of Human Designers. Overwhelmingly, the teams
felt human designers needed to lead the design, rather than being
wholly dependent on ChatGPT to generate the design. They felt
humans were essential for the critical thinking and decision-making
required when designing, viewing those as tasks that ChatGPT
could not perform due to the lack of contextual understanding and
intuition human designers have. As noted earlier, teams needed to
sense-check ChatGPT’s suggestions to ensure the design was not
becoming overly complicated, straying away from the essence of
the problem, or just making sense.

Some teams noted that ChatGPT-generated responses lack cre-
ativity, so much so that some felt it was important that designers
should rely on their own skills and creativity to generate an initial
design before using ChatGPT, as there is a risk that “Designers could
potentially limit their understanding of the problem by relying on
them too much.” (𝑇111) That said, we observed a good number of
cases where ChatGPT responses sparked human ideas, suggest-
ing blending human ideas with ChatGPT-generated ideas can be
important to imbue creativity in design.

5.4.4 Productivity. Similar to studies on coding [34], teams noted a
perceived boost to their productivity by using ChatGPT and felt they
were able to complete their designs more quickly. One team even
felt its use “Definitely cutting down our whole process in half.”(𝑇132)
Productivity improved for several reasons, including the speed at
which ChatGPT generates ideas and the automation of “busy” work
through its ability to generate structured formats such as PlantUML
that could be quickly improved upon through iteration based on
feedback from the team.

One team observed that cost-benefit trade-offs had to be made
when deciding whether to persist in refining themodel via ChatGPT
or stop using it and take the design into a tool for manual updates.
While mentioned only by this team in their reflection, this clearly
is an important skill students have to practice and learn.

5.4.5 Helpful Learning Experience. Some students appreciated the
opportunity to use GenAI in their assignments, noting that it was
an interesting and eye-opening experience and that it helped to
highlight the potential of “AI-assisted design” (𝑇180), more so as its
use is still banned in other classes. One team even noted that, for all
the team members, this was the first assignment at the University
that they were “Granted permission to use AI without being penalized
for plagiarism or academic dishonesty.” (𝑇181) Perhaps because of
this lack of experience, some teams struggled with finding prompts
that gave reasonable answers and felt disappointed with ChatGPT.
Others, however, used the class as an opportunity to learn how to
author prompts and also how to best incorporate ChatGPT into
their design process:

“In the beginning, we simply input the prompt and
had it generate the project for us. However, most of the
output was overwhelming ... As we progressed ..., we
realized ChatGPT was a good way for us in creating
starter points for our designs, such as our UML diagram
and pseudocode.” (𝑇151)
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6 Lessons Learned
This experience report on the use of GenAI within a software de-
sign education class contributes to the growing body of research on
using GenAI for software development education, with a specific
focus on software design. While (UML) modeling was part of the
exercise, our treatment of design was broader and incorporated
a focus on expert design behaviors. In this context, we share be-
low our lessons learned for educators interested in repeating our
approach to introducing GenAI into software design classes.

#1: Students appreciated GenAI being incorporated into
their design class. It helped them get started, generate ideas, vali-
date their solutions, and speed up their process. In their reflections,
the teams recognized these benefits, but equally highlighted some
of the issues that they encountered, such as GenAI’s unreliability
and tendency to introduce complexity. Students considered GenAI
a tool that can supplement human design skills, which they firmly
believed remain at the core of the design process by deciding when
and what to incorporate into the design through thoughtful prompt-
ing and critical review of the responses. This perspective is similar
to findings in other design areas (e.g., [24]). For educators, then, the
lesson is that in our teaching we must introduce GenAI as a tool,
similar to the way we introduce other software design tools. GenAI
should be explained, practiced with, and discussed in terms of what
value it can bring and where its limitations are – so that students
become familiar with how to best work with this new kind of tool
that undoubtedly they will use in their future careers.

#2: Asking for reflections enhances pedagogy. As already
observed, asking the teams to reflect on their experiences helped
reinforce the advantages and disadvantages of using GenAI for
software design. Beyond, however, some teams utilized advanced
prompting strategies, which presents an opportunity for knowledge
sharing within the class. In addition to asking students for their
written reflections, then, we recommend educators incorporate
opportunities for open discussion in class, so teams can share and
benefit from each other’s approaches and experiences.

#3: Expert design practices can help anchor GenAI usage.
The expert practices we teach in our class (see Table 1) serve as a
crucial framework for the course overall, guiding students in how
they approach their design projects. Ideally, their use of GenAI fits
in with this approach. We indeed witnessed some of that, both in
terms of a limited amount of explicit prompting (as discussed prior)
and in how the students reviewed the responses from GenAI (e.g.,
testing if they felt it addressed the essence, ignoring additional cruft
that complicated solutions). As such, we feel that the benefits of
teaching the expert design practices can extend into GenAI usage,
but that explicit encouragement and especially training (see next
insight) are an essential component of achieving the full potential.

We note that our approach of introducing GenAI after teaching
(and practicing) some foundational expert practices in lectures and
in a first design studio without GenAI helped the students con-
textualize the subsequent use of GenAI. We recommend a similar
sequencing to others wishing to introduce GenAI: teach some ba-
sic design first so students become sensitive to the topic before
introducing GenAI.

#4: Prompt engineering skills require attention. Today,
prompt engineering has become a core practice for students to

learn [14]. We provided some training to help students start on
prompting, though it was not exhaustive, as for this first time we
were curious how students would engage. It is thus perhaps not
surprising that some teams struggled to get reasonable responses
from GenAI due to inadequate prompts. Moreover, some teams
followed the taught approaches rigidly and did not explore alter-
native prompting strategies. Contrastingly, we saw some highly
novel prompts in both the strategy to coax a design from GenAI
and in undertaking expert practices such as validating the design
either directly or by asking GenAI to self-reflect or to simulate the
execution of the pseudocode. Further training before using GenAI
could help inexperienced students in prompt engineering. Yet, there
is a trade-off, as too much training could lead to more copycat usage
rather than student-initiated exploration and reflection. We recom-
mend educators consider how much training is required, which
could vary depending on the students’ prior experience.

7 Conclusion and Future Work
This paper provides an experience report on introducing GenAI
(specifically ChatGPT) into an undergraduate software design class.
Students were required to use GenAI in a team-based assignment
to produce a design for a stated problem. By analyzing the conver-
sation logs as well as the students’ reflections on their experiences
using ChatGPT, we observed that students found GenAI helpful in
several ways, including generating ideas, getting them started, im-
proving their teamwork, and reducing the time it took to complete
their design. However, they all noted the necessity for humans to
lead the design process and not rely entirely on GenAI for reasons
such as its inability to understand the context or its tendency to
overcomplicate the solution. As such, we believe our approach of
introducing GenAI after some fundamental design practices have
been taught and asking students to reflect on their experiences has
helped students learn about the strengths and weaknesses of GenAI
for software design.

In terms of our future work, research is needed to explore some
of the observations further. In particular, we did not determine
whether GenAI makes a difference in learning outcomes as the fo-
cus was on students learning more about its capabilities for support-
ing design. Accordingly, defining appropriate measures of learning,
examining how the use of GenAI affects success in future courses
and careers, and novel tooling to assist learning outcomes should all
be considered further. Exploring alternative approaches to the one
outlined here is also needed. For example, breaking up the single
assignment into smaller, more targeted assignments where each
focuses on different aspects (e.g., idea generation, design verifica-
tion) may lead to improved and more focused use of GenAI toward
student learning.
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