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Abstract— This work-in-progress research paper investigates
how students prompt generative Al while tackling an engineering
design challenge. As tools like ChatGPT become common in
education, we must understand how to incorporate them into our
teaching and guide students on their proper use. Although the
existing literature focuses on understanding what students use
generative Al tools for, less work has been done to examine
students’ prompting strategies when engaging with these systems.
We leveraged a new brainstorming assignment in a first-year
engineering course at a large Midwest public university, where
students ideated collaboratively using ChatGPT for the design of
their term project — a semiautonomous robot (n = 97 teams, 589
prompts). Most prompts (~50%) ranged between 55 and 95
characters, or approximately 8 to 19 words. Our initial qualitative
findings suggest that their approaches center on seeking
information, much like how they would use a search engine.
Others directly ask the chatbot to provide alternatives for their
design without providing the appropriate criteria or constraints.
A subset of prompts had an evaluative component, asking
ChatGPT to weigh ideas against one another. We found that 11%
of prompts included instructing ChatGPT to produce the "best"
solution instead of generating multiple ideas, suggesting students
focus on using the chatbot in a more convergent design process -
unlike divergent thinking in brainstorming.
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. INTRODUCTION

With the rapid adoption of generative Al platforms like
ChatGPT (undergirded by large language models, LLMs), there
is a growing need to effectively integrate them into educational
settings and instruct students on their appropriate use [1], [2],
[3]. Incorporating these tools in engineering education
specifically can transform how we approach teaching many of
the core concepts in the curriculum including, mathematics,
programming, and — of particular note in this paper — the design
process. LLM-driven technology can augment traditional design
practices by enabling students to brainstorm, evaluate, and
refine ideas more efficiently using tools like ChatGPT as a co-
designer. Despite these promising possibilities, there remains a
gap in understanding students' actual prompting strategies when
tackling engineering design tasks and how these strategies affect
their problem-solving approaches.
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Il. RESEARCH AIMS

The central research question guiding this study is: What
prompting strategies do students use when interacting with
ChatGPT for engineering design tasks? By investigating how
students interact with ChatGPT while working on a specific
design problem — ideating for a term project to develop a
semiautonomous robot — we aim to uncover specific prompting
behaviors that can inform better instructional strategies for
integrating generative Al into engineering education.

I1l. BACKGROUND

Despite the avalanche of work attempting to weave
generative Al tools like ChatGPT into various aspects of
education and detailing concern about students’ improper use of
the tool, there is surprisingly little work detailing how students
prompt these systems. Much of the current literature about large
language models in education concerns perceptions about the
technology and surveying students on their use cases, of which
there are too many to list (e.g., [4], [5], [6], [7]). Studies
examining students' interactions that go beyond self-reporting
strategies, perceptions, or preferences are far more scarce. From
the limited evidence thus far, it is becoming apparent that much
can be improved with respect to students” prompting strategies.

For example, Zamfirescu-Pereira et al. [8] tasked
participants, some of whom had no prompt design,
programming, or machine learning experience, to modify a
chatbot to act like a professional chef guiding the chatbot’s user
through a recipe using only prompts (i.e., no-code) and evaluate
their prompts systematically. Participants were biased toward
engaging with the LLM using prompts that overgeneralized
failures when a single prompt did not work, incorrectly
assuming that the chatbot could not perform the request. The
participants also focused on using direct instruction without
providing examples to contextualize what they meant by their
instruction. Moreover, the authors reported that the participants
had difficulties evaluating their prompts, even ignoring a prompt
testing feature in the interface. These participants were primarily
graduate students and professionals. So, how would
undergraduate students fare considering the graduate students
and professionals in [5] struggled?

One example of a study involving undergraduate students
was Denny et al. [9], who proposed a new type of programming
exercise called prompt problems administered through a web-



based tool called Promptly. The premise of a prompt problem
involves providing the student with a stimulus (e.g., a screenshot
of “Enter your name: Bob” Hello Bob) and an incomplete
prompt such as “Write a Python program that.” The goal of the
prompt problem is to have the student extract the salient details
of the task so that they can communicate the desired output to
ChatGPT, which, compared to [5], is a much simpler task than
guiding the redesign of a chatbot. Still, to the authors’ surprise,
graduate students in their pilot study struggled with the prompt
problems. Moreover, they observed students in introductory
computer science courses writing inefficient prompts, repeating
the problem statement verbatim to Promptly, and
misinterpreting the goal of the problem. These pitfalls align to
some extent with Krupp [10] in the context of collaborative
problem-solving for Physics with ChatGPT; specifically, they
similarly noted undergraduate students using a copy-and-paste
approach to prompting for most of the interactions (42% of the
time). However, in a positive sense, some students also
modularized the problem into chunks to feed into the LLM and
built off of ChatGPT’s response by asking clarifying questions
or correcting mistakes. Both of these studies reiterate a common
narrative of potential overreliance on LLM-based tools; if the
user does not have the necessary content knowledge to evaluate
the output, then the polished nature of the LLM’s may be correct
enough to convince the user of its legitimacy [11].

The prospects of collaboration with LLM-based tools are not
entirely negative. For example, Han et al. [12] curated a dataset
of interactions from 213 university students in an English as a
Second Language (ESL) course. In the context of essay writing,
the authors reported that the students’ essays improved across
all factors they considered when students interacted with
ChatGPT through a platform called Revising an Essay with
ChatGPT on an Interactive Platform for EFL learners
(RECIPE). As perhaps one of the few examples of public
distribution for student use of ChatGPT-like tools, their dataset
of interactions with ChatGPT (n = 4330 utterances, 1913 of
which are student utterances) is available online and
supplemented by intent labels, meaning each interaction is
coded with one of 13 predefined categories such as request for
revision and request for generation. These efforts motivate our
study, which involves forming a dataset in the engineering
design context to explore how students collaborate with LLMs
to address engineering design tasks.

IV. RESEARCH DESIGN

To elicit student prompts for an engineering design
problem, we implemented a new brainstorming assignment in
the introduction to engineering course at the University of
Cincinnati, a large public Midwest institution. We analyzed
the assignments using a qualitative perspective most aligned
with Charmaz’s constructivist grounded theory [13]. A
grounded theory approach was chosen because there are no
widely accepted theories of prompting to note with respect to
prompt structure or intent, especially not for co-designing. We
do acknowledge there are techniques such as chain-of-thought
prompting, which involves providing examples of the desired
reasoning in the initial prompt [14], and according to
prompting, which intends to reduce fabrication tendencies in
LLMs when querying for factual information [15]. One

possible framework for classifying prompts exists called
TELER (Turn, Expression, Level of Details, and Role), which
categorizes prompts into seven levels based on the
composition of the instructions (e.g., breaking the goal of the
prompt into subtasks, asking the LLM to evaluate its output,
and examples of the desired output) [16]. The first level of
prompting (Level 0) is simply a user inputting data without
any directions. In contrast, a prompt in the final level (Level
6) includes a description of the high-level goal, a bulleted list
of subtasks, examples for the LLM to use for its output,
information gathered using different retrieval-based methods,
and a statement asking the LLM to explain its output.
However, this taxonomy was not helpful for our purposes
because of the length of the prompts in our dataset, as we will
discuss in our preliminary findings. Thus, in light of the lack
of available apriori frameworks, we built the patterns from the
data themselves.

A. Data Collection

In Fall 2023, all students (N = 1570) in an introduction to
engineering course were assigned a semester-long robotics
project. The project tasked teams of three or four students to
design and build a semiautonomous robot capable of
performing a series of tasks, including line following,
maneuvering over obstacles, picking up a container they could
design filled with three gradations of weights, and transporting
the container to a new location. The students were provided
with a LEGO Mindstorms kit and could not ask for additional
parts. There were several checkpoints throughout the
semester, including an initial demonstration of walking, short
video status updates, and a new brainstorming assignment we
will focus on here.

The brainstorming assignment intended to have students
purposefully develop several ideas for one of their robot’s
functions, such as how it walks to avoid obstacles. The first
step had students pick a brainstorming method (i.e., hybrid
[17], 6-3-5 brainwriting [18], six thinking hats [19], or wrong
theory protocol [20]) and implement it with their team to
develop a set of ideas. They would then use a morphological
chart, a table of different ways to accomplish a product’s
functionality, to organize their ideas and develop at least one
concept per team member from the chart. Next, they were
tasked with creating a set of at least five prompts and
interacting with ChatGPT for at least 30 minutes. After their
conversation, they would integrate new or refined ideas from
ChatGPT into their morphological chart and develop a set of
concepts that mesh their original ideas with those created
using generative Al. Students answered a series of reflection
guestions based on their experiences with the first two steps.

For this data collection effort, we retrieved the entire
assignment from consenting teams via a file transfer from
instructors of each course section after downloading all
relevant files from our institution’s learning management
system, Canvas. The possible data for analysis include
brainstorming evidence (e.g., drawings, transcripts of
brainstorming, notes), planned prompts with ChatGPT,
conversation with ChatGPT, morphological charts for their
traditional and generative brainstorming, and reflections on



their experience with the brainstorming sessions (n = 97
teams, 589 prompts). There were 447 teams in total and 97
consenting teams; thus, our response rate was 22%.

B. Analysis

For this work-in-progress paper, we analyzed the set of
prompts students planned before engaging with ChatGPT. At
this stage, we were most interested in the general trends in
how students would think through the prompts they would
send to ChatGPT. Therefore, we extracted the prompts from
each assignment and collected them in a common spreadsheet.
Each prompt set was associated with a study team ID to
cluster prompts that built upon one another within each team.

We analyzed the prompts using the two-stage coding
approach described by Saldafia [21]. Four research team
members were tasked with coding the prompt data by
examining common elements that could form salient codes,
such as the use of different question words or the goal of the
prompt, and comparing each prompt against one another
sequentially — i.e., the constant comparative method [22]. The
team met weekly to discuss the coding process, mimicking the
process outlined by Richard and Hemphill [23]. In the second
stage, we generalized the common elements into themes by
grouping the individual codes during our regular meetings. As
part of our coding process, we also examined the length of the
prompts to determine if we could break prompts into
categories based on the number of characters used to engage
with ChatGPT. We present our preliminary findings in this
paper. We plan to expand our analysis to extract additional
details like prompting structure and align these insights with
students' conversations with ChatGPT.

C. Limitations

We should note that, like previous research [9], [12], these
prompts are limited to students from a single institution. Aside
from the submissions from consenting teams potentially being
different from non-consenting teams, the process used to
admit students to the study could also present some selection
bias. For a team’s assignment to be used in this research, we
needed permission from each team member. We could not
offer additional incentives to avoid coercion by team
members, nor could extra credit be provided because of the
coordinated course structure. This additional complexity in
getting unanimous consent likely impacted the number of
teams we could recruit despite our response rate being a
respectable 22%. We also acknowledge that for this particular
analysis, the prompts are what the team planned to submit to
ChatGPT. In some cases, the actual prompt inputted to
ChatGPT differed — these differences are considered in
upcoming analyses. Moreover, because the task was
unmoderated, there were details of their engagement we could
not confirm; for example, we could not be sure that students
interacted with ChatGPT for the desired amount of time. We
plan to control this factor in future work by moderating the
design task with a subset of students.

V. PRELIMINARY RESULTS AND DISCUSSION

Considering the intent of the assignment was to practice
structured brainstorming, most of the prompts involved direct
instructions for ChatGPT to generate ideas. However, we saw
considerable variation in how these requests were structured.
We found three types of prompting strategies after coding the
prompts in our dataset. These included idea generation,
evaluation, and information seeking. The three prompt types
are summarized in Table I.

TABLE I. SUMMARY OF PROMPTING STRATEGIES

Prompt Type Example

What are some good ideas for simple bipedal
leg movement for a Lego Mindstorm robot?

Idea Generation

Compare the use of four legs on an EV3 Lego

Evaluation robot to it having six legs.

Using a Lego EV3, how can you determine
the weight of an object picked up by the
robot?

Information Seeking

Although this assignment aimed to have students using
ChatGPT for a divergent thinking task — coming up with
several ideas in a structured fashion — we should note some
teams elected to prompt ChatGPT for the best idea instead.
About 11% of the planned prompts referred to the best idea
for a given function or application; for example, “best ways
for a robot to walk without using wheels or tracks” and “what
is the best physical design for an EV3 robot to lift up an
object?” This suggests that a minority of the teams intended to
use ChatGPT to offload decision-making onto the generative
Al system instead of weighing its suggestions against the
design criteria and constraints.

To further understand our data, we examined the length of
the prompts. Upon analyzing the prompt lengths used by
students before interacting with ChatGPT, we observed that
the lengths primarily ranged from 55 to 95 characters, or
approximately 8 to 19 words in a single sentence. In the
TELER framework, the vast majority of prompts would be
considered Level 1 (i.e., “simple one-sentence directive
expressing the high-level goal” [16, p. 3]) — there was almost
no variance in prompt type when viewed from the perspective
of TELER’s prompt levels. However, when examining the
prompts' intent, we see some differences. We will begin with
the most frequent theme, idea generation.

A. ldea Generation

As noted, the most common prompt type we observed
instructed ChatGPT to generate ideas. For example, a prompt
could be as simple as “potential designs to pick up material
bins” or “‘generate designs for robot feet to prevent drifting
and provide traction. ” Despite the teams all working on the
same project, which might suggest the queries would
homogenize, the kind of ideas they wanted to generate were
diverse. To illustrate, one team wanted to scope out possible
functions the robot needed to perform: “What are some major
functions of a robot that is designed to pick up debris after a
natural disaster?” However, another team wanted to



troubleshoot a specific issue with their robot’s current design,
“The robot is struggling to move with the added weight of the
bin. What are some ways we can fix this?”

A key weakness of most prompts is that they contain little
contextual information to help the LLM generate ideas
relevant to the team’s project. The most salient contextual
information is what materials the teams have access to. Each
team was given a kit containing various Lego pieces for their
project near the beginning of the semester; they were not
required to use all the pieces but could not ask for
supplemental parts. Therefore, ChatGPT could give them an
excellent idea in theory, but it was outside the scope of what
could be built using their equipment. However, other teams
were savvier and provided additional context to constrain the
possibilities that ChatGPT could generate; for example, one
team planned the following prompt:

“Generate 10 different to create locomotion from rotational

motion on land that does not move using wheels using two motors

and order them by ease of implementation considering
programming aspects as well as building if it were done with

LEGO EV3 components.”

Notice that, unlike the prompt, “Give me good ideas for a
Lego Mindstorms claw,” the team recognized the need to
provide constraints for their design, one of which was that
their robot needed to walk over obstacles and not roll. This
constraint implied they could not use wheels for locomotion.
They also tasked ChatGPT with ordering its ideas based on
how easy each would be to implement in terms of
programming while noting the materials were related to the
Lego EV3 set. In the most extreme example of providing
ChatGPT with design criteria and constraints, one team went
as far as uploading a document provided by the instructors
describing the project.

B. Evaluation

Another type of prompting strategy was asking ChatGPT
to make some judgment on the team’s behalf. These prompts
tended to be structured as a comparison; for example, one
team planned the following prompt, “Compare and contrast a
‘forklift’ method and a ‘claw machine’ method for a Lego
robot lifting bins of materials.” Other teams combined the
process of idea generation with evaluation by asking for a
posthoc comparison, such as:

“Ideate the method for robot to hold the object after picking it

up by different equipment as well as using different force to hold

it. Then choose the best idea from those.”
Again, like the prompts in idea generation, a challenge here is
not giving ChatGPT enough information to make an
appropriate comparison. Take the prompts “What is an easier
shape for a claw, forklift, or conveyer to grab?” and “What
are the most effective shapes to open and close on objects?”
for instance. Without proper framing, the model is unlikely to
answer this question satisfactorily; in particular, there is no
indication of what is being grabbed.

Alternatively, the few longer prompts provided much
more context using a different approach. Among various
prompting strategies in the literature and popular media,
assigning a role to a large language model is one of the most

popular (e.g., “you are an expert programmer in C#” or “you
are a professional writing coach”) [24]. Only one team used
this strategy in the following prompt style (which also was the
longest in our dataset) to create a list of pros and cons for their
locomotion design:
“Imagine you are a college student at the University of
Cincinnati studying Mechanical Engineering. You are taking the
ENED 1100 course which is an intro to engineering and design
course. For this course you are tasked with creating a Lego
Mindstorm Robot using LabVIEW and Python code that will be
able to navigate through obstacles and 6 different line types
(Straight Dashed, Straight Solid, Straight Dotted, Curved
Dashed, Curved Solid, Curved Dotted) by using motors and
light sensors. You are in a group of four with three other
engineering students taking the same course. With all this in
mind, list the pros and cons of each type of locomotion design. ”

C. Information Seeking

The final type of prompting style we observed involved
students using ChatGPT to find specific information related to
the technicalities of implementing ideas for their design. In
fact, two prompts made specific reference to ChatGPT
searching the internet despite the tool not being able to do so
at the time (e.g., “With all of this new information, are there
any other suggestions you can find on the internet that would
fit our requirements and improve our design?”).

Unlike prompts aimed at generating creative ideas or
making evaluations, these prompts were designed to elicit
factual and direct responses akin to queries posed on a
standard internet search engine. For instance, basic prompts
observed in the dataset were: “How dense is plastic/weight of
plastic?” and “How does a light sensor for the robot work?”
Other prompts were tailored more specifically to how
elements of the design would work: “Using a Lego EV3, how
can you determine the weight of an object picked up by the
robot?” A notable prompt that showcased how ChatGPT may
be used in a brainstorming workflow requested a synthesis of
ideas and a summary of key features for each, illustrated by
the following prompt:

“have several ideas for my robot’s functions, but I need
a summarized list of the key features and capabilities for
each, such as walking in a straight line, speed, turning,
and picking up trash. Can you help me with brief
descriptions of the top three ideas, including their
unique selling points?”

VI. DISCUSSION AND FUTURE WORK

In contrast to the work by the likes of Zamfirescu-Pereira
et al. [8] and Denny et al. [9], we explored prompts the students
planned to ask ChatGPT as opposed to what they inputted into
the system; our next step is to analyze their actual conversations
and determine how they used the conversational nature of the
tool to dig deeper into their queries. Still, the prompts students
planned to give to ChatGPT appear to align with what we have
seen in the literature, such as using the tool to explain concepts,
as we saw with our information-seeking theme [25].

From this preliminary analysis, we observed a crosscutting
theme that the students in our sample often used ChatGPT in an
elementary fashion. There’s little use of the few ‘“best



practices,” such as assigning the LLM a role [24] or using chain
of thought prompting [14]. Like [8], most of the prompts were
direct instruction with no examples for the model to build from.
Occasionally, prompts played into the fear that students would
use the tool to circumnavigate critical thinking by asking for the
best or correct answer, such as one of the prompts that
essentially asked ChatGPT to complete the main task for the
term project “Design a robot made from Lego parts that moves
without wheels, picks up an object, and can follow a line on the
ground with a light sensor.” As noted throughout our
discussion, the teams’ prompts frequently do not provide
enough detail to provide feasible solutions for their project.
Therefore, students’ understanding of criteria and constraints
when co-designing with generative Al may be a potential area
for future research.

VII. CONCLUSION

This work-in-progress paper leveraged actual student
prompts to help develop our understanding of how students
may use ChatGPT to complete engineering design tasks. As
we continue analyzing the data in this assignment, we expect
to extract more detailed intersections of their prompting with
the engineering design process and identify other areas to
guide future curriculum development for what it means to use
generative Al in the design process.
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