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Abstract
Generative AI (GenAI) tools are increasingly used in software de-
velopment, yet little is known about how teams use them collabora-
tively in real-world, time-constrained settings. We studied a 2-day
hackathon where participants were encouraged to use GenAI, com-
bining 16 observations with 9 follow-up interviews. We found that
GenAI use was selective, often focused on lower-risk tasks such
as simple coding and idea refinement. Participants described using
GenAI to gather and refine ideas, sometimes turning them into
workable solutions, but were often cautious due to concerns about
accuracy, difficulty crafting prompts, and discomfort with openly
using AI. These findings suggest that GenAI use in collaborative
settings is shaped by technical capabilities, social expectations, and
user confidence. We discuss implications for designing environ-
ments that support transparent and effective AI use.

CCS Concepts
• Software and its engineering → Software development pro-
cess management; • Human-centered computing → Collabo-
rative and social computing; Empirical studies in collaborative and
social computing.
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1 Introduction
Generative AI (GenAI) tools such as ChatGPT and GitHub Copilot
have quickly become part of everyday software development prac-
tice. Multiple developer surveys suggest that these tools are widely
adopted: for example, StackOverflow survey 2025 shows that 84%
of developers report using at least one AI coding assistant, and over
half say they have tried them in professional contexts [16]. Rather
than replacing developers, GenAI typically acts as a "co-pilot" assist-
ing with routine tasks like boilerplate generation, debugging, and
syntax recall [17]. Recent industry studies also highlight growing
expectations around team productivity [32]

However, this rapid adoption has provoked debate. Supporters
highlight productivity gains and even new creative possibilities, for
example. Studies report that AI pair programmers can significantly
boost developer productivity and even improve code quality [5].
On the other hand, critics point to significant risks like unreliable
or wrong outputs [13], over-reliance on unverified suggestions
[7, 41, 43], and the erosion of learning opportunities. Researchers
have cautioned that heavy reliance on code assistants might hinder
skill development [26], negatively impacting learning and retention
over time [14]. Human–AI interaction research underscores that
responsible use of such AI assistants depends on transparency, user
control, and calibrated trust in the system’s outputs [2, 33].

The challenges of GenAI adoption are not only technical. They
also raise pressing social questions: “How do individuals and teams
decide when to trust GenAI output? When is it verified or ignored?
And under what circumstances is its use concealed from peers?
These questions matter because real-world adoption of GenAI will
depend not just on its capabilities, but on how people perceive its
legitimacy, fairness, and risks. Without understanding how devel-
opers make these choices under time pressure and social visibility,
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we risk designing tools and guidelines that fail to support actual
team practices.

As GenAI tools become more prevalent in software development,
it is important to understand how humans decide when to use them,
when to trust them, and when to disclose or hide such use from
others. These decisions are not only happening at the individual
level, but are also often contingent on teams collectively deciding.
Although recent research focuses on independent individuals, we
still lack an understanding of how collaborative and social aspects
affect GenAI use in real-world settings.

Hackathons offer a way to study how developers collaborate un-
der social and temporal constraints. Such events have been adopted
in various domains to generate innovative solutions, foster learn-
ing, build and expand communities [20]. These events typically
require participants to rapidly generate ideas, solutions, and build
functioning prototypes in a short time frame [15, 23, 38]. During
these events, teams collaboratively negotiate design decisions and
prepare their projects for ev aluation. Beyond technical produc-
tion, hackathons involve socio-technical dynamics such as informal
learning, peer collaboration, and social signaling, which influence
how participants present themselves and engage with tools [11, 23].

For Hackathons, GenAI offers several well-recognized benefits,
like quickly generating boilerplate code, debugging, ideating, or
polishing presentations. However, hackathons also introduce signif-
icant challenges. Verification is difficult under time pressure, partic-
ipants may lack the domain knowledge to craft effective prompts,
and the competitive nature may influence whether GenAI use is
openly disclosed. In short, hackathons serve as a “stress test” for
how GenAI is applied in collaborative software work.

Despite growing enthusiasm, little empirical research has ex-
amined how GenAI is used in fast-paced, collaborative settings.
Prior work has primarily focused on individual developers, either
in controlled environments or through usage logs from systems
such as Copilot [39]. While these studies offer insights into produc-
tivity and usability, they provide a limited understanding of how
GenAI shapes team dynamics, the negotiation of shared norms,
and situated collaboration practices [28]. This study addresses the
following research question: How do hackathon participants use
GenAI in collaborative, time-constrained settings, and what factors
shape their adoption, trust, and disclosure decisions?

To address this question, we conducted a study of a two-day
university hackathon. Our team engaged in participant observation
throughout the event and conducted post-event interviews. This
paper makes the following contributions:
(1) An empirical account of GenAI use in a real hackathon;
(2) Evidence of adoption barriers rooted in trust, prompt literacy,

and peer norms;
(3) Evidence that adoption is shaped by trust, prompt literacy, and

social visibility;
(4) A compact model of an AI-supported creative interaction pat-

tern (gather → synthesize → reformulate → operationalize);
(5) A characterization of recurring patterns in how participants

engaged with GenAI during problem solving;
(6) Practical implications for designing learning environments and

events that support transparent and effective AI use.

2 Related Work
In the following, we discuss (i) hackathons, (ii) creativity support
tools that facilitate team ideation, and (iii) generative AI in software
engineering, particularly its role in coding and teamwork.

2.1 Hackathons and Software Development
Hackathons are short, intensive events where ad hoc teams build
prototypes under severe time constraints [9]. They now span cor-
porate, academic, and civic settings, functioning as time-bounded
“coopetition” spaces that blend collaboration and competition [12].
Prior research characterizes hackathons as environments where
participants balance exploration and delivery [38] and as innovation
contests that support networking and experimentation [15].

Beyond the event itself, studies show that hackathons can gener-
ate longer-term outcomes. Some projects continue after the event,
particularly when aligned with organizational needs [23]. A system-
atic review reports outcomes ranging from innovation and learning
to community building, while noting sustainability challenges [20].
Because of their compressed timelines and collaborative intensity,
hackathons have also been framed as experiential learning envi-
ronments [9, 12]. These characteristics make them a useful “living
lab” for studying how emerging technologies, such as GenAI, are
adopted under time and social pressure.

2.2 Creativity Support Tools
Hackathons are not only coding sprints but also sites of collec-
tive creativity. Research on creativity support tools examines how
technology scaffolds ideation, exploration, and production [27, 35].
Effective tools broaden the search space, support rapid iteration,
and make alternatives visible [34]. Design principles such as ex-
ploratory play, collaboration, and reflection are especially salient
under time constraints [27].

In hackathons, tools such as frameworks, APIs, and platforms
shape what teams can accomplish [9]. More broadly, creativity
support tools can structure idea generation, coordination, and con-
vergence under pressure [27, 34]. GenAI represents a new class
of creativity support tools that can generate code, text, or design
suggestions. While such tools may expand teams’ search space and
accelerate prototyping, they also raise questions about transparency,
authorship, trust, and shared understanding within teams.

2.3 Generative AI in Software Engineering
In software engineering, Generative AI assistants are commonly
studied as tools for code generation, debugging, and documentation.
Prior work shows that systems such as Copilot can accelerate rou-
tine programming tasks and provide useful starting points [30, 39].
However, usability challenges and difficulties in understanding
or verifying outputs may reduce efficiency when suggestions are
trusted uncritically [30]. Other studies highlight correctness and
security concerns, showing that AI-generated code can introduce
subtle bugs or vulnerabilities [24, 25]. These findings emphasize
the need for calibrated trust.

Beyond code generation, GenAI broadens human–AI collabo-
ration. Large language models have been studied as creative co-
writers in domains such as scriptwriting, illustrating AI as a col-
laborative partner rather than merely a coding assistant [21]. This
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raises issues of authorship, credit, and ethical concerns such as bias.
Human–AI interaction research calls for transparency, user control,
and feedback mechanisms to support appropriate reliance [2, 40].

Research also shows that effective prompting requires articula-
tion and domain understanding [19, 42]. At the same time, social
context influences adoption. Drawing on impression management
theory [11], visible AI use may threaten perceived competence.
Shifts in help-seeking behavior, including reduced reliance on pub-
lic Q&A forums, suggest that GenAI’s privacy and immediacy may
reshape norms of assistance [39].

3 Method
This study used a qualitative approach to understand howhackathon
teams engage with generative AI.

We studied a two-day game development hackathon hosted at
Northern Arizona University in January 2025 as part of a global
game development event. The event took place in a computing lab
and included access to shared workstations, whiteboards, and pre-
sentation space. Sixteen participants registered and were grouped
into five self-organized teams (3–4 members each). Participants
were primarily undergraduate students in computer science and
software engineering. Teams were free to select their own engines,
frameworks, and libraries (e.g., Unity, Godot, C#, Python). Prizes
were awarded for creativity and technical execution, but the judging
criteria did not explicitly address GenAI use.

The organizers mentioned several times in the opening session
that tools such as ChatGPT or Copilot could be used if teams wished,
but they requested disclosure during presentations. This created a
permissive but lightly structured environment, where participants
had to decide whether and how to use AI tools.

3.1 Participants
Table 1 summarizes the teams’ identifications, sizes, primary plat-
forms, and whether GenAI use was visible during the event. Partic-
ipants ranged in age from 19 to 26 years (median = 21), included 9
undergraduates, and had 0 to 4 prior hackathon experiences (me-
dian = 1). All participants reported some prior exposure to GenAI
tools, though experience levels varied: two reported daily use of
ChatGPT, three described occasional use, and four had only experi-
mented briefly before the hackathon.

Participants reported varying levels of prior experience with
GenAI tools. Two participants reported daily use (primarily Chat-
GPT), three described occasional use, and four had only experi-
mented briefly before the hackathon. None reported consistent
use of IDE-integrated assistants (e.g., Copilot), and no participants
reported paying for premium access. This variation in prior expe-
rience is important for interpreting observed differences in trust,
prompting behavior, and reliance on AI outputs.

Table 1: Summary of the hackathon participants/teams

Team Size Primary Platform GenAI Use GenAI Experience

Team A 4 Unity Yes (debugging, code generation) High
Team B 3 Twine Yes (ideas and suggestion) Moderate
Team C 2 Godot, GDScript Minimal (AI Overview) No report
Team D 5 Godot, GDScript Minimal (concealed use) low
Team E 2 Board games No visible use Rare

3.2 Researcher Role
The observation team was composed of four graduate students
(two master’s students and two Ph.D. students) and one faculty
member. All five attended the hackathon as participant observers.
None of the researchers joined a team or contributed to project
development; instead, they circulated among groups, observed dis-
cussions, and documented practices in field notes. The observers
did not hold formal positions of authority in the event itself. To
minimize bias, the team adopted a descriptive stance [8, 37] during
observations, recording what participants said and did rather than
making evaluative judgments.

3.3 Data Collection
We collected data through two complementary strategies:

Observation. The team observed the full two-day hackathon,
totaling approximately 16 hours of observation. Before the event,
the lead researcher developed an observation guide that included a
structured checklist of focal points such as team composition, idea
generation, visible GenAI use, prompt formulation, error-handling,
discussion patterns, disagreements, and role assignments. This
guide was shared and discussed among all observers to ensure
consistency. During the hackathon, the observers took notes, fo-
cusing on capturing descriptive accounts of interactions, behaviors,
and contexts rather than evaluative judgments. After each session,
notes were expanded into detailed narratives and compared across
observers. The combined field notes added up to more than 30
pages, giving a detailed picture of how the teams interacted.

Interviews.We conducted semi-structured interviews within
one week of the hackathon to capture participants’ reflections while
their experiences were still fresh. This was based on the Critical
Incident Technique [10], a method used to collect observations of
behavior by interviewing people about specific events (in our case,
those we observed during the Hackathon). Each interview lasted up
to 40 minutes (average 32 minutes) and was conducted in person,
audio-recorded with consent, and transcribed verbatim. The inter-
view explored participants’ prior experience with GenAI, moments
of use during the hackathon, perceived benefits and frustrations,
strategies for formulating prompts, collaboration dynamics, and
decisions about disclosure. To minimize recall bias, we provided
contextual cues and examples from our observations to help partic-
ipants reconstruct specific moments and reasoning.

3.4 Data Corpus
In total, the corpus comprised more than 30 pages of field notes and
nine conducted interviews, of which four were fully transcribed
and included in the analysis (approximately 62,000 words). The field
notes capture real-time team interactions and observable GenAI use
during the hackathon, while the interviews provide participants’
reflective accounts of those practices. These are available as part of
our supplemental material [3].

3.5 Analysis
We analyzed the data qualitatively through an iterative, induc-
tive process [29]. Our goal was to identify recurring practices and
patterns that characterized participants’ engagement with GenAI
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during the hackathon. The analysis was interpretive, seeking to
understand how participants made sense of their experiences, how
their interactions happened, and how things were built through
collaborative work. Rather than applying a predefined theoretical
framework, we allowed categories to emerge from the data. We
detail the steps followed in the process in the following.

Open coding. We started the analysis by open-coding the field
notes and interview transcripts to generate labels for concrete ac-
tions, experiences, and perceptions. Codes were inductively derived
and anchored in participants’ words and behaviors, coded from
both the interview answers and interactional cues captured in ob-
servation notes. This produced a set of codes that represented the
diverse ways participants engaged with GenAI and with one an-
other. Following initial coding, we conducted multiple team-based
review sessions to refine the code set. These meetings focused on ex-
amining overlaps and inconsistencies, questioning interpretations,
and revisiting the data to ensure that codes accurately reflected
participants’ practices. Where appropriate, we merged codes (for
example, “gathering diverse ideas” and “synthesizing different ap-
proaches”) to consolidate meaning. New codes were also introduced
based on a collective rereading of the transcripts.

Category consolidation. After defining and refining the initial
codeset, we examined relationships between codes and grouped
them into broader conceptual categories. Eight categories emerged
from this analysis: (1) ideation and creativity processes, (2) team dy-
namics and role assignments, (3) communication patterns and con-
flict management, (4) participant expertise and knowledge sharing,
(5) decision-making and problem-solving methods, (6) perceptions
and utilization of LLMs, (7) external resource and platform usage,
and (8) emotional and psychological experiences. These categories
were not mutually exclusive; rather, they represented recurring
clusters of activity that cut across different teams and moments.
For example, “debugging with LLMs” was simultaneously coded
as a technical problem-solving practice and as part of a broader
category about perceptions of reliability.

Themes Definition. Finally, through multiple rounds of collab-
orative review, we integrated the axial categories into a smaller set
of cross-cutting themes that synthesized the most salient insights
about GenAI-supported collaboration in hackathons. Selective cod-
ing emphasized themes that spanned both the real-time field notes
and retrospective interview accounts. These themes included how
participants enlisted GenAI as a coding partner, how trust and prior
experience shaped adoption, how prompt formulation acted as a
barrier, how social stigma influenced disclosure, and how a recog-
nizable GenAI-supported interaction pattern emerged (gathering→
synthesizing→ reformulating→ operationalizing). These themes
provide the structure for our Results section.

The analysis process was conducted collaboratively. While the
first author conducted the initial open coding, the team met regu-
larly to review code lists, discuss disagreements, and refine cate-
gories. This iterative sense-making process functioned as a check
on individual interpretations and added reflexivity, given the re-
searchers’ varying levels of familiarity with hackathons and GenAI
tools. Reflexive memos written after each coding session further
documented emerging insights and potential biases, ensuring that
the final themes were grounded in the data.

3.6 Ethical Considerations
This study was approved by the university’s institutional review
board (IRB). All participants provided informed consent. Participa-
tion was voluntary, and students could decline to be interviewed
without consequence. To protect anonymity, each interview partici-
pant is assigned a unique identifier (P1–P9), which is used through-
out the paper. Because several participants reported concealing
GenAI use from peers due to perceived stigma, we took particular
care in anonymizing quotes and descriptions to prevent unintended
disclosure of individual practices.

The research team consisted of graduate students and a faculty
member from the same institution, but none held evaluative au-
thority over participants in the context of the hackathon. Reflexive
memos were used to monitor potential bias arising from institu-
tional proximity. We provided a $20 gift card to each interview
participant as a token of appreciation.

3.7 Researcher Positionality
As researchers, we acknowledge that our own backgrounds may
have influenced both data collection and interpretation. The obser-
vation team consisted of four graduate students, and one faculty
member, all affiliated with the same university as the participants.
Several members had prior experience participating in or mentor-
ing hackathons, and all were familiar with GenAI tools. This insider
perspective helped us quickly understand team interaction patterns
and technical references, but it also carried the risk of assuming
shared knowledge or overlooking unfamiliar practices.

To mitigate these risks, we used a structured observation guide,
maintained descriptive field notes, and wrote reflexive memos after
each observation session to surface potential biases. Coding was
conducted iteratively, with discussions across the research team
to challenge assumptions and incorporate multiple perspectives.
These steps helped ensure that our findings remained grounded in
participants’ own accounts rather than our preconceptions.

3.8 Supplementary Material
We provide a supplementary package with the materials used in
this study [3], including interview scripts, observation guides, field
notes, processed transcripts, and coded qualitative analysis.

4 Results
In the following, we present the results of our participant obser-
vation and interviews, organized around the main themes that
emerged from our qualitative approach. Our goal was to illustrate
how participants used GenAI during the hackathon and show how
technical and social forces shaped these practices.

The most pervasive theme we discovered was social stigma. Al-
though organizers allowed open use of GenAI, participants feared
negative peer judgment. This stigma triggered a cascade of behav-
ioral adaptations. Participants managed the visibility of their AI
use, recalibrated trust under peer scrutiny, relegated GenAI to “safe”
marginal tasks, avoided prompting in front of teammates (which
increased the cost of seeking help), and confined GenAI to the
ideation periphery. Figure 1 synthesizes these cascading effects and
provides a roadmap for the subsections that follow.
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Social Stigma
Concealment /

Managed Visibility

Recalibrated Trust
(verification overhead)

Selective “Safe-Zone” Use
(boilerplate, debugging)

Solitary Prompting
(no co-prompting)

Peripheral Ideation /
Presentation Polish

Staged Interaction Pattern

Figure 1: Stigma cascade: linear sequence from stigma
through concealment, trust recalibration, selective “safe-
zone” use, prompting, and peripheral ideation, culminating
in a staged GenAI-supported recurring interaction pattern.

4.1 Visibility, Reputation, and Social Stigma
Many participants said theyworried that using GenAI openlywould
make them look less competent. Even though the organizers al-
lowed GenAI use, some participants felt that judges or teammates
might see it as “cheating” or not doing the real work. “when I was
doing the digital stuff, I started by just looking for ideas online. It
kind of feels still because of how kind of new chat GPT is, like it’s
kind of like cheating.” ( P5, Team B) During the event, we noticed a
few people trying to hide their use, for example, opening ChatGPT
on a personal laptop away from others or quickly minimizing the
window when someone walked by. Unlike documentation searches,
which people often talked about out loud, AI prompts were usually
typed quietly and kept private.

During interviews, participants mentioned weighing the benefits
of GenAI against the risk of being judged, for example: “I tried to
solve it in my head, and if I couldn’t do it in a couple of seconds, then
I went to ChatGPT because it was faster” (P3, Team A). Another
participant shared a similar view about efficiency: “It is hard to ask
specific bug questions to each other since we’re working on different
games... ChatGPT was more efficient” (P4, Team A).

Our observations matched what people said in interviews. For
example, we saw that one participant used ChatGPT privately for
debugging and did not tell their teammates, while another pair
looked frustrated when the model’s answers did not help. This
shows that while GenAI helped people work faster, it brought
social pressure. Participants worried that relying on AI might make
them look less capable, so many chose to hide their use.

Key Insight.

These concerns about visibility and reputation did not end at
the level of perception. They also shaped participants’ concrete
behaviors, influencing when and how GenAI was used during
collaboration.

4.2 Managing Visibility: Disclosure, Delay, and
Private Prompting

Because of the reputational concerns described earlier, many par-
ticipants tried to make their GenAI use less noticeable. From our
observations, participants often chose when to open ChatGPT care-
fully, waiting until they were working alone or when others weren’t
paying attention. One participant explained that they only used it
when they lost key members: “The only time we really pulled up
ChatGPT was when our two other coders had left, and [P6] was the
only one trying to figure out how to use Godot.” (P7, Team D)

We noticed participants quietly switching between tabs or copy-
ing and pasting text so it looked like it came from a tutorial or
something they had found online. Prompting usually happened
off-screen and was not shared during group discussions.

These patterns show that participants did not avoid GenAI com-
pletely. However, they just used it in ways that felt safer and less
public.

Key Insight.

This shows that worries about being judgedmade people careful
not just about when they used AI, but also about how openly
they talked about it with others.

4.3 Calibrated Trust Under Scrutiny
Participants’ decisions about using GenAI were shaped mainly by
their confidence in the technology. Across interviews and obser-
vations, they described or demonstrated limited trust in model
accuracy. P8, for instance, made their skepticism explicit: “I heard
other teams talking about using ChatGPT stuff. Personally, I don’t
trust a lot of that. Google Gemini has consistently proven me wrong. I
don’t trust programs like that to give me the answers and support I’m
looking for.” (P8, Team E).

This lack of confidence was also reflected in practice. During
the hackathon, [P1, Team A] stated that even when ChatGPT’s
instructions appeared correct, they still had to “go into YouTube or
Google” to understand how to follow them. This behavior, observed
repeatedly, showed that GenAI outputs were cross-checked against
other sources before being used.

Observed interactions further showed that GenAI use was occa-
sional and often individual rather than collaborative. [Participant
from TeamD] consulted ChatGPT privately while working on a cod-
ing problem, but did not discuss or share the output with teammates.
[P7, Team D] also tried to use ChatGPT for animation code but
expressed visible frustration when the suggestions failed to solve
the issue. Afterward, they turned to YouTube tutorials and men-
tor guidance instead. These instances illustrated that participants
preferred to verify or supplement GenAI advice with traditional
resources such as documentation, videos, and human help.

Under hackathon time pressure, participants generally relied on
these familiar resources rather than GenAI tools.

[Observational note, TeamD] “P7 is looking for some(Bubble)
designs for the Game background, and she switched to
Pinterest as a guide.“

Their choices appeared motivated by efficiency and prior experi-
ence rather than by explicit concerns about reputation or visibility.
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Key Insight.

Trust in GenAI was limited and conditional: participants used
the tools experimentally, verified the results through other
means, and reverted to conventional supports when accuracy
or clarity was uncertain.

4.4 Safe-Zone Uses: GenAI as a Coding Partner
From our observations, participants created what could be called
“safe zones,” where using GenAI felt acceptable and low-risk. In
these situations, ChatGPT was mainly used like a coding helper
for writing small pieces of code, fixing errors, or explaining what
went wrong. These tasks were easy to check and didn’t feel like
they replaced the real work of building the game. One participant
explained their approach: “I tried to solve it in my head; if I couldn’t
in a couple of seconds, then I went to ChatGPT. For generating scripts,
it was faster. It is hard to ask specific bug questions to each other
because we’re working on different games, so you’d have to learn the
context. ChatGPT was more efficient” (P4, Team A).

Others talked about using ChatGPT for setting things up or
dealing with common bugs at the start of the projects: “Just bug
fixing, saying, ‘hey, what if you made a script that did this¿ I used
ChatGPT to answer errors, understand what they meant, and where
to look.” (P1, Team A).

However, when the task involved something new or complicated,
ChatGPT often struggled. One participant shared that: “it wasn’t
effective in generating code. The dancing game was supposed to be
like Dance Dance Revolution, where the arrows would come down on
the screen, but ChatGPT had a hard time explaining it and generating
code that actually worked” (P3, Team A).

Key Insight.

From what we observed, GenAI helped most with smaller cod-
ing tasks like debugging or setting up things that could be
checked quickly or replaced if needed. When it came to bigger
or more creative features, many participants were more careful,
and some avoided them completely.

4.5 The Cost of Asking: Prompt Formulation
Without Co-Prompting

Across teams, GenAI use tended to be an individual rather than a
shared activity. No team was seen co-prompting on a shared screen,
and most prompts were entered privately on personal devices. This
pattern suggests that working together on prompts might have felt
awkward or uncomfortable, even though using GenAI was allowed.
Because of this, participants couldn’t rely on teammates to help
refine questions, choose better technical terms, or build on each
other’s ideas. When domain knowledge was limited (for example,
about Godot’s interface), this made it harder to get useful results:

“I use AI pretty frequently . . . but I only ask AI questions if I know
how. With my limited knowledge of Godot, I wouldn’t be able to ask it
in a way to get what I needed immediately. Even perfect instructions
would still send me to YouTube or Google to figure out the menus”
(P6, Team D).

Key Insight.

In practice, participants often tried a single prompt and then
gave up, turning to videos or documentation instead. The same
hesitation that made participants avoid showing GenAI use
in public also meant that prompt writing became a private,
trial-and-error process.

4.6 Peripheral Ideation and Presentation Polish
In our observations, most of the creative work, like discussing game
mechanics, sketching interfaces, and referencing other games, was
done directly between teammates. No teams used GenAI tools dur-
ing brainstorming or early design discussions. Participants focused
on talking through ideas together or testing them out, without
turning to AI for suggestions or examples.

GenAI mostly appeared near the end of the process, when teams
were wrapping up or polishing their projects. These uses were
simple and low stakes, like checking for title ideas. One participant
explained: “I mean, at the very end, when I had to be like the end
screen. I didn’t really know what to write for the title, because, like,
we didn’t have a victory screen, and there was no like you lose screen.
So I was like, what is a creative way to like make an end screen? So I
asked Chat GPT like, Oh, give me some suggestions to like as add a
title” (P4, Team A).

[Observational note, Team A] “During their final prepa-
ration, one participant opened ChatGPT to ask for title
ideas but closed it soon after getting a few suggestions.”

From what we observed, GenAI was mostly absent during the
creative stages and only appeared near the end of the process for
small finishing tasks. It stayed on the edges of the creative work,
something that participants used quietly, when it felt safe or conve-
nient, rather than as part of their main design process.

Key Insight.

This kind of limited and cautious use was different from what
we noticed in technical work, where GenAI was more actively
used for fixing problems or debugging, but still kept separate
from the team’s creative and collaborative decisions.

4.7 A Staged Interaction Pattern, Shaped by
Social Norms

From our interviews and observations, we identified a four-stage re-
curring interaction pattern that shows how participants used GenAI
tools like ChatGPT for problem-solving during the hackathon.
These stages were: gathering, synthesizing, reformulating, and op-
erationalizing. While this recurring interaction pattern appeared
technical, it was also shaped by social norms about what kinds of
AI use were acceptable, visible, or worth mentioning. Some partici-
pants chose to keep their AI use private or limited to low-stakes
tasks, reflecting uncertainty about how others would perceive it:
“We really didn’t think about using ChatGPT at all... other than that,
I really don’t think we used ChatGPT or any AI for anything” (P4,
Team A). This suggests that, beyond technical efficiency, partic-
ipants also managed the social visibility of AI in their recurring
interaction patterns.
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Gathering
Collecting examples or ideas

Synthesizing
Combining or adapting

Reformulating
Refining prompts or ideas

Operationalizing
Applying outputs in code/design

Figure 2: Staged interaction pattern: gathering, synthesizing,
reformulating, and operationalizing.

In the first stage, gathering, participants used ChatGPT to collect
examples, tutorials, and ideas. They often treated it like a large
searchable database that could quickly bring together many options
at once: “I went to ChatGPT to see if it could help me since it has like
the whole internet as a database... it could give examples and stuff,
and like how to set up that table” (P5, Team B).

This helped participants understand what resources existed and
what was missing, such as specific game tutorials or examples
relevant to their needs.

In the second stage, synthesizing, participants combined ideas
or adapted partial examples that the model provided: “Even though
this isn’t what you are looking for, it has some good basic techniques...
I ended up using a combination of the different things it told me” (P5,
Team B). Here, ChatGPT acted as a bridge between ideas, helping
them integrate multiple resources instead of replacing their own
reasoning.

In the third stage, reformulating, participants iteratively refined
prompts or ideas until the output matched what they wanted. This
process often included giving feedback to the model to correct or
clarify its responses: “I had to ask it a bunch of times and give feed-
back about my code-block setup... eventually I got what I wanted” (P5,
Team B). Participants described this stage as helpful for rearticu-
lating ideas and clarifying next steps, though it often took several
tries.

Finally, in the operationalizing stage, participants translated AI
suggestions into practical actions, writing or fixing code, setting up
animations, or refining UI elements. For instance, one participant
noted: “It was helpful for like getting what I wanted, like from an art
standpoint for our game... reformulating ideas and getting what we
thought might be useful” (P5, Team B).

Key Insight.

Participants’ recurring interaction patterns showed that GenAI
supported technical progress in multiple ways, but participants
still managed its visibility carefully. They were more comfort-
able using it privately for exploration or refinement, and less
so for visible or creative tasks, reflecting the social uncertainty
around acceptable AI use.

5 Discussion
Our findings reveal that participants’ use of GenAI in hackathons
was not only a matter of technical utility but also of social negoti-
ation. The discussion below unpacks how issues of trust, literacy,

and legitimacy are intertwined with existing social norms to shape
when and how GenAI was used. We connect these observations
to prior work in human–AI interaction, educational practice, and
collaborative software development, outlining broader implications
for designing and evaluating AI-supported teamwork.

Calibration and Trust. Prior work in human–AI interaction
emphasizes the need for mechanisms that help users judge when
to trust model outputs [2, 40]. Our findings extend this by showing
that, in collaborative and time-pressured settings, calibration is not
only technical but also reputational. Participants weighed not just
whether an output was correct, but whether being seen relying on
a wrong suggestion might harm their credibility with teammates.
This suggests that design cues such as provenance indicators, con-
fidence levels, or modular, testable outputs should aim to reduce
both the cognitive effort of verifying accuracy and the social risk
of being visibly mistaken. In short, trust calibration is entangled
with impression management.

Prompt Literacy as Situated Know-How. Previous research
shows that effective prompting relies on articulation, iteration, and
repair [2, 40, 42]. Our study adds that prompt literacy is also shaped
by social context. Because participants avoided co-prompting, they
missed opportunities to share domain vocabulary or collectively re-
fine phrasing. This individualization made it harder to "ask the right
question," especially when their knowledge of the target tool, like
Godot UI terminology, was partial. Support for prompting should
therefore go beyond individual skill-building. Context-aware tem-
plates or collaborative prompting interfaces could lower articula-
tion costs and normalize shared prompting—similar to how teams
already co-debug or co-search in conventional practice.

Social Norms and Impression Management. Even though
organizers permitted GenAI use with disclosure, participants man-
aged it carefully to avoid negative peer judgment. Goffman’s theory
of impression management [11] helps explain this tension between
formal rules and informal norms: GenAI use became part of the
"presentation of self," often concealed to maintain an image of com-
petence. This complicates current disclosure policies. Simply requir-
ing participants to report AI use may intensify stigma if disclosure
signals suspicion. Instead, judging rubrics could reward transpar-
ent, well-documented AI use as a form of reflective practice. This
would make visible GenAI use as a professional skill rather than a
shortcut, reducing the social penalties participants feared.

Educational Context and Legitimacy. Our study took place
in a university setting, participants’ attitudes toward GenAI were
shaped by academic norms that often frame AI assistance as ques-
tionable or even as academic misconduct [1, 6]. Even though the
hackathon permitted GenAI use, several participants acted as if
disclosure might still be risky. This helps explain why prompting
remained private and why GenAI was positioned in "safe" parts
of the recurring interaction pattern. Bridging this gap between
educational norms and evolving professional practice may require
explicit guidance on when and how AI use is acceptable, and reflec-
tive activities that reward transparent, critical engagement rather
than silent efficiency.
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Interaction Patterns Shaped by Stigma. Participants did not
reject GenAI outright but incorporated it into a careful, staged in-
teraction pattern: gather, synthesize, reformulate, operationalize,
which was cautious, incremental, and often private. This adds nu-
ance to existing HAI perspectives that treat recurring interaction
integration mainly as a cognitive process [36]. Our findings show
that social stigma shaped where in the interaction pattern GenAI
was acceptable: it was welcomed for peripheral or verifiable tasks
but avoided in public or central ones [42]. For researchers, this
highlights that adoption is socially regulated as much as technically
constrained; for practitioners, it underscores that designing AI for
team settings requires anticipating how visibility, authorship, and
credit influence appropriate use.

Implications Beyond the Hackathon. Our study focused on
a hackathon, similar patterns such as trust shaped by social risk,
individualized prompting, and cautious integration likely appear
in classrooms, design sprints, and workplaces. Adoption depends
on accuracy or literacy and the social legitimacy [4, 22]. For ed-
ucators, organizers, and tool designers, this means that effective
integration requires both technical scaffolds and cultural change
[36]. Encouraging visible, critical use of GenAI may be as important
as improving model performance if teams are to move from hidden,
peripheral reliance toward open, confident collaboration with AI.

Broader Reflections on Human–AI Collaboration. Our find-
ings show that using GenAI is not only about how well the tools
work or how useful they are. It is also about how social norms and
visibility shape what people see as appropriate or fair collaboration
[2, 18]. During the hackathon, participants constantly balanced
being efficient with looking competent and being fair to others.
Future research on human-AI collaboration should look beyond
individual skills or system design, and also consider how people
negotiate whether AI use is acceptable in social settings [31]. These
dynamics can help us understand how AI tools are changing what
it means to be creative, knowledgeable, and to collaborate.

6 Limitations
As in any scientificwork, this study has a few limitations that should
be kept in mind when interpreting the findings. Since the study was
conducted in one university hackathon with small number of teams,
the findings cannot be generalized. They represent what happened
within this setting. Social and learning conditions affected how
participants explained and used GenAI, so things might appear
reasonably different in industry or larger hackathons.

Only nine participants took part in the follow-up interviews,
which is 54% of the total participants, which means the data may
reflect the views of people who were more comfortable talking
about their experiences.

Although interviews were conducted shortly after the hackathon,
participants’ recollections may still be influenced by recall bias. We
sought to mitigate this by providing examples and observational
prompts during interviews.

Our observations focused on what could be seen. Therefore,
there might be a visibility bias in the data. Some participants may
have used GenAI privately or tried to hide it, so subtle uses might
be missing. The low amount of visible GenAI use we observed could

therefore reflect concealment rather than a lack of interest. The
interview data may also include recall or self-presentation bias, as
participants might not remember everything accurately or may
have described their behavior in ways that sound more acceptable.

Because the event was university-based, participants were also
shaped by academic cultures where GenAI use is sometimes dis-
couraged or treated as academic misconduct. This context may have
influenced how they perceived the legitimacy of GenAI use and
their willingness to disclose it. Their caution may therefore reflect
broader institutional norms rather than purely personal hesitation.

We used open coding to organize the data and identify patterns,
but these decisions were informed by our own reading of the notes
and by conversations with my advisor and colleague. Another re-
searcher might have coded or explained things differently. The idea
of “stigma,” for instance, came from how people acted or spoke
rather than something that would be measurable directly.

Also, our analysis was influenced by the method we applied
and by our own expectations as researchers interested in GenAI.
Using Goffman’s ideas about performance and visibility helped us
understand why participants hid their AI use, but it might have led
us to pay less attention to other factors, like usability or teamwork.

7 Conclusion
This paper presented a study of GenAI use in a game development
hackathon. While participants appropriated GenAI as scaffolding
for coding, debugging, and occasional ideation, their practices were
shaped as much by social dynamics as by technical affordances.
We observed a staged interaction pattern: gathering, synthesizing,
reformulating, and operationalizing throughwhich GenAI became a
pragmatic, if peripheral, collaborator. Yet three barriers consistently
moderated adoption: calibrated trust in output quality, challenges
in prompt formulation, and social stigma that made visible use feel
risky even when formally allowed.

These findings extend current understandings of human–AI
collaboration by showing how impression management and peer
norms constrain AI appropriation in time-pressured, collective set-
tings. For designers and organizers, they point toward concrete
directions: transparency cues and verifiable steps to support cali-
brated trust; context-aware prompt scaffolds aligned with specific
stacks and tools; and evaluation rubrics that normalize, rather than
penalize, disclosed use. More broadly, our study suggests that the
future of GenAI in collaborative creative work will hinge not only
on improving model performance but also on fostering cultures
where visible, critical, and reflective use is socially legitimate.
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