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Abstract

Background: Generative artificial intelligence (AI) large-language models
(LLMs) have significant potential as research tools. However, the broader impli-
cations of using these tools are still emerging. Few studies have explored using
LLMs to generate data for qualitative engineering education research.
Purpose/Hypothesis: We explore the following questions: (i) What are the
affordances and limitations of using LLMs to generate qualitative data in engineering
education, and (ii) in what ways might these data reproduce and reinforce dominant
cultural narratives in engineering education, including narratives of high stress?
Design/Methods: We analyzed similarities and differences between LILM-
generated conversational data (ChatGPT) and qualitative interviews with engineering
faculty and undergraduate engineering students from multiple institutions. We identi-
fied patterns, affordances, limitations, and underlying biases in generated data.
Results: LLM-generated content contained similar responses to interview con-
tent. Varying the prompt persona (e.g., demographic information) increased the
response variety. When prompted for ways to decrease stress in engineering edu-
cation, LLM responses more readily described opportunities for structural change,
while participants’ responses more often described personal changes. LLM data
more frequently stereotyped a response than participants did, meaning that LLM
responses lacked the nuance and variation that naturally occurs in interviews.
Conclusions: LLMs may be a useful tool in brainstorming, for example,
during protocol development and refinement. However, the bias present in the
data indicates that care must be taken when engaging with LLMs to generate
data. Specially trained LLMs that are based only on data from engineering edu-

cation hold promise for future research.
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1 | INTRODUCTION

Generative artificial intelligence (AI) large-language models (LLMs), such as ChatGPT, have emerged as widely appli-
cable tools for generating text-based information. These LLMs generate conversational text in response to user prompts,
drawing from extensive training, generally on text originally authored by humans (Ge et al., 2024). Utilizing generative
techniques, these models analyze inputs to discern context, intent, and linguistic nuances. By leveraging vast datasets
encompassing diverse topics, LLMs generate coherent and contextually relevant—though not always factually
accurate—responses. For example, they are capable of engaging in meaningful dialogue, answering inquiries, crafting
narratives, and assisting in complex problem-solving. This leads to a question of if and when generating this meaningful
and complex LLM-generated data might be useful as data for qualitative engineering education studies. The iterative
learning and fine-tuning processes employed in the development of these models enhance their adaptability to different
subject matter, rendering them assets in varying fields (Ge et al., 2024). However, understanding how the datasets used
to train LLMs influence their outputs is critical. The composition, diversity, and inherent biases within these datasets
directly impact the quality and accuracy of the generated responses (Bender et al, 2021; Dengel et al.,, 2023;
Himéldinen et al., 2023; Muldoon & Wu, 2023).

In this study, we explore affordances and limitations of using LLMs to generate qualitative data in engineering
education. We do so by comparing conversational data generated by a widely available LLM (ChatGPT) with
multi-institutional qualitative interviews previously conducted with students and faculty to better understand their
experiences of stress and wellness in engineering education. Exploring perceptions of mental health in engineering is
important because bias is present in discourses on mental health and stress (Asghar & Minichiello, 2023), and under-
standing engineering cultural norms around mental health and stress is important for addressing these challenges in
engineering academia (Jensen, 2021). Additionally, people are increasingly engaging with LLMs and Al, such as
ChatGPT, in their daily lives, and thus these tools are placed in a position to influence norms and discourses about
mental health and stress.

Our findings identify opportunities to enhance the quality and efficiency of qualitative data generation by purpose-
fully working with LLMs. For example, such a human-AI partnership might entail using Al in conjunction with prac-
tice interviews to refine the question flow of interview protocols. At the same time, we identify instances when LLMs
may be less helpful for qualitative data generation, such as when biases inherent to LLMs are likely to limit the richness
of data or when the complexity of human experience lies beyond LLM training datasets. Our research questions are
twofold, centered on exploring the affordances and limitations of using LLMs to generate qualitative data and the ways
in which LLM-generated data can reproduce and reinforce cultural norms and dominant narratives of stress and the
idealized worker in engineering.

2 | HOW LLMs WORK

Before describing our methods, it is important to understand how LLMs work. LLMs generate free-form text in
response to a user's prompt. The prompt, itself a block of text, is first converted into a numerical embedding that pro-
vides context for each token in the prompt (a token is a small piece of text, usually smaller than a word) (OpenAl
et al., 2024). These embeddings are passed through an attention mechanism that allows the LLM to identify key rela-
tionships between tokens in the prompt as it generates a response. While many machine learning models have been
used for understanding or generating text, the transformer model developed in 2013 (Google, 2013) was the first to com-
bine embeddings and attention in a manner that scales to huge numbers of parameters trained on an enormous corpus
of text. OpenAl, the company that developed and trained the ChatGPT 40 (where o stands for “omni”), the LLM we
used in this study, does not release details on the model size, data size, or training procedures from their model. Cha-
tGPT 4o is presumed to be a larger model than the previous ChatGPT 3 model released by OpenAl in 2020. ChatGPT
3 included up to 175 billion parameters (Brown et al., 2020) and was trained on ftrillions of tokens of data from the
Common Crawl, a publicly available dataset containing internet and web data (Raffel, 2019), the WebText dataset
(Radford et al., 2019), two internet-based corpuses of books, and the English language Wikipedia. ChatGPT version 3.5
includes human feedback in its training, consisting of teams of contractors from third-party companies globally, to both
improve answers and avoid inappropriate, obscene, or unhelpful responses (Ouyang et al., 2022).

Three features of LLM training and usage are relevant to this study. First, LLMs are stochastic (OpenAl et al., 2024).
The transformer models inside an LLM output a probability distribution over all possible responses to a prompt, and
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this distribution is sampled to construct the response shown to the user. Different users who give the same prompts to
the same model could (and often do) receive different responses.

Second, LLMs augment the user's prompt with a larger context (ie., text that is given to the LLM alongside the
prompt to improve the response) (OpenAl et al., 2024). Context could include previous prompts and responses from
the same session to allow both the user and the LLM to reference previous parts of a “conversation.” Information gath-
ered from the user (i.e., that does not come from the internet repository) can also be added as context to personalize the
LLM. OpenAl does not detail what and how much context is given to the ChatGPT 40 model; however, previous
models used context sizes equal to thousands of words (Brown et al., 2020).

Third, the responses from LLMs reflect the biases of their training data. Even the process of embedding words as
numeric vectors (i.e., transforming text fragments into arrays or lists of numbers that represent the context of the frag-
ment) creates gender bias in the vectors that cannot be fully removed, as the bias comes from the data, not the model
(Bolukbasi et al., 2016). The only way to remove this bias would be to train the model on text that is free of bias, which
is impossible because of the inherent bias of all authors.

Altogether, these three properties of LLMs imply that Al-generated text is not a neutral source of ground truth pro-
duced by a deterministic machine. Instead, LLM responses share many of the properties of qualitative data: nuanced
responses that lack repeatability and are biased by the experiences of the participant. This work investigates LLMs as a
tool for improving qualitative research but also demonstrates how experience collecting, interpreting, and analyzing
qualitative data is a critical skill for users of LLMs.

It is helpful to consider how data from traditional qualitative analysis (ie., conducted fully by a human) is incorpo-
rated into broad-data LLMs such as ChatGPT that are trained on a wide variety of source material. Figure 1 provides an
illustration of this data flow.

Researchers often conduct interviews with carefully selected, specific subpopulations as depicted on the left side of
Figure 1. Researchers then synthesize these data through qualitative analysis and then share results publicly, for
example, through journal articles, which are depicted as the “Qual analysis” arrow in Figure 1. However, these inter-
views are rarely made publicly available to protect participant anonymity and safety. These interviews are thus not
directly available as training data for broad-data LLMs, depicted by the “Not this” arrow in Figure 1. The resulting
research articles may be included in the broad range and variety of LLM training and context data. In Figure 1, the
resulting research articles (Experience Synthesis) are depicted as contributing to the LLM output by the curved, dotted
green arrow and small green box on the right.

Even though the synthesized results of qualitative analysis may be used to generate AI responses, it is unclear to
what extent these articles are included. Many sites with paywalls, such as journal publishers, put effort into blocking or
misdirecting web crawlers that are used to gather information that is used for training AI (Baack & Mozilla
Insights, 2024). So, even though a research article is available through the internet, it may not be available as training
data for Al Additionally, and as mentioned previously, the training data for later models of ChatGPT has not been pub-
lished, adding to the opacity of understanding what training data was used.

Broad-data LLMs gather information from many sources, such as written accounts from members of a specific sub-
population of interest that could influence the responses generated. This means that the data used to train the LLM
could also be used in qualitative analysis, for example, Reddit posts used in engineering education research (EER)
(Berdanier et al.,, 2020). However, the training data itself and the processes used to clean this data can introduce bias.
For example, C4 is a public dataset developed by researchers at Google as a cleaner, smaller version of the Common
Crawl dataset (Raffel et al, 2020) that has been used to train LLMs (Dodge et al., 2021). In addition to containing
source data that contains bias (Schaul et al., 2023), analysis by Dodge et al. (2021) identified that the filtering used to
clean the data disproportionately removed text from and about minoritized individuals.

Experience

Experience 1

\ana'”s-‘s Synthesis
Experience 2 Que Experiences LLM Analysis — Output
Experience 3 Other data
Widely varied... T
>
> . i
: X Not this X

FIGURE 1 Data flow diagram depicting how traditional qualitative analysis is incorporated into large-language models (LLMs).
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LLM training and output data are contextually similar to qualitative data, and they contain content related to many
research questions of interest. However, because of its newness and the opacity of the training process, researchers do not
know the extent to which these broad-data LLMs' output can be useful for qualitative research. As presented in this paper,
a comparison between the LLM-generated output and the corresponding interview material developed by the research
team and their participants provides insight into the affordances, limitations, and biases present in LLM-generated data.

3 | USING LLMs IN ENGINEERING EDUCATION RESEARCH FOR
QUALITATIVE RESEARCH

3.1 | LLMsin engineering education

Al is emerging in engineering education as a tool for both teaching and learning (Liu et al., 2025; Martin Nufiez & Diaz
Lantada, 2020). For example, educators can use Al tools to help manage their time and workload by utilizing Al to aid in
developing curricular plans and assessing student work (Martin Nufiez & Diaz Lantada, 2020). Liu et al. (2025) further cate-
gorized the applications of Al in engineering education in their literature review and identified seven categories: (i) virtual
experiment environments, (ii) learning prediction, (iii) learning analytics, (iv) engineering education robots, (v) intelligent
tutoring systems, (vi) automatic evaluations, and (vii) assisted learning. AI has the potential to support learning and
foster greater inclusivity in engineering education through tools that can create personalized learning pathways, add subti-
tles to slides, translate text into multiple languages, and implement other accessibility features (Martin Nufiez & Diaz
Lantada, 2020). Al also provides opportunities to make engineering education more equitable by offering accessible virtual
alternatives to service-learning programs and experiences (Martin Nufiez & Diaz Lantada, 2020), since, for example, the
travel and time requirements of service-learning opportunities often exclude students with jobs or caretaking duties.

3.2 | LLMs in qualitative research: Benefits

Because of the ability of LLMs to process and generate text-based information, there is increasing interest in how they
might be used to accelerate the traditionally time-intensive processes of qualitative research. LLMs can be used in quali-
tative research to summarize readings or transcripts, create or tailor study documents, generate codes or themes, and
apply codes to data (Aubin Le Quéré et al.,, 2024; Drinkwater Gregg et al., 2025; Fuchs et al., 2025; Hayes, 2025;
Tai et al., 2024). These affordances have prompted growing interest in exploring how LLMs might be used not only to
analyze but also to generate qualitative data. Some may be drawn to LLMs for their ability to rapidly produce text that
mimics human responses, potentially reducing the time and cost associated with traditional data collection
(Himildinen et al., 2023). LLMs can also support the piloting of interview protocols or analytic strategies by generating
response patterns for testing (Dengel et al., 2023), including in EER (Mburu et al., 2025).

Much work in this area has largely focused on using Al to analyze data (Sufi, 2024; Tai et al., 2024; Z. Wang et al., 2024;
Xiao et al,, 2023), but there is limited research examining the use of LLMs to generate data for qualitative research.
Al-generated data aims to quicken the research process by generating information on the experiences of artificial users/
participants. For example, Dengel et al. (2023) used LLMs, including ChatGPT and BARD, to generate interview data about
K-12 computer science education; Hidmildinen et al. (2023) used generated interview responses about video games;
Salminen et al. (2024) and Sattele and Ortiz (2024) used Al to generate user personas to help provide feedback in the design
process; and J. S. Park et al. (2024) used LLMs to generate 1000 simulations based on real human participant interviews
with high fidelity. Since LLMs summarize text from a large pool of data, they may provide insights into understanding
cultural phenomena; however, many researchers emphasize the importance of ethical and intentional data generation to
help avoid biased responses (Dengel et al., 2023; Hiamildinen et al., 2023; Roberts et al., 2024; Q. Wang et al., 2025).

3.3 | LLMs in qualitative research: Ethical concerns

Despite their promise, the use of LLMs to generate qualitative data raises important methodological and ethical con-
cerns such as generic or biased output, misrepresentation of findings, the potential for uncritical acceptance of this
data, and the energy costs of using Al
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LLMs have the potential for producing generic or biased output. LLMs use large datasets to produce outputs, but
source data such as web data often contains biased language and hegemonic views centering White, heterosexual, male
voices that can be reproduced in outputs (Bender et al., 2021; Muldoon & Wu, 2023). Additionally, some populations
feel unsafe sharing their views on online platforms, resulting in a dominant view prevailing and silencing marginalized
voices (Bender et al., 2021; Muldoon & Wu, 2023). As described previously, the process of preparing data for training
can disproportionately and negatively impact marginalized voices. Additionally, during the development process,
models also clean and remove data based on language that is obscene or unintelligible. This removes some hate speech
and slurs from datasets, but this also removes additional marginalized actors who reclaim offensive language (Bender
et al, 2021). These cleaning methods further shape datasets to be modeled on hegemonic ideals, and multiple studies
have found that larger datasets tend to be more biased, racist, sexist, and so on, in content (Muldoon & Wu, 2023).

Al-generated output can also misrepresent data and findings. Hamildinen et al. (2023) found GPT-3 to have created
its own fake information when describing video games, which was often misidentified as human-generated by study
participants because of the realistic emotional stories. Dengel et al. (2023, p. 11) found that researchers interviewing
LLMs “cannot assume to be engaging in a conversation with an expert in the respective field.” Codes or themes pro-
duced by LLM tools can promote biased and harmful stances (Aubin Le Quéré et al., 2024; Kapania et al., 2024). Sattele
and Ortiz (2024) found Al-generated personas and their associated Al-generated images to contain false or unspecified
information with gender-, race-, and age-related stereotypes. Relying on personas may result in designers making deci-
sions based on irrelevant, inaccurate, or biased information that could cause or exacerbate harm. Work from Nighojkar
et al. (2025) and J. S. Park et al. (2024) suggests that these limitations may be mediated by using data curated with
intentional research methods.

These limitations underscore the need for careful validation, transparency, and critical reflection when using LLMs
as generative tools in qualitative research. Beyond these caveats of research quality, there also exist concerns for the
broad resource usage of data centers that enable such technologies (Jegham et al., 2025). While outside the scope of this
article, a holistic evaluation of factors, which include environmental impact, energy consumption, and sustainability,
must be integrated into discussions around the ethical deployment and scalability of LLMs. Addressing these broader
considerations is essential to ensure that advances in Al technology are balanced with responsible stewardship of
global resources and long-term societal well-being.

4 | HARMS IN ENGINEERING MAY BE PERPETUATED BY LLMs
4.1 | Existing norms and bias in engineering education

Hegemonic norms, specifically reflecting White and male ideals, are present in higher education at large, and specifi-
cally in engineering education (Cech, 2022; Cech & Waidzunas, 2011; Forester et al., 2024; Secules, 2019). These norms
can create stressful and unwelcoming environments for all individuals, but particularly for individuals of color, LGBTQ
+ individuals, women, and people with disabilities who do not abide by the hegemonic standards (Akpanudo
et al.,, 2017; McGee, 2020, Acharya et al., 2018). Engineering has been identified as a culture of stress (Jensen &
Cross, 2021) and as an environment of “suffering and shared hardship” (Godfrey & Parker, 2010, p. 12) where someone
must put their “nose down to the grindstone and work harder” (Sanders et al., 2024b, p. 201) to be successful. This
requirement for hardship likely compounds with identity-related stressors experienced by people with historically mar-
ginalized identities, who experience added stressors due to underrepresentation and microaggressions (Cross
et al., 2021; Negi et al., 2019). Studies focused on engineering students specifically have found high rates of stress and
mental health disorders (Danowitz & Beddoes, 2018; Jensen & Cross, 2021). Other studies have found engineering stu-
dents to report lower measures of flourishing (Healthy Minds Network, 2023; Healthy Minds Network, 2024) and help-
seeking (Armstrong et al., 2022; Miller et al., 2022) when compared to other university students.

4.2 | LLMs can reproduce harmful aspects of engineering culture
As mentioned in previous sections, LLMs reinforce hegemony and Western values (Bender et al., 2021; Muldoon &

Wu, 2023). Research has exemplified this hegemony from engaging with biased LLMs (Bano et al., 2025) as reinforcing
important decisions such as hiring decisions (Nakano et al., 2024) and influencing career exploration (Due et al., 2024).
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Given the existing norms and biases toward a culture of stress in engineering education, it may be possible that
engaging with Al use in engineering education and EER may further reinforce these problematic cultural narratives.
LLMs regenerating biases or ideals that reflect certain norms not only limit the knowledge obtained from conducting
research but also can reinforce institutional pressures and environments that undervalue and harm marginalized
populations within engineering.

5 | THEORETICAL FRAMEWORK:IDEALIZED WORKER

Acker's (1990) conceptualization of gendered organizations posits that organizational structures are not gender-neutral
but are instead undergirded by assumptions aligned with dominant forms of masculinity. These assumptions are pre-
sent in organizational structures, including job expectations and daily practices (e.g., always available and unencum-
bered by caregiving responsibilities). Subsequent scholars have applied this theory of gendered organizations to various
contexts, including gender segregation within government jobs (Bjork & Hirenstam, 2016; Shelley et al., 2011), early
childhood education (Sargent, 2005), and clinical research trials (Cottingham & Fisher, 2022).

Acker's work was later examined through the lens of Pawley's (2019) and Smith's (2005) conceptualizations, which
describe organizations as institutions that structurally enforce conformity to the idealized worker. This “idealized
worker” is someone who embodies many social privileges (e.g., a non-first-generation, cisgender, heterosexual, White
man from a socioeconomically advantaged background) (Pawley, 2019; Smith, 2005). Sallee (2012) used the theory of
gendered organizations and idealized workers to explore how male faculty as fathers balance work and home responsi-
bilities and the structures and policies that influence how fathers divide their time between home and work.

The relevance of this framework to the present study lies in its ability to reveal how pressures to conform to an ide-
alized worker model systematically marginalize those with different lived experiences. The idealized worker experi-
ences the least pressure to conform since they have the experiences that the institution is designed to support. These
pressures to work, think, and behave in certain ways do not consider how people think and work differently. Examples
of this include working overtime and being rewarded and praised as well as being “on-call” for emergencies or per-
ceived as always available (Gray et al., 2019; Sallee, 2012). These assumptions can disproportionately impact individuals
who do not fit the ideal worker mold, such as those with caregiving responsibilities or disabilities. To understand the
pressures to conform, we must understand both the idealized worker and the structural forces that reproduce this pres-
sure to conform. For example, structural forces such as mandatory in-person working hours reproduce the idea that
workers can give all of their time to work within certain hours of the day and have no other responsibilities, such as
caring for children or family members, that may affect working hours. Examining institutional pressures that marginal-
ized individuals experience leads to a deeper understanding of the ways in which cultures, such as engineering stress
culture (Jensen & Cross, 2021), are developed and sustained.

This study draws on the concept of the idealized worker to examine whether LLMs, when prompted to generate
qualitative data about engineering education, tend to reproduce narrow and exclusionary norms and representations of
who belongs in engineering. If Al is able to meaningfully reproduce experiences of marginalized individuals in engi-
neering, then it may meaningfully provide assistance with describing barriers to equity. However, if AI tends to repro-
duce narrow, idealized representations of who belongs in engineering, then using AI without critical reflection may
unintentionally validate and perpetuate the cultural norms that contribute to the marginalization of those who do not
fit that ideal. By applying Acker's framework to LLM-generated content, this study critically examines the extent to
which AI models replicate institutionalized norms of belonging and excellence in engineering. This theoretical lens
foregrounds the importance of identifying not only what narratives are reproduced by LLMs but also whose experiences
are omitted or flattened in the process, raising broader questions about the risks and responsibilities of using Al in qual-
itative educational research.

6 | RESEARCH QUESTIONS

In this study, we compare conversational data generated with a widely available LLM (ChatGPT) with multi-
institutional qualitative interview data collected from students and faculty in engineering education. Guided by the the-
oretical lens of the idealized worker and a critical orientation toward Al in qualitative research, we explored the fol-
lowing research questions:
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RQ1. What are the affordances and limitations of using LLMs to generate qualitative data in engineering edu-
cation, based on similarity-difference comparisons with semi-structured human interview data?

RQ2. In what ways might LLM-generated qualitative data reproduce and reinforce dominant cultural narra-
tives in engineering education, including those related to the idealized worker and the dominant narrative of
high stress in engineering?

7 | POSITIONALITY

Our research team's interest in this topic originated from a concern about the potential to reinforce high-stress
cultures within educational settings. This is informed by our diverse experiences across research, instruction,
and advocacy work. Several team members are attuned to the normalization of high stress within engineering
and are concerned about Al's potential biases, particularly regarding marginalized identities. One team member
brings specific expertise and conducts research on Al, enhancing our understanding of the technology's ethical
and technical complexities; moreover, all members have had prior interactions with various AI models and feel
keenly aware of their growing presence within society at large. We approached this work with varied levels of
familiarity and skepticism toward the utilization of AI, shaped by experiences such as prompt engineering,
instructional applications, and examining bias in medical AI—all of which reinforce our critical perspective on
interpreting Al outputs. Our prior experience in qualitative and quantitative research supports us in balancing
methodological rigor with caution around AI's limitations. Positional differences within our team allow us to
recognize the unique dynamics between students and faculty. We are mindful of how our identities, especially
those associated with privilege, shape our communication and disclosure choices, aiming to center the well-
being of marginalized groups. Through this positionality, we acknowledge how our backgrounds shape our per-
spectives, which thereby enables us to engage more ethically and critically with our research on AI in educa-
tional contexts (Secules et al., 2021).

8 | METHODS: OVERVIEW

We used a structured approach to compare two sets of existing qualitative interview datasets with conversational text
generated from ChatGPT's 40 LLM. The interview datasets included 38 interviews with engineering students and engi-
neering faculty in the United States around topics of stress and wellness. After conducting the initial phase of analysis,
we conducted a second phase of analysis using new data generated from ChatGPT's 40 LLM. In summary, we con-
ducted two phases of analysis: (i) a comparison between Al-generated and human-generated interview transcripts, and
(ii) a content analysis of Al-generated data across varied persona demographics. We first present the Phase 1 methods
and results followed by the methods and results of Phase 2. This research was approved by the focal institution's Institu-
tional Review Board (HUM00254875 for the University of Michigan).

9 | METHODS: PHASE1

The first analysis was a qualitative comparison between the Al-generated data and the human-generated interview
transcripts to identify the remaining differences between these two data sources. Uncovering the differences between
the Al- and human-generated data serves to highlight the affordances and limitations of using LLMs to generate quali-
tative data in engineering education.

9.1 | Participants and interview data
The data used for comparison with Al-generated data were transcripts from interviews with engineering undergrad-

uate students (n=14) and with engineering faculty (n=24) in the United States. We conducted the interviews
between 2021 and 2023. The original interview protocols used a semi-structured format and discussed topics
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centering on wellness, coping, mental health supports, and stress in engineering. Questions from each protocol are
presented in Appendix A.

Participants included faculty from 17 institutions, and the undergraduate engineering students all were enrolled at
one institution. Participants were not intentionally stratified by demography and included people who identified as
White, Black, Asian, Middle Eastern or North African, and from India or the Indian Subcontinent. Participants were
nearly half men and half women. More information about these participants and studies is available in the related fac-
ulty (Jensen, Sanders, et al., 2023; Johnson et al., 2024; Sanders et al., 2024a, 2024b) and student (Sanders et al., 2025)
study publications.

9.2 | Aldata generation

We used the most advanced model of the most commonly used text Al-generation service available at the time of this
study, namely ChatGPT's 40 model web interface (July-October 2024), to produce all Al-generated data for this
study. ChatGPT's 40 model used training data up to October 2023 (OpenAl Platform, 2024b). This model was chosen
to allow for the most transferability of our findings to other researchers—although findings may also transfer to
other LLMs—and to ensure the results reflect the current state of the art in accessible, high-performance language
models. While the model does maintain multimodal capabilities, GPT-40 matches or exceeds other accessible options
(e.g., GPT-3, GPT-4) in core text-based benchmarks, offers greater speed and cost efficiency, and generates more con-
versationally toned outputs (OpenAl Platform, 2024a; Shahriar et al., 2024). These features made it particularly well
suited for scalable, text-focused research workflows while maintaining relevance across a range of academic and
applied contexts.

Our goal was to engineer and identify a prompt which uniformly generated data that was similar to the aggregate
human responses. By “aggregate,” we mean the combined set of responses from all participants for each question,
embodying representative patterns. We then applied this prompt to the interview questions and compared the gener-
ated output to the interview responses. When designing the prompt, we asked the Al to generate a summary of possible
responses for this analysis for convenience.

We used an iterative approach to develop and refine the prompt used to generate the AI data, considering an
array of prompting strategies highlighted by Sahoo et al. (2024). This entailed initially prompting the AI to answer
questions from the semi-structured interview protocols we used for the student and faculty interviews (refer to
Appendix A). We then compared the Al-generated answers to the interview data and identified differences between
the Al-generated output and the human-generated interview transcript data. For example, in an early iteration of
the prompt, the AI response resembled the entirety of the remainder of an imagined interview. The AI response
included the answer to our question, and then it continued to also include several other similar interview questions
and their responses. We were only interested in the response to the question asked and so tested various prompt
phrasings until the Al-generated response contained only answers to the intended question. Based on these
observed differences between the Al-generated data and our human-generated interview data, we varied the
prompt structure to more closely align with the structure of the responses in the human-generated data. We con-
tinued to iterate in this manner until we found the following prompt-generated data that was closest to our inter-
view data.

Please respond to this as an engineering faculty member in the US. The faculty is in the middle of an
interview. Only give the faculty's response to this question. - 1. [Question].

Please generate a list of the answers that you think 4 different (2 women and 2 men) engineering faculty
members in the US might give.

Then, after generating the 4 responses. Create a bulleted list summary of the key points people shared

Keeping all components of the prompt as a single prompt (e.g., entering all of the information in the textbox
and then sending it to ChatGPT) instead of separating it into consecutive prompts provided the best application of
data within the prompt. For example, if we included demographic information about the persona in prompt 1 and
then asked the AI to answer a question in prompt 2, we observed that the second generated answer would include
much less demographic-specific information in the persona response than if everything was combined into one
prompt.
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The following points describe each aspect of the prompt, a description of the prompt, and our reasoning:

« “engineering faculty member in the US™: This is the persona descriptor applied for “who” is answering the “interview
question.” We varied this according to which persona we were interested in answering the question. So, when gener-
ating data to compare with the student interview, we instead used “engineering undergraduate student in the US.”

« “The faculty is in the middle of an interview.”: This prompted the Al to generate responses that were more often in
paragraph form with full sentences rather than a bulleted list. This also encouraged the Al to share generated stories
if asked later. For example, the faculty-protocol question “Have you had an interaction with an undergraduate engi-
neering student regarding any mental health issues?” resulted in short example stories of when the imagined faculty
members had interacted with students (example included in Appendix B).

« “Only give the faculty’s response to this question.” If not specified, the AI would sometimes generate the rest of the
interview, including the questions the interviewer would ask. Since we did not want this, we included this phrase to
shorten the Al response to only the answer to the question asked.

« “1.”: We found that numbering the question response (e.g., instead of formatting such as quotation marks) was most
effective in generating the expected information. This preference for numbers indicates that the data used to train the
Al may have contained numbered questions instead of questions demarcated by quotation marks (White et al., 2023).

+ [Question]|: We replaced this with the interview question we wanted answered.

+ Including line breaks within a single prompt: We found that separating the requests within a single prompt with a
line break helped the AI recognize each request as a separate item. Otherwise, the Al would sometimes skip part of
the prompt.

« “Please generate a list of the answers™: This instructed the AI to generate multiple responses with a single prompt
request. This saved the researcher time and did not seem to impact what responses the AI generated.

« “4 different (2 women and 2 men) engineering™: This request varied the answers the Al generated to the prompt based
on the demographic information provided. We found this addition to be most effective when there was only a small
amount of demographic information provided, or the Al would generate responses that aligned more with stereotypes.
Prompting minimal demographic variation—in our case gender—seemed to widen the types of responses the Al gener-
ated. Demographic variables that are and have been widely used seemed to prompt less stereotyping in their responses.
So, for example, we did not include nonbinary identities in this response, even though we included other gender identi-
ties. It seemed that the more marginalized the identity/ies included in the response, the more strongly the AI generated
a response that focused on marginalization along these identities (explored more in Phase 2, Sections 11 and 13). We
encourage considering an approach of varying demographic identities when generating prompts.

« “engineering faculty members in the US”: We repeated this demographic description of engineering faculty, even
though it was specified in an earlier part of the prompt. We found that, even though ChatGPT is capable of retaining
information from previous prompts (White et al., 2023), it was significantly more effective to include the persona
directly next to each question. That is, the AI generation tended to give more descriptive and specific answers, which
we desired, if the persona descriptions were repeated.

« “Then, after generating the 4 responses. Create a bulleted list summary of the key points people shared.”: This pro-
mpts the AT to summarize the generated responses into a bulleted list. We found this list to often be a reasonable
summary of the four responses, and we referenced this list when comparing results.

We occasionally explored additional demographic identities in our prompting. These explorations were limited in
scope for the project, but we have included a few additional explorations to expand the results. When relevant, this
additional prompt modification is described in the results. Although it is possible to have a continuing “conversation”
with the AI, we chose to generate a new session for each question we asked because doing so reduced the variability in
responses. Additionally, we disabled features within the web interface for ChatGPT that carried information from one
prompt session to another, which are otherwise enabled by default. Disabling this feature instructed ChatGPT to
“forget” prior instructions and interactions from previous sessions.

9.3 | Comparison and analysis of AI- and human-generated interview data

The first and second author completed independent analyses to categorize the similarity in content of AI- and human-
generated responses for each interview question into three categories: (i) similar by more than 90%, denoted “High
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Similarity”; (ii) similar by more than 50% but less than 90%, denoted “Moderate Similarity”; and (iii) similar by less
than 50%, denoted “Low Similarity.” We chose to bin these responses broadly on the basis of similarity (i.e., above 90%,
between 50% and 90%, and less than 50%) to increase the likelihood that the responses would remain in the same cate-
gory when session-to-session variation (i.e., the AI responding slightly differently when asked the same question
another time) was considered.

Some human-generated interview responses, particularly in the faculty interviews, elicited very specific stories. If
we compared each human response individually to the Al-generated responses, the specific stories would significantly
differ because the Al-generated responses tended to be broader. Similar deficiencies in the depth and specificity of
Al-generated responses have been found in the context of English literature (Amirjalili et al., 2024) and computational
linguistics (Ma et al., 2023). However, when the human-generated responses were taken in aggregate and compared
with the Al-generated responses, we sometimes found more similarities to the Al-generated data. There were three
questions in the faculty interviews where several respondents answered with “I don't know.” When aggregating
responses, we binned “I don't know” responses into the “more than 50% but less than 90%” category (i.e., “Moderate
Similarity”) because this uncertainty mimicked the generalized and non-committal nature of the Al-generated
responses, thereby aligning more closely with the model's tendency to provide broad, less definitive statements.
We have indicated these responses with an asterisk in Table A1, Appendix A.

The first and second author compared the data using slightly different methods, informed by their familiarity with
the data. The first author was familiar with all human participant data before this study and had been the lead analyst
regarding the prior human-generated data (Jensen, Sanders, et al., 2023; Johnson et al., 2024; Sanders et al., 2024a,
2024b, 2025). Since the first author was familiar with the human interview data, she compared Al-generated output to
the aggregate responses of the individual questions using post-thematic analysis spreadsheets (Braun & Clarke, 2006)
and resulting publications. The second author was new to the human-generated data, and he compared the Al
responses to each human participant's response. He primarily analyzed the transcripts (for faculty) and available sum-
mary spreadsheet (for students) for the data. The second author qualitatively categorized the agreement between each
Al and individual human responses as high, low, or moderate. Then, based on the frequency of high, moderate, or low
agreement per question, the second author categorized the response for the relevant question into the three bins,
demarcated by 90% and 50% similarity as described previously. The two researchers then discussed and reached a con-
sensus on the analysis (Campbell et al., 2013). This process is outlined in Figure 2.

Faculty Interview Data
Data

Summary
spreadsheets

(sheet = topic, LLM output

of faculty Comparison resulted in
“interview” three categories

row = quote,
column = quote
content)

Jo_urni_-ll High Similarity
RQ1 - publications

Moderate Similarity

Compare
answers

Student Interview Data
Low Similarity

Compare
Summary answers LLM output FAN
spreadsheets of student
(column = “interview”

guestion,
row = student) Systemic Stereotyped
bias personas
— \D‘a{\o
et et
u
pres®

FIGURE 2 Methods summary for Phase 1.
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10 | RESULTS: PHASE1

When we compared the Al-generated data to the human-generated student and faculty interview data, we found that
most responses contained similar information. Of the 30 questions asked to students and faculty, seven questions con-
tained very similar information. Twenty question comparisons contained similar information, and three contained dif-
ferent information. We describe “High Similarity” information as information that overlapped in content or meaning
by approximately 90% or more. “Moderate Similarity” questions overlapped by at least 50%, while “Low Similarity”
responses contained less than 50% similarity. In the less than Moderate Similarity output, we identified multiple
instances of the Al-generated responses stereotyping the output, which is further explored in Sections 11 and 13 (Phase
2). A summary of these Phase 1 results is presented in Table 1.

10.1 | High similarity

The seven very high similarity questions involved requesting definitions (How do you define stress? What does wellness
mean to you? Is stress different from anxiety? Depression?) or common experiences that are experienced by many
people (How do you notice when you are stressed? Who are the people you turn to for support when you're feeling
stressed? When you feel these stressors, how does that relate or not relate to feeling in control? Do you think faculty
members, like yourself, have a responsibility to intervene when you suspect a student is struggling with mental health
or wellness?).

For example, when answering the question “How do you define stress?,” half of the students described feeling over-
whelmed, with several also describing feeling pressure, physical symptoms (e.g., a weight on their shoulder, migraine,
sweaty palms), and feeling anxious. The Al-generated responses similarly described feeling overwhelmed, pressure and
tension, prioritization changes, physical and mental effects, and emotional impact such as worry.

Similarly, when we asked students who they turn to for support when they are feeling stressed, most described
turning to friends in their major for class-related support, friends outside of their major who lived close by for emo-
tional support, and family. Students also described partners, faculty and staff mentors, affinity groups, and other friends
as people they turn to for support. The Al-generated responses also highlighted these stakeholders, although the Al
response de-emphasized friends who lived close by and affinity groups and explicitly mentioned campus counseling
centers as occasional sources of support. Although counseling centers were not present in student answers to this ques-
tion, several students described campus counseling centers elsewhere in their interview with both positive and negative
experiences.

The high degree of similarity between the AI- and human-generated responses to these definitional and common
experience questions suggests that AI may be a useful additional tool in protocol design. Researchers may not be able to
guarantee a priori which answers will be most similar to participants’. However, researchers may use Al output
to check for semi-structured and structured protocol flow, in addition to the regular methods of pilot testing.
Researchers may use Al to increase protocol flow by arranging questions so that the previous question's response relates
to the next question in the protocol. If using AI in this way, we recommend remaining critical of the tendency of Al to

TABLE 1 Summary of results for Phase 1.

Comparison

category Description Example question

High Frequently similar response if question asked for a In your opinion, is stress different from anxiety?

similarity definition

Moderate More response variation in participant response than Have you ever noticed undergraduate engineering students
similarity LLM, based on participant lived experience struggling with mental health issues?

Low LLM tended to describe systemic change over If you had a magic wand and could change any of these
similarity participant change situations that cause stress, what would you do?

Low LLM tended to stereotype response more often than How are you similar or different from this “typical”
similarity participant engineering student?
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stereotype and thus considering methods to ensure the protocol flow allows flexibility for less common experiences to
be recorded during the interview.

10.2 | Moderate similarity

Most responses (20 of 30 protocol questions) contained information that was similar in content (Moderate Similarity)
but not as aligned as the High Similarity category. These questions tended to request the participant to describe their
opinions (What typically causes..., How do you think stressors and supports will change or stay the same...,, What
comes to mind when...) and their own experiences (Have you had an interaction with..., Have you noticed undergrad-
uate engineering students..., Can you describe things you have learned...). Two primary underlying patterns emerged
from these responses: (i) Participant responses tended to vary more than Al-generated responses. This is contrasted
with later Section 10.3 (Low Similarity: Systemic bias in Al data) where Al-generated data included significant variation
not included in participant responses. (ii) The Al-generated data did not default to including as wide a variety of bar-
riers to supporting mental health as the participants identified in their interviews.

Participants’ lived experience often seemed to impact their responses to the interview questions in ways that the
Al-generated did not default to considering. A clear example of this participant-response variation was present
with the faculty-protocol question “Have you ever noticed undergraduate engineering students struggling with
mental health issues? What does that look like to you?” The AI responses included recognizing exhaustion, with-
drawal, and perfectionism, and when recognizing this, trying to create a safe space, flexible deadlines, and
directing students to mental health resources on campus. Faculty participants generally responded similarly, but
some responses fell outside of this range. For example, Max described feeling skepticism when students shared
their mental health struggles, sharing that they were unsure “whether they are telling me [about their] struggle, or
theyre trying to exploit the situation to get more time.” This skepticism was not present in the Al-generated
responses. On the other end of this example spectrum, Audrey described a specific experience supporting a student
who was severely struggling with their mental health. Audrey's engagement helped the student access mental
health supports that were beyond what their university's counseling center was capable of providing. Similarly, in
the student interviews, student struggles, for example with finances, were present in the interviews but not in the
Al-generated responses.

Al-generated responses also defaulted to incorporating fewer barriers into their response. In addition to financial
barriers, student-described barriers included a lack of resources at their counseling center, getting incorrect information
from faculty advisors, and a lack of options or awareness of options from their tutoring, financial, and career services.
Similarly, some faculty participants described their students’ limited access to mental health services or administrative
pressures that did not support student mental health (Sanders et al., 2024b). AI did describe barriers from competitive
culture and stigma as well as the cost of education and uncertainty of job prospects.

In the analyzed student interview data (Sanders et al., 2025), we found that some participant demographic identi-
ties, such as low income, were explicitly described as related to some of the barriers they experienced (e.g., constantly
searching for financial aid). Other marginalized identities, such as participant LGBTQ+ identity, were not described as
salient to the barriers that participants experienced. This variance in identity-related barriers is interesting because
approximately half of the participants identified as LGBTQ+, and LGBTQ+ inequality is present in engineering educa-
tion (Cech & Rothwell, 2018). With this post-interview knowledge of salient demographic identities, we explored addi-
tional AT prompt output. When we prompted the Al to describe barriers for students with specific backgrounds, the AI-
generated content included information that was missing from prior generic “engineering student” stresses. For
example, when prompted to describe barriers for low-income engineering undergraduates in the United States, the AI-
generated response included students “may feel overwhelmed by the process of applying for aid or discouraged by
bureaucracy,” which was one of the missing components from earlier prompts. We found that the AT did not by default
“assume” that a student may be from a low-income background, which may indicate idealized worker assumptions of
who students are, where they come from, and what they need. We explored implications from this result in further
detail in Sections 11 and 13 (Phase 2) of the analysis.

These results suggest an affordance of using Al to test an interview protocol and draft ideas for how participants
may answer. A limitation of this process is that the Al-generated responses may not vary as much as participant
responses, and the Al-generated responses may not recognize barriers that are present in participants’ experiences.
Additional barriers participants experience may be explored with AI by varying participant demographic identities.
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However, this may not replicate participant responses and may lead to stereotyping participant responses. This
stereotpying is further explored in Section 10.3 (Low Similarity: Stereotyped Persona Descriptions) and Sections 11 and
13 (Phase 2).

10.3 | Low similarity: Systemic bias in AI data

While most Al-generated responses were generally similar to participants’ aggregate responses, this similarity did not
hold for three questions. These three questions are discussed in more detail in this and the following sections. The first
question asked students to describe an ideal future scenario (“If you had a magic wand and could change any of these
situations that cause stress, what would you do? How would you change them?”). This question occurred toward the
end of the interview, after students had discussed several situations when they felt stress as well as who they turned to
for support. We found that Al-generated responses tended to be more aware of systems of power than some student
responses. The Al-generated responses often described strategies and solutions that entailed larger systems changes, for
example, changing to growth-focused grading and implementing career pathway programs. In contrast, students who
participated in the original interviews were more likely to internalize problems as stemming from their own abilities.

This question was intended to creatively engage the student participants with envisioning a different future. Student
responses fell into three categories, with approximately one-third to one-half of students falling into each category.

The first category followed a pattern of: I would change “x,” but that would fundamentally change “y.” The most
common example of this described the student making school easier in a capacity, but then expressing a concern that
they would not learn the content. For example, Sumaya shared, “I'm tempted to say I would get rid of the lab report...
but, ... I know ultimately the professors are trying to help us learn, help us become better academics.” This pattern of
change addressed the immediate stressors the students observed, but they did not creatively replace elements of their
system to ultimately reach the same goal.

The second category of change addressed something within the students themselves. For example, increasing their
own management skills, increasing their ability to understand concepts more quickly, or knowing what will happen in
the future. Bridie shared, “Realistically, I'd just be able to understand concepts and like study easier.” Similarly, Lois
shared, “I would just poof up skills, stress management skills in me, I guess, because is there really a world without
stress? No, there isn't.” These responses were grounded in changing the students’ own abilities. While learning skills
can often be challenging, it can still seem more attainable at times than changing larger systems such as university
policy.

The third category of how students answered centered more on sources outside of themselves, some of which
were systems-oriented. These commonly included changes to teacher actions such as curving lab assignment grades or
“finding teachers who... very much love what they're teaching.” Systems changes included students having more money,
departments advocating more for their students, and shorter wait times for on-campus mental health counselors.

Al-generated responses exclusively described responses that were closer to changing norms or systems. These
suggested changes included (i) spreading course deadlines more evenly to reduce student burden at a specific time;
(ii) increasing communication between departments to improve coordination and scheduling; (iii) increasing trans-
parency in project requirements and grading; and (iv) implementing “better systems” to divide group project work
and assess contributions. When prompted for details, the AI provided examples such as centralized scheduling
between department classes, a department-wide calendar system for entering major deadlines, or using specific peer-
evaluation software. These responses are outside of the scope of what students suggested in their responses. These
responses also did not include a description of likely limitations, such as available funding, to implementing these
changes.

Key takeaways from these results are that participants tended to most often focus on changes that were within their
control, although systems-level changes are often needed to enact lasting change (Braithwaite et al., 2018). This phe-
nomenon has implications for recognizing opportunities for systems change. People within a specific system may be
more aware of barriers. They may also not have as much access to tools or knowledge to ideate potential change possi-
bilities. Cross-disciplinary or cross-experiential knowledge may be supportive of change efforts (Loughman et al., 2000).
A potential affordance of broad-data Al-generated qualitative data is that it may provide value in brainstorming possi-
bilities, for example for systems change. Since the basis for training the broad-data AI LLM includes a wide range of
sources, thoughtfully including critical, change-oriented sources, including Al generation in brainstorming, may pro-
vide insights that may not occur to engineering educators.
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10.4 | Low similarity: Stereotyped persona descriptions

The second two questions that resulted in Al-generated output that was dissimilar to our data were both questions that
indirectly requested that the AI describe an average “other” (e.g., describing a “typical” student, asking how the partici-
pant is similar or different to other students). While both questions’ output differed from the participant responses, one of
the AT responses generated data that strongly described marginalization along a single dimension of identity. We further
explored this phenomenon by varying the persona prompts for the Al-generated data (i.e., Phase 2, Sections 11 and 13).

The first of these two questions asked, “How are you similar or different from this ‘typical’ engineering student?”
Student responses varied widely in describing how they were different, for example, describing themselves as a com-
muter, first generation, being an extrovert, or being artsy. The Al response included similarities to the student responses
such as motivated and collaborative. However, the AI responses included describing that the stereotypes of “engi-
neering students being introverted or antisocial” are untrue and that most students are “are active in clubs or research”
and that “most people are pretty collaborative.” These participant and Al responses indicate that they are both aware of
similar stereotypes of engineers. However, the participants described these stereotypes as the norm, whereas the Al
responses rejected these stereotypes as untrue. This somewhat contrasts with later results in this section that describe
the AT as leaning into identity stereotypes.

The second of these two questions was, “Of the stressors and supports you described, which ones do you think are
similar and different to other students in your department?’ This question prompted the AI “student” to generalize
about which of their experiences were similar and different from other students in the department. This differs from
the other responses generated, since this question prompts the Al to broadly generalize rather than generate a specific
experience.

When generating a response for this second question, the Al-generated content frequently and commonly focused
on the demographic variation we provided as part of the prompt. This focused on a single dimension of the student and
significantly simplified and reduced the breadth of the students’ answers in a way that was dissimilar to other responses
generated using the same prompt structure (e.g., other responses we generated).

Both the women and men persona responses answered this question with content focused on women's lack of
belongingness. For example, women personas described “what might be different for me is the added stress of not
feeling represented as a woman in engineering” and “I feel like I'm dealing with a lot more imposter syndrome com-
pared to some of my male classmates.” Men's personas included “I have more people I can relate to in class and during
projects, which I think is a bit different from what some female students might experience.” and “It seems like some of
my classmates, especially women, don't get as much encouragement in that area, which I think is a major difference.”
These responses paint women students in engineering as feeling alone and left out of engineering. While lack of belong-
ingness is a phenomenon that occurs in engineering (Benedict et al., 2017; Pearson et al., 2018; Rohde et al., 2019), stu-
dents have much deeper and more nuanced lives beyond only this.

Over half (8 out of 14) of the students we interviewed identified as women, but none of the students we interviewed
described a gender-based lack of belonging as a way they felt different from other students in their department. Some
students who described feeling less belonging attributed this to commuting or navigating financial stressors rather than
gender. Other students described feeling particularly close with family or less able to rely on family for support. Yet
other students described feeling particularly more stressed or less stressed as a way they felt to be more unique. Both
men and women interviewed described these sorts of varied experiences, but this variation was not present in the AI-
generated response. The gender stereotypes in the Al response were likely reflective of the prompt instructions to pro-
vide responses for women and men. To further explore underlying stereotypes present in the model, we varied the per-
sona prompts and explored the output.

11 | METHODS: PHASE 2

We explored the stereotyped persona results from the previous section in more detail to uncover ways that LLM-gener-
ated qualitative data might reproduce and reinforce dominant cultural narratives in engineering education, including
those related to the idealized worker and the dominant narrative of high stress in engineering. To further explore the
reproduction of these dominant cultural narratives, we conducted a content qualitative analysis of 20 Al responses gen-
erated for each of three different personas informed by our framework. These three personas (generic, powered, and
multiply marginalized) are described in the following section.
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11.1 | AI data generation

The question selected to generate these Al data was “Do you think faculty members, like yourself, have a responsibility
to intervene when you suspect a student is struggling with mental health or wellness? Why/Why not?”” This question
was selected for two reasons: (i) The Al-generated response fell in the “High Similarity” category, meaning the AI had
responded similarly enough that there was interesting alignment, and so resulting variation was likely from the intro-
duced demographic personas. (ii) This question's response is one that had previously been more deeply and thoroughly
analyzed (Sanders et al., 2024b). Since a thorough analysis of this human data was available and had been performed
by the first author, using this question strengthened the quality of this analysis:

Please respond to this as a [persona descriptor] member in the US. The faculty is in the middle of an inter-
view. Only give the faculty's response to this question. - 1. Do you think faculty members, like yourself,
have a responsibility to intervene when you suspect a student is struggling with mental health or wellness?
Why/Why not?

Please generate a list of the answers that you think 20 different [persona descriptor | members in the US might give.

The three personas were inserted into the prompt at the [persona descriptor]. We selected these personas based on
our theoretical framework of the idealized worker, which posits that people who embody many social privileges experi-
ence the least pressure to conform.

« Persona 1: The “default” or “generic” persona, which we described in the prompt as “an engineering faculty.” This
had no additional persona specifiers, and so this data is an example of the default generated output.

« Persona 2: the “powered” persona, which we described in the prompt as “a white able-bodied straight cisgender engi-
neering man faculty.” Since people with these identities often hold many social privileges (Pawley, 2019), including
these identities in the comparison is important for understanding the impact of the idealized worker in this context.

» Persona 3: the “multiply marginalized” persona, which we described as “a Black disabled LGBTQ+ woman engi-
neering faculty.” Our theoretical framework describes that people with marginalized identities experience a more
explicit and identifiable process of enculturation. We use “multiply” instead of “multiple” marginalized identities to
indicate the compounding nature of this marginalization. We were interested in whether any of these processes of
enculturation may be evident in the Al-generated data.

We generated 20 responses for each persona because we found that the content variation was repeating (i.e., we
reached saturation) with 20 responses. Example responses are included in Appendix D.

11.2 | Content analysis of Al-generated data with persona variation

The first author thematically analyzed these data (Braun & Clarke, 2006) using an abductive approach informed by a
priori knowledge from previous work (Sanders et al., 2024b) as well as patterns found in the Al-generated data,
described in Figure 3. The second author independently coded the responses using the initial codebook generated in

LLM-generated output

1 question Further exploration,
+ 3personas From Phase 1 “Stereotyped Personas” Results
* 20responses per persona

- Higher student support, lower care and empathy

ed” perso < Lower student support, lower care and empathy

RQ2 =

“Multiply marginalized” Higher student support, high care and empathy

persona

FIGURE 3 Methods summary for Phase 2.
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Image of Diagram of Phase 2 methods summary. These methods align with RQ2 and begin with one group of data. (1) LLM generated output. This output consisted of one question, applied with three personas, with 20�responses generated per persona. This phase resulted from further exploration from Phase 1 ``Stereotyped Personas.'' Three personas and their corresponding data are as follows: Generic (Result: Higher student support, lower care and empathy), Powered (Result: Lower student support, lower care and empathy), and Multiply Marginalized (Result: Higher student support, high care and empathy).
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the first author's first pass and wrote memos describing potential codebook changes. The two researchers then dis-
cussed their analysis and reached a consensus (Campbell et al., 2013) in the codebook presented in Table C1 of
Appendix C.

12 | QUALITY

In considering Walther et al. (2013)'s Qualifying Qualitative Research Quality (Q3) framework, we observed sev-
eral tensions with key quality considerations. These tensions existed with the AI variability, open-endedness of
design possibilities, and rapid change that generative AI development is continuing to undergo. Exemplifying
this environment of rapid change, new LLM releases often shift model behaviors in ways that directly affect the
reproducibility and stability of findings, underscoring the importance of systematically validating our approach
using established frameworks such as the Q3 framework (Reeping et al., 2025). A natural tension existed in
both process reliability (e.g., process consistency) and procedural validation (e.g., design choices that result in
Al data similar to the human interview data) with regard to the variability present in the Al-generated data.
This variability was present in designing the prompts used in Phases 1 and 2 to generate data, because seem-
ingly innocuous changes in the prompt could result in significant changes in the output. We iterated on the
design and consulted with field experts on our advisory board for prompt design ideas to mitigate the
variability.

13 | RESULTS: PHASE 2
13.1 | Exploring stereotyped persona descriptions: LLM persona comparisons

Results from the content analysis of Al-generated prompts described a trend of multiply marginalized persona output
indicating more care and empathy and a powered perspective indicating more uncertainty and discomfort in supporting
student mental health. Code frequency counts are presented in Table 2. Each number describes how many of the
20 responses generated for that persona had the relevant code applied. Responses that were the most different from
the generic persona are of the most interest, as these are most likely to indicate a consistent trend in the Al-generated
output.

Clear patterns emerged displaying the persona effect in the Al-generated data. Overall, the multiply marginalized
persona was portrayed as describing increased care and empathy when compared to the generic and powered personas.
The powered persona was more similar to the generic persona with regard to expressed care and empathy, but the
powered persona described more instances of seeming uncomfortable or unsure if supporting student mental health
was part of their role as faculty. All persona responses frequently included directing students to mental
health resources, being available for student conversation, and holistically recognizing that students have needs outside
of only academic needs.

The multiply marginalized persona described more instances of emphasizing creating a culture of care for students
(twice as frequently as the generic persona). The multiply marginalized persona described that students from diverse
backgrounds may experience different challenges in 30% of responses. For example, sharing, “In my experience, stu-
dents from marginalized backgrounds often feel isolated.” This awareness of diversity in students’ lived experiences was
not described at all in either the generic or powered personas.

Conversely, some faculty in our human interviews who held more traditional powered identities described rec-
ognizing that students’ differing experiences inherently impact them differently. An example of this, faculty Mark
shared:

One thing we are also talking about is [how] mental health issues could look different based on your expe-
riences, both in terms of diversity, equity, and inclusion. So, trying to see how that looks like, for instance,
if someone's working two jobs. And, I never had to work two jobs to get myself in college. (Mark, faculty
interview)
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In this description, Mark, who did not have an experience of working two jobs in college, described an awareness that
students’ financial needs negatively influencing their mental health. With this example, Mark demonstrates an aware-
ness of others' struggles, despite not having personally experienced those struggles. This awareness exemplifies nuance
that was not clearly exemplified in the Al-generated answers.

The powered persona differed from the generic one in that it included responses indicating uncertainty and discom-
fort in how to support student mental health. As an example persona response, “We should be aware, but we shouldn't
intervene directly. It's important to respect their privacy and boundaries.” Our faculty interview participants also
expressed discomfort, uncertainty, and a desire for increased training, which was a primary finding of our faculty inter-
views (Sanders et al., 2024b). However, in the human interviews, this discomfort was not siloed to faculty with powered
identities. Similar to the example above with an awareness of difference, our participants' experiences and viewpoints
were more varied and nuanced than the Al-generated text.

To further explain the phenomena of Al-generated text lacking the breadth and nuance of lived experience, and
thus perpetuating stereotypes, we generated Figure 4, which describes the data flow using broad-data LLMs to generate
data. The experiences represented on the left include the full qualitative dataset that is collected as part of a study, con-
taining nuance and human complexity that benefit qualitative analysis. The middle portion of the figure represents
qualitative thematic analysis. Thematic analysis pulls out only the solid triangle (red) from each experience in this
example. These results expand our collective knowledge of the studied phenomena. However, this analysis is often lim-
ited by human capacity (i.e., fewer participants or less complex data per participant). The LLM analysis then combines
the analyzed information (red triangle) with much more material and creates an output (right portion of the figure)
that is similar to the input (left portion of the figure). However, the gradients and variety in shape and shape placement
in the original input images are not present in the final output images. We believe this descriptively explains and aligns
with findings presented in these results, which are that similar data are present in the output but the nuance remains
limited, resulting in data stereotyping. This stereotyping limitation may be due in part to the data available for training
the LLM.

TABLE 2 Code counts demonstrating impacts in answers of persona variation.

Multiply
Powered Generic marginalized
Culture of care 5 4 9*
Diversity, equity, and inclusion (DEI) experience unique challenges 0 0 6*
Empathy from personal experience 0 0 S8
Holistic 4 6 3
Make myself available 3 6 5
Not a counselor 4 3 1
Uncomfortable 53 0 0
Not really/unsure 53 0 0
Yes, but... 6 6 5
Yes strong 9* 14 15

Note: Gray boxes and asterisks indicate responses that were different by more than five from the Generic persona response.
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FIGURE 4 Pictorial representation of data flow presented in Figure 1 to demonstrate the loss of nuance present in broad-data large-
language model (LLM)-generated text.
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Image of This flow diagram mirrors the flow diagram in Figure 1, with three segments corresponding to research data (left), AI training data (middle), and LLM output (right). On the left: four green boxes contain different shapes (triangles, circles, ovals, 4- and 5-pointed stars, trapezoids, plus signs, and hexagons), with five shapes in each box. Each shape is approximately of the same size. The shapes have color gradients that include red, green, and white, which have varying positions, directions, and so on. Except for a red triangle in each box, no shapes are repeated with the same color combination in any box. The placement of the shapes, including the placement of the red triangles, also varies in each box. This visually represents nuance in the human experience; each human or situation is itself individual and complex. Moving from the left to the center of this diagram is an arrow (left-to-right) that reads ``Thematic Analysis.'' In the middle: a set of rectangles stacked on top of each other. The top rectangle contains a green outlined box with a red triangle in the top-right corner. There is nothing else in this box, and this is the box to which the Thematic Analysis arrow is pointing. This box visually represents the output of the thematic analysis, that is, all of the analyzed experiences contained a red triangle. The other nuance from the previous boxes on the left is lost. In addition to the output of the analysis, the other boxes contain labels of ``Other �data,�'' representing other training data used in the analysis. Moving from the middle to the right: an arrow that reads ``LLM Analysis.'' On the right: two boxes that represent LLM output. These are similar to the boxes on the left in that they contain various shapes that are colored red and green; however, the right boxes have noticeable differences. Each box has six shapes instead of five, and the six shapes are the exact same shapes and almost the same placement in both boxes. Instead of most shapes having gradients, all of the right-side box shapes are a solid color, either red or green. Additionally, the two right-side boxes have a red triangle in the upper-right corner, with one of the boxes having a triangle that is significantly larger than the other shapes. This right-side box describes the lack of nuance (e.�g., no gradients), sameness (e.�g., shape position), and stereotyping (e.�g., distorted triangle size change) present in AI data.
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14 | DISCUSSION
141 | Al affordance: LLMs as a tool for brainstorming

Our results indicate promise when using LLMs as a tool for brainstorming. The Al-generated output may be useful in
brainstorming participant responses (High Similarity) during protocol creation. Additionally, Al-generated output
sometimes included significantly varied options compared to the participant responses (Low Similarity). This benefit in
brainstorming aligns with literature supporting LLM use in creativity generation (Chang & Li, 2024), particularly when
occurring after initial drafting (Kosmyna et al., 2025). In a brainstorming space, Al hallucinations are less of a concern,
as outputs are being used to generate ideas and explore creative options instead of being used as final pieces of data.
For example, a researcher may test the flow of an interview protocol by “interviewing” an LLM, checking that the fol-
lowing question builds off a previous answer and rearranging questions as needed to increase the interview flow. The
wide array of options presented by the LLM may also beneficially supplement individual brainstorming efforts for sys-
tems change. Our results indicated that some questions (i.e., definitional and common experiences) were similarly
described in Al-generated output. Although the underlying biases will continue to be present in the LLM output, a con-
scientious researcher may mitigate these biases by bringing a critical awareness by supplementing LLM output with
additional brainstorming sources (i.e., engaging with colleagues, intentionally reviewing diverse sources) and by
varying persona demographics in the Al prompt.

Additionally, students’ initial ideas for system changes seemed filtered through their perceived locus of control.
That is, they were likely to suggest changes to themselves or perceive that a wider systems change would be ineffective.
This may be related to how a person's perception of their locus of control impacts the motivation and perceptions
(Spector, 1982). Since the LLM's training data included perspectives outside of only engineering undergraduate stu-
dents, this filtering effect of a perceived locus of control was not as prevalent in the LLM-generated data, resulting in a
broader range of potential systems changes. While the LLM was somewhat likely to reproduce structural mechanisms
that enforce enculturation, it also provided value in that it generated ideas that originated from multiple fields or
disciplines.

LLMs are still inherently limited in their brainstorming capacity because of less “awareness” of systemic barriers
such as university pressure to not report a student of concern (Sanders et al., 2024b) or intersectional barriers that are
not as publicly in the zeitgeist. This is supported by literature demonstrating LLM reproductions of biases (Chen
et al.,, 2024; Taubenfeld et al., 2024). Ethically, it is concerning that LLM generation often reproduces biases, and intro-
ducing LLM content uncritically in the early brainstorming process is likely to reproduce these biases. As a tool, LLMs
can help teams to brainstorm solutions but may not be able to provide specific instructions needed for enacting cultural
change.

14.2 | AI limitation: LLMs somewhat reinforce the idealized worker

The Al-generated data was broadly similar to the parallel interview data from engineering students and faculty. It also
generally aligned with findings in engineering education literature, such as the following: engineering culture is often
considered high stress (Jensen & Cross, 2021); coursework is a primary stressor for undergraduate engineering students
(Ban et al., 2022; Jensen, Mirabelli, et al., 2023); and engineering faculty often desire to support their students’ mental
health (Sanders et al., 2024b).

Although the Al-generated data was similar to the interview data, we found the interview experiences to be more
varied and less stereotyping than the Al-generated data. The nuance that human qualitative data provides is valuable
for interpreting meaning from data and understanding human complexity (Goyes & Sandberg, 2024). Without this
nuance, results likely inequitably privilege some perspectives over others (Dengel et al., 2023; Himéldinen et al., 2023;
Roberts et al., 2024). This impact of the privileged perspective, or the idealized worker, was present in the code count
results presented in Table 2. Data demonstrated closer similarity between the institutional pressures to conform and
the default response when compared to a multiply marginalized identity. Accordingly, personas that described margin-
alized identities showed more change from the default response compared to personas that described powered identi-
ties. The data corpuses on which LLMs are constructed have been noted to possess their own social biases (Gallegos
et al., 2024; Kadan et al., 2022). Al-generated responses for powered identities also failed to show empathy or under-
standing for people who have different experiences (i.e., Phase 2), even though interview data included participants
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with similarly powered identities who were more empathetic. Thus, even when intentionally trying to introduce
response variation, responses still tended to default to idealized worker norms and failed to provide nuanced perspec-
tives (i.e., Section 10.4). This adds to ethical concerns over using LLM-generated data as similar to real individuals
because outputs may only reflect limited perspectives. Our data suggest that it would be unwise to expect broad-data
LLMs such as ChatGPT to generate new knowledge of experiences of people with marginalized identities. LLM litera-
ture supports this claim by describing inbuilt social identity biases (Hu et al., 2025) as influencing prompt responses
(Garg et al., 2022; Huang et al., 2020). Although our framework posits that the process of enculturation is more
apparent for people with multiple marginalized identities, this was somewhat limited in AI data. The tax of increased
mentorship expectations that occurs for people who have marginalized identities (Trejo, 2020) was present in the data.
Owing to the lack of nuance present in the data, we suspect that it may be difficult to engage more deeply with broad-
data LLMs to uncover new processes of enculturation that are less understood. Our results demonstrate many draw-
backs for using LLMs trained on broad datasets (i.e., reinforcing the idealized worker) to generate data for research
analysis, but the generative aspects may provide valuable insights when considered in combination with additional
sources, as happens with brainstorming.

15 | IMPLICATIONS

Implications for using LLM-generated data for qualitative purposes apply for many stakeholders, including researchers
and policy makers. Most broadly, our results further confirm that broad-data LLMs may also hold promise for brain-
storming applications. For example, they may help synthesize information pulled from fields outside of engineering
into an engineering context.

15.1 | For researchers

Our methods and results have value to current researchers who may want to use LLMs such as ChatGPT to generate
data in their research. If a researcher wants to use these LLMs as a tool for exploring engineering perspectives, they
must recognize that the data that was used to train the tool was broad, and our data demonstrate that, at this time,
results default to reflecting those of the idealized worker. Future work may consider LLMs that have been trained only
with data generated by specific groups as a form of content analysis. Figure 5 demonstrates an example of this potential
analysis if it was trained on a specific dataset that uses only relevant data from sources within the subpopulation of
interest. This method is not presented in this paper, but it is a potential direction that LLM research could advance.
Researchers should also be aware of the potential ethical concerns when utilizing LLMs, such as representing gener-
ated data as human responses and biases within data (and thus responses). Our data demonstrate the use of LLMs for
idea exploration and comparison, but do not serve as fully representative responses for actual human participants. Lim-
itations inherent in the data used to train AI will continue to be limitations in the output. Key questions to think about
when doing research with LLMs are “Where is the data coming from?” “Who is or is not represented in this data?” “Do
the outputs privilege some perspectives over other?” and “Is the LLM reproducing my own bias based on my input pro-
mpts?” Considering these questions can benefit researchers by requiring them to consider biases that may be present.
Using intentionally selected data for training a LLM as described in Figure 5 may mitigate some biases present and
lead to interesting findings. For example, imagine a study that collects, with informed consent, daily journal entries
from engineering students at several universities, including various student identities (e.g., sociodemographic, year in
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FIGURE 5 Pictorial representation of data flow demonstrating potential alternate data flow where a large-language model (LLM) is
trained specifically on a custom dataset of only the individuals from the population of interest.
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Image of This flow diagram mirrors the diagrams in Figure 4. This diagram cuts out the center portion of the flow diagram. On the left are the exact same four nuanced-experience boxes from the left side of Figure 4. Then, in the middle, moving from left to right is an ``LLM Analysis'' arrow. On the right is a box with two question marks, indicating the unknown and possible future output.
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program, major, etc.). The prompts for the daily journal entries would be guided by the projects' research questions and
focus. This imagined study could then use these entries for fine-tuning an LLM (Bergmann, 2024). An interesting
insight gained from analyzing the output of this trained data could describe beliefs and biases that the students hold.
Another insight could explore the process of enculturation that occurs over time for these students and how this process
of enculturation differs by student identity. This example scenario demonstrates the potential of LLMs to generate
insights from a large number of participants while maintaining some of the richness present in qualitative data,
although many of the underlying biases, as previously described, would likely still be present. Additionally, as data start
to become open access, future research into LLMs may find that LLM outputs may be able to become more context-
specific.

Beyond methodological guidance, these findings have relevance for theories concerning social identity, stereo-
type activation, and professional empathy. The differences observed between powered, generic, and multiply mar-
ginalized personas suggest that Al-generated responses reproduce societal assumptions about identity and authority,
particularly in contexts involving student mental health. Multiply marginalized personas’ higher expressions of care
and awareness of diverse student challenges highlight how social identity can influence the modeling of empathy in
Al outputs. Conversely, powered personas’ uncertainty and discomfort indicate that AI may underrepresent
nuanced perspectives, offering a simplified view of professional engagement and the limits of Al in capturing
human complexity. These limitations have recently been documented in terms of Al-assisted therapy (Carlbring
et al., 2023), LLMs' exhibition of in-group favoritism and out-group hostility (Hu et al., 2025), and generative image
models that default to narrow cultural norms (Y. S. Park, 2024). Constrained views within LLMs, therefore, risk
reinforcing existing hierarchies rather than challenging them. As emphasized by Timmons et al. (2023), such risks
underscore that Al systems designed for clinical or educational contexts can hinder equity advancement in mental
health work if they replicate biased historical patterns rather than addressing the structural inequities embedded
within them.

15.2 | For policy makers

Using generated data to influence policy decisions without including perspectives from real people is risky. LLMs can
provide a starting point for ideation for systemic changes, but should not be the sole determinant. Change and progress
are best sustained when individuals throughout the system can come together and make decisions that reflect and align
with their values (Makenzie & Wehner, 2024; Metz et al., 2023). Prompt engineering can impose set values onto the
LLM, but these values are coming from the inherently biased perspective of the user. This introduces some ethical con-
cerns over using LLMs, which often produce generalized and normative outputs, to craft policies and make decisions
that affect diverse groups. Policy makers using LLMs should reflect on their own positionality and biases while inter-
preting outputs, and may want to ask similar questions as listed above for researchers. For example, how might the
implications of using Al in academic contexts reinforce the idealized worker? Consider the broad range of potential sce-
narios where Al may be used, such as creating instruction (Martin Nufiez & Diaz Lantada, 2020), grading (Liu
et al., 2025), or writing articles about engineering or students. This Al use, particularly when used uncritically, has the
potential to reinforce harmful messaging throughout academia.

15.3 | Limitations and future work

Because of the high variation in prompt wording possibilities, it was impossible for us to test every single combination.
Additionally, we only specified three personas out of many options for varying privileged and marginalized identities.
Results will vary by changing prompts or personas and thus we included our prompts and justifications so others may
attempt to replicate our process. Collecting interview data and generating data with LLMs occurred at different times.
There could have been unique or influential events that occurred after interviews that would not be reflected in our
interview data but may have been included in the LLM's data repository. The culture at specific institutions and in spe-
cific departments may differ. We did not include unique descriptions of the institution or departmental culture in our
prompts, but we would expect adding these descriptions to affect response outputs. Future work may benefit from
training LLM on data from within engineering culture and possibly specific institutions or departments. These results
can then be compared to responses generated from an untrained LLM.
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16 | CONCLUSION

The data presented here demonstrate the benefits and drawbacks of using LLMs such as ChatGPT to generate data for
qualitative analysis. LLM content was mostly similar to interviews, although there was an increased likelihood to
describe systemic factors, and persona applications tended to generate output that was less nuanced and less varied
than interview responses. The LLM content somewhat reinforced descriptions of the idealized worker; however, LLMs
may provide a valuable tool for brainstorming if used critically. Examining engineering culture with LLMs trained spe-
cifically on content generated only in engineering contexts holds promise.
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APPENDIX A: PHASE 1, COMPARISON RESULTS

Table Al describes the categorization for each protocol question. Each column describes the similarity between the
LLM-generated and the participant responses. Responses were High Similarity (more than 90% similar) (n = 7), Mod-
erate Similarity (less than 90% similar but more than 50% similar) (n=19), or Low Similarity (less than 50% sim-
ilar) (n=3).

TABLE Al Tabulated results from comparing interview results with large-language model (LLM)-generated responses.

High Moderate Low

Protocol Question similarity similarity similarity
Student = How would you describe what you think of as a “typical” engineering student in X

your department?
Student  How are you similar or different from this “typical” engineering student? X
Student  How do you notice when you are stressed? X
Student =~ What typically causes you to experience stress? How often does this happen for X

you, and how significant are they to you?
Student  If you weren't in engineering, which of these stresses would change and how? Are X

there any new ones that might come up?
Student =~ What are some of the things you do to navigate these stresses? X
Student  For each of these stressors, who are the people you turn to for support when X

you're feeling stressed?
Student = Have you ever talked or wanted to talk with an employee of your university about X

mental health (faculty, councilor, advisor)? How did that go; how did you feel?
Student  Of the stressors and supports you described, which ones do you think are similar X

and different to other students in your department?
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TABLE A1 (Continued)
Moderate Low

Protocol Question similarity similarity similarity

Student  How do you think these examples of stressors and supports will change or stay X
the same in your life after you finish your classes?

Student = When you feel these stressors, how does that relate or not relate to feeling in
control?

Student  If you had a magic wand and could change any of these situations that cause X
stress, what would you do? How would you change them?

Student  How do you define stress?

Student  So would you say you see stress as positive/negative/neutral? X

Student  Now that we've talked about stress, I'm going to flip the question and ask: what
does wellness mean to you?

Student =~ What comes to mind if I asked you to describe what you think a “culture of X
wellness™ would look like in your department?

Faculty Have you had an interaction with an undergraduate engineering student X
regarding any mental health issues? Have you ever noticed undergraduate
engineering students struggling with mental health issues? What does that look
like to you?

Faculty Have you noticed if undergraduate engineering students are able to recognize X
when themselves or their peers are struggling with mental health issues?

Faculty Describe what wellness or well-being means to you. X

Faculty Do you think students and faculty in engineering struggle with particular aspects X
of well-being? Which ones, and why?

Faculty Do you think faculty members, like yourself, have a responsibility to intervene
when you suspect a student is struggling with mental health or wellness?
Why/Why not?

Faculty How would you describe the relationship between undergraduate engineering X
students’ stress and mental health?*

Faculty In your opinion, is stress different from anxiety? Depression? How so?

Faculty = What do you think of when you hear the words “stressed undergraduate X
engineer”?

Faculty Have you noticed undergraduate engineering students experience more issues X
with extreme stress and mental health than other majors? Why/Why not?*

Faculty How would you describe the physical or physiological signs of stress in X
undergraduate engineers?

Faculty =~ What do you think typically causes stress in undergraduate engineers? X

Faculty Can you describe things you have heard or learned undergraduate engineering X
students do to manage stress?

Faculty =~ What have you noticed your department/program does to encourage healthy X
and/or unhealthy stress management/coping strategies for undergraduate
engineering students?*

Faculty Can you describe any resources or supports on campus or in your department for X

undergraduate engineering students who are stressed?

Note: Responses that contained several responses of “I don't know™ are marked with an asterisk (*).
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APPENDIX B: PHASE 1, EXAMPLE OUTPUT

Example prompt and output for Phase 1. This exemplar output corresponds to the faculty interview question “Have you
had an interaction with an undergraduate engineering student regarding any mental health issues?”
Prompt:

Please respond to this as an engineering faculty member in the US. The faculty is in the middle of an inter-
view. Only give the faculty's response to this question. - 1. Have you had an interaction with an undergrad-
uate engineering student regarding any mental health issues?

Please generate a list of the answers that you think 4 different (2 women and 2 men) engineering fac-
ulty members in the US might give. Then, after generating the 4 responses. Create a bulleted list summary
of the key points people shared

ChatGPT output:
Response 1 (Female faculty member):

Yes, I have. I had a student who came to me feeling overwhelmed by their course load and personal issues.
I made sure to actively listen and let them know I was there to support them. After the conversation, I
referred them to our campus counseling center and followed up later to see how they were doing.

Response 2 (Male faculty member):

Yes, I've had several conversations over the years. One instance that comes to mind was a student strug-
gling with anxiety around exams. We worked together to create a more manageable study plan, and I con-
nected them with our mental health resources on campus. I believe it's important for faculty to be
approachable so students feel comfortable discussing these issues.

Response 3 (Female faculty member):

Absolutely. A student once shared with me that they were having difficulty balancing academic work with
their mental health challenges. I offered them some flexibility with deadlines and emphasized the impor-
tance of seeking professional support. We have a responsibility as faculty to recognize when a student
might need help and to guide them to the right resources.

Response 4 (Male faculty member):.

Yes, a few times. One conversation I remember well involved a student who felt isolated and homesick,
which was affecting their performance. I made an effort to include them in class discussions and suggested
joining student clubs for a better support system. I also walked them through the mental health services
available on campus to ensure they knew where to turn if needed.

Key points summary

« Active listening and support: Faculty emphasized the importance of listening to students and showing
support.

+ Referrals to campus resources: All faculty members highlighted the value of referring students to profes-
sional mental health resources available on campus.

« Providing flexibility: Some faculty offered accommodations such as extended deadlines or modified
study plans to help students manage their stress.

« Encouraging engagement: One faculty member suggested increased participation in class and joining
clubs to alleviate feelings of isolation.

« Follow-up and continuous support: Faculty members noted the importance of following up with stu-
dents to see how they are doing after initial conversations.
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APPENDIX C: PHASE 2, CODEBOOK

TABLE C1
Code name

Culture of care

DEI
experience
unique
challenges
Empathy from
personal
experience

Holistic

Make myself
available

Not a
counselor

Uncomfortable
Not really/
unsure

Yes, but...

Yes strong

Phase 2 codebook for codes applied to the varied persona data.

Description
Creating a supportive environment. Impacting culture or
norms. Acknowledging stressful culture. “We” mentality.

An awareness that students with marginalized
backgrounds experience unique challenges

The response describes experiencing similar struggles
with wellbeing, wellness, or mental health in their life.
And, that leading to empathy for the students.
Supporting the student outside of “only academics”
Intentionally trying to be available for students to
approach them with questions

Mentioning that faculty aren't counselors

Describing feeling uncomfortable

Answering the question with uncertainty and/or a “No”

Answering the question with a conditional yes

Answering the question with an unequivocable yes

APPENDIX D: PHASE 2, EXAMPLE OUTPUT

This appendix includes example output from Phase 2 analysis. We include three example outputs, which were gener-

oamus or Genpeges Cowsarkn

Example usage

“It's about creating a culture of care.”

“Recognizing that many students of color, LGBTQ+
students, and students with disabilities are often
navigating unique challenges, I see it as my duty to...”

“As a Black woman who has navigated similar spaces, I
know...”

“This includes not just their academic performance but
their mental health and well-being.”

“I believe we should be actively looking out for our
students.”

“Even though we are not trained counselors, we can

guide...

“No, I don't feel comfortable intervening in personal
issues.”

“Not really. Our main job is to teach and advise on
academic issues...”

“I do think we have a responsibility to intervene, but that
intervention should be...”

“Yes, I believe faculty have a responsibility to
intervene...”

ated as an output for each persona, with the corresponding codes following in brackets.

Persona 1: Default

Absolutely. Students' success is not just about academics. If they are facing mental health challenges, it's
crucial for us to help them find the resources they need to cope and succeed.

[ Yes strong; Holistic]|

Yes, faculty members should play a role in supporting students’ overall well-being. Even though we are not
trained counselors, we can guide them to professionals who can help.

[Yes strong; Not a counselor|

Yes, but our role should primarily be to create a supportive environment and encourage them to seek help
rather than trying to solve their issues ourselves. [Yes, but...; Culture of care]
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Persona 2: Powered

Yes, I believe faculty have a responsibility to intervene. We're often one of the few adults students regularly
interact with, and it's important to support them beyond just academics.
[Yes strong; holistic]

Not really. Our main job is to teach and advise on academic issues. We should leave mental health to the
experts.
[Not really/unsure; Not a counselor; Uncomfortable]

It's not our primary responsibility, but we should be attentive and show concern. A little support can go a
long way.
[Yes, but...; Culture of care|

Persona 3: Multiply Marginalized

Absolutely. As faculty, we're not just responsible for teaching subject matter; we're also stewards of our stu-
dents’ overall well-being. Recognizing that many students of color, LGBTQ+ students, and students with
disabilities are often navigating unique challenges, I see it as my duty to reach out and offer support or
direct them to resources when needed. It's about creating a culture of care.

[Holistic; DEI experience unique challenges; Culture of care; Yes strong]

I do think we have a responsibility to intervene, but that intervention should be supportive rather than
overstepping boundaries. I make it a point to check in and provide resources, but I also recognize that
some students may not want to disclose their struggles, and I respect their autonomy.

[Yes, but...; Make myself available]

Yes, I believe faculty members should be proactive in addressing potential mental health struggles. It's
about providing a safety net. As a Black woman who has navigated similar spaces, I know how crucial it
can be to have someone recognize when you need help, especially when it feels like you're expected to be
strong all the time.

[Personal experience and empathy; Yes strong; Culture of care]
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