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ABSTRACT

Because of the rapid development and increasing public availabil-
ity of Generative Artificial Intelligence (GenAl) models and tools,
educational institutions and educators must immediately reckon
with the impact of students using GenAl. There is limited prior
research on computing students’ use and perceptions of GenAl.
In anticipation of future advances and evolutions of GenAl, we
capture a snapshot of student attitudes towards and uses of yet
emerging GenAl, in a period of time before university policies had
reacted to these technologies. We surveyed all computer science
majors in a small engineering-focused R1 university in order to: (1)
capture a baseline assessment of how GenAI has been immediately
adopted by aspiring computer scientists; (2) describe computing
students” GenAl-related needs and concerns for their education
and careers; and (3) discuss GenAlI influences on CS pedagogy, cur-
riculum, culture, and policy. We present an exploratory qualitative
analysis of this data and discuss the impact of our findings on the
emerging conversation around GenAl and education.
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1 INTRODUCTION

Given the increasing public availability of Generative Artificial
Intelligence (GenAl), today’s computing students now have imme-
diate access to a new class of tools that stand to transform their
learning outcomes and career prospects. While existing educational
tools have been built and studied for targeted purposes such as tu-
toring [1], visualizing [28], or explaining code [26], use of these
tools typically lies behind curated learning experiences such as
lab sessions. In contrast, GenAl is general purpose and can gener-
ate many different types of content (e.g., text, code, images, music,
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speech, music) using only natural language prompts, and outside
of designated educational contexts. GenAl offers a lower barrier
to entry than existing fit-for-purpose tools and can be accessed by
students without the instructor as an interlocutor. This informs our
guiding question: how did students make use of emerging GenAlI tools
and services, and how can we best support their future educational
and career needs with regard to GenAI?

Since the release of OpenAI’s ChatGPT in November 2022, GenAlI-
based technologies have rapidly entered the public consciousness,
with extensive impacts across education and industry [18, 24]. In CS
education, concerns have been raised for how the code-generating
capacity of GenAl might interfere with the learning process at the
heart of many CS classrooms [11]. According to the US Department
of Education, AI should be designed in alignment with modern
learning principles [3]; many curricula are actively integrating Al
literacy [4, 6]. Institutions are now also releasing guidelines for
GenAl, with some banning or allowing GenAl indiscriminately, and
others leaving it to instructors’ discretion [5].

As key impacted stakeholders, students’ needs and concerns
should be central to the development of GenAl policies and tools.
Computing educators and researchers may have intuitions, assump-
tions, and concerns about how students consider and use GenAl.
However, rigorous examination of emergent use cases is necessary
for evidence-based tool adoption and policy formation, as well as
scientific assessment of the impacts of GenAl on CS education.
Prather et al. provide an insightful initial summary of the emerging
literature on perceptions, uses, and risks of on GenAl in CS edu-
cation, including rapid uptake of text and code generation-related
tasks [24]. However, student usages of GenAl will shift and change
over time in nuanced ways as GenAl-based tools, policies, and pro-
fessional norms continue to evolve. In order to rigorously assess
and understand the changing landscape of types and rates of GenAl
usage, the following two resources are needed: a delineated tax-
onomy of specific use cases; and preliminary benchmarks for the
uptake of these use cases. Thus, to capture an invaluable historical
snapshot of student behaviors shortly after the release of ChatGPT,
we pose two research questions:

e RQ1: With limited guidelines, guardrails, or pre-planning,
how did computing students adopt GenAl-based tools during
the Spring 2023 academic semester?

e RQ2: How do computing students envision the role of GenAlI
within their education and future careers?

To address these questions, we surveyed all computer science
majors at a small (< 10k students) engineering-focused R-1! uni-
versity in the USA. We found that most students have tried GenAI
tools (esp. LLMs) for a variety of writing, coding, and learning use
cases. Moreover, students tend to view GenAl tools as beneficial
to the field of computing. In our discussion, we synthesize these
results to discuss how educators can optimize GenAl-based policies
and tools for the educational and professional needs of students.

2 RELATED WORK

Existing Tooling in CS Education. CS education has long grap-
pled with questions around the nature and role of automation and

! According to the Carnegie Classification of Institutions of Higher Education, R-1
indicates universities that offer doctoral degrees and have “very high research activity”
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tools in education—e.g., Online Python Tutor [14], interactive E-
books [27] or algorithm visualizations [28], and web-based AI/ML
literacy tools [8]. Despite increasing publications on Al literacy
since 2018 [33], there is limited research on GenAl, since such
tools only became publicly available in 2022 [24]. GenAl immedi-
ately evokes comparisons to work on intelligent tutoring systems
(ITS) [1] and computer-aided instruction. ITS research has focused
on data-driven improvement of feedback [25] and investigating
interactions between students and “tutors” [2, 20]. Conversational
agents are another tool that employ intuitive natural language di-
alogues [26]. These agents can provide instant and informative
responses [31], improve student comprehension [21], and offer per-
sonalized assistance that can be difficult for human instructors [12].
Conversational STEM tutoring agents have yielded learning gains
comparable to trained human tutors [13]. Bayesian Knowledge Trac-
ing can be also used to model each learner’s mastery and improve
predictions of student success [35].

Assistive tools can improve student experience, but they might
also hinder effective learning. One routine concern for CS educa-
tors is “contract cheating” through use of websites like Chegg.com
or StackOverflow.com to copy solutions without learning the ma-
terial [19]. Widespread availability of GenAlI systems drastically
re-frames many of these prior questions and concerns. Not only are
GenAl systems capable of synthesis across a wider range of tasks,
but their speed of adoption has given educational institutions little
time to respond thoughtfully. These systems can also confidently
present incorrect information in a manner that previous tools do
not—thus transmitting false beliefs to human users [16].

The Emergence of Generative AI. We consider three broad cate-
gories of GenAl: (1) Large Language Model (LLM) chatbots (e.g.,
ChatGPT, Bard, Bing Chat) in standalone conversational user inter-
faces; (2) LLM Code Generators (e.g., GitHub Co-Pilot), which are
code generation & auto completion tools integrated within code
development environments; (3) Image Generators (e.g., Dall-E, Mid-
journey). GenAl models can generate natural language text that
imitates human text with high levels of coherence, complexity, and
diversity [22]. The novelty of GenAlI tools and the diversity of tasks
they can perform, combined with the unexplainability of AI [32],
has created difficulty in informing educators about how to interact
with GenAl tools. Although some instructors have used them to
assist with tasks like lesson planning or creating rubrics [10], most
instructors have not adopted GenAlI [24]. Educators generally lack
understanding about the functionality, limitations, and usage of
these tools and are struggling to catch up with students who are ex-
ploring GenAlI on their own [30, 36]. Some institutions are already
adopting custom GenAl tools in computing classes [23]. There is
an urgent need for research into understanding the role of GenAl
in computing education to encourage positive learning outcomes.

Student-Centered Policy Development. Institutions must develop
policies to address Al concerns [9]. The US Department of Education
issued a 2023 report emphasizing the need for designing Al inter-
ventions based on modern learning principles, strengthening trust,
involving educators, appropriately addressing contextual considera-
tions, and developing effective guidelines and guardrails [3]. Given
the potential benefits and risks, guidance on the responsible use of
GenAl in particular is now needed in this transitional time [7, 17].
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Undergraduate Students

Graduate Students

Total Respondents Total: N = 116 MS: 12 PhD: 5 [ Total: N = 17
Years Enrolled N (% of Undergrad Sample) Years Enrolled N (% of Grad Sample)
0-1 33 (28.4%) 0-1 3(17.6%)
12 43 (37.1) 12 2 (11.8%)
2-3 21 (18.1%) 2-3 1(5.8%)
34 18 (15.5%) 34 6 (35.3%)
pvs 1(0.8%) s 5 (29.4%)
Frequency of Use LLM Code Generator Image Generator LLM Code Generator Image Generator
X-axis from left to right:
only for fun or curiosity;
never; once or twice ever;
regularly (once or twice/week);
nearly everyday

Perceived Benefit to CS
1 (left): extremely damaging
10 (right):extremely beneficial
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Table 1: Summary of participant demographics and key quantitative survey questions. Histograms are included for visual
synthesis of students’ frequency of use of GenAl and their ratings of how beneficial GenAl will be to the field of computer
science; the results section reports numbers of participants in each category.

Some US institutions have already released guidelines on using
GenAl in the classroom [5]. However, it is unknown whether or
how student perspectives have been considered during their de-
velopment. We position the perspectives, needs, and concerns of
today’s computing students as integral to the formation of GenAlI-
related policies and tooling environments because of their role in
the efficacy, alignment, and facilitation of these policies. At the time
of the survey, our institution had not yet released institution-wide
policies. This study systematically captures and assesses the uses of
GenAl by students at the end of the Spring 2023 semester, amidst
the initial wave of excitement around GenAlL

3 METHODS

This study was reviewed and deemed exempt from IRB. Here we
describe our survey design, sample, recruitment, and analysis.

Survey Design. The first author and one student assistant first
wrote, edited, and uploaded an initial survey draft to QuestionPro
software. To identify confusing question phrasing, technical bugs,
and gaps in question coverage, we then piloted and refined the sur-
vey with members of our research team as well as 3 administrators
from our center for educational innovation, leading to a smooth
and error-free deployment. The final survey included: consent and
eligibility information; rating of frequency of use of LLMs, code
generators, and image generators for classes or professional efforts;
questions about whether classes had GenAlI policies in Sp23 and
(for student TAs only) if they suspected Al-generated submissions;
Likert ratings of whether Gen-Al will be extremely harmful (1) to
extremely beneficial (10) for computing; and three free response
questions on uses and perspectives of GenAl. §4 contains the ver-
batim free response question text.

Sample Selection. Due to the sudden public release of GenAl
tools in late 2022, universities had no lead time for conscientious
preparations. We felt it urgent to capture a snapshot of emergent use
cases ASAP after the release of ChatGPT, both for accurate historical
benchmarking, as well as to provide input to our administration
prior to Fall23. Although a large scale survey deployment across

many schools and departments would have been ideal, this would
have required months of preparation and coordination across many
administrations, preventing us from achieving our goals. Therefore,
we decided to survey all CS majors at our institution as early as we
possibly could-the tail end of Sp23.We chose all CS majors rather
than students in any CS classes because: (1) the CS dept granted us
access to list-servs for all undergraduate and graduate CS majors,
offering a convenient and effective recruitment technique; (2) CS
majors have a high degree of commitment to and/or experience
with computing and should be highly qualified to speak to tooling
and policy in CS education; (3) students can arrive in the CS major
at our university, enabling us to collect responses from freshman
undergrads up through advanced PhDs.

Recruitment. We recruited participants by sending list-serv emails.
We collected no identifying information and only two demographic
details (undergrad, masters, or doctoral status; # years enrolled).
At the end, participants could opt-in to complete a separate form
and enter their email in a drawing for one of four $25 gift cards.
Table 1 summarizes our participants (and two key quantitative ques-
tions). We received 133 responses from eligible consenting students.
N = 116 (87.2%) are undergraduate students (equating to 12% of
undergraduates in the dept). N = 17 (12.8%) are graduate students
(7.6% of graduates in the dept).

Survey Analysis. Data were exported from QuestionPro into a
CSV file. We used standard pandas and scikit-learn Python pack-
ages to compute descriptive statistics and perform statistical tests.
Prior surveys on the adoption of GenAl in CS education have used
thematic analysis [24, 29]. To complement prior work, we chose to
instead use directed content analysis to analyze free response ques-
tions [15]. To support our goal of providing a high quality historical
benchmark measure of the adoption of GenAlI, this method ensures
rigorous development and definition of codebooks for labeling and
counting instances of concepts appearing in natural language data.
Across six rounds of iteration, six human coders manually coded
subsets of the data, continuously discussing disagreements and
refining code definitions until consensus was achieved. We used
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Figure 1: Summary of RQ1 codes applied.

Inter-Rater Reliability (IRR) scores (Krippendorft’s alpha) to guide
refinements until all IRR scores were greater than 0.6 (a threshold
establishing good agreement). Finally, individual coders coded all
responses according to the finalized codebooks. Throughout results,
bold typesetting indicates a high-level codebook category; italic
typesetting indicates an individual code.

Threats to Validity. We acknowledge the limitation that our sam-
ple is small and not statistically representative, therefore it may have
limited generalizability to other institutions or majors. Standard
survey limitations also apply, including opt-in bias and possibly
inaccurate self-assessments. Students may have withheld or mis-
represented information about behaviors perceived as cheating;
to counteract this, we used messaging encouraging honesty be-
cause participation had no ties to their identity. In light of these
limitations, we position our results primarily as qualitative and
exploratory—i.e., the distributions of codes applied by our analysis
may or may not be representative of the true distributions. Nonethe-
less, our codebooks themselves do accurately describe and capture
students’ emergent use cases and perspectives. Our methodology
provides a rigorous and carefully-executed benchmark that will of-
fer future researchers a strong point of comparison. Our survey and
codebooks can be re-used in future work to analyze larger samples
across different types and sizes of institutions. To support future
replications, our verbatim survey questions and complete code-
books, including code definitions with data examples, are available
as supplemental materials at bit.ly/GenAICodebook.

4 RESULTS

4.1 RQ1: Students’ adoption of GenAl in Sp23

Students reported using LLM chatbots more frequently than code
or image generators. For instance, N = 24 (18.0%) of students use
LLMs everyday; N = 36 (27.1%) regularly (once or twice per week);
N =30 (22.6%) once or twice ever; N = 33 (24.8%) never; or N = 10
(7.5%) only for fun or curiosity. Fewer have used code generators;
N =11 (8.3%) of students use code generators everyday; N = 10
(7.5%) regularly; N = 22 (16.5%) once or twice ever; N = 83 (62.4%)

C. Estelle Smith et al.

Integrate GenAl in curriculum :IZZ%/E%
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Figure 2: Summary of RQ2 codes applied.

never; or N = 7 (5.3%) only for fun. Interestingly, only 36.1% have
ever reported trying an image generator, thus we omit further
discussion of image generators.

12.8% of participants reported that at least one class had a formal
GenAl policy in the syllabus; 23.3% that instructors stated a formal
policy not in the syllabus; 30.1% that instructors mentioned only
loose guidance; and 33.8% that there was no discussion of GenAI. Of
N = 31 students who indicated that they were TAs, N = 13 (41.9%)
did not believe they had encountered Al-completed assignments;
N = 11 (35.5%) were unsure; and N = 7 (22.6%) believe or know
they received Al-generated assignments.

In order to understand how computing students used GenAlI, we
asked the following optional question: If you have ever used any
GenAl-based tool(s) for your classes, research, and/or professional
efforts, please tell us about how you have used them, why you used
them, and how you feel about your use of these tool(s). 75 students
(56.4% of the full sample) submitted an answer. Figure 1 visualizes
code distributions with normalized percentages of responses from
undergrad v.s. graduate students; the remainder of results reports
counts of codes applied across all respondents.

No respondents reported using GenAl to fully complete assign-
ments for them. Rather, they described how their use of GenAl
tools supported three different categories of use cases for learning,
coding, and writing. We labeled the context of these use cases,
and found that the majority were either academic (N = 29) (i.e.,
for coursework or research) or unknown/not-specified (N = 31). Al-
though no participants described purely professional use cases, some
reported mixed (N = 7) contexts spanning academic/professional.
N = 1 respondent described a personal use context.

Learning: One key result is that 32 respondents described uses
of GenAl for self-described improvement of their learning. The
code conceptual exploration (N = 19) was highly prominent: stu-
dents used LLMs to ask about course topics and gain supplemen-
tary perspectives or alternative wordings and thought processes
from those provided by instructors, thereby deepening their knowl-
edge. Examples include: “Sometimes I ask it about a concept in class
and it explains it to me and knows how to dumb it down for me.”;
“T used it to explain a topic that our professor didn’t speak much
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‘ Improved Learning Outcomes

“T believe that as these Als become smarter and smarter, they will
be very harmful to learning environments. I worry that Al will
simply write it’s own programs, and that software engineering
will become completely obsolete in the next 3 decades, as the last
line of human code written will be putting the finishing touches
on an Al coder.”

“Al is really powerful for learning, such as if you don’t understand
a math concept, you can ask it to explain how to do it, and ask
for more and more details if needed. It is good for inspiration but
shouldn’t be used to talk for you. I've successfully used it many
times to decipher an error message, explain functionality, and
even tried to get it to write code blocks.”

“Tt is too powerful of a tool and can be too much of a crutch that
students can rely on. I have known students who have used it on
every assessment, very blindly following whatever instructions
it gave. They couldn’t even justify why it was wrong or identify
when it had made a flagrant error.”

“Instructors should encourage the use of Al as a tool to enhance a
student’s education, not as a tool that does the student’s task of
learning for them. Students should use Al to help debug their code,
learn from their mistakes, and learn new programming techniques
and tools, not to generate all the code for them.”

“Tt will limit the growth and knowledge someone would be able to
achieve without the same capabilities.”

“It serves as a valuable learning tool that helps students understand
complex concepts, generate ideas, and receive feedback.”

Table 2: RQ2 examples of student data demonstrating tensions between the potential for GenAl to damage or improve learning.

about.”; “[ChatGPT] helps to explain thought processes behind hard-
to-understand concepts.” Students also mentioned summarization
(N = 7) of lengthy documents and informal tutoring (N = 6) as tech-
niques that helped them digest and interact with course materials,
esp. when instructors were unavailable. For example, “Sometimes
[it is] hard to contact professors to get help with homework so it’s
nice to have something to help.” Some students also used GenAl as
a search engine substitute (N = 3) or as tool for verifying answers
(N = 3) rather than generating them.

Coding: 23 respondents reported using GenAlI to help them un-
derstand, create, or fix code. N = 14 respondents reported drafting
code that they could then verify, modify, and complete. Examples in-
clude: ‘Tuse ChatGPT and Copilot regularly to help write code quicker
for many more mundane implementation tasks.”; ‘I view GPT as a
calculator for coding.” Another common use case was explanation
(N = 10), i.e., providing code snippets to an LLM for an explanation
of code behavior. For example, ‘T used Co-Pilot on a bit of code I was
stuck on, and then I used ChatGPT to explain why Co-Pilot did what
it did.” Students also used GenAl for debugging (N = 10) to find and
fix bugs in their own code. ‘T use ChatGPT to help me debug my code.
it’s quicker than crawling through stackoverflow forums and it gives
a very detailed explanation of why my code is wrong and how the
new way is better so i feel like i’'m learning.” N = 1 respondent also
used GenAl for conversion of code from one language to another.

Writing: 21 respondents used GenAl tools for writing support.
N = 4 students used GenAl to generate new ideas for consideration
to help them overcome writer’s block, diversify their thinking, or
figure out what to write about. N = 6 mentioned collecting resources
to support their writing—e.g., “If I formed a new point or thought
that I didn’t find a quote for on my first round annotating, ChatGPT
would be very useful to help me find useful evidence or decide on a
quote to integrate into my paper.” They also described use cases to
help with the mechanics of writing, including outlining (N = 6),
generating initial drafts (N = 5), or improving drafts (N = 5) of
papers and emails. For example, “Sending an email to my professor
vs. sending an email to a friend will be different in terms of format
and word choice, and Quillbot helps in this kind of scenario.”

2Quillbot is a writing assistant tool that is built on LLMs.

4.2 RQ2: The role of GenAl in CS Education

We asked students to rate how beneficial they feel GenAl will be
to computer science. Table 1 visualizes the distribution of ratings.
We observe that the distributions tend towards more positive eval-
uations: the average undergraduate rating is 6.78 (SD = 2.62) and
grad rating is 7.41 (SD = 2.67).

We asked two additional required free response questions: What
do you think the role of generative Al should be in higher education?
For example, should instructors be trying to encourage or prohibit
use of GenAl for students’ coursework? How and why, or why not?;
and What GenAl-related concerns do you have with regard to the
workplace you will soon be entering, and how do you want instruc-
tors to prepare you for this workplace? We concatenated answers
to these two questions and applied codes across both since there
was substantial overlap in the content of these responses. All 133
participant answers were included in this analysis. Figure 2 visual-
izes the distribution of codes applied. We coded three categories
for students’ desired methods of implementation to serve their
educational needs, the rationale behind their opinions, and their
desired degree of use of GenAl in education.

Methods of implementation: 70 respondents mentioned meth-
ods such as teaching professional use of GenAI (N = 53) to prepare
students with the specific GenAl-related skills that they will need
for their future workplaces and/or integrating GenAl in the curricu-
lum (N = 30) to cultivate effective and appropriate uses of GenAl
to support learning during their education.

Student rationale: 111 responses also included rationales for
their opinions. Importantly, there are split opinions on how GenAl
may impact learning (see Table 2 for data examples): N = 43 stu-
dents were concerned about GenAT’s potential detriment to learning
and authenticity, whereas N = 39 felt GenAlI could improve learning
outcomes through the types of use cases described in RQ1. Many
students anticipated use (N = 41) of GenAl tools in their future
careers and felt it would be necessary for them to learn them in
order to be competitive and effective at their jobs. Yet students also
voiced concerns about misinformation (N = 15) produced by GenAlI,
societal issues (N = 14) such as unethical use, intellectual property
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violations or plagiarism, privacy breaches, and unfair advantages
or equitable access issues, or job replacement (N = 20).

Degree of use: 126 respondents reported opinions on what
degree of GenAl usage would be most appropriate. Most called for
conditional use (N = 68), meaning instructors should specify under
what circumstances GenAl use is allowed, appropriate, and ethical.
Others wanted to encourage use (N = 41) without restrictions, while
only a few wanted instructors to entirely discourage use (N = 16).

Exploratory Statistical Analysis. We queried whether any of the
manually applied codes were interrelated using Pearson correla-
tion coefficients; no coefficients exceeded 0.314, suggesting that the
codes are not significantly correlated. We used chi-squared tests of
independence to examine relationships between qualitative codes
and quantitative responses and report on interesting relationships
with p < 0.01. We found that students who used LLMs more fre-
quently were more likely to rate the benefit of GenAI more highly
(p < .0008) and to have RQ2 responses coded with encourage use
or conditional use (p < 0.002). Students who have not used GenAI
provided lower ratings of its benefits (p < .0001) and were more
likely to have RQ2 responses coded with discourage use (p < .0003).

5 DISCUSSION

Our results capture a valuable snapshot of student attitudes toward
and usage of nascent GenAlI tools that stand to transform CS edu-
cation. Prior work such as [24, 29] suggests that many CS students
adopted GenAl for working with text or code, whereas instructors
did not; (2) student and instructor perspectives diverge on the clar-
ity of university policies and how well GenAlI can provide good
coursework guidance; and (3) students and instructors generally
align on expecting and needing to use GenAl tools for future suc-
cess. Complementing prior work, our results show that many CS
students rapidly adopted GenAl before the end of Sp23 in our CS
department. Moreover, through rigorous derivation and application
of our codebooks, we contribute a fine-grained benchmark mea-
sure of specific use cases and perspectives that emerged at a time
when the capabilities of these GenAI are still being explored and
university policies have yet to adapt. In this section, we discuss
how our results can inform future GenAl-aware approaches to the
educational and career needs of students.

Influences on pedagogy. Our taxonomy distinguishes three major
categories for GenAl to support student learning, coding, and
writing (Figure 1). Students indicate they view GenAl usage as “in-
evitable” or “the new google”. They tend to view GenAl as beneficial
to CS, with many seeing GenAl as a “parallel colleague.” However,
our work has also surfaced a central tension between the desire to
explore new technologies and the now blurry boundaries imposed
by academic integrity policies. Students who have used GenAlI
shared more positive use cases and experiences, but are split as to
what extent GenAl use should be guided or restricted, and to what
extent it may improve or impair learning.

One way to resolve this tension is to encourage students to en-
gage with GenAlI through constructivist pedagogy. In particular,
variations on inquiry-based learning can frame how students ex-
periment with different inputs to GenAl tools and — importantly —
verify or evaluate their outputs. The capabilities of GenAl tools will
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likely improve in the future, but there are still fundamental issues
with respect to “hallucination” in their output as well as correct
interpretation of user input. Students are already checking their
understanding of topics against the output of GenAl; educators
should encourage students to also perform the inverse check.

Influences on curriculum. One first step is to understand and
explore the emerging use cases in Fig. 1 and critically assess how
such use cases relate to the learning objectives for different courses
and developmental stages of students. In our results, students ex-
press real interest in receiving training on GenAlI tools to prepare
them for their future professional environments; however, it is yet
unclear when or how GenAlI should be introduced in CS curricula.
For example, if GenAl were used too early in CS education, stu-
dents might fully complete course assignments without developing
a solid understanding of fundamental course concepts, hindering
their ability to approach higher-level concepts later in their cur-
riculum where GenAl might exceed its limit to help. Consequently,
an intro CS instructor could hypothetically encourage uses such
as concept exploration, code explanation, or answer verification but
expressly forbid drafting code or debugging. A senior-level design
course might allow unrestricted use, and encourage students to
consider how different inputs to the GenAl (“prompt engineering”)
can influence the quality or veracity of the output.

Culture and policy. Clarity from instructors and institutions is
necessary to address internal and interpersonal tension within the
student body on when and how to use GenAl—i.e., what constitutes
cheating or academic dishonesty v.s. an allowable and helpful use?
With GenAlI tools now freely available, creating a culture of honesty
and accountability is essential to the success of such policies. More-
over, given that some institutions may buy GenAl licenses [34] or
develop custom in-house GenAl-based tooling [23], future research
and innovation should explore how to enforce guardrails that pro-
vide educators with the ability to technically prohibit certain use
cases while allowing others. We believe a balanced mix of culture,
policy, and tools can enhance educational outcomes, but further
research will need to identify the right strategies.

Future work. Future work can use the survey and taxonomies pre-
sented in this work to understand how student attitudes toward and
uses of GenAl evolve—both at our own as well as other institutions.
Our snapshot can serve as a point of reference for future studies,
especially as university policies and classroom experiences respond
to the still-changing capabilities of GenAl Future, larger surveys
could reveal either broad trends or contextual idiosyncrasies in
adoption related to experience level, type or size of institution, ge-
ography, or other dimensions. Future work should also examine
how the student-provided use cases relate to learning outcomes
and objectives of current and future curricula.
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