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Abstract

Generative artificial intelligence (GenAI) tools are increas-
ingly present in higher education, yet their adoption has been
largely student-driven, requiring instructors to respond to
technologies already embedded in classroom practices. While
some faculty have embraced GenAI for pedagogical purposes
such as content generation, assessment support, and curricu-
lum design, others approach these tools with caution, citing
concerns about student learning, assessment validity, and aca-
demic integrity. Understanding faculty perspectives is there-
fore essential for informing effective pedagogical strategies
and institutional policies. In this paper, we present findings
from a focus group study with 29 STEM faculty members
at a large public university in the United States. We examine
how faculty integrate GenAI into their courses, the benefits
and challenges they perceive for student learning, and the in-
stitutional support they identify as necessary for effective and
responsible adoption. Our findings highlight key patterns in
how STEM faculty engage with GenAI, reflecting both active
adoption and cautious use. Faculty described a range of ped-
agogical applications alongside concerns about student learn-
ing, assessment, and academic integrity. Overall, the results
suggest that effective integration of GenAI in higher educa-
tion requires rethinking assessment, pedagogy, and institu-
tional governance in addition to technical adoption.

Introduction
Generative Artificial Intelligence (GenAI) refers to a type of
artificial intelligence systems that can create new content,
such as images, text, music, or videos, based on patterns
learned from large datasets. By utilizing neural networks,
particularly transformers (Vaswani et al. 2017), GenAI sys-
tems can generate realistic outputs in response to prompts
and instructions. GenAI has been applied to many applica-
tion domains, for example, automated software code gener-
ation (Odeh, Odeh, and Mohammed 2024), synthesis of re-
alistic images for digital media (Elasri et al. 2022), and sum-
marizing technical content (Guan, Smetannikov, and Tianx-
ing 2020).

While industries have utilized GenAI strategically, its use
in higher education has been largely student-driven, com-
pelling instructors to respond to a technology that is already
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widely available in the classroom. As a result, some instruc-
tors have embraced the use of GenAI, while others have ex-
pressed skepticism and concern. Those who embrace GenAI
have incorporated it in a variety of pedagogical purposes.
These include its use as a grading tool (Tobler 2024), for
curricular design (Ullmann et al. 2024), for course content
generation (Owen and Funk 2025), and for personalized ed-
ucation (Udeh 2025). To further support these efforts, some
educational institutions have made premium subscriptions to
GenAI tools freely available to students and faculty, signal-
ing a broader institutional commitment to embrace GenAI
tools for teaching and learning (Barajas 2025; Miller 2025).

In contrast to these adoption efforts, other faculty ap-
proach GenAI with caution, raising concerns about its im-
pact on learning, assessment, and academic integrity. The
foremost among these concerns are the erosion of academic
integrity and deskilling fundamental skills such as critical
thinking and problem solving. The widespread availability
of GenAI tools capable of producing sophisticated text is
expected to increase undetectable forms of plagiarism (Gal-
lent Torres, Zapata-González, and Ortego-Hernando 2023;
Eke 2023; Bittle and El-Gayar 2025). Faculty concerns also
extend to the trustworthiness of GenAI outputs. Large lan-
guage models have a documented tendency to hallucinate,
producing plausible but incorrect information. This presents
a substantial pedagogical risk, especially for students who
lack the domain knowledge required to critically assess such
outputs (Kamel 2024; Alimardani and Jane 2024). Addition-
ally, faculty are concerned with the ethical and equity impli-
cations associated with GenAI. These tools can perpetuate
the biases inherent in the training data (Garcı́a-López and
Trujillo-Liñán 2025; Quince et al. 2024).

In light of the diverse faculty responses to GenAI use in
the classroom, ranging from active adoption to skepticism,
a clear understanding of faculty perspectives is a necessary
precursor to the development of effective institutional poli-
cies and pedagogical strategies. This study draws on focus
group discussions with 29 faculty members in the College
of Science and Engineering (CoSE) at San Francisco State
University (SFSU), a large public and Hispanic-serving in-
stitution that enrolls a substantial portion of Pell grant eligi-
ble students. As an access-oriented university serving many
first generation and historically underrepresented students,
SFSU provides an important context for examining faculty’s
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perspectives on generative AI use in higher education.
To examine these issues, the focus group discussions were

designed around three core research questions:
RQ1 How do faculty integrate GenAI into course design

and learning activities?
RQ2 What benefits and challenges have instructors ob-

served regarding student learning?
RQ3 What institutional resources and policies are needed to

support effective GenAI adoption?
The focus group discussions gathered qualitative and quan-
titative data on faculty perceptions, practices, and institu-
tional needs on the use of GenAI. Our findings highlight
several key patterns in how faculty engage with GenAI in
STEM education. First, rather than reducing faculty work-
load, GenAI shifts instructional labor from content creation
to expert curation, requiring faculty to review, refine, and
verify AI-generated outputs. Second, while GenAI use is as-
sociated with higher assignment submission rates, faculty
observed that it can mask gaps in students’ conceptual un-
derstanding, raising concerns about the validity of existing
assessment practices. In response, faculty are experiment-
ing with a dual strategy: reverting to more controlled eval-
uation formats (e.g., in-class exams and oral assessments)
while also designing assignments that promote critical en-
gagement with AI-generated outputs. Finally, our findings
highlight the need for institutional approaches that balance
university-wide policy guardrails with department-level au-
tonomy, alongside sustained investments in faculty devel-
opment and pedagogical support. Collectively, these results
underscore that effective integration of GenAI in higher edu-
cation requires not only technical adoption, but also rethink-
ing assessment, pedagogy, and institutional governance un-
der ongoing uncertainty.

This paper makes the following contributions:
• Gains insights into faculty perspectives on GenAI use in

higher education from a large public Hispanic-serving
and access-oriented university.

• Identifies pedagogical benefits and challenges on using
GenAI.

• Proposes faculty informed recommendations on institu-
tional support.

Related Work
Generative AI
The literature characterizes GenAI as a class of artificial
intelligence (AI) systems capable of producing novel con-
tent — including text, images, music, and video — by
learning statistical patterns from large-scale datasets. Prior
work notes that contemporary GenAI systems are predom-
inantly built on neural network architectures, particularly
transformer models (Vaswani et al. 2017), which enable the
generation of coherent and contextually relevant outputs in
response to user prompts. Research across multiple domains
has documented the application of GenAI for tasks such as
automated software code generation (Odeh, Odeh, and Mo-
hammed 2024), the synthesis of realistic visual content for

digital media (Elasri et al. 2022), and the summarization of
complex or technical information (Guan, Smetannikov, and
Tianxing 2020). As these capabilities continue to mature,
scholars have increasingly examined how GenAI is being
adopted, interpreted, and contested within higher education
settings.

Uses of GenAI in Higher Education
A growing body of research documents how faculty have
begun adopting GenAI tools across a range of instruc-
tional contexts. Prior studies report the use of GenAI for
assessment-related tasks such as grading and feedback (To-
bler 2024), as well as for curriculum and instructional de-
sign (Ullmann et al. 2024), course content creation (Owen
and Funk 2025), and personalized or adaptive learning expe-
riences (Udeh 2025). Beyond individual faculty initiatives,
institutional support has also emerged, with some higher ed-
ucation institutions providing faculty and students with ac-
cess to premium GenAI tools. These efforts reflect a broader
organizational commitment to integrating GenAI into teach-
ing and learning practices at scale (Barajas 2025; Miller
2025).However, alongside these emerging uses, researchers
note that faculty adoption of GenAI is frequently accom-
panied by significant reservations regarding its educational
implications.

Concerns of GenAI in Higher Education
Despite the growing adoption of GenAI in higher educa-
tion, a substantial body of literature highlights significant
concerns regarding its impact on teaching and learning.
Chief among these are issues of academic integrity (Evan-
gelista 2025), including plagiarism, and the limitations of
existing detection tools in reliably identifying AI-generated
content (Gallent Torres, Zapata-González, and Ortego-
Hernando 2023; Eke 2023; Bittle and El-Gayar 2025). Fac-
ulty have also expressed apprehension that widespread use
of GenAI may undermine the development of core skills
such as critical thinking and problem-solving (Larson et al.
2024; Helal et al. 2025). Additional concerns relate to eth-
ical and institutional challenges, including data privacy, al-
gorithmic bias, and the lack of clear governance frameworks
to guide responsible use (Luckett 2023; Raza et al. 2025).

Despite increasing scholarly attention, existing work of-
fers limited insight into how faculty, particularly in STEM
disciplines, collectively interpret and negotiate the role of
GenAI in higher education.

Methods
We designed a qualitative study using focus groups to in-
vestigate STEM faculty perspectives on the use of GenAI
in teaching and learning. Focus groups were chosen to elicit
shared practices, collective concerns, and cross-disciplinary
discussion.

Participants and Recruitment
Participants were 29 faculty members from the College of
Science and Engineering (CoSE) at San Francisco State Uni-
versity (SFSU), including lecturers and tenured/tenure-track
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faculty. Participants were recruited during Summer and Fall
2025 semesters via email invitations to reach faculty within
the Department of Computer Science (CS) and CoSE. Par-
ticipation was voluntary.

The recruitment email described the purpose of the study,
focus group study procedures, time commitment, compensa-
tion, and data handling practices. All participants were pro-
vided the form of informed consent electronically via Do-
cuSign prior of participation. The study protocol received
Institutional Review Board (IRB) exemption approval in
Summer 2025. Participants received a $75 gift card as a to-
ken of appreciation.

Focus Group Sessions
We conducted seven focus group sessions, each lasting ap-
proximately 90 minutes. Sessions were held remotely via
Zoom to maximize accessibility and participation across de-
partments. Group sizes ranged from three to five partic-
ipants, consistent with recommendations for fostering in-
depth discussion while ensuring equitable participation.

Three sessions included only computer science faculty
(three participants per session; nine participants total), al-
lowing for discipline-specific discussion of GenAI practices.
The remaining four sessions were interdisciplinary, includ-
ing faculty from multiple CoSE departments; two of these
sessions included computer science faculty alongside par-
ticipants from other disciplines. This mixed-session design
enabled comparison between discipline-specific and cross-
disciplinary perspectives.

Each session was facilitated by at least two researchers,
who moderated discussion, monitored participation, and en-
sured adherence to the study protocol. At the start of each
session, a facilitator introduced the study goals and session
structure, followed by brief participant self-introductions.

Demographics of the Participants
The 29 participants represented a range of departments
within the College of Science and Engineering at SFSU. The
largest group was from Computer Science (n = 11, 41.9%),
followed by the School of Engineering (n = 4, 12.9%),
Psychology (n = 4, 9.7%), Mathematics (n = 3, 9.7%),
Chemistry and Biochemistry (n = 3, 9.7%), the School of
the Environment (n = 2, 6.5%), Physics and Astronomy
(n = 1, 3.2%), and Biology (n = 1, 3.2%). Among the
CS faculty, four were lecturers and seven were tenured or
tenure-track faculty. Among participants from the remain-
ing STEM departments, three were lecturers and seventeen
were tenured or tenure-track faculty.

Research Questions
The focus group protocol was informed by prior literature
on AI in education and by institutional initiatives such as
SFSU’s Graduate Certificate in Ethical AI1. The study was
guided by the following research questions:

1https://bulletin.sfsu.edu/colleges/science-
engineering/computer-science/certificate-ethical-artificial-
intelligence/

RQ1: How do faculty integrate generative AI into
course design and learning activities? To explore current
instructional practices and perceived pedagogical value, par-
ticipants were asked:

• How do you integrate AI/GenAI tools into your course
design and learning activities?

• What benefits have you observed from using AI/GenAI
in your teaching?

RQ2: What benefits and challenges do instructors ob-
serve regarding student learning? This research question
focused on faculty experiences, concerns, and ethical con-
siderations related to student learning. Participants were
asked:

• What challenges or concerns have you encountered or
anticipate regarding the use of AI/GenAI in education?

• What are your thoughts on the ethical implications of us-
ing AI/GenAI in education (e.g., plagiarism, bias, acces-
sibility)?

• What curricular innovations do you think are necessary
or beneficial in light of the rapid advancements in AI/-
GenAI?

RQ3: What institutional resources and policies are
needed to support effective generative AI adoption? To
identify institutional and structural needs, participants were
asked:

• What kinds of training or resources would help you learn
more about AI/GenAI and use it effectively and ethically
in your teaching?

• What policies or guidelines should the university imple-
ment regarding the ethical and responsible use of AI/Ge-
nAI in teaching and learning?

• What institutional or programmatic changes (e.g., depart-
mental restructuring, resource allocation, new policies)
would best support the effective integration of AI/GenAI
into teaching and learning?

Data Collection and Analysis
At the beginning of each session, participants completed a
short demographic questionnaire (six items) administered
via the Qualtrics platform, the official web-based survey tool
adopted at SFSU. The focus group discussions then followed
a semi-structured protocol consisting of eight open-ended
questions organized around three research questions.

Discussions were conducted in a semi-controlled man-
ner: while each participant was invited to respond to each
question, facilitators encouraged follow-up questions, elab-
oration, and peer-to-peer dialogues to support a natural con-
versational flow. This approach enabled the research team to
collect rich qualitative data while maintaining analytic fo-
cus.

All sessions were recorded using Zoom’s cloud recording
feature, including audio, video, and automatically generated
transcripts. In addition, researchers took detailed notes dur-
ing the sessions to capture salient points, emergent themes,
and contextual observations. All data were securely stored
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in a university-managed Box folder, with access restricted
to the research team.

For data analysis, the automatically generated Zoom
transcripts and AI-generated session summaries were first
anonymized to remove personally identified information for
each participant. Such data was then imported into Google
NotebookLM2 to support exploratory qualitative analysis.
NotebookLM was used to surface and organize prominent
topics and discussion patterns across sessions, generating an
interactive, hierarchical representation of themes discussed
by participants (an example is shown in Figure 1). The re-
search team treated these AI-assisted outputs as analytic aids
rather than definitive results. We cross-referenced and man-
ually verified the themes identified by NotebookLM using
the original transcripts and researchers’ notes taken during
these sessions.

Results and Findings
Based on responses to the closed-ended questionnaire com-
pleted at the beginning of the focus group sessions, partic-
ipants reported substantial prior exposure to both artificial
intelligence (AI) and generative AI (GenAI) technologies.
With respect to AI broadly, most respondents indicated mod-
erate to high familiarity: 37.9% reported being very famil-
iar (n = 11) and 34.5% reported being moderately famil-
iar (n = 10). An additional 24.1% described themselves as
slightly familiar (n = 7), while a small number reported
being extremely familiar (n = 1, 3.4%). No participants re-
ported being unfamiliar with AI overall.

Familiarity with GenAI followed a similar but slightly
more varied pattern. Most participants indicated at least
moderate familiarity with GenAI, including those who were
moderately familiar (40.0%, n = 12) and very familiar
(33.3%, n = 10). Others reported being slightly familiar
(20.0%, n = 6), while very few participants indicated ex-
treme familiarity (3.3%, n = 1) or no familiarity at all
(3.3%, n = 1). Together, these results suggest that while
the participant group was broadly knowledgeable about AI
concepts, levels of experience with GenAI tools were more
heterogeneous, providing a range of perspectives for the fo-
cus group discussions.

Consistent with these familiarity levels, most participants
reported some degree of engagement with GenAI in their
teaching practices. A large majority indicated that they had
used GenAI tools in an instructional context (n = 27), with
only two participants reporting no prior use. Among those
who reported using GenAI, faculty described a variety of in-
structional applications, including facilitating class discus-
sions (n = 5), generating assessment or practice questions
(n = 4), providing feedback to students (n = 2), supporting
student research activities (n = 1), and automating aspects
of grading (n = 1). Reported frequency of use varied across
participants: GenAI was most commonly used occasionally
(n = 12) or frequently (n = 9), with fewer participants re-
porting rare use (n = 6) or no use (n = 2). Together, these
results indicate that while GenAI adoption among STEM

2https://notebooklm.google/
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Figure 1: An Abbreviated Taxonomy of Our Findings

faculty is already underway, patterns of use and levels of in-
tegration vary considerably, providing important context for
the qualitative findings reported in the following sections.

We next report findings aligned with the three research
questions, examining how faculty integrate GenAI into
course design and learning activities (RQ1), the benefits and
challenges they observe for student learning (RQ2), and the
institutional resources and policies needed to support effec-
tive adoption (RQ3) as shown in Figure 1.

RQ1: How do faculty integrate generative AI into
course design and learning activities?
Among the 29 faculty participants, 27 or 93% reported using
GenAI tools to facilitate both teaching and learning activi-
ties. Their use cases can be categorized into the following
three categories: 1) facilitating course design and prepara-
tion, 2) directly supporting students’ learning, and 3) assist-
ing with administrative tasks and communications.

Facilitating course design and preparation: As men-
tioned above, a large majority of the faculty participants
shared that they used generative AI tools for course design
and preparation. The most frequently cited application was
the generation of quizzes and assessment questions. Faculty
also described using GenAI to develop real-world scenarios
for assignments, update or rework existing assignments by
incorporating prior materials, and create multiple versions
of midterm examinations.

Faculty further reported using generative AI to improve
the quality of their assignments. Several participants noted
that generating assignment rubrics with AI was more effi-
cient than creating them manually. Others described using
AI to improve the clarity of assignment instructions, which
they felt enhanced communication between instructors and
students. Some faculty observed a reduction in student clar-
ifying questions as a result of clearer AI assisted instruc-
tions. Additionally, participants reported using generative AI
to summarize audio feedback into brief written comments
for students and to assist with drafting responses in courses
with high volumes of student emails.

Generative AI was also used to support instructional con-
tent development. Some faculty reported using AI to gen-
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erate images for course materials that were difficult to lo-
cate through traditional search engines, as well as to assist in
creating lecture slides. Beyond content creation, participants
described using AI as a diagnostic tool to help identify ar-
eas where instructional materials or explanations may not be
effectively supporting student understanding, enabling tar-
geted revisions.

Participants also noted several concerns related to the use
of GenAI in course design and preparation. Faculty reported
increased effort associated with iterative refinement of AI
generated content and challenges with formatting assess-
ment questions to meet course standards. Additionally, par-
ticipants emphasized the need to carefully review and verify
AI generated solutions to ensure accuracy before use.

Directly supporting students’ learning: Faculty reported
actively encouraging the use of GenAI tools as part of stu-
dent learning activities. In many courses, students are guided
to use GenAI tools to brainstorm and refine project ideas
by starting with a vague concept and iteratively prompt-
ing the tool to improve clarity and scope. This approach
is commonly applied to project-based work. In CS courses,
faculty may encourage students to first generate code snip-
pets using GenAI, then integrate and orchestrate these com-
ponents into a larger and coherent solution. In chemistry
courses, students are asked to use GenAI to produce Python
code for data visualization and analysis. Similarly, in engi-
neering courses, students may submit pseudocode as part of
their assignments and then use GenAI to help translate that
pseudocode into source code of a specific programming lan-
guage. In computer networking classes, students may lever-
age GenAI to identify anomalous network packets or to con-
vert wireframes into HTML code.

Additionally, several faculty members described assign-
ments designed to promote critical evaluation of AI gener-
ated output. One common strategy requires students to pro-
duce two solutions to the same problem, one written entirely
by the student and one generated by a GenAI tool, followed
by a detailed analysis and reflection comparing the quality,
logic, accuracy, and relevance of the two solutions. Other
faculty ask students to conduct a standard human-led code
review and then request an AI generated review of the same
code, requiring students to compare, critique, and assess the
strengths and limitations of each perspective.

A concern raised by faculty is the challenge students face
when working with AI generated code beyond its initial cre-
ation. While GenAI can often produce a solid starting point,
students frequently struggle during the debugging phase be-
cause they did not develop the original logic and therefore do
not fully understand how the code works. Faculty also em-
phasized that AI generated solutions typically require sig-
nificant refinement to function correctly and/or to meet spe-
cific assignment requirements. Students who rely heavily on
GenAI may find it difficult to modify specific components
of an algorithm or adapt the code to new constraints if they
lack a strong foundational understanding.

Assisting with administrative tasks and communications:
Faculty participants also mentioned that they use GenAI
tools for administrative and communicative purposes. For

example, GenAI is used to summarize lengthy email threads,
draft and respond to student emails. Faculty also used it
to condense their audio feedback into a few concise sen-
tences, which helped speed up the grading process. Addi-
tionally, faculty observed that when they provided their own
raw ideas, GenAI was able to preserve their personal voice,
producing feedback that felt authentic while reducing the ef-
fort required to refine it.

At the same time, faculty raised concerns about the po-
tential overuse of GenAI in communication. They noted that
heavy reliance on AI generated messages may erode trust
between students and instructors, as students can perceive
a lack of genuine interaction. To mitigate this risk, faculty
emphasized the importance of transparency, suggesting that
being upfront with students about the use of GenAI in cor-
respondence can help maintain trust.

RQ2: What benefits and challenges instructors
observe regarding student learning?
Faculty participants reported a range of perceived benefits
and challenges associated with the use of GenAI in the class-
room, particularly in relation to its impact on student learn-
ing.

Benefits: One of the primary benefits observed, particu-
larly in CS courses, is the way GenAI helps bridge technical
gaps for students. Faculty noted that a greater number of stu-
dents are now able to complete programming assignments,
suggesting that GenAI tools help students overcome obsta-
cles that might previously have caused them to stall or fail.
Additionally, faculty observed that GenAI enables students
to more rapidly develop ideas and implement code, support-
ing faster iteration and experimentation during the learning
process. Even in classes where students may lack techni-
cal coding knowledge, such as chemistry, faculty found that
GenAI can provide a complete set of code to perform spe-
cific tasks like data processing and curve fitting, tasks that
would be difficult for students to write from scratch.

Faculty also observed students appeared to complete their
work more quickly and were more likely to submit assign-
ments on time, as GenAI helped them move through the ini-
tial stages of projects more efficiently. Additionally, faculty
noted that students who used GenAI to brainstorm and re-
fine project topics were able to articulate their ideas more
clearly and rapidly, which accelerated their progress toward
final project implementation.

Faculty also described GenAI functioning like a “private
teaching assistant” for students, offering support outside of
class time. Students frequently use GenAI tools to receive
immediate responses to homework questions, often turning
to these tools before attending office hours or seeking in-
person tutoring. This immediate availability was seen as es-
pecially beneficial for students balancing coursework with
jobs or family responsibilities. Faculty further noted that
GenAI helps students overcome learning bottlenecks more
quickly than traditional web searches.

Challenges: Faculty participants identified several chal-
lenges related to students’ use of GenAI. One concern is the
increased prompting burden placed on students, who may
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need to spend considerable time crafting precise prompts to
obtain usable results. Faculty also pointed out that when stu-
dents use specialized GenAI tools, the quality of the results
can be uneven, meaning much of the generated content still
needs to be evaluated, corrected, or discarded. Most con-
cerning, instructors cautioned that over-reliance on GenAI
may allow students to bypass critical thinking and problem-
solving processes, reducing opportunities for meaningful
learning and skill development.

Faculty raised significant concerns about academic in-
tegrity and plagiarism related to student use of GenAI. They
emphasized the growing difficulty of identifying AI gener-
ated work. Instructors noted that attempting to detect misuse
can be time-consuming and often detracts from core teach-
ing responsibilities. This challenge is compounded by the
unreliability of current GenAI detection tools, which may
produce false positives or fail to identify more sophisticated
uses. In some disciplines, particularly introductory technical
courses, proving misconduct is especially difficult because
acceptable solutions are often inherently similar. As a re-
sult, some faculty have moved away from attempts to “AI
proof” assignments. They view such efforts as unsustainable
and often counterproductive. To uphold academic integrity,
many instructors are instead returning to traditional assess-
ment methods. These include in class, pen-and-paper exams,
oral exams, and in-person explanations of submitted work.

RQ3: What institutional resources and policies are
needed to support effective generative AI
adoption?
Focus group participants identified several key areas where
stronger institutional support is needed. These areas include
expanded training and resources for faculty and students,
clearer policies and guidelines for GenAI use, and support
for meaningful curricular and program-wide changes.

Training and resources: One of the primary forms of in-
stitutional support identified by faculty was professional de-
velopment workshops. Faculty emphasized the importance
of workshops focusing on the fundamentals of GenAI, par-
ticularly how large language models work, noting that they
cannot effectively teach with GenAI if they do not under-
stand its underlying mechanisms. Instructors stressed the
need to understand that these tools do not think or have emo-
tions, but instead generate responses by predicting text based
on learned patterns. In addition, faculty expressed interest
in workshops on prompt engineering. They highlighted the
value of learning how to ask better questions and how to
iteratively refine prompts, noting that effective prompting
often leads to high quality outputs. Faculty also requested
task-specific training, such as workshops on using GenAI to
create grading rubrics or generate lecture materials.

Participants also emphasized the importance of having a
centralized repository of resources related to GenAI. Faculty
expressed interest in a shared collection of reusable prompts
that could be adapted for similar instructional tasks. In addi-
tion, they highlighted the value of including case studies that
document both successful and unsuccessful uses of GenAI.

Faculty also proposed additional forms of institutional

support. One suggestion was the creation of a dedicated con-
sultation service or core AI support team that instructors
could approach with specific technical, pedagogical, or eth-
ical questions, rather than relying solely on general IT sup-
port. Faculty also mentioned the need for communities of
practice, such as AI Squares, modeled after existing prac-
tice of teaching squares at SFSU. Each teaching square is
typically constituted of four multi-disciplinary instructors.
These groups meet regularly and cultivate a friendly place
for peer-to-peer learning, resource sharing, and discussions
across disciplines.

Participants also highlighted the need for institutional in-
vestment in time and staffing. They emphasized the lack of
compensated time to redesign courses and requested paid
release time or professional development funds to support
curriculum restructuring in response to GenAI. Faculty also
called for increased resource allocation to support infrastruc-
ture and to hire personnel for dedicated AI support teams.

Policy and guidelines: Faculty identified a consistency
gap in GenAI policies across courses, noting that students
are often confused when GenAI use is permitted in some
classes but discouraged or penalized in others. They em-
phasized the need for clear, department-level guidelines so
students understand what forms of GenAI use are accept-
able without fear of unintended consequences. Faculty also
noted the need for coordination between courses. They em-
phasized that GenAI policies should be aligned across se-
quential classes through department or college level collab-
oration to ensure consistent expectations for students. Fac-
ulty expressed interest in institutional syllabus templates and
clear rules for GenAI use. They noted that such frameworks
reduce the burden of writing policies from scratch.

Participants described the current state of intellectual
property and citation related to GenAI as unclear and in-
consistent. They emphasized the need for institutional agree-
ment on academic honesty in this new context. Participants
also noted confusion around how to properly cite AI gener-
ated content, as existing guidance often lacks clear citation
standards.

Participants also raised broader ethical and equity con-
cerns related to institutional adoption of GenAI. They high-
lighted accessibility issues, noting that some AI tools cre-
ate barriers for students with disabilities and may raise com-
pliance concerns that policy must address. Participants also
emphasized the need for explicit guidance and training on
bias in AI, including how issues related to race, language,
and gender can affect student experiences.

Curricular and program changes: Participants across the
focus groups discussed the need for a mandatory, univer-
sity wide AI literacy course. The goal is to level the play-
ing field for all students. One suggestion is to use upcoming
degree restructuring to implement a required first-year sem-
inar. This course would focus on AI literacy, ethics, and ac-
climation to campus life. It could also count toward multiple
General Education requirements. Another perspective em-
phasizes that AI is now used across all industries. Because
of this, a mandatory AI for Everyone style course is needed
for all students, not just those in technical fields.

645



Faculty discussed the need to rethink how major require-
ments are structured, especially the progression from intro-
ductory to advanced courses. Participants noted differences
in how GenAI might be treated in lower versus upper divi-
sion courses, the need for better coordination of GenAI re-
lated expectations across prerequisites, and concerns about
whether current technical and lab based courses remain rel-
evant given AI’s ability to generate answers easily.

Faculty also discussed the need for greater institutional
support to enable meaningful curricular redesign related to
AI and GenAI. Participants emphasized the lack of paid time
or resources for faculty to adjust teaching and curriculum,
the value of a centralized team to guide AI integration across
departments, and the importance of investing in staffing, in-
frastructure, and computing resources to support advanced
coursework and research.

At the same time, faculty expressed caution about mak-
ing permanent institutional changes too quickly. Participants
noted the difficulty of predicting how GenAI will reshape
higher education in the near future and warned against bas-
ing major structural decisions on short term trends. There
was also an emphasis on allowing curriculum changes to
emerge through department level discussions rather than
through broad, top down institutional mandates.

Discussion
Shift in faculty labor: Findings from RQ1 show that while
most faculty participants use GenAI for classroom tasks
such as quiz generation, this has not necessarily reduced
their workload. Instead, faculty report spending less time
creating content from scratch and more time reviewing, re-
fining, and verifying AI generated outputs. Thus, GenAI ap-
pears to shift faculty labor from content creation to expert
curation, rather than eliminating it. This observation raises
questions about whether GenAI leads to genuine gains in
faculty efficiency.

Illusion of student competency: Findings from RQ1 indi-
cate that assignment submission rates are higher when stu-
dents use GenAI compared to when they do not. However,
faculty also report that many students struggle to debug AI
generated code due to a lack of fundamental understanding
of the underlying concepts. This suggests that GenAI can
mask students’ underlying incompetencies under current as-
sessment practices. These findings raise important questions
about whether existing assessment methods adequately mea-
sure student competence and whether new approaches to
evaluation are needed.

Shift in evaluation methods: Findings from RQ2 indicate
that some faculty are reverting to more traditional forms of
evaluation, such as in class pen and paper exams and oral
assessments, where the use of GenAI is restricted or pro-
hibited. At the same time, some faculty are incorporating
GenAI into coursework by designing assignments that re-
quire students to compare and contrast AI generated outputs
with those produced by humans. This dual approach reflects
ongoing efforts to preserve academic integrity while promot-
ing critical engagement with GenAI.

Needs for critical thinking interventions: Throughout our
focus group study, faculty’s one constant concern is that stu-
dents may unintentionally (and uncritically) become over-
reliant on GenAI, which in turn can stall or even negatively
impact their critical thinking and problem solving skills.
Besides investigating various assessment strategies as dis-
cussed above, it becomes ever urgent for educators to ac-
tively and deliberately introduce pedagogical interventions
to “force” students into the habit of developing their criti-
cal thinking skills in spite of the prevalence of GenAI tools.
For example, the following strategies have been reported in
the literature to be effective: reframing GenAI responses as
questions, facilitating conflict-filled group discussions, re-
flecting on the process, and gamifying a learning task (Lee
et al. 2025).

Balancing AI policy and autonomy under uncertainty:
RQ3 underscores the need to balance consistent, university-
wide GenAI policy guardrails that reduce student confusion
with department-level autonomy that allows programs to use
AI in discipline-specific ways. Faculty expressed skepticism
toward static mandates and cautioned against implementing
permanent institutional changes prematurely, given uncer-
tainty about how GenAI will reshape both higher education
and the future workforce. The findings suggest that policy
alignment alone is insufficient; it must be accompanied by
sustained institutional investments in faculty development,
shared pedagogical resources, and a dedicated core AI con-
sultation function.

At the same time, fundamental questions remain open re-
garding which skills will be most critical for the future work-
force, likely varying across industry sectors, and how higher
education should redesign curricula to cultivate those skills
in an AI-rich environment. Addressing these uncertainties
will continue to shape the ongoing evolution of institutional
AI guidelines.

Limitations: We note that the findings are contextually
specific to faculty in typical STEM disciplines at a single in-
stitution. The number of participants is also relatively small.
Consequently, our findings may not apply to non-STEM
fields, other institutional types, or geographic regions.

Conclusions and Future Work
In this work, we conducted a focus group study in a semi-
controlled manner with 29 STEM faculty members from the
College of Science and Engineering at San Francisco State
University. This study provides insights into how STEM
faculty are currently engaging with GenAI in teaching and
learning, highlighting shifts in instructional practice, emerg-
ing challenges in assessment, strong concerns in likely ero-
sion of learning, and the need for balanced institutional sup-
port. Our findings suggest that integrating GenAI into higher
education extends beyond tool adoption and requires delib-
erate and critical reconsideration of pedagogical practices,
evaluation methods, and governance structures.

As GenAI technologies continue to evolve, future work
will examine longitudinal changes in faculty practices and
student learning outcomes, investigate the effectiveness of
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AI-informed assessment and critical thinking interventions,
and explore how institutional policies can remain adap-
tive across disciplines and workforce contexts. We also
plan to incorporate student perspectives and conduct cross-
institutional studies to further inform the design of equitable
and sustainable approaches to GenAI integration in higher
education.
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Hernando, J. L. 2023. The impact of Generative Artificial
Intelligence in higher education: a focus on ethics and aca-
demic integrity. RELIEVE. Revista ELectrónica de Inves-
tigación y EValuación Educativa, 2023, vol. 29, num. 2, p.
1-19.
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